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Abstract

Substantial research has been devoted to identify causes for decline the of Prince 

William Sound (PWS) Pacific herring in the early 1990’s because of the proximity to the 

1989 Exxon Valdez oil spill (EVOS). A potential source for decline has been identified 

with the isolation of disease in the PWS population. There have been limited 

investigations of PWS Pacific herring population dynamics related to other stocks in the 

Gulf of Alaska. The objective of this thesis was to compare observations and age- 

structured assessment (ASA) model results between PWS and Sitka Sound Pacific 

herring. Data conflicts were evaluated in the PWS ASA model and indicate that 

hypotheses about natural mortality in the four years subsequent to EVOS depend on the 

type and weighting of population indices. In Sitka, the ASA model was used to show that 

time-dependent natural mortality can be estimated. Comparison between PWS and Sitka 

indicated that age structure and recruitment have been comparable, but abundance indices 

and weight-at-age data have not been similar after 1993. The differences identified in this 

thesis between PWS and Sitka imply uniqueness in natural mortality and condition within 

each Pacific herring population.
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Pacific herring, Clupea pallasi, is a commercially and ecologically important fish 

species throughout most of its range along the shores of Asia and North America (Hay, 

1985). Members of the Order Clupeiformes (herring, sardine, anchovy, menhaden, and 

shad) are among the most abundant fish species worldwide. Pacific herring serve as high- 

quality prey for many marine birds and mammals and are an important component of the 

ecosystem as secondary consumers (Thomas and Thome, 2001). Pacific herring have 

been harvested by humans for thousands of years and their use has ranged from basic 

subsistence to expensive gourmet food (Pete, 1991). In Prince William Sound (PWS) and 

Sitka Sound, Alaska, the Pacific herring populations are both an important forage species 

for marine fish and wildlife and have been a valuable commercial resource.

Pacific herring spawning occurs in the spring as the adult herring migrate from 

overwintering areas to spawning locations. Herring aggregate in shallow water to spawn; 

suitable areas are limited by depth, temperature, substrate type, and other variables such 

as sediment load in the water column (Hay, 1985). Pacific herring aggregate into dense 

fast-moving schools over the spawning areas and simultaneously spawn over several 

kilometers of shoreline. Several waves of spawning have been observed in which older 

larger fish spawn first followed by younger and smaller fish (Hay, 1985). Throughout the 

range of Pacific herring, spawning grounds are remarkably similar. Often, spawning 

occurs in sheltered water and eggs are deposited on some sort of marine vegetation 

(Haegele and Schweigert, 1985). Further, Pacific herring spawn is ecologically 

significant as the eggs and resultant larvae provide one of the season’s first major spikes 

of readily available energy for predators. After spawning, Pacific herring tend to disperse 

into smaller aggregations and move to feeding grounds during the summer months.

In the late fall or early winter many Pacific herring stocks move back to 

overwintering areas that are often near spawning locations. The specific location of 

overwintering grounds is fairly well known, but can change for both PWS and Sitka

General Introduction
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Pacific herring within or between years. Further, the timing of yearly migration can vary 

considerably among populations and years (Rounsefell, 1930; Hay, 1985).

The early life history of Pacific herring includes the egg, larval, and juvenile 

stages. Pacific herring eggs incubate in the inter- and sub-tidal zones of the spawning 

beach and hatch after 21 to 24 days (Rooper et al., 1999). Herring larvae drift passively 

within the upper layers of the water column with the prevailing currents and wind 

(Norcross and Brown, 2001). In PWS the larvae metamorphose into juveniles in June and 

July (Stokesbury et al., 2002) and aggregate in nursery bays (Stokesbury et al., 2000). 

Juvenile planktivores remain in nursery bays for about 2 years and begin joining the adult 

population at age-2 in the fall (Stokesbury et al., 1999). In PWS and Sitka, herring first 

spawn when 3-5 years old, live up to 15 years, and weigh up to 300 g (Barton and 

Wespestad, 1980).

In March 1989 the Exxon Valdez oil spill (EVOS) occurred just prior to Pacific 

herring spawning. Pacific herring eggs, larvae, and adults were adversely affected by 

Exxon Valdez oil in the year after the spill (e.g., Hose et al., 1996; Brown et al., 1996; 

Norcross et al., 1996; Marty et al., 1999). But from 1989 to 1992 the age-structured 

assessment (ASA) model for PWS herring estimated that the spawning biomass had not 

experienced any major decline. Indeed, in the late summer of 1992 the ASA model 

predicted that over 110,000  tons would spawn in 1993, but only about 30,000 tons 

actually returned to spawn (Quinn et a l, 2001).

An epidemic was thought to be responsible for the unexpected large natural 

mortality in 1993 when a high proportion of surviving fish had ulcers and the North 

American strain of viral hemorrhagic septicemia virus (VHSV) was isolated from 

affected Pacific herring (Meyers etal., 1994). Further study in PWS incorporated disease 

information gathered after 1993 into the ASA model providing evidence that a severe 

epidemic over the winter of 1992-1993 killed about 75% of the population (Quinn et al., 

2001). The ASA model with disease prevalence fitted the data better than the original 

model with constant mortality over the entire time and accounted for the perceived 

mortality events in the population in 1992-1993 and 1998 (Quinn et al., 2001; Marty et
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al., 2003). Although the Pacific herring population recovered enough to support small 

sac-roe fisheries in 1997 and 1998, the population again declined and commercial 

fisheries have not been opened since 1999. Unfortunately, data limitations and conflicts 

during and after 1989 have left researchers without any definitive proof that the 1993 

disease outbreak or continued low population biomass of PWS herring during the last 

decade was due to EYOS. Nevertheless, the reality of persistent low abundance still 

remains.

The Pacific herring stock in Sitka is very similar to the stock in PWS. 

Relationships among Pacific herring stocks in the NE Pacific Ocean were investigated 

through correlation and multivariate clustering analysis of recruitment and weight-at-age 

time series (Williams and Quinn,2000). Sitka and PWS were tightly grouped and highly 

correlated for both recruitment and weight-at-age (Williams and Quinn, 2000). Further, 

the Sitka herring stock size was similar in magnitude to the size of the PWS stock prior to 

1993, Sitka, like PWS, is a contained system protected from the open ocean by islands 

and the quality of the biomass index and age data for Sitka is high.

The Alaska Department of Fish and Game (ADF&G) uses ASA models to 

monitor Pacific herring stocks in PWS and Sitka. Both ASA models were developed to 

forecast Pacific herring biomass for pre-season management of commercial fisheries 

(Funk and Sandone, 1990). The unexpected decline in the PWS Pacific herring 

population in 1993 has lent doubt to the accuracy of ASA models (Thomas and Thome, 

2003); however, successful fisheries in Sitka have been supported since the ASA model’s 

implementation in 1992. The ASA models integrate various data sources relevant to 

Pacific herring in PWS and Sitka. Herring datasets include the age distribution of catch 

for the purse seine fishery, spawning age composition, estimates of total egg deposition 

from diver surveys, and indices of male spawner abundance from annual aerial spawn 

surveys. Other data sources include weight-at-age, fecundity-at-age, total fishery yield, 

and other fisheries’ catch-at-age.

The objective of this thesis is to compare the sampling and survey observations 

along with ASA model results between the PWS and Sitka stocks. The purpose of chapter
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1 is to show the feasibility of incorporating hydroacoustic survey data into the ASA 

model for PWS and to estimate natural mortality in the years subsequent to the oil spill. 

The objective of chapter 2 is to identify parameterizations that allow for time-dependent 

estimation of natural mortality, gear selectivity, and maturity in the Sitka ASA model. 

The purpose of chapter 3 is to identify the similarities and differences in index and age 

composition data between PWS and Sitka Pacific herring.
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Chapter 1: Data conflicts in fishery models: Incorporating hydroacoustic data into 

the Prince William Sound Pacific herring assessment model1 

Abstract

We investigated the difficulties that data conflicts present in integrated assessment 

models using the age-structured assessment (ASA) model for the Pacific herring 

population in Prince William Sound (PWS), Alaska. After the 1989 Exxon Valdez oil 

spill in PWS, the Pacific herring (Clupea pallasi) ASA model indicated a significant 

decline in the population starting in the winter of 1992-1993. Back-calculated estimates 

from hydroacoustic abundance surveys that started in 1993 suggested that the ASA model 

overestimated herring biomass in 1990-1992 and the population decline actually began in 

1989. To expose data conflicts, we incorporated the hydroacoustic survey information 

with all available spawning population indices directly into the age-structured model. In 

this way, the substantial uncertainty about population parameters from 1989 to 1992 due 

to data conflicts was quantified. Consequently, the magnitude of declines for that period 

estimated from both linear and ASA models depend on the type of integrated datasets and 

weighting, particularly with indices of male spawners. Our view is that a major decline 

started in late 1992 due to disease affecting a large population in weakened condition. 

Other views are consistent with existing data as well.

Hulson, P.-J. F., S.E. Miller, T.J. Quinn II, G.D. Marty, S.D. Moffitt, and F.Funk, 2008. Data conflicts in 
fishery models: Incorporating hydroacoustic data into the Prince William Sound Pacific herring assessment 
model. Accepted by ICES Journal of Marine Science, 6 October 2007.
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1.1. Introduction

Arguably the most important activity in fisheries management is stock 

assessment: determining the status of a commercially or recreationally important fish 

population and what levels of harvest are sustainable. Fisheries management is in crisis 

around the world due to spectacular fisheries collapses and public perception that 

sufficient attention is not being paid to ecological effects of fisheries. Without good 

information and analysis in a stock assessment, major errors in management can occur 

and not be observed until it is too late to take action. While the stock assessment process 

has evolved to develop models with increasingly complex biological processes (Quinn 

and Deriso 1999), there is still a need to improve assessment models (NRC 1998, Quinn 

and Collie 2005).

Fishery age-structured assessment (ASA) models that integrate multiple data 

sources are ubiquitous (Quinn ad Deriso, 1999), but data conflicts often arise due to 

associated measurement and process errors. A common conflict is between fishery catch- 

per-unit-effort and a survey index of abundance (NRC, 1998; Booth and Quinn, 2006). 

With multiple datasets in an ASA model, an analyst must choose how much weight to 

give each dataset’s component and controversy frequently arises when different 

weightings produce more optimistic harvest recommendations and when hypotheses are 

tested based on model output (Deriso et al., 2007). Theoretically, weighting should be 

done based on the ratio of variances, but in almost all cases, these variances are unknown. 

The Prince William Sound (PWS), Alaska, population of Pacific herring (Clupea pallasi) 

provides an excellent example of data conflicts and the effects of dataset weighting.

Pacific herring that spawn in PWS are an important forage species for marine fish 

and wildlife and a valuable commercial resource (Thomas and Thome, 2003). In 1992, 

over 130 000  mt (metric tonnes) were predicted to be available in 1993 by an age- 

structured assessment (ASA) model, but only about 30 000 mt actually returned to spawn 

in the spring of 1993 (Meyers et al., 1994; Quinn et al., 2001). Due to this unexpected 

population decline the Alaska Department of Fish and Game (ADF&G) closed the 1993 

fishery and it has remained closed except for relatively small openings in 1997 and 1998.
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It has been hypothesized that an epidemic was responsible for this unexpected 

natural mortality event (Meyers et al., 1994). In 1993 the North American strain of viral 

hemorrhagic septicemia virus (VHSV) was isolated from Pacific herring sampled from 

PWS (Meyers et al., 1994); this was the first time that VHSV had ever been isolated from 

Pacific herring. In damage assessment studies of this population after the 1989 Exxon 

Valdez oil spill, some fish had microscopic lesions consistent with VHSV in 1989, but 

not in 1990-1992 (Kocan et al., 1996; Marty et al., 1999). In 1994, a systematic and 

unique time series of disease prevalence commenced. That time series documented the 

significance of three major diseases or pathogens in PWS Pacific herring: ulcers related 

to filamentous bacteria, VHSV, and the mesomycetozoan Ichthyophonus hoferi (Quinn et 

a l, 2001; Marty et al., 2003).

An alternative hypothesis to the PWS herring population decline was that the 

decline started in 1989 but was not detected by fishery managers until 1993 (Thomas and 

Thome, 2003). Hydroacoustic surveys were initiated in the fall of 1993 to determine the 

condition of the herring stock as a consequence of the unexpected biomass decline. 

Acoustic surveys conducted each year thereafter generated over a decade of data. From a 

back-calculation of a regression relationship between hydroacoustic survey biomass 

estimates and a measure of male spawning activity (mile-days of milt production), 

herring biomass was extrapolated back into the early 1970s. Smaller values than those 

from the ASA model were obtained during 1990 -  1992, suggesting that the ASA model 

overestimated biomass in those years due to inclusion of other data sources, including 

egg deposition survey estimates and age-structured catch and survey data. Consequently, 

harvest rates calculated from the hind-cast estimates are larger than those from the ASA 

model. In 1991 and 1992 the estimated fishery exploitation rates approached nearly 40% 

(35% and 39%, respectively; Thomas and Thome, 2003). It was concluded that these 

high harvest rates, due to inaccuracies in the age-structured assessment methodology, 

may have contributed to the decline in the population.

The goal of this study is to explicitly evaluate the conflicts present in the data 

sources for PWS Pacific herring and to revisit the hypotheses pertaining to mortality after
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1989 with an alternative analytical approach. Rather than rely on a simple linear 

regression, we estimate mortality using the ASA model by integrating the hydroacoustic 

survey dataset with all available index and age-structured data. Therefore, the data 

conflicts are evaluated through determination of uncertainty and model comparison over 

a variety of weighting scenarios and natural mortality parameterizations. We evaluate the 

estimation behavior of the hydroacoustic hind-cast procedure with available indices of 

male spawners, compare estimates of exploitation rates in 1989 -  1992 between the linear 

regression and ASA models, and assess the value of the new acoustic dataset as an index 

in the PWS Pacific herring ASA model.

1.2. Methods

1.2.1 Data

The ASA model integrates various data sources relevant to Pacific herring in 

PWS from 1980-2004. Herring data sets include the age distribution of catch for the 

purse seine fishery (n = 8 8 ; 500 -  7,000 fish sampled yearly), spawning age composition 

(n = 158; 600 -  8,000  fish sampled yearly), estimates of total egg deposition from diver 

surveys (n = 10), and measures of male spawning from annual aerial surveys (n = 25).

Egg deposition was estimated from a two-stage sampling design (Blankenbeckler 

and Larson 1982, 1987; Schwiegert et al., 1985) with random sampling at the primary 

stage (transects) and systematic sampling in the second stage (Willette et al., 1999).

There are two related indices for male spawner abundance. The first is miles of milt, 

which is the total linear distance of beaches receiving spawn and the second is mile-days 

of milt, which includes both the linear distance and duration of spawn. Both date back to 

the early 1970’s and the ASA model in PWS has historically used the mile-days of milt 

index. Patterns in the mile-days of milt and egg deposition datasets from 1988-1992 were 

nearly opposite (Fig. 1.1). During this period, results from egg deposition surveys trended 

upward while results from mile-days of milt trended downward.
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Disease indices for ulcers, VHSV, and I. hoferi are available for the years 1994 to 

2004. The indices are stratified by age (3 -  4, 5 -  9) and originated from disease 

prevalence values adjusted to reflect the significance of each component (Marty et a l, 

2003). Other data sources include weight-at-age, fecundity-at-age, total seine catch, and 

other fisheries’ catch-at-age.

We obtained two sets of hydroacoustic biomass estimates (Table 1.1). The first, 

from 1995-2004 is a recompilation of data collected by PWSSC (Thomas and Thome, 

2003) and ADF&G. In 1995 and 1996, the estimates were taken directly from PWSSC 

through unpublished contract reports to ADF&G. The first year that ADF&G had 

acoustic gear and conducted its own survey was 1997 (Biosonics 70 kHz single beam). 

From 1997 to 2004 the estimates were taken from a combination of PWSSC and ADF&G 

surveys with the exception of 2000, in which ADF&G did not conduct a survey and only 

PWSSC data were used. The second hydroacoustic dataset is from 1993-2004 (Thome 

and Thomas, 2008; Table 1). This dataset includes two additional years of data (1993, 

1994) collected during the fall, requiring the assumption that spring and fall surveys 

measure population biomass consistently. In this study we notate the integrated PWSSC 

and ADF&G acoustic dataset as A, and the acoustic dataset from Thome and Thomas 

(2008) as B. In previous assessment analyses, the hydroacoustic dataset was used as a 

constraint on the minimum value of spawning biomass rather than as an index.

1.2.2 ASA Model

The ASA model is a standard implementation of an age-structured assessment 

model (Quinn and Deriso, 1999, chapter 8), modified to include the impact of disease on 

mortality and abundance (Quinn et a l, 2001; Marty et a l, 2003). The observations are 

compared with model estimates in a least-squares setting to obtain parameter estimates of 

recruitment, initial abundance in the first year, maturity, gear selectivity, a milt 

calibration coefficient, a hydroacoustic calibration coefficient, and disease coefficients. 

Notation is given in Table 1.2.
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The recruitment, initial abundance, natural mortality, and gear selectivity 

parameters are utilized to obtain a population matrix of pre-fishery total abundances by 

ages 3 to 9+ and years 1980-2004. Pre-fishery total abundance Na,t starts with recruitment 

and initial abundance parameters: abundances (in millions of fish) for age-3 from 1980- 

2004, and ages > 4 in 1980. It is given by:

(1) = [((*„-(c;e-u +c* + p , c ' ] C ,
in which a cohort at age a and year t becomes one year older the next year. The pre

fishery population decreases due to four commercial fishery catches (5-seine, g-gillnet, p- 

pound utilization, ̂ /?j-food and bait) and natural mortality (expressed in terms of natural 

survival S). Natural survival S is written as a function of age and year to accommodate 

disease prevalence. A half-year convention to survival is applied, because the seine, 

gillnet, and pound utilization fisheries occur in the spring and the food and bait fishery 

occurs in the fall. Mortality in the pound fishery is the number of fish impounded 

C^, times the proportion Pk of impounded herring killed. ADF&G sets Pk to 0.75 based 

on previous studies.

The seine catch-at-age is expressed as total catch C/ multiplied by age

composition©* ( , corresponding to data sources. The seine age composition is assumed

to be measured with error due to sampling variability and ageing error. Gear selectivity 

parameters are used to estimate the proportion of fish in the pre-fishery total population 

matrix that are vulnerable to fishing gear with respect to age. Gear selectivity is assumed 

to be a logistic function:

(2) v =   -------

in which co, are estimated parameters.

After 1993, natural mortality is assumed to be a linear function of disease 

prevalence variables {*„}. In Quinn et al. (2001) and Marty et al. (2003), it was assumed 

that natural survival Sa, decreases linearly as a function of disease prevalence variables.

In this paper, disease with respect to natural mortality is used because this convention
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allows more enhanced fit to the data (results not shown) and parameter estimation 

becomes more stable by avoiding negative survival values. Expressed mathematically,

in which M0 is background natural mortality due to other natural phenomena (predation, 

in particular) and /?, is a disease coefficient that scales the disease index to a mortality 

value. A separate natural mortality parameter is estimated for the last half-year in 1992 

and the whole year in 1993 for age groups 3 - 4  and 5 -  8 to accommodate the population 

crash. Prior to this year, natural mortality is initially set to 0.25 (Quinn et a l, 2001), 

because it can not be estimated accurately due to sparse information (but see section 2.4  

for alternative scenarios). In all years, natural mortality for the plus age class (ages 9 and 

older) is estimated using a multiplier on natural mortality at earlier ages. The half-year 

survival used in (1) is then

Maturity parameters are used to transform the pre-fishery total abundance matrix 

into both the pre-fishery and post-fishery spawning population matrices. Maturity of 

PWS herring is not measured through sampling, but rather estimated from spawning age 

composition. Maturity at ages 3 and 4 are directly estimated and analysis of residuals 

suggested that a change in maturity occurred before and after 1997. Thus, different 

parameters were estimated for these two times. Maturity at age-5 and older was set to 1, 

which also implies that all of these herring are present on the spawning grounds.

For a given age class and year, pre-fishery spawning biomass is:

such that wa,t is the observed weight-at-age in year t and mataJ is the maturity at age a in 

year t. The abundance of the natural spawning population after the spring fisheries is:

(3) M v = M 0 + '£ P ,x„

(4) S ''2 = e

a
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Other model quantities include seine age composition ( ©* t), spawning age 

composition ( ®saP, ), mile-days of milt ( Z,), egg deposition (E t), hydroacoustic biomass

( H ,), and the Ricker spawner-recruit relationship are all derived from the pre-fishery

total abundance (Na t), post-fishery spawning abundance (SNaX), and post-fishery 

spawning biomass calculations (SBt). Seine age composition is the proportion of seine 

catch with respect to age, related to gear selectivity and abundance by:

V„N„,
(8) 0 '  =

In the ASA model, spawning age composition, the proportion of the population that has 

reached sexual maturity and is available on the spawning grounds, is the ratio of 

spawning abundance at age to total spawning abundance after the spring fisheries from 

(6). It is computed as:

SN„,
(9) © ;  =

Y . S N „ '

The mile-days of milt variable is assumed to be proportional to male spawning biomass 

and is obtained by:

( 1(0
¥

in which 1 -% Ft is the percentage of male spawners and y/ is the milt calibration 

coefficient. Egg deposition is female spawning abundance multiplied by fecundity-at-age

fa,t, or:

( 11) E,
a

for which fecundity data are available in all years in which the egg deposition survey was 

conducted. When modeling the hydroacoustic data, biomass from the hydroacoustic 

survey in the spring is assumed to be an index of the total estimated pre-fishery biomass. 

The estimated hydroacoustic biomass values from the model are then:
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(12) H ,= B ,e r

in which y is the estimate of the logarithm of the hydroacoustic survey calibration 

coefficient and Bt is the pre-fishery estimated biomass:

If the log calibration coefficient / is  equal to 0, then the hydroacoustic survey provides an 

absolute estimate of abundance (e° = 1). If the log calibration coefficient is less than 0, 

then the hydroacoustic survey provides a relative index of abundance (less than pre

fishery abundance). A Ricker spawner-recruit relationship was introduced into the model 

to stabilize recruitment parameters. This relationship models the recruitment {R, = A3jt+3} 

in year t+3 as a dome-shaped function of spawning biomass in year t, or

with lognormal process error s  allowed and estimated parameters for productivity (a) and 

density-dependence (t).

1.2.3 Objective Function

The least squares setting of the age-structured model follows from consideration 

of the statistical distributions of the various datasets: seine age composition, spawning 

age composition, mile-days of milt, egg deposition, and hydroacoustic biomass. Each 

dataset is assumed to follow a normal distribution, sometimes after transformation, to 

satisfy the requirements of a normal likelihood function that obtains the maximum 

likelihood parameter estimates.

The age composition datasets (seine and spawning) are considered to follow a 

multinomial distribution. The residuals for these datasets are not transformed and the 

residual sum of squares for seine age composition (RSSs) and spawning age composition 

(RSSsp) is:

a

(14) R, = a e ^ B'+£'

a
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such that the subscript and superscript i represents either the seine (S) or spawning (SP) 

age composition and the observed proportion ( )  is compared to the estimated

proportion ( 0 ^,).

The mile-days of milt (Z,), egg deposition (Et ), hydroacoustic biomass ( // ,) ,

and recruitment parameters (Rt) are modeled with a log-normal statistical distribution. 

Thus, the residual sum of squares compares the logarithms of the observed and estimated 

values. The residual sum of squares for the mile-days of milt (RSSl), egg deposition 

(.RSSe), hydroacoustic biomass (RSSH), and Ricker estimated recruits (RSSr) is obtained 

by:

(16) RSS,=  £ ( ln < 9 ,- ln ^ ) 2
t

in which O is the observation and P is the estimate in year-/. Consequently, the 

introduction of a residual sum of squares term between the model’s estimates of 

recruitment to the estimated Ricker curve on a log scale prevents recruitment estimates 

from going to zero or negative values.

The objective function to be minimized is the total weighted sum of squares, 

representing the negative log-likelihood of the modeled datasets. This is computed as:

(17) SSS„  = X l,f lS S ,
i

in which A, is a weighting term for each dataset. The weighting term influences the 

model’s fit to the dataset, with a lower weight translating to less influence by the dataset 

on the parameter estimates. The initial weighting used was Xs = 1, Xsp = 1, XL = 0 .5 , XE = 

0.5 (5-Seine age composition, SP-Spawning age composition, Z-Mile-days of milt, E-Egg 

deposition). These weightings were chosen to prevent unwelcome patterns in residuals 

among the various datasets, as was done similarly in Quinn et al. (2001, except that fa = 

1) and Marty et al. (2003, except that fap = 10, Xe = 1). This weighting reflects our 

perception that age composition data is estimated with greater precision than indices of 

abundance. The weighting fa = .25, faP= I, fa = 2 , XE = 0.25 is currently employed by 

ADF&G in stock assessment. This weighting reflects the perception of ADF&G



18

personnel that fishery age composition and egg deposition have not been collected in 

several years and may have low precision. The contribution of each dataset to the 

objective function increases as the number of years (and data points) increases. None of 

these previous models had a Ricker spawner-recruit relationship and the weight Xr was 

chosen to be 0.03 so that recruitment estimates did not converge to 0 and sufficient 

stochasticity was obtained to account for environmental anomalies.

1.2.4 Model Scenarios

In this study, a sensitivity analysis with several ASA modeling scenarios was 

performed to evaluate data conflicts. The purpose of the analysis in the ASA model was 

to examine the sensitivity of the model’s parameter and uncertainty estimates, in 

particular estimates of natural mortality from 1988-1992, to datasets and weighting. ASA 

model estimates that were evaluated in this study include recruitment, spawning biomass, 

maturity of age-3 and age-4, disease index coefficients, fishery exploitation rates, and 

natural survival. For presentation of results, natural mortality parameters estimated from 

1988-1992 were converted to annual natural survival (eq. 4). Additional linear regression 

model scenarios were also evaluated to compare results from linear regression and ASA 

model estimation. Five model scenarios were considered in this study which included a 

total of 71 parameterization and weighting scenarios investigated by the ASA model 

(Table 1.3).

In the ASA model scenarios, we examined the influence of the hydroacoustic, 

mile-days of milt, and egg deposition indices on parameter estimates and uncertainty. The 

initial model scenario MO, started with the ASA dataset weighting employed by Quinn et 

al. (2001) and Marty et al. (2003). The hydroacoustic datasets were added to the ASA 

model and sensitivity analysis was performed by ranging the weights on these datasets 

(2//) from 0 to 10. Weights were selected in subsequent model scenarios M1-M4 for the 

hydroacoustic indices to represent both low precision comparable to age-structured data 

(/i/-/=0.5) and high precision (///=2 ).
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In model scenarios M1-M4 alternative parameterizations of natural mortality from 

1988-1992 were investigated. Indices of male spawning (mile-days of milt and miles of 

milt), the hind-cast estimation, and the egg deposition indicate a decline in the population 

from 1988 to 1989. In 1989 the ASA model estimates abundance just prior to the 

spawning event, as does the hind-cast extrapolation, because the datasets available (no 

seine catch data in 1989) were collected during and after spawning. In 1989 the oil spill 

occurred before Pacific herring spawned in PWS. Thus, any immediate mortality caused 

directly by the oil spill while herring were schooling in the sound prior to spawning 

would be reflected in the ASA model’s 1988 natural mortality estimate. For each of these 

scenarios alternative objective function weights on the two spawning population indices 

available from 1988-1992 were evaluated. Weights of 0.1, 0.5, 1, and 2 on the mile-days 

of milt (Xl) and on egg deposition values (Ae) allow for sufficient model evaluation, 

resulting in 16 weighting sub-scenarios.

A bootstrap procedure (Quinn et al., 2001) was used to obtain standard errors for 

estimated parameters in all ASA model scenarios. Bootstrap replicates for age 

composition data (seine, spawning) are generated from the multinomial distribution. For 

population indices (egg production, mile-days of milt, hydroacoustic data), residuals (on 

a logarithmic scale) are resampled with replacement and added to estimated values from 

the original model. The number of replications is 1000, the recommended level for 

calculating confidence intervals (Efron and Tibshirani, 1993). All ASA model 

optimization was performed in AD Model Builder (ADMB, Fournier 1996). The 

bootstrapping of model scenarios was conducted by customized Visual Basic code that 

integrated data generation in Microsoft Excel to optimization in ADMB.

The most parsimonious ASA model was chosen based on AICc (Akaike 

Information Criterion, corrected) comparisons outlined in Burnham and Anderson 

(1998). AICc values can only be compared for models with the same datasets and 

weighting scenario. In order to calculate AICc, the likelihood must be calculated first 

from the equation
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( 18) In £  = S - i nt ln(2 ;rcr ) +2. ASS.-
a 2

(Quinn and Deriso, 1999, p. 170, eq. [4.55]), in which a] is the unexplained variance 

and rii is sample size. Each weighting term A, is the variance of the first dataset (seine age 

composition) relative to the variance of the zth dataset, or A, = a] l a ] . The maximum 

log likelihood can be shown to be

max In L = V  — L fln(2 r̂<jl2 / A/) + ll in which(19) r  2 L i *
o f = 2 ^ ^ RSS, / £ « , . , and = &\ / A,

Thus the maximum likelihood corresponds to the minimum weighted residual sums of 

squares. The Akaike information criterion (AIC) and its corrected version for small 

sample sizes (AICc) are then obtained from

AIC = -2  In Z + 2 p(20) y
AICc = AIC + 2 p (p  +1 ) / ( n -  p - 1)

where p  is the number of estimated parameters and n is the combined sample size. When 

comparing between models, the most parsimonious model is the one with the lowest 

AICc value. Differences in AICc below 4 are considered statistically insignificant.

The linear regression model scenarios were evaluated to investigate the hind-cast 

estimation procedure performed by Thomas and Thome (2003; Thome and Thomas, 

2008). Each model is applied to the mile-days of milt index and we first use the 

integrated acoustic dataset (scenario L(A)). Then, we repeat the linear regression 

procedure with the hydroacoustic survey dataset from Thome and Thomas (2008, 

scenario L(B)). Hind-cast estimates of biomass and exploitation rates were explicitly 

evaluated in these scenarios.

A simulation study was performed to investigate the impact of commercial fishery 

openings in 1997 and 1998 on the PWS herring population. It has been argued that the 

opening in 1998 induced significant fishing mortality on the population inducing an 

exploitation rate of about 33% (Thomas and Thome, 2003). On the other hand, high 

disease prevalence during this period could also have caused larger natural mortality
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(Quinn et al., 2001). We examine the impact of the fishery by removing the catch data 

from the ASA model and projecting the population based on no fishing mortality in 1997 

and 1998.

1.3. Results

In the initial ASA model scenario MO, the estimates of spawning biomass from 

1980-2004 and the parameter estimates of recruitment, survival, and maturity-at-age were 

much less sensitive to small weights (Xh< 1) than to large weights on the hydroacoustic 

survey indices. The pattern of age-3 recruitment appears cyclic with a period of 4-5 years 

throughout the time series, with an apparent decrease in large recruitment events after 

1993 (Fig. 1.2, series to the left). Prior to 1992, recruitment estimates were not sensitive 

to Xh- However, after 1992, recruitment estimates increased as Xu increased. Overall, Xh 

had little effect on total spawning biomass estimates in scenario M0 (Fig. 1.2, series to 

the right). Regardless of Xh, the estimated spawning biomass stayed within the 95% 

confidence intervals estimated for Xh of 0.5 (Fig. 1.2). The estimated survival for age 

group 3-4 was not very sensitive to Xh during the period for which disease information 

was available (1993-2004; Fig. 1.3a, series to the left). In contrast, estimated survival for 

age group 5-8 was sensitive to Xh, and substantially decreased as Xh was increased for all 

years (Fig. 1.3a, series to the right). The estimated coefficient for the VHSV index did 

not change much due to XH, and was fairly precise (Fig. 1,3b, series to the left). However, 

the coefficient for the I. hoferi index was sensitive to Xh with increasing values and 

uncertainty as Xh was increased (Fig. 1,3b, series to the right). Further, the hydroacoustic 

datasets (A or B) had little effect on the disease coefficient estimates. Maturities for ages 

3 and 4 shifted in 1997 from lower to higher values at small Xh and as Xh increased, the 

shift in maturity disappeared and the maturity values decreased (Table 1.4). The 

estimated uncertainty in the maturity parameters also increased as XH increased, although 

more appreciably for age-4 than age-3 (Table 1.4). The estimated coefficient for the 

hydroacoustic index, or the proportion of total abundance that was detected by the 

acoustic survey, was the largest (0.85) at the smallest hydroacoustic index weight with
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the integrated acoustic dataset (Xh = 0.1; Fig. 1.4). The estimated coefficient decreased as 

XH increased, with the largest uncertainty at a weight of 10 . Further, the estimated 

coefficient for the hydroacoustic index was smaller with dataset B (Thome and Thomas, 

2008) than the integrated dataset A (Fig. 1.4).

Increased Xh degraded the model fit to the age composition and egg deposition 

datasets in model scenario MO, while model fit to the miles-days of milt datasets 

improved. Unsurprisingly, the unweighted residual sum of squares for both hydroacoustic 

datasets in scenario MO decreased as Xh was increased (Fig. 1.5), because the greater 

weight made the nonlinear procedure fit the hydroacoustic data better. In contrast, a 

nearly exponential degradation in fit to spawning age composition (increasing residual 

sum of squares) occurred as Xh increased on both acoustic datasets (Fig. 1.5). At the same 

time, linear degradation in the fits to the seine age composition and egg survey occurred, 

with the former being much more sensitive to XH (Fig. 1.5). For both acoustic datasets as 

Xh increased initially, the fit to mile-days of milt improved (decreasing residual sum of 

squares), and then deteriorated as XH was increased to large weights (Fig. 1.5). The initial 

decrease in the mile-days of milt unweighted residual sum of squares indicated a strong 

correlation with the hydroacoustic survey indices. Due to this correlation the addition of 

the hydroacoustic data essentially doubled the contribution of the mile-days of milt, since 

the fit to one will be improved by an increase in weight on the other.

Estimated recruitment and spawning biomass among scenarios M1-M4 resulted in 

large ranges of possible values for some years (Fig. 1,6a). The range between the 

minimum and maximum estimated recruitment among scenarios M1-M4 was generally 

not large except for the years in which large abundances were estimated (1987, 1991; Fig. 

1.6a, series to the left). On the other hand, the ranges between minimum and maximum 

values of spawning biomass were fairly substantial from the late 1980s to early 1990s 

(Fig. 1.6a, series to the right). From 1988-1992 the pattern in the maximum estimated 

biomass was not similar to that of the minimum estimates and from 1990 to 1991 the 

minimum biomass values decreased, while the maximum values increased (Fig. 1.6a). 

Using model scenario Ml as an example, from 1988-1990 the maximum values were
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obtained from model scenarios that weighted the mile-days of milt higher than the egg 

deposition index (Fig. 1.6b, series to the left). Conversely, from 1991-1993 the maximum 

values were obtained from models that weighted the egg deposition higher than the mile- 

days of milt (Fig. 1.6b, series to the right). Further, the spawning biomass estimates were 

not sensitive to the hydroacoustic dataset (A or B) or the weight in the objective function 

(Fig. 1.6b).

There was a strong relationship in model scenarios M1-M4 between the estimated 

proportion mature at age-3 and age-4 and index weight (Table 1.5). From 1980-1997 

increased weight on the mile-days of milt index decreased the estimated maturity, while 

increased weight on the egg deposition index increased the estimated maturity for both 

age-3 and age-4 (Table 1.5). In contrast, from 1998-2004, increased mile-days of milt 

weight increased maturity and increased egg deposition weight decreased maturity for 

both ages. Further, uncertainty in estimated maturity also increased as a function of 

weight on either index (Table 1.5).

The estimated hydroacoustic calibration coefficient in scenarios M1-M4 was not 

very sensitive to the weight given to the mile-days of milt or to the egg deposition survey 

(Fig. 1.7). In scenario Ml the most robust results were obtained for the coefficient. The 

largest change in the coefficient was at large weights (1, 2 ) on the mile-days of milt for 

which increased egg deposition decreased the coefficient (Fig. 1.7). For scenarios M2 -  

M4, increased weight on the mile-days of milt slightly decreased the proportion of the 

population that was detected by the acoustic survey, while increased weight on the egg 

deposition slightly increased the hydroacoustic coefficient value (Fig. 1.7). Further, the 

uncertainty in the estimated coefficients in scenarios M1-M4 remained somewhat stable 

and did not indicate a relationship with index weight (Fig. 1.7). The estimated 

hydroacoustic coefficient was larger with acoustic dataset A than dataset B. Further, with 

a larger weight on the hydroacoustic index, or, treating this index as more precise than 

the age structured data, indicated that the proportion of the population detected by the 

acoustic survey was less for both types of acoustic datasets (Fig. 1.7).
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The estimated coefficients for the disease indices describing VHSV-ulcer and I. 

hoferi prevalence from 1993-2004 in model scenarios M1-M4 were sensitive to the index 

weight (Fig. 1.8a, Fig. 1.8b). In model scenario Ml the estimated VHSV-ulcer coefficient 

decreased as the weight on the mile-days of milt index was increased, but the estimated 

VHSV-ulcer coefficient increased with increased weight on the egg deposition index 

(Fig. 1.8a). On the other hand, in scenarios M2-M4 as the weight on either index 

increased the estimated VHSV-ulcer coefficient decreased. For the most part, the 

uncertainty in the estimated VHSV-ulcer coefficient increased as the index weights 

increased (Fig. 1.8a). The estimated coefficient for I. hoferi increased as the weight on 

the mile-days of milt index increased in model scenarios M1-M4 (Fig. 1.8b). At weight 

of 0.1 on the mile-days of milt index, the I. hoferi coefficient increased with larger egg 

deposition index weights. However, at all other weights investigated on the mile-days of 

milt index, an increasing egg deposition index weight resulted in smaller I. hoferi 

coefficient in model scenarios M1-M4 (Fig. 1.8b). Estimates for both disease coefficients 

were not sensitive to hydroacoustic dataset A or B.

Estimated natural survival from 1988-1992 in model scenarios M2 and M3 

displayed a functional relationship with index weight (Fig. 1,9a, Fig. 1,9b). In scenarios 

M2 and M3 estimated survival decreased as a function of increased mile-days of milt 

weight, but increased with larger egg deposition index weights (Fig. 1.9a). At a small 

weight on the mile-days of milt (0 .1), estimated survival was virtually 100% for egg 

deposition weights larger than 0.5. Parameter estimates in scenario M2 and age group 5-8 

in scenario M3 produced fairly precise values for natural survival, while large uncertainty 

resulted for age group 3-4 in scenario M3 (Fig. 1.9a). Further, the hydroacoustic dataset 

employed (A or B) and the weight on the index had little effect on the estimated natural 

survival from 1988-1992 in scenarios M2 and M3.

In scenario M4, annual parameters from 1988-1992 for natural survival were 

highly uncertain (Fig. 1.9b). Overall, estimated survival was inversely related to the mile- 

days of milt weight, and proportional to the egg deposition weight (Fig. 1.9b). Survival in 

1988 was highly sensitive to index weight and very imprecise. Survival of 100% resulted
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in 1989 regardless of index weighting, although the lower 95% confidence limit reached 

30% for some weights. The same was tme in 1991 for weights less than or equal to 0.5 on 

the mile-days of milt index. Survival decreased slightly in 1991 at larger mile-days of 

milt weights, but uncertainty was large. On the whole, survival estimates in 1992 were 

the lowest, and in this year, unlike all previous, increased weight on the egg deposition 

decreased survival. However, in 1992 the 95% confidence intervals from the bootstrap 

ranged from 10-100% for some weights (Fig. 1.9b). Estimation of natural survival in 

model scenario M4 allows insight into the possible results, without need for direct 

evaluation of parameter and uncertainty, obtained if natural survival was estimated and 

set constant from 1989-1992, rather than 1988-1992 in scenarios M2 and M3. Estimated 

natural survival in 1988 was lower than all the annual estimates in scenario M4, with the 

exception of 1992 (Fig. 1.9b). Therefore, constant natural survival estimated in scenarios 

M2 and M3 from 1988-1992 would increase when estimated from 1989-1992 since the 

maximum likelihood estimate depicts the average natural survival over the time 

evaluated. Results are presented only for the hydroacoustic dataset A at a weight of 0.5 

because there was no sensitivity to the hydroacoustic dataset type or weight (results not 

shown).

For the 16 weighting combinations on the mile-days of milt and egg deposition 

indices, AICc comparison selected scenario Ml three times, M2 three times, and M4 ten 

times as the most parsimonious and best fit model (Table 1.6). For egg deposition 

weights greater than 0.1 and equal to or greater than mile-days of milt weights, model 

scenario M4 had the lowest AICc value. The second most parsimonious model for these 

weightings was M2 when the egg deposition weight was greater than the mile-days of 

milt, and Ml when the weights were equal. Further, when the weights were equal, 

scenario M4 was not significantly better than scenario Ml (AAICc<4). AICc comparison 

between models with mile-days of milt weights greater than the egg deposition selected 

scenarios Ml and M2 as the best models. At a large weight on the mile-days of milt (2) 

and a small weight on the egg deposition (0.1), scenario M4 resulted as the best model, 

and with both index weights set at 0.1, scenario Ml resulted (Table 1.6).
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The linear regression hind-cast procedure extrapolated historical biomass 

estimates that were nearly the same regardless of the acoustic dataset utilized and were 

contained within the minimum and maximum estimates obtained from the ASA model 

scenarios (Fig. 1.10a). Using the integrated hydroacoustic dataset as the dependent 

variable resulted in strong linear relationship with the mile-days of milt (Y = 554X, SE = 

56, P = 0.006). Uncertainty in biomass estimates from 1988-1992 was much smaller for 

linear regression scenario L(A) than the results of the ASA model scenarios (Fig. 1.10b). 

The maximum and minimum range across ASA model scenarios M1-M4, with 95% 

confidence levels from the bootstrap, contained the hind-cast biomass estimates from the 

linear models (Fig. 1.10b). However, the uncertainty in biomass extrapolations depicted 

by the linear models did not reflect the range indicated by the ASA models, and the 

confidence intervals are biased towards smaller values due to the assumption that the 

independent variable is measured without error (Fig. 1,10b).

Exploitation rates in 1990-1992 and 1997-1998 estimated from both ASA and 

linear regression models ranged from about 10 to 30% for most years (Fig. 1.11). The 

exploitation rates in 1990 were all very similar across linear and ASA models ranging 

only from 8 to 15%. However, the range of exploitation rates in 1991 and 1992 were 

much larger. In 1991 both linear regression models (L(A), L(B)) estimated exploitation 

rates that were larger than the maximum ASA model value. However, all linear model 

estimates remained within the 95% confidence intervals from the bootstrap for ASA 

model maximum or minimum estimates. The range of possible exploitation rates in 1992 

from the ASA models were very large, from 10 to over 50%. Linear regression 

exploitation estimates in 1997 and 1998 were much smaller than the maximum ASA 

model values and the range in the linear estimates was narrower than the uncertainty in 

exploitation indicated by the ASA models (Fig. 1.11). In 1998, the ASA models indicated 

that uncertainty in the exploitation rate was comparable to 1991 and 1992 (Fig. 1.11).

Using the ASA models with the initial weighting scheme for the datasets in model 

scenario Ml and the weighting scheme used by ADF&G in model scenario M2, we 

simulated abundances that would have occurred with no catch in 1997 and 1998.
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Excluding commercial catch in 1997 and 1998 from the ASA model had little 

consequence on resulting biomass estimates (Fig. 1.12). For either weighting scheme the 

resulting biomass increased slightly, but by 2002  the resulting biomasses were no 

different than if the catch had been taken (Fig. 1.12).

1.4. Discussion

The largest conflict exposed in this study is between the male and female indices 

of spawning abundance from 1988-1992. The conflict during this period exists because 

the egg deposition survey indicates an increase in the population, while the mile-days of 

milt indicates a decrease. It has been suggested that the egg deposition values from 1990- 

1992 were anomalous due to the lack of correlation with the mile-days of milt index in 

those three years (Thome and Thomas, 2008). This is tme when the normality of each 

dataset is not taken into account, but both the mile-days of milt and egg deposition 

indices fail the correlation coefficient test for normality. Rather, normality is obtained 

after logarithmic transformation, implying that these datasets follow the log-normal 

distribution. Upon applying appropriate normalizing transformations to these indices 

there is significant correlation using all years that data are available (r=0.63, P= 0.02). 

Further, since the egg deposition dataset comes from an established statistical survey 

procedure (Willette et al., 1999) and due to lack of information on the relationship 

between miles of spawn and egg deposition at high population levels we did not discount 

the egg deposition dataset. Upon inclusion of the hydroacoustic survey index into the 

integrated ASA model, other conflicts were revealed; the biggest conflict was between 

the spawning age composition dataset and the hydroacoustic dataset.

In the ASA model for Pacific herring in PWS, parameter estimation is sensitive to 

the index weights used in the objective function. For the natural mortality and weighting 

scenarios investigated in this analysis, the trends in parameter estimates were not the 

same when weights on either the mile-days of milt or egg deposition were increased. 

Among model scenarios, it was generally the case that if the functional relationship 

between a parameter estimate and weight was directly proportional for one index, it
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would be inversely proportional to the other. This was especially true when allowing 

natural mortality to be estimated as a free parameter from 1988-1992. Estimation of a 

single parameter over these years, regardless of the age group, showed that increasing the 

weight on mile-days of milt increases natural mortality, while doing so for egg deposition 

decreases natural mortality. This was also true when estimating annual natural mortality 

in 1988, 1989, 1990, and 1991. However, in 1992 the opposite relationship occurred.

The majority of model comparisons among scenarios M1-M4 indicated that 

allowing natural mortality to be estimated annually from 1988-1992 resulted in the lowest 

AICc. However, determination of parameter uncertainty through the bootstrap procedure 

revealed extremely large variability in annual natural mortality estimates. Scenarios Ml 

and M2 had the next lowest AICc’s, and in scenario M2, a constant natural mortality for 

1988-1992 was estimated with good precision. Overall, taking parameter uncertainty into 

account, model M2 resulted as the best model for nearly 70% of the weighting scenarios 

considered. However, the natural survival estimate in scenario M2 can range from 60 to 

100%, depending on mile-days of milt or egg deposition index weight. With the initial 

weighting scheme, model Ml is the most parsimonious and best fit model when 

compared to other scenarios. With the weighting scheme currently employed by 

ADF&G, the best fit and most parsimonious model is scenario M2. Further, the estimate 

of natural mortality in this scenario for the weighting scenario most similar to the one 

used by ADF&G (Ai=2, A£=0.5) is larger (0.39) than the currently used constant value of 

0.25 and the 95% confidence intervals from the bootstrap procedure do not include this 

constant value.

Inclusion of the hydroacoustic index, although strongly correlated with the mile- 

days of milt, does little to resolve the conflicts present in the standard datasets or to aid in 

natural mortality estimation in the ASA model. The estimates of natural mortality were 

not sensitive to the hydroacoustic index, regardless of dataset (A or B) or weight in the 

objective function. The hydroacoustic indices have little influence on estimates of 

spawning biomass in the ASA model. Modest effects do occur, such as slight increases in 

the recruitment estimates increases in the natural mortality values for ages >5 , and
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a convergence of pre and post-1997 maturity values for ages 3 and 4. It appears that the 

hydroacoustic model produces similar spawning biomasses by introducing more age-3 

recruits, while at the same time removing older age classes. The model is also decreasing 

the overall maturity of age-3 recruits and age-4 fish so that the increase in younger cohort 

abundance does not translate into an increase in spawning biomass. Further, estimated 

maturities of age-3 and 4 fish were different for pre- and post-1997 with lower values of 

Xh but converged to a constant value at higher values of Xh- Thus, it remains unresolved 

whether there was a shift in maturity during the late 1990s.

The estimated proportion of the population that was detected by the hydroacoustic 

survey was less than 85% for all mile-days of milt, egg deposition, and hydroacoustic 

index weights in scenarios M0-M1 and was estimated with good precision. Weighting 

analysis indicates that the hydroacoustic survey detects greater proportions of the total 

population with larger weights on the egg deposition as opposed to the mile-days of milt, 

when natural mortality is estimated from 1988-1992. Thus, the hydroacoustic survey 

appears to have greater coverage of the herring population when relatively more weight is 

given to the egg deposition dataset than to the mile-days of milt dataset. However, 

coverage is reduced at large weights on the hydroacoustic index. The results of this 

analysis show that when treating the hydroacoustic index with more precision the 

proportion of the population detected by the survey is smaller than when allowing less 

precision in the hydroacoustic survey.

Within the ASA model there is almost a redundancy between the hydroacoustic 

and mile-days of milt indices, but the incorporation of both leads to quantification of the 

uncertainty in the population’s dynamics. Thus, future assessment of PWS herring 

through an ASA approach should include hydroacoustic data. Also, a field study of 

maturity should be conducted for PWS herring to resolve the effect of the discrepancy in 

maturity estimates.

From 1988-1992 both the mile-days of milt and the miles of milt values are 

upwards of 10 times larger than the values from 1993-2004 which correspond to 

hydroacoustic observations. Due to the constant variance assumption in linear
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regressions, the uncertainty from 1988-1992 is determined from a highly correlated and 

less variable range of data (1993-2004). Thus, the uncertainty in the extrapolated biomass 

is not accurately portrayed in the linear hind-cast procedure. In addition, the true 

relationship between the hydroacoustic measure of biomass and the milt index may not 

be linear. The milt index is bounded because the amount of spawning habitat for Pacific 

herring in PWS is finite. Thus, we hypothesize that the true relationship may be better 

modeled with an asymptotic function. The constant proportionality assumption between 

the male spawning index and biomass is made in both the linear regression and ASA 

models. However, the ASA model integrates alternative datasets and does not solely rely 

on the miles of spawn index to estimate abundance. Further, uncertainty in ASA model 

estimates is determined for all years of data from 1980-2004 and does not require that the 

relative variance be constant from one year to the next.

When all available data for PWS herring are integrated in an ASA model the 

range of exploitation fraction estimates and uncertainty from 1990-1992 and 1997-1998 

is very large, and does include estimates from the linear models. Therefore, the 

hypothesis that high fishing mortality accelerated the decline in the population from 

1990-1992 (Thomas and Thome, 2003) may be supported when using a simple linear 

regression model with a single dataset, but is not supported when using all data sources in 

an ASA model. Simulation of spawning biomass values by the excluding commercial 

fisheries in 1997 and 1998 indicates that the commercial fisheries did not have a 

substantial effect on the resulting biomass levels. Further, uncertainty in exploitation 

rates from the linear regression hind-cast procedure can not be determined accurately 

because hydroacoustic data were first collected in 1993 after the population crashed.

A key issue of PWS herring dynamics is when did the decline in PWS herring 

actually begin? With the linear hindcast procedure, the rapid decline in herring biomass 

appears to start in 1989, the year of the oil spill, as opposed to 1993, the year that the 

decline was recognized by fisheries managers (Thomas and Thome, 2003; Thome and 

Thomas, 2008). ASA model spawning biomass estimates show that there is some 

evidence of a decline in the population in 1989; however, this decline is not as substantial
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as the decline after 1992. An alternative explanation is that natural mortality of herring 

increased in the late 1980s and remained elevated until the crash of 1993 that had even 

higher natural mortality. This hypothesis remains viable under many of the weighting 

schemes investigated in this study.

Our view is that a significant decline occurred in the winter of 1992-1993 due to 

disease affecting a large population in weakened condition. Poor body condition in the 

spring may be the most significant risk factor for an epidemic (Marty et al., 2003) and the 

greatest decline in weight-at-age in PWS herring occurred from the fall of 1992 to the 

spring of 1993 (Pearson et al., 1999). In the early 1990s the PWS herring population 

biomass was high but there was poor growth and fish had inadequate energy stores 

entering the winter of 1992-1993 (Pearson et al., 1999). This may be partially explained 

by a nearly nonexistent zooplankton bloom in PWS during the summer of 1992 (Quinn et 

al., 2001). Further, the 1989 year class of PWS herring experienced numerous adverse 

effects from EVOS (Brown et al., 1996) and would have recruited to the adult stock in 

1992 and 1993 (age-3 and age-4). Poor condition and limited food availability provided a 

mechanism for the epidemic in the winter of 1992-1993. Further, poor recruitment of the 

1989 year class coupled with disease could have played a role in a significant population 

decline from 1992-1993.

Some researchers believe that limitations in ASA methodology led to 

overestimation of Pacific herring abundance from 1989-1993, resulting in management 

actions that caused large mortality from over-harvesting (Thomas and Thome, 2003). 

These limitations include the ASA dependence on the egg deposition dataset and 

assumptions of constant mortality. We have shown the ASA model is not just dependent 

on egg deposition, but on all datasets relevant to PWS herring. Such synthesis of 

historical information lends stability to parameter estimation, proper representation of 

uncertainty in model estimates, and avoids problems with process errors. In this study we 

have shown that the ASA model has the flexibility to include variation in natural 

mortality by age-group and over time. However, estimating mortality without auxiliary 

information usually results in highly unstable parameter estimates due to data conflicts
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and limitations. Stable natural mortality estimation can be obtained by the inclusion of 

disease information. Nevertheless, it is true that a change in disease or biomass condition 

after the previous year could lead to inaccuracy in the spawning biomass used for making 

management decisions.

The integration of numerous data sources to estimate key population parameters 

of the PWS herring stock is the main strength of the ASA model, because such 

integration leads to evaluation of dataset influence on modeled estimates and uncertainty. 

The model has been useful for understanding population dynamics in showing that 

multiple disease events and low recruitment may have adversely affected the population 

since 1993. It has been useful in fishery management, because spawning biomass is used 

to decide whether to open the fishery and how much fish can be caught.

A significant advantage of the hydroacoustic survey is that a large change in the 

population — as from a disease outbreak — could be recognized before a fishery is opened, 

and this information could be used to modify management actions. For example, all PWS 

fisheries were scheduled to be opened in April 1999, but they were never opened based 

on in-season hydroacoustic estimates of poor returns. The hydroacoustic survey can also 

be used to independently estimate fishing mortality, though we do not recommend this 

approach. Further, hydroacoustics cannot describe other key population parameters, like 

age specific maturity, age specific natural mortality, or recruitment.

Integration of datasets in the ASA model connects observations with population 

dynamics equations to link year classes for parameter estimation. Thus, the ASA model 

not only explains observations but ties them together to avoid problems due to 

measurement and process error. The ASA model synthesizes datasets and exposes data 

conflicts in a robust manner. Further, ignoring several data sources and uncertainty in 

extrapolated biomass values to form hypotheses does not seem precautionary (O’Riordan, 

1992; Dovers and Handmer, 1995). There is a straightforward middle ground, in which 

the ASA model (including hydroacoustic data) would continue to be used as a pre-season 

tool, but that results from the current year’s hydroacoustic survey could be examined for
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the possibility of emergency action if there appears to be a major change in the 

population. This protocol has been followed by ADF&G since the late 1990s.

Each of the datasets used in the PWS assessment model has limitations. Egg 

deposition surveys have measurement errors due to the difficulty of detecting and 

locating all of the spawning events and differences in diver accuracy. Further, the 

accuracy of the egg deposition estimate can depend on predation, dispersal, and loss due 

to surf and wave action on the spawning beds (Rooper et al., 1996; Bishop and Green, 

2001). The collection of miles of milt data depends largely on weather conditions 

impacting the ability of aerial detection of spawning sites. It also requires that milt 

density be constant over years and that milt distribution is an accurate index of spawning 

biomass. The hydroacoustic biomass estimate is a direct source of abundance 

information, but is contingent on all of the spawning fish being in the survey area. The 

accuracy of this method will be affected by the mobility of the fish schools, the temporal 

effects of age-dependent spawning, and the choice of target strength for herring whose 

size-at-age is variable over time. The age composition datasets are dependent on the 

selectivity of the gear and the timing of the survey since older fish tend to spawn before 

younger fish (Hay, 1985).

This study illustrates that data conflicts cannot always be resolved, but they can 

be explicitly identified through alternative dataset weighting and parameterization, so that 

variability in parameter estimation and uncertainty is exposed. Assessment scientists have 

used several approaches for weighting data sources with variable degrees of success.

First, the magnitude of measurement errors from data sources used in integrated 

assessment models determined by sampling or experiments is sometimes used (Kimura, 

1989). Second, statistical theory allows estimation of the weights for multiple datasets 

through iterative reweighting or likelihood methods when no process error occurs (Deriso 

et al., 2007). However, we believe substantial process error may be present in herring 

data sources, which means that selection of weights will continue to require the judgment 

of analysts. Thus, when data conflicts arise, assessment results and hypotheses depend on 

the choice of weighting that the researcher must make. Further, to avoid biased results
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when developing hypotheses during periods with data conflicts, researchers should 

examine all available sources of information and how each influences key parameters and 

uncertainty.
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Table 1.1.

Hydroacoustic estimates of herring biomass in metric tonnes. Dataset A denotes data 

obtained by integrating Prince William Sound Science Center and Alaska Department of 

Fish and Game acoustic surveys, and B are estimates from Thome and Thomas (2008).

Tables

Biomass estimate (t)
Year A B
1993 18 812
1994 12 555
1995 13 284 12 070
1996 23 000 23 203
1997 40 002 37 400
1998 17 655 17 655
1999 20 324 17301
2000 7281 7 280
2001 6384 6 330
2002 10 700 10 700
2003 27 100 23 200
2004 19 098 12 700
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Table 1.2. Notation used in the formulae for the age-structured assessment model.

Notation Description

Observed quantities
C'a,, Catch in the ith fishery at age a in year t

Pk Proportion of impounded herring killed

Wa,t Weight-at-age in year t
ge composition in the ith dataset at age a in year t

fa , Fecundity at age a in year t

XU Disease prevalence variables

H, Hydroacoustic survey biomass in year t

E, Egg deposition survey in year t (trillions of eggs)

M, Mile-days of spawn in year t

%Ft Percentage of females present in the spawning population

Quantities derivedfrom estimated parameters
N x< Age 3 recruits in year t

Ni y  a,  1980 Initial abundance for all ages

K Gear vulnerability of age a with parameters co and £

mata, Maturity at age a in year t with parameters S and e

M a ,,
Mortality with disease parameter /?

S ., Survival of age a in year t

Estimated age composition

Estimated egg deposition in year t

& , Estimated mile-days of milt in year t with parameter if/

H, Estimated hydroacoustic biomass in year t with parameter y

R, Ricker estimates of recruits in year t with parameters a and r
Population quantities

Na,t Total abundance at age a in year t in millions of fish

PBa,t Pre-fishery spawning biomass at age a in year t

SNaJ Natural spawning population after spring fisheries at age a in year t

SB, Total spawning biomass in year t (after spring fisheries)

B, Pre-fishery biomass in year t
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ASA model scenarios with bootstrap uncertainty.

Table 1.3.

Scenario Description Index weighting P M

MO

Hydroacoustic survey data added to model 
used in Quinn et al. (2001) and Marty et al. 
(2003), with mortality modelled as a linear 
function of disease prevalence

Hydracoustic 0 -  
10 42 7

Ml Natural mortality from 1988 to 1992 
assumed constant at 0.25

Mile-days of milt, 
egg deposition 0.1- 
2

42 16

M2 Natural mortality from 1988 to 1992 
estimated

Mile-days of milt, 
egg deposition 0.1- 
2

43 16

M3 Natural mortality for ages 3-4 and 5-8 
from 1988 to 1992 estimated

Mile-days of milt, 
egg deposition 0.1- 
2

44 16

M4 Natural mortality estimated for each year 
from 1988 to 1992

Mile-days of milt, 
egg deposition 0.1- 
2

47 16
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Table 1.4.

Maturity estimates of age-3 and age-4 with uncertainty from MO at different weights

given to the hydroacoustic index.

kjl Maturity
1980-1996 s.e. 1997-2004 s.e.

Age 3 
0 0.246 0.057 0.684 0.134
0.1 0.259 0.061 0.626 0.125
0.5 0.252 0.055 0.464 0.114
1 0.262 0.062 0.406 0.119
2 0.266 0.069 0.349 0.109
5 0.272 0.076 0.300 0.112
10 0.292 0.092 0.307 0.119
Age 4 
0 0.815 0.123 1.000 0.128
0.5 0.833 0.123 0.749 0.153
1 0.847 0.128 0.660 0.159
2 0.851 0.130 0.592 0.170
5 0.852 0.133 0.538 0.181
10 0.860 0.140 0.529 0.214
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Table 1.5.

Maturity estimates of age-3 and age-4 with uncertainty from scenarios M1-M4 at 

different weights given to the mile-days of milt index (XL) and egg deposition index (ae).
Maturity at age 3 Maturityy at age 4

Scenario  ̂l Ê 1980-1997 s.e. 1998-2004 s.e. 1980-1997 s.e. pi 998-2004 s.e.
Ml 0.1 0.1 0.246 0.034 0.452 0.090 0.866 0.086 0.790 0.128

0.5 0.259 0.056 0.397 0.088 0.773 0,123 0.722 0.132
1 0.301 0.087 0.355 0.095 0.736 0.152 0.672 0.133
2 0.377 0.132 0.305 0.100 0.735 0,177 0.605 0.149

0.5 0.1 0.226 0.042 0.524 0.120 0.866 0.104 0.783 0.148
0.5 0.252 0.055 0.464 0.114 0.833 0.123 0.749 0.153
1 0.286 0,083 0.411 0.131 0.805 0.145 0.717 0.167
2 0.353 0.139 0.343 0.126 0.784 0.181 0.658 0.179

1 0.1 0.214 0.050 0.576 0.128 0.914 0.096 0.759 0.158
0.5 0.243 0.060 0.520 0.138 0.891 0.110 0.734 0.1661 0.271 0.085 0.464 0.143 0.862 0.135 0,709 0.179
2 0.324 0.136 0.383 0.156 0.830 0.168 0.672 0.1992 0.1 0.193 0,055 0.644 0.136 0.984 0.074 0.747 0.148
0,5 0.220 0.064 0.608 0.141 0.975 0.083 0.729 0.1571 0.248 0.079 0.567 0.153 0.953 0.098 0.710 0.1662 0.291 0.117 0.497 0,167 0.914 0.133 0.686 0.196

M2 0.1 0.1 0,238 0.039 0,446 0.088 0.853 0.093 0.784 0.126
0.5 0.328 0.058 0.453 0.089 0.898 0.101 0.768 0.140
1 0.365 0.076 0.427 0.096 0.872 0.122 0.735 0.140
2 0.434 0.116 0.389 0.097 0.859 0.148 0.686 0.141

0.5 0.1 0.183 0.034 0.496 0.107 0.795 0.099 0.766 0.143
0.5 0.260 0.062 0.471 0.123 0.846 0.124 0.752 0.159
1 0.331 0.093 0.460 0.131 0.890 0.136 0.744 0.176
2 0.422 0.125 0.442 0.142 0.925 0.145 0.727 0.184

1 0.1 0.168 0.036 0.528 0.110 0.822 0.100 0.735 0,138
0.5 0.225 0.057 0.501 0.133 0.858 0.119 0.725 0.1601 0.288 0.090 0.485 0.148 0.895 0.132 0.718 0.181
2 0.386 0.139 0.479 0.160 0.952 0.146 0.714 0.208

2 0.1 0.148 0.035 0.581 0.114 0,853 0.095 0.711 0.133
0.5 0.191 0.050 0.563 0.124 0.888 0.106 0.706 0.1411 0.236 0.078 0.550 0.152 0.922 0.115 0.704 0.166
2 0.321 0.132 0.548 0.182 0.987 0.130 0.701 0.197

M3 0.1 0.1 0.260 0.044 0.448 0,088 0.874 0.094 0.786 0.123
0.5 0.328 0.057 0.453 0.093 0.896 0.102 0.768 0.136
1 0.365 0.076 0.427 0.094 0.872 0.119 0.735 0.140
2 0.434 0.114 0.389 0.100 0.859 0.147 0.686 0.144

0.5 0.1 0.189 0.038 0.496 0.111 0.804 0.103 0.770 0.136
0.5 0.258 0.063 0.471 0.117 0.844 0.123 0.751 0.154
1 0.322 0.088 0.459 0.142 0.874 0.129 0.740 0.174
2 0.418 0.124 0.439 0.141 0.915 0.152 0.724 0.189

1 0.1 0.170 0.040 0.528 0.115 0.826 0.098 0.735 0.138
0.5 0.220 0.060 0.501 0.127 0.849 0.118 0.723 0.152
1 0.274 0.086 0.487 0.147 0.871 0.137 0.714 0.176
2 0.357 0.132 0.478 0.168 0.897 0.161 0.701 0.202

2 0.1 0.153 0.037 0.582 0.117 0.863 0.096 0.713 0.128
0.5 0.184 0.051 0.563 0.126 0.875 0.107 0.704 0.147
1 0.222 0.079 0.552 0.140 0.894 0.120 0.697 0.165
2 0.287 0.119 0.548 0.177 0.918 0.146 0.687 0.195

M4 0.1 0.1 0.218 0.037 0.385 0.077 0.823 0.094 0.715 0.117
0.5 0.272 0.051 0.375 0.084 0,889 0.099 0.694 0,122
1 0.305 0.066 0.363 0.085 0.920 0.112 0.675 0.124
2 0.336 0.087 0.338 0.088 0.943 0.118 0.638 0.136

0.5 0.1 0.158 0.035 0.450 0.101 0.758 0.100 0.743 0.135
0.5 0.200 0.049 0,425 0.110 0.779 0.124 0.709 0.145
1 0.233 0.062 0.406 0.121 0.806 0.133 0.684 0.158
2 0.287 0.087 0.360 0.120 0.875 0.136 0.638 0.175

1 0.1 0.183 0.037 0.515 0.102 0.786 0.100 0.725 0.134
0.5 0.166 0.044 0.479 0.122 0.751 0.124 0.717 0.151
1 0,192 0.061 0.451 0.144 0.773 0.139 0.692 0.174
2 0.236 0.085 0.399 0.152 0.822 0.155 0.652 0.196

2 0.1 0.176 0.040 0.568 0.108 0.814 0.099 0.704 0,120
0.5 0.192 0.048 0.549 0.120 0.815 0.111 0,694 0.138
1 0.155 0.053 0.518 0.153 0.765 0.131 0.692 0.169
2 0.174 0.073 0.480 0.169 0.803 0.158 0.669 0.198
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Table 1.6.

AICc model comparison among scenarios M1-M4 with respect to the mile-days of milt 

and egg deposition index weights. For each weight comparison, the model with the 

lowest AICc value (AAICc = 0) is shown with a border and the model with the next

lowest AICc value is highlighted in bold font.
=0.1

Ê=0.1 Ê=0.5 =1 A-e==2Scenario Ml M2 1 M3 | M4 Ml | M2 1 M3 | M4 Ml | M2 1 M3 1 M4 Ml | M2 | M3 | M4
Total SSQ 2.32 2.31 2.31 2.25 2.99 2.80 2.80 2.68 3.62 3.17 3.17 3.03 4.56 3.78 3.78 3.58

n 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313
P 42 43 44 47 42 43 44 47 42 43 44 47 42 43 44 47

AICc -385.352 -382.862 -381.368 -380.648 -321.056 -339.171 -336.527 -342.33 -268.471 -307.874 -305.165 -310.919 -203.426 -259.088 -256.379 -265.247
AAICc 0.00 | 2.49 3.98 4.70 21.27 3.16 5.80 | 0.00 42.45 3.04 5.75 | 0.00 61.82 6.16 8.87 | 0.00

XL—0.5
Ê=0 1 Ê=0.5 t-E=1 Ê=2

Scenario Ml M2 1 M3 1 M4 Ml | M2 | M3 | M4 Ml | M2 | M3 | M4 Ml 1 M2 I M3 j M4
Total SSQ 3.04 2.93 2.93 2.85 4.04 4.04 4.04 3.86 4.98 4.84 4.84 4.54 6.33 5.80 5.80 5.44

n 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313
P 42 43 44 47 42 43 44 47 42 43 44 47 42 43 44 47

AICc -340.01 -348.863 -346.266 -346.838 -267.623 -265.205 -262.499 -268.119 -209.287 -215.354 -212.808 -224.61 -140.829 -165.588 -162.906 -174.425
AAICc 8.85 || 0.00 | 2.60 2.02 0.50 2.91 5.62 | 0.00 15.32 9.26 11.80 1 0.00 33.60 8.84 11.52 1 0.00

-̂L=1
A-e=0.1 t-E=0.5 t-E=1 A*=2

Scenario Ml | M2 1 1 M4 Ml | M2 1 M3 1 M4 Ml | M2 | M3 | M4 Ml 1 M2 | M3 M4
Total SSQ 3.54 3.30 3.30 3.20 4.74 4.72 4.72 4.58 5.95 5.93 5.92 5.65 7.77 7.47 7.44 6.99

n 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313
P 42 43 44 47 42 43 44 47 42 43 44 47 42 43 44 47AICc -309.818 -329.05 -326.361 -328.482 -234.605 -233.491 -230.852 -232.182 -170.702 -169.125 -166.773 -173.389 -94.1429 -103.687 -102.214 -113.537AAICc !9.23 || 0.00 | 2.69 0.57 0.00 | 1.11 3.75 2.42 2.69 4.26 6.62 1 0.00 19.39 9.85 11.32 1 0.00

L̂=2
^E=0.1  ̂E=0.5 *E''=1 Ê=2

Scenario Ml | M2 J_M3 | M4 Ml | M2 1 M3 | M4 Ml | M2 1 M3 1 M4 Ml 1 M2 | M3 | M4
Total SSQ 4.24 3.77 3.76 3.58 5.62 5.46 5.46 5.32 7.12 7.11 7.10 6.89 9.56 9.47 9.43 9.03

n 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313 313
P 42 43 44 47 42 43 44 47 42 43 44 47 42 43 44 47AICc -271.088 -305.501 -302.878 -310.742 -199.138 -205.189 -202.587 -202.653 -131.747 -129.708 -127.405 -128.314 -46.6314 -46.6314 -45.2513 -50.5987AAICc 39.65 5.24 7.86 | 0.00 6.05 f 0.00 | 2.60 2.54 0.00 | 2.04 4.34 3.43 3.97 3.97 5.35 | 0.00
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Figure 1.1. Observed mile-days of milt and egg deposition survey datasets. The ellipses 

encircle trends in each dataset from 1988-1992 following the same line format as in the 

observed value plots.

Figure 1.2. Age-3 recruitment and spawning biomass estimated from model scenario MO 

at hydroacoustic index weights (XH)• For illustration, 95% confidence intervals from the 

bootstrap with a hydroacoustic weight of 0.5 is shown.
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Figure 1.3. (a.) 1993-2004 estimated survival for age groups 3-4 and 5-8.

Figure 1.3. (b.) Estimated disease index coefficients with 95% confidence intervals from 

bootstrap. The VHSV-ulcer index coefficient is plotted to the left and I. hoferi to the right 

with PWSSC and ADF&G integrated hydroacoustic dataset (A) and data from Thome 

and Thomas (B; this issue).



46

Figure 1.4. Estimated hydroacoustic survey coefficients. Estimated with the PWSSC and 

ADF&G integrated hydroacoustic dataset (A) and data from Thome and Thomas (B; this 

issue). 95% confidence intervals from bootstrap are shown for the ASA model with 

hydroacoustic dataset A.

Figure 1.5. Unweighted residual sum of squares in model scenario M0. Shown for the 

estimated datasets in the ASA model as the weight (A//) on the hydroacoustic indices (A- 

integrated PWSSC and ADF&G, B-Thome and Thomas, this issue) are increased in 

scenario M0.
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Figure 1.6. (a.) Maximum and minimum estimated recruitment and spawning biomass 

from model scenarios M1-M4.

Figure 1.6. (b.) Estimated spawning biomass from model scenario M l. Shown for 

hydroacoustic datasets (A-integrated PWSSC and ADF&G, B-Thome and Thomas, this 

issue) at weight of 0.5 and 2 in the objective function.
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Figure 1.7. Estimated hydroacoustic survey coefficient. Shown for the hydroacoustic 

datasets (A-integrated PWSSC and ADF&G, B-Thome and Thomas, this issue) at 

weights of 0.5 and 2 in the objective function from scenarios M1-M4 with 95% 

confidence intervals from bootstrap.

Figure 1.8. (a.) Estimated VHSV-ulcer index coefficient. Shown with 95% confidence 

intervals from bootstrap for mile-days of milt and egg deposition weights investigated in 

scenarios M1-M4 using the two hydroacoustic indices (A-integrated PWSSC and 

ADF&G, B-Thome and Thomas, this issue).
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Figure 1.8. (b.) Estimated I. hoferi index coefficient. Shown with 95% confidence 

intervals from bootstrap for mile-days of milt and egg deposition weights investigated for 

the two hydroacoustic indices (A-integrated PWSSC and ADF&G, B-Thome and 

Thomas, this issue) in scenarios M1-M4.

Figure 1.9 (a.) Estimated survival from 1988-1992 in model scenarios M2 and M3. 

Shown with 95% confidence intervals from bootstrap for both hydroacoustic indices (A- 

integrated PWSSC and ADF&G, B-Thome and Thomas, this issue) at weights of 0.5 and 

2 in the objective function.
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Figure 1.9 (b.) Estimated yearly survival from 1988-1992. Shown for model scenario M4 

with 95% confidence intervals from bootstrap.

Figure 1.10 (a.) Estimated biomass from 1973-2004. Shown using the linear regression 

hind-cast procedure for scenarios L(A) and L(B) using both hydroacoustic datasets (A- 

integrated PWSSC and ADF&G, B-Thome and Thomas, this issue) with the maximum 

and minimum ASA model spawning biomass estimates in model scenarios M1-M4.
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Figure 1.10 (b.) Estimated spawning biomass from scenario LI and M1-M4. For 

illustration, only the upper 95% confidence level from bootstrap was shown for the 

maximum ASA model estimate, while the lower confidence interval is shown for the 

minimum.

Figure 1.11. Estimated exploitation fractions. Shown for linear regression model

scenarios L(A) and L(B) with maximum and minimum estimates from all ASA model

scenarios (cross points) with respective 95% confidence intervals from bootstrap.
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Figure 1.12. Estimated spawning biomass. Shown for model scenario M l, using the 

initial weighting (As = 1, Asp = L h  = 0.5, Ae = 0.5), and scenario M2, using the weighting 

employed by ADF&G (As = 0.25, Asp= \,A l = 2, Ae = 0.25), allowing for no-catch in 

1997 and 1998.
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Chapter 2: Time-dependent parameters in fishery models: natural mortality, gear 

selectivity, and maturity of Pacific herring (Clupea pallasi) in Sitka Sound, Alaska2 

Abstract

This study investigates integrated age-structured assessment (ASA) models with 

time-dependent parameters for natural mortality, gear selectivity, and maturity. Many 

integrated assessment models often estimate constant parameters over time and age. The 

Alaska Department of Fish and Game (ADF&G) currently estimates the status of the 

Pacific herring (Clupea pallasi) stock in Sitka Sound, Alaska, with such an ASA model. 

ASA models that estimate unconstrained parameters in each year resulted in the lowest 

Akaike information criterion values. However, Monte-Carlo bootstrap methods 

determined that ASA model uncertainty was substantial for unconstrained yearly 

parameters. The most parsimonious ASA model that produced precise parameters 

estimated natural mortality for years between proportionally larger year classes in the 

spawning population. Results from this ASA model suggest that time-dependent changes 

in natural mortality experienced by Pacific herring populations may be related to the 

magnitude and duration of large recruitment events.

2 Hulson, P.-J. F., T. J. Quinn II, and S. Dressel. Time-dependent parameters in fishery models: natural 
mortality, gear selectivity and maturity in Pacific herring (Clupea pallasi) in Sitka Sound, Alaska. In 
preparation to be submitted to the Canadian Journal of Fisheries and Aquatic Sciences.
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Error in assessment modeling of fish stocks can include model misspecification, 

observation error, and natural variation in the environment (National Research Council, 

(NRC) 2000). In some cases, even small realistic departures from standard assumptions of 

stock assessment models can result in substantial assessment errors (NRC, 1998). 

Consequently, techniques have been developed to allow for time-varying estimation within 

integrated assessment models (e.g., Fournier and Archibald, 1982; Methot, 1990), and often 

constrained random walk models are employed (Gudmundsson, 1994; Ianelli et a l, 1999). 

Parameters estimated by integrated assessment models have been tested with random walk 

structures, including natural mortality (Fu and Quinn, 2000) and catchability (Wilberg and 

Bence, 2006). However, it is extremely difficult to determine optimal parameter variability 

and model complexity with random walk models. Further, estimation of integrated 

assessment model parameters with respect to biological characteristics of a fish population 

(i.e. health, population structure) has received little attention.

In Sitka Sound Alaska, the Pacific herring (Clupea pallasi) population is a valuable 

resource (Carlile et a l, 1999). Pacific herring are ecologically significant as high quality 

prey for many marine birds, mammals, and fish (e.g., Thomas and Thome, 2001) and spring 

spawn provides one of the year’s first major spikes in readily available energy to predators. 

Commercial fisheries have harvested Pacific herring in Sitka Sound for decades and ex

vessel value can be substantial (Carlile et a l, 1999). Further, the Sitka Tribe utilizes Pacific 

herring and spawn for subsistence.

The Alaska Department of Fish and Game (ADF&G) uses an integrated age- 

structured assessment (ASA) model annually to forecast the size of the Sitka Sound Pacific 

herring stock and set the commercial harvest level. The model is fitted to age composition 

data and independent estimates of relative abundance (Carlile et a l, 1999) and has been 

employed since 1993 (Gordon et a l, 2007). Currently, ADF&G implements constant 

parameterization of natural mortality, gear selectivity, and maturity-at-age over time. The 

biomass of Pacific herring in Sitka Sound has remained above threshold, but there has not

2.1. Introduction
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been strong recruitment into the adult stock since the early 1990s. It is possible that the 

recent population dynamics could be indicative of temporal changes in natural mortality, 

gear selectivity, or maturity. Thus, the Sitka Sound Pacific herring population provides an 

excellent example for implementation of time-dependent parameterization.

The primary objective of this study is to determine if incorporating temporal 

variation in natural mortality, gear selectivity, or maturity improves ASA model estimation. 

Model scenarios explore a variety of time-dependent parameterizations for natural mortality, 

gear selectivity, and maturity. The weight of a fish may influence natural mortality 

(Gunderson and Dygert, 1988), fishing gear selectivity (Law, 2000) and the amount of 

energy the fish has for reproduction (Paul and Paul, 1999). Thus, some model scenarios 

consider relationships with weight-at-age. Further scenarios consider time-dependent 

variation due to the population structure through relationships with the age composition 

data, and others consider weighted deviation models for yearly estimation. Model 

comparison is conducted through parameter uncertainty determination with bootstrap 

procedures (Manly, 1997) and Akaike Information Criterion (AIC; Burnham and Anderson, 

1998).

2.2. Methods

The ASA model described and investigated in this study differs from the model 

used by ADF&G in 2005. Prior to time-dependent parameter investigation, our task was 

to investigate the objective function, dataset transformation, data usage, and alternative 

recruitment estimation in the 2005 Sitka Sound ASA model employed by ADF&G 

(Appendices 2.A, 2.B, and 2.C). The appendices are included in this chapter to provide 

rationale for the changes we made that culminated in the base model for time-dependent 

analysis (model scenario SO). Formulation of the objective function used by ADF&G 

indicated that for uncertainty estimation and model comparison an unadjusted residual 

sum of squares (eq. (8)) is more appropriate than the approach used in 2005 (Appendix 

2.A). Appendix 2.A also presents reasoning as to why this study does not employ arcsine
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square-root transformations on proportional age composition data; rather, we leave the 

data untransformed. We also investigated the use of the miles of milt, a relative spawning 

population index, as an additional dataset into the ASA model (Appendix 2.B). Model 

uncertainty was investigated over a variety of index weightings in the objective function, 

and using the miles of milt index provides an improvement over the 2005 model 

formulation and should be considered for stock assessment by ADF&G (Appendix 2.B). 

A Ricker spawner-recruit curve was incorporated to constrain the parameter estimates of 

recruitment and to allow for future incorporation of environmental variables directly into 

the ASA model (Appendix 2.C). All discussion in the remainder of this manuscript will 

be of the revised model.

2.2.1 Data

The ASA model integrates various data sources relevant to Pacific herring in 

Sitka Sound from 1978-2006. In this study, all observed data are notated with a dot above 

the variable. The four main datasets are the age composition of catch for the commercial 

purse seine fishery (the primary source of harvest of Sitka Sound herring, n = 174, 

s @a t ), spawning age composition (n = 174, Sp® a,t )> estimates of total egg deposition

from annual spawn surveys (n = 29, Et ), and miles of shoreline upon which milt was

present (n -  29, Lt ). Other data sources include average weight-at-age of spawners

( Sp ™a,t )> average weight-at-age of fish captured in the commercial purse seine fishery

(5  wa t ), fecundity-at-age with respect to time i (, f a t ; /= 1978-1983, 1984-1997, 1998-

2 0 0 1 , 2002-2006), commercial catch-at-age (C a l ), and total catch biomass from all

participating seine fisheries ( Yt , fisheries include commercial sac roe, commercial bait

pound, ADF&G sac roe cost recovery, ADF&G bait cost recovery, and personal use by 

permit). Notation and description of the observed datasets are given in Table 2.1.

2.2.2 Model
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The ASA model is a standard implementation of an age-structured assessment 

model (Quinn and Deriso, 1999, chapter 8). The original formulation of the ASA model 

for Sitka Sound herring was developed by Funk and Sandone (1990).

Parameters estimated within the ASA model include recruitment of age-3 herring 

(Ni,t, in millions of fish, from 1978-2006), initial abundance (Na,i978, in millions of fish, 

age-4 to 8+ in 1978), natural mortality {Mi), age specific maturity (am,{T), gear 

selectivity (a8, f f) ,  a miles of milt calibration coefficient (y/), and Ricker spawner-recruit
SR nSR * •parameters (a , p ). Notation and description of estimated parameters are given in Table

2.2. Model parameters are estimated by minimizing the deviations between observed and 

estimated seine age composition, spawning age composition, egg deposition, and miles of 

milt using a least squares procedure. A Ricker spawner-recruit relationship is also utilized 

in the objective function, comparing parameter estimates of age-3 recruits to the Ricker 

function estimates of age-3 recruits.

The estimated parameters are utilized to obtain several population matrices, all of 

which are derived from a pre-fishery abundance matrix (ages 3 to 8+ and years 1978- 

2006). Pre-fishery abundance Na,t, the population size in a year just before the fishery 

occurs in the spring, is given by a straightforward survival equation:

<1) AU.,=(tfw-C.,)-S,
in which a cohort at age-a+1 and year-M-1 is dependent on the previous year’s cohort 

abundance. A cohort within the pre-fishery abundance matrix decreases from one year to 

the next due to catch ( Ca t ), primarily from the purse seine fishery, and natural mortality.

Here St is the annual natural survival fraction with the subscript t to reflect the time 

dependent parameterization. The estimate of survival is determined from the 

instantaneous natural mortality parameter (Mt) by:

(2) S, =e~M‘

Population matrices in the ASA model that are derived from the pre-fishery 

abundance matrix include the estimates of seine catch-at-age in the seine fishery ( Ca t ),

and the post-fishery spawning population (SNaJ). The estimated seine catch-at-age matrix
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is calculated by applying a logistic function for gear selectivity (Va,t). Proportion-at-age in 

the fishery ( 50 a () is subsequently calculated from the seine catch-at-age matrix. The

post-fishery spawning population matrix (SNaJ) is calculated by estimating maturity 

(mata,t), also using a logistic function, and subtracting “observed” catch-at-age (a product 

of observed yield, weight-at-age, and the estimated proportion-at-age). From the 

spawning population matrix come yearly spawning biomass (SB,), spawning age 

composition ( Sp ®a t ), egg deposition ( E t ), miles of milt ( Lt ), and Ricker recruits ( R, ).

All model notation and formulae are summarized in Table 2.3 and estimates from the 

ASA model do not employ dot notation as with the observed quantities.

2.2.3 Objective function

The least squares setting of the age-structured model follows from consideration 

of the statistical distributions of the various datasets: seine age composition, spawning 

age composition, egg deposition, and miles of milt. Each dataset’s residuals, or the 

differences between observed and estimated values, are assumed to follow a normal 

distribution, sometimes after transformation.

The age composition datasets (seine and spawning) are the observed proportions 

with respect to age in each year and are modeled with the normal approximation to the 

multinomial distribution. The residual sum of squared differences (RSS) between the 

observed and estimated seine age composition is:

(3)
t a

The spawning age composition, or the proportion of the population that has reached 

sexual maturity and is available on the spawning grounds, is estimated as the ratio of 

spawning abundance-at-age to total spawning abundance after the commercial sac roe 

fishery (Table 2.3). The corresponding RSS for spawning age composition is:

(4) J e s s ^ = I l U © „ - » e . J
t a

The population indices in the model (egg deposition, miles of milt, and Ricker 

estimated recruitment) are assumed to follow a log-normal distribution. To normalize the
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error structure of the residuals, the residual sum of squares compares the logarithms of 

the observed and estimated values. The RSS for the egg deposition survey is given by:

(5) ASS,K = 2 W £ . ) - |n(£,))2
t

Similarly, the residual sum of squares for miles of milt and Ricker spawner-recruit are:

(6) «SSmto=j;(ln(i,)-ln(i,)F
t

(7) «SS„,el„ = X ( l " K . ) - |n(s <))2
t

The objective function to be minimized is the total weighted residual sum of 

squares (following discussion in Appendix 2.A), which is proportional to the negative 

log-likelihood function of the modeled residuals, given by:

(8) R S S A ,  RSS,
i

in which the subscript i represents the dataset and the A,- is the weight assigned. For Sitka 

Sound, the weights for the observed datasets were set at 1 for the seine age composition 

(As) and spawning age composition (XSp), 0.5 for the miles of milt (XL) and egg deposition 

( X e ) ,  and 0.03 for the Ricker spawner-recruit relationship (Â ).

2.2.4 Model Scenarios

A number of model scenarios were considered in this analysis to investigate the 

feasibility of estimating time-dependent parameters in natural mortality, gear selectivity- 

at-age, and maturity-at-age. Scenarios for gear selectivity and maturity considered 

variation in the inflection age ( a \ ) over time, but held the slope parameter (/?' ) constant.

Four model scenarios were used to investigate time-dependent parameterization: 

SO—base scenario with constant parameterization, SI-—a function of weight-at-age data, 

S2—a function of age composition data, and S3—parameterization with weighted walk 

deviations. For each scenario there were two groups, either A or B, for different 

functional approaches. For example, scenario SO with functional approach A was notated 

S0(A). For each of these scenario and group combinations in model scenarios S I-S3, 

with the exception of S1 (A), there were three parameter treatments for time-dependent
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estimation of natural mortality (i; e.g., S2(A)i), gear selectivity (ii; e.g., S2(A)ii), and 

maturity-at-age (iii; e.g., S2(A)iii) in model scenarios S I-S3. The models are presented in 

order of the number of parameters from lowest to highest (Table 2.4).

In the base scenario, SO, we investigated estimation of constant natural mortality, 

gear selectivity-at-age, and maturity-at-age over time. The first group, S0(A) estimated 

constant natural mortality for all years of the model. The second group, S0(B), estimated 

natural mortality over two times, 1978-1998 and 1999-2006. The S0(B) parameterization 

was that used by ADF&G in their 2005 ASA model.

We investigated temporal variation in model scenario SI with the assumption that 

parameters describing natural mortality, gear selectivity, and maturity were related to 

weight-at-age. Group SI (A) modeled gear selectivity and maturity with a logistic 

relationship using the logarithm of the yearly average weight-at-age. This group did not 

consider a natural mortality treatment because we did not want to impose the age-specific 

assumptions of a logistic function to natural mortality. Gear selectivity and maturity-at- 

age were then modeled as:

1
(9-a) VaJ =

(9.b) mat =

in which the parameter estimates of y' and z ‘ replaced the a 1 and /?' parameters in the 

age related logistic equation (Table 2 and 3). The second group, S1(B), estimated 

parameters with respect to percentiles in the weight-at-age over time. Separate parameters 

for the low (0-33%), medium (34-66%), and high (67-100%) weight percentiles were 

estimated for each treatment including natural mortality (i) and the inflection age ( a ‘t ) for 

gear selectivity (ii) and maturity (iii).

In model scenario S2 we utilized the age composition data (seine and spawning) 

to estimate time-dependent parameters. The first group, S2(A), was like the weight-at-age 

scenario S1(B), in which parameter estimates were made for low (0-33%), medium (34- 

66%), and high (67-100%) age composition percentiles for all treatments. This group
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made the assumption that estimates of natural mortality, gear selectivity, and maturity 

were related to the relative magnitude of age class abundance within the population. That 

is, years with large recruitment may affect the population differently than years with low 

or medium recruitment with respect to natural mortality, gear selectivity, or maturity-at- 

age. The second group, S2(B), estimated parameters for periods of time between large 

proportions of age-3 fish in the population (1978-1983, 1984-1987, 1988-1991, 1992- 

1997, 1998-2001, 2002-2006). These times correspond to relatively large recruitment 

events estimated by the ASA model (1984,1988,1992, 1998, 2002). For example, 

natural mortality was estimated for all ages from 1978-1983, then 1984-1987, and so on. 

The parameterization represented by this scenario assumed that estimates of natural 

mortality, gear selectivity, and maturity-at-age may change between periods of time in 

which large recruitment events are introduced and persist in the population, henceforth 

termed a recruitment regime.

We estimated temporal deviations directly for each year in scenario S3 through 

the use of a weighted random walk. Time-dependent parameterization in the random 

walk (group S3(A)) was calculated as:

(lO.a) p, = p t_x + S,

in which the variable p  represents the parameter considered for temporal variation and 8t

was the yearly deviation in the parameter combined with the previous year’s parameter. 

The random walk structure constrained deviations, because the magnitude of change in 

any given year was dependent on the previous year’s parameter estimate. The second 

group, S3(B), investigated estimates of natural mortality, gear selectivity, and maturity as 

free parameters in each year. Group B was considered for model comparison with 

scenarios S0-S2, because appropriate comparison cannot be performed with weighted 

deviation models (group A) due to the additional RSS component in the objective 

function.

To constrain the magnitude of the yearly parameter adjustments in the random 

walks for model scenario S3, the sum of squares of the deviations:
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t

was included into the objective function. The weight given to the deviation’s sum of 

squares (Xd) in the objective function (eq. (8)) influences the magnitude of the yearly 

parameter adjustment estimated by the random walk. If the weight is set at 0, then these 

deviations become free parameter estimates (scenario S3, group B). Conversely, if the 

weight is set at infinity, then the deviations are so constrained that they are essentially 

zero, and the resulting model parameter estimates and form are the same as in scenario

Theoretically, the weight Xd used in the objective function should be chosen to 

represent the inverse of the true variance in the respective parameter. The true variance in 

any of these parameters is not known; however, it is possible to estimate the variance.

The analysis contained in Appendix B indicated that the standard errors for all of the 

parameters considered for time-dependent estimation (natural mortality and inflection age 

for gear selectivity and maturity) were robust to changes in the weight given to the 

population indices (egg deposition and miles of milt). Thus, the variance estimated for 

these parameters could be considered independent of the weighting given to the observed 

datasets.

This analysis proceeded by using the inverse of the estimated variance from 

bootstrapping procedures for natural mortality and the inflection age of gear selectivity 

and maturity to determine the appropriate weighting of the deviations (XD). Given the 

weighting structure and uncertainty determined in model scenario SO, the weights 

assigned to the deviations represented coefficients of variation of 12% in natural 

mortality, 5% in the inflection age of gear selectivity, and 6% in the inflection age of 

maturity.

The estimated uncertainty in parameter and population estimates for all model 

scenarios was conducted by using bootstrap methodology, and model comparison was 

performed through AICc comparison (Appendix 2.D). The bootstrap was executed by 

customized Visual Basic code that linked data generation in Microsoft Excel to 

optimization in AD Model Builder (ADMB; Fournier, 1996). Estimated natural mortality

( i i )
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parameters were converted to survival for presentation (eq. (2)). Only estimates of age-3 

and -4 gear selectivity and maturity are presented (from logistic functions in Table 3 and 

eq. (9.a) and (9.b)), because estimates for age-5 and greater were essentially equal to 

100%.

2.3. Results

2.3.1 Parameter and uncertainty estimation

Estimates of natural survival, gear selectivity for age-3 and maturity for age-3 in 

base model scenario SO were fairly precise, but gear selectivity and maturity estimates for 

age-4 were considerably more variable (Fig. 2.1). In model S0(A) estimated survival was 

similar to the estimated survival from 1978-1998 in model S0(B). However, model S0(B) 

indicated that estimated survival from 1999-2006 was significantly greater than 1978- 

1998. Estimated gear selectivity and maturity for age-3 and -4 were slightly higher in 

model S0(B) compared to S0(A). The estimated uncertainty for both gear selectivity and 

maturity at age-3 and -4 decreased in model S0(B) compared to S0(A) (Fig. 2.1).

Model scenario group SI (A) resulted in highly variable estimates for gear 

selectivity and maturity at age-3 and -4 using a logistic weight-at-age function (Fig. 2.2.a 

and 2.2.b). The largest relative variability found was for the estimates of age-3 gear 

selectivity, for which the SE exceeded the parameter estimate in two years (1981 and 

1989, model Sl(A)ii, Fig. 2.2.a). Uncertainty in selectivity for age-4 was also very large 

(Fig. 2.2.a). Relative variability in maturity of age-3 and 4 was generally lower than for 

selectivity, but the uncertainty in some years was still fairly large (Fig. 2.2.b). Estimates 

of survival from models Sl(A)ii and Sl(A)iii were very similar to the base model 

scenario S0(B) (Fig. 2.2.c). The variability in estimates of selectivity and maturity 

between years for both age-3 and -4 was much larger in maturity than selectivity (Fig.

2.2.a and 2.2.b). Maturity estimates for age-3 ranged from 10-95% and for age-4 from 

50-100% while selectivity of age-3 only ranged from 5-40% and for age-4 from 15-50%.

When using weight-at-age percentiles in scenario group S1(B) to estimate natural 

mortality, gear selectivity, and maturity, both survival and maturity increased as the
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weight-at-age increased, while selectivity decreased (Fig. 2.3). Survival estimates for 

parameter treatment i (model Sl(B)i) at the low and medium weight-at-age percentiles 

were similar, while at the high percentile the survival estimate was significantly higher. 

Gear selectivity at both age-3 and -4 decreased as a function of increasing weight (model 

Sl(B)ii); however, none of the estimates were significantly different, indicating that 

weight-at-age may not be a good proxy for gear selectivity in this model. Unlike gear 

selectivity, maturity increased as a function of increasing weight-at-age (model Sl(B)iii, 

Fig. 2.3). However, like gear selectivity the estimates for maturity of age-3 and -4 were 

not very different.

Estimating time-dependent parameters with respect to age composition percentiles 

produced different natural mortality estimates without an increasing or decreasing trend, 

but gear selectivity and maturity increased as the percentile of the age composition 

increased (Fig. 2.4; scenario group S2(A)). Estimated survival from this model group 

with low recruitment abundance was extremely precise (model S2(A)i), and the largest 

survival estimated was for the medium percentile. The relative variability in the age-3 

estimates of selectivity and maturity was small and considerably less than that of age-4. 

(Fig. 2.4; models S2(A)ii and S(2)iii).

Temporal estimation of parameters with respect to age composition recruitment 

regimes resulted in fairly precise estimates of natural mortality, but imprecise estimates 

of gear selectivity and maturity (Fig. 2.5; scenario group S2(B)). Survival estimates 

(model S2(B)i) were similar up to 1997, at which point estimated survival was higher, 

with the largest estimate found in the 2002-2006 regime. Generally, gear selectivity 

increased for both age-3 and -4 across the times estimated, although the estimates were 

imprecise (Fig. 2.5; model S2(B)ii). Maturity estimates for age-3 and -4 increased across 

the times up to the last time, at which point estimated maturity for both ages was 

significantly lower (Fig. 2.5; model S2(B)iii).

Estimation of random walk deviations for natural mortality, gear selectivity, and 

maturity resulted mostly in insignificant changes over time for the parameters. Estimates 

of survival in the random walk increased slightly over the time series with stable
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estimates of uncertainty (Fig. 2.6; model S3(A)i). The same result held for estimates of 

age-3 and -4 gear selectivity (Fig. 2.7.a, 2.7.b; model S3(A)ii). Maturity at age-3 and -4 

also did not change much over time (Fig. 2.8.a, 2.8.b; model S3(A)iii). However, the 

uncertainty estimates in the maturity at age-3 were highly variable (Fig. 2.8.a).

Allowing survival, gear selectivity, and maturity to be free parameters in each 

year resulted in highly variable estimates. Estimates of survival ranged from 31-100% 

with very large uncertainty in some years (Fig 2.6; model S3(B)i). Selectivity of age-3 

and -4 were also extremely variable with confidence intervals that ranged from 0 to 1 in 

some years (Fig. 2.7.a, 2.7.b; model S3(B)ii). Estimated maturity for age-3 and 4 ranged 

from 4-43% and 14-75%, respectively, with considerable uncertainty in most years (Fig. 

2.8.a, 2.8.b; model S3(B)iii).

2.3.2 Model Comparison

AICc evaluation of model scenarios SO, SI, and S2 resulted in model S2(B)i, 

being the most parsimonious model; in which natural mortality was estimated for 

separate recruitment regimes in the age composition data. Comparison of the two groups 

in the base model scenario SO indicated that model S0(B) was significantly better than 

model S0(A) (AAICc>4, Table 2.5, first column of AAICc). Comparing model S0(B) 

with models in scenario SI indicated that incorporation of weight-at-age data to estimate 

natural mortality, gear selectivity, and maturity did not significantly improve estimation 

in the model (Table 2.5, second column of AAICc). Further, models Sl(B)ii and Sl(B)iii 

were not significantly different than model S0(B) (AAICc<4), but model S0(B) was the 

most parsimonious model in terms of the number of estimated parameters. Comparison of 

AICc between model S0(B) and models in scenario S2 suggested that S2(B)i was 

significantly better than any of the models compared, with the lowest AAICc value being 

greater than 8 (Table 2.5, third column of AAICc). Model S2(B)i was not significantly 

better than any of the models which estimate free parameters in each year for natural 

mortality, selectivity, and maturity (group S3(B)). The best model in terms of AICc was 

model S3(B)iii, in which the inflection age of maturity was estimated in each year (Table 

2.5, fourth column of AAICc). Moreover, AICc comparison between model S2(B)i and
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S3(B)i resulted in S2(B)i being the most parsimonious model, because the delta AICc 

value between these models was less than 4 and S2(B)i had fewer estimated parameters 

(Table 2.5, fifth column of A AICc).

Comparison of the unweighted residual RSS for the observed datasets in the 

model (seine age composition, spawning age composition, egg deposition, and miles of 

milt) among scenarios SO, SI, and S2 indicated the best fit for the majority of the datasets 

was model S2(B)i (Table 2.6). Model S2(B)i resulted in the lowest RSS for the seine age 

composition, spawning age composition, and miles of milt, while model S2(B)iii resulted 

in the smallest egg deposition RSS. For illustration, we used model S2(B)i for dataset and 

residual plots. Over the time series, the fit to the observed miles of milt and egg 

deposition indicates no patterns, although the model estimated lower values than the 

observed egg deposition at the end of the time series (Fig. 2.9.a). The residual plots for 

the seine and spawning age composition datasets resulted in a random distribution across 

ages and years for both datasets (Fig. 2.9.b, 2.9.c).

Estimated spawning biomass and recruitment of age-3 herring were very similar 

between models S0(B) and S2(B)i (Fig. 2.10, 2.11). The largest difference occurred in the 

last year, in which model S0(B) indicated a decline, while S2(B)i showed an increase in 

the biomass level. Recruitment estimates between these models were virtually the same. 

Both models estimated spawning biomass and recruitment with relative precision under 

16% and 30%, respectively.

2.4. Discussion

In many ASA models investigated in this study, temporal changes in natural 

mortality, gear selectivity, and maturity can be estimated with precision. AICc 

comparison among all model scenarios selected models with parameters estimated in 

each year as the best fit and most parsimonious models. However, taking parameter 

uncertainty into account, the bootstrap procedure indicated poor precision in models with 

yearly parameters. To discern optimal model complexity it is important to understand the
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relationships among the datasets, parameters, and population indices in the ASA model 

(e.g., Burnham and Anderson, 1998).

Parameter estimates for natural mortality, gear selectivity, and maturity in an 

integrated ASA model are determined in part by the age composition data. The age 

composition data inherently contain information about the survival of fish as they age 

from one year to the next. Further, the associated mortality contains all mortality over the 

course of the year (including fishing mortality, predation, and other natural mortality). 

The natural mortality parameter in the model is partially derived from the observed age 

composition in order to estimate population sizes that resemble the observed structure. In 

addition, the selectivity and maturity are determined so that the proper proportions with 

respect to age class are allowed to enter the estimated age structure for either the catch or 

spawning population. Partial selectivity and maturity at younger ages allow for increased 

proportional abundance in year classes as they age from 3 to 4, as shown in many years 

by the age composition datasets. Therefore, in younger age classes (age-3 and 4) natural 

mortality and maturity/selectivity influences are difficult to isolate.

In an ASA model, parameter estimates also are influenced by the population 

indices in the model. Estimates of natural mortality and maturity-at-age work together to 

determine total population abundance in a given year that could produce the spawning 

activity observed by both the egg deposition and miles of milt surveys. Thus, parameters 

that determine maturity-at-age are confounded in the model with those that determine 

natural mortality. Confounding occurs when the model does not incorporate direct 

observations of either natural mortality or maturity-at-age. This type of confounding has 

been described in previous studies (Schnute and Richards, 1995) and could be related to 

the uncertainty employed in the objective function to the population index and structure 

data (Fu and Quinn, 2000). Without direct observations, it is impossible to completely 

distinguish one parameter’s influence from another.

In the Sitka Sound Pacific herring population there has not been an extremely 

large recruitment event since the 1988 year class. Although since the early 1990s the 

miles of milt index indicated a fairly stable male population, while the egg deposition
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indicated a female population that has grown substantially. To compensate for the recent 

increase in egg deposition estimates while not having a tremendous amount of fish that 

are entering the population through recruitment, the ASA model estimated natural 

mortality to be much lower in the latter portion of the time series (1999-2006) compared 

to the early period (1978-1998). Often, biased results can be obtained when large changes 

occur in parameters and information on natural mortality is essential for model fitting 

(Wilberg and Bence, 2005). We also find that information on maturity is vital to 

determine the true magnitude of time-dependent changes in fish populations due to 

confounding with natural mortality.

The recent changes in the Sitka Sound Pacific herring population indices are 

reflected by the estimated uncertainty for time-dependent parameterization. In terms of 

AICc, the best fit and most parsimonious ASA model in this study estimated maturity in 

each year without constraint. However, all models in the scenario group that estimated 

yearly parameters resulted in extremely large uncertainty, especially towards the end of 

the time series. The model that estimated yearly maturity may be considered the most 

parsimonious model in terms of fit, but the substantial uncertainty in parameter estimates 

do not give any precise information pertaining to changes in maturity over time. In this 

case, AICc comparison may not be sufficient to select models that are both parsimonious 

and precise. Further, the AICc value was not significantly lower for any other model that 

estimated yearly parameters when compared to models that had reduced numbers of 

parameters.

Taking both AICc and parameter uncertainty into account, estimating natural 

mortality within recruitment regimes provided the best ASA model in this study. The 

results of this particular parameterization of natural mortality may express both density- 

dependent and density-independent processes in either mortality or maturity-at-age. 

Without direct observations, it may not be feasible to determine the true magnitude of 

each process in an ASA model due to parameter confounding, in particular between 

maturity and natural mortality. The magnitude of the confounding that is present in an 

ASA model that estimates both maturity and natural mortality is difficult to quantify, but
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may be viable through simulation. It may also be possible to minimize the confounding 

and obtain information on either time-dependent maturity or natural mortality through 

ASA modeling if data is available for at least one. With direct information on maturity, 

alternative parameterizations of natural mortality would be possible that are over

parameterized in models with existing data. The converse may also be true.
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Table 2.1: Datasets used in the Sitka Sound Pacific herring age-structured assessment. 

Data is from 1978-2006, and for ages 3 to 8+, if applicable.

Tables

Notation Description
Datasets used in Objective Function:

5 ©a,/ proportion of purse seine catch for age-a in year-f

Sp® a,t proportion of spawners for age-a in year-f

E t egg deposition survey in year-f (in trillions of eggs)

L , miles of milt in year-f

Other Datasets used for estimation:
S p ™ a ,t weight-at-age of spawners in year-f (in grams)

S * a j t weight-at-age in the purse seine fishery in year-f (in grams) with mean

i f  a,t fecundity relationship for time /' at age-a in year-f (Table 3)

C a j catch in the purse seine fishery at age-a in year-f (millions of fish)

Yt yield in the purse seine fishery in year-f (metric tonnes)
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Table 2.2: Estimated parameters in the Sitka Sound Pacific herring age-structured 

assessment.

Notation Description

A/w age-3 abundance in year-f (recruitment)

Wa,1978 initial abundance in 1978 for ages >4

Mt natural mortality in year-f

< inflection age for maturity in year-f (age at 50% maturity)

J3m slope of maturity-at-age logistic function

a f inflection age for gear selectivity in year-f (age at 50% selectivity)

Ps slope of selectivity-at-age logistic function

V miles of milt calibration coefficient

a SR Ricker spawner-recruit productivity parameter
P SR Ricker spawner-recruit density-dependent parameter
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Table 2.3: Population estimates in the Sitka Sound Pacific herring age-structured 

assessment.

Notation Description Formulae
Overall Population Calculations:

Na,t estimated pre-fishery abundance at 
age-a in year-f (millions) -̂<7+1,1+1 _ S, ' (Va>, < U

s t estimated survival fraction in year-f C  ^  -M tS t -  e '

Catch Calculations:

C<M estimated catch at age-a in year-f 
(millions) a,I ~ — 

Sw<

S&a,,
estimated proportion of age-a 
present in the catch in year-f

r, -  SCV^ t

s *■' Z ScV^ , <
a

S c V a
scaled gear selectivity at age-a in V C/->T/ _ a>‘
year-f r  a ,t max V a A

Va,t
estimated gear selectivity at age-a v  -  1
in year-f i + g -n * .-of)

Spawning Population Calculations:

SNa,t estimated spawning abundance at 
age-a in year-f (millions) SNa,< = Na,,mata,, - c t

mataj
estimated proportion of age class mnt — 1
spawning at age-a in year-f a,t ~

1 + e Pm(a-<*?)

S B t
estimated spawning biomass in 
year-f (metric tonnes)

SBi ='Esp™ajSNa,t 
a

Sp®a,l estimated proportion of age-a 
spawning in year-f ■e © a II

 ̂
*

* 
v
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Table 2.3 (cont):

Notation Description Formulae
Population Index Calculations

E, estimated egg deposition in year-f 
(trillions of eggs)

E, = ^ 0 .5 -SNayif ( SpwaJ)
a

fecundity-at-
agefortime/ /=1 (1978-1983) 95.3^^,-1840.1

/=2 (1984-1997) 2f{sp™a,i)= ^2 .6 SpwaJ -2503.9

/=3 (1998-2001) 

/=4 (2002-2006)

3/ U * J  = 226.lSpwa,  -3383 
4/ ( Sp<,)= 198.8^,-3031.9

L, estimated miles of milt in year-f
^ ' SNa t SpWaj  

a V

R, estimated Ricker recruits (millions) 5* II 1

i £ &
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Table 2.4: Temporal parameter estimation model scenarios.
Scenario Group T reatment Description # parameters

SO A parameters constant for all years 42

B natural mortality estimated from 
1978-1998 and 1999-2006 43

S1 A ii gear selectivity modeled by logistic 
weight-at-age 43

iii maturity-at-age modeled by logistic 
weight-at-age 43

B i natural mortality estimated with 
respect to weight-at-age percentile 44

ii gear selectivity estimated with 
respect to weight-at-age percentile 45

iii maturity-at-age estimated with 
respect to weight-at-age percentile 45

S2 A i
natural mortality estimated with 
respect to age composition 
percentile

44

ii
gear selectivity estimated with 
respect to age composition 
percentile

45

iii
maturity-at-age estimated with 
respect to age composition 
percentile

45

B i
natural mortality estimated with 
respect to periods between large 
recruitment events

47

ii
gear selectivity estimated with 
respect to periods between large 
recruitment events

48

iii
maturity-at-age estimated with 
respect to periods between large 
recruitment events

48

S3 A i natural mortality estimated with 
random walk deviations 69

ii gear selectivity estimated with 
random walk deviations 70

iii maturity-at-age estimated with 
random walk deviations 70

B i natural mortality estimated as free 
parameter for all years 69

ii gear selectivity estimated as free 
parameter for all years 71

iii maturity-at-age estimated as free 
parameter for all years 71
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Table 2.5: Step-wise AICc comparison among model scenarios SO, SI, S2, and S3(B). 

For each comparison the model with the lowest AICc value (AAICc=0.0) is outlined in 

bold (p- number of parameters).

Scenario Group Treatment P AICc AAICc
SO A 42 -492 96.1

B 43 -588

liii 
-

COlOCOOdoo
S1 A i 43 -544 l i l t f l l iii 43 -478

B 44 -547
i 45 -584 B IIii 45 -584

S2 A 44 -512 111.0
i 45 -589 34.1 i | I ^ M
ii 45 -595 HiiiBB 28.4 M l

B 47 -623 | 0 Q | 10.6 2.2

i 48 -584 HHl *2 "W Iii 48 -615
S3 B 69 -626

,  l i
i 71 -564
ii 71 -634
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Table 2.6: Unweighted residual sum of squares. Shown for the observed datasets in the 

age-structured assessment with respect to model scenarios S0-S2. The lowest residual 

sum of square value for each dataset, with respect to model scenario, is outlined in bold.

Unweighted residual sum of squares

Scenario Group T reatment Seine age 
composition

Spawning age 
composition

Egg
Deposition

Miles of 
Spawn

SO A 0.98 1.07 2.41 2.11

B 0.75 0.58 2.09 2.04

S1 A ii 1.09 0.63 2.15 2.05

iii 0.96 0.97 2.51 2.46

B i 0.85 0.81 2.05 2.17

ii 0.74 0.58 2.08 2.04

iii 0.75 0.57 2.08 2.03

S2 A i 0.98 0.98 2.28 2.18

ii 0.66 0.63 2.09 2.04

iii 0.80 0.53 2.10 1.95

B i 0.65 0.52 2.05 1.59

ii 0.67 0.60 2.06 2.03

iii 0.72 0.53 1.95 1.68



80

Figures

- Survival " Gear Selectivity A Maturity

Figure 2.1. Estimated survival, and age-3 and 4 gear selectivity and maturity. Shown for 

base model scenario SO for groups S0(A) and S0(B) with 95% confidence limits from the 

bootstrap.

Figure 2.2. (a) Estimated age-3 and 4 gear selectivity. Shown for model Sl(A)ii with

95% confidence limits from the bootstrap.
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Figure 2.2. (b) Estimated age-3 and 4 maturity. Shown for model S1 (A)iii with 95% 

confidence limits from the bootstrap.

Figure 2.2. (c) Estimated survival from model scenarios SO and S I. Shown with 95%

confidence limits from the bootstrap.
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Figure 2.3. Estimated survival, and age-3 and 4 gear selectivity and maturity from model 

S1(B). Shown with respect to weight-at-age percentiles for treatments i-iii with 95% 

confidence limits from the bootstrap.

Figure 2.4. Estimated natural survival, gear selectivity, and maturity at ages 3 and 4 from 

scenario group S2(A). Shown with respect to age composition percentiles for treatments 

i-iii with 95% confidence limits from the bootstrap.
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Figure 2.5. Estimated natural survival, gear selectivity, and maturity at ages 3 and 4 from 

scenario group S2(B). Shown with respect to recruitment regimes within age composition 

data for treatments i-iii with 95% confidence limits from the bootstrap.

Figure 2.6. Estimated natural survival from scenario groups S3(A) and S3(B). Shown 

with 95% confidence limits from the bootstrap.



♦ Gear Selectivity (age-3)

Figure 2.7. (a) Estimated age-3 gear selectivity from scenario groups S3(A) and S3(B) 

Shown with 95% confidence limits from the bootstrap.

Figure 2.7. (b) Estimated age-4 gear selectivity from scenario groups S3(A) and S3(B)

Shown with 95% confidence limits from the bootstrap.



85

Figure 2.8. (a) Estimated age-3 maturity from scenario groups S3(A) and S3(B). Shown 

with 95% confidence limits from the bootstrap.

Figure 2.8. (b) Estimated age-4 maturity from scenario groups S3(A) and S3(B). Shown

with 95% confidence limits from the bootstrap.
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Figure 2.9. (a) Observed and estimated mils of milt and egg deposition from model 

S2(B)i.

Seine Age Composition Residuals

Figure 2.9. (b) Residual plot across the time series for the seine age composition dataset 

from model S2(B)i.
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Figure 2.9. (c) Residual plot across the time series for the spawning age composition 

dataset from model S2(B)i.

—  Spaw ning Biom ass (mt)

Figure 2.10. Estimated spawning biomass. Shown with 95% confidence limits from the 

bootstrap, for models S0(B) and S2(B)i from 1978-2006.
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Figure 2.11. Estimated recruitment of age-3 herring. Shown with 95% confidence limits 

from the bootstrap, for models S0(B) and S2(B)i from 1978-2006.
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Appendix 2.A: Statistical assumptions in the ADF&G age-structured assessment for 

Pacific herring in Sitka Sound 

2.A.I. Introduction

The goal of this appendix is to evaluate the statistical assumptions in the Sitka 

Sound Pacific herring age-structured assessment (ASA) employed by the Alaska 

Department of Fish and Game (ADF&G). Currently, ADF&G utilizes an adjustment to 

the residual sum of squares component for each dataset subsequently used in the 

objective function. Also, ADF&G employs an arcsine-square root transformation to 

compute the residual sum of squares for the proportional datasets (seine and spawning 

age composition).

2.A.2. Adjusted sum of squares used by ADF&G

The datasets with an adjusted residual sum of squares (RSS) include the spawning 

age composition, seine age composition, and egg deposition described in the Methods 

section 2.2.1. The objective function minimized is the total weighted RSS, computed by 

adding each of the dataset’s residual RSS after an adjustment from:

in which RSSciurreM is the residual RSS for dataset i and Q, is a vector with q (q = 3)

only one dataset is given a weight X = 1, while all others are assigned 1 = 0 and the total 

RSS is computed following equation (8) in the Methods section 2.2.3. In each run the

(Al) A, A SSf

in which the subscript i represents the dataset that is minimized and the A’s are weights 

assigned to each dataset’s residual RSS. The adjusted RSS are calculated as:

entries for each dataset. To obtain Q, the model is optimized three times; in each run
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RSS-urrem value for each dataset is recorded into its respective Q, vector, thus, compiling 

a vector with q entries. Once the Q( vectors for each dataset have been compiled, the

total RSS is computed following eq. (Al), and this objective function is minimized. The 

weights for each dataset are set equal to one (1) after the adjustment, due to the lack of 

information that suggests a priori greater reliability of one dataset compared to others.

2.A.3. Analysis

Evaluation of model complexity and uncertainty is crucial to proper investigation 

of age-structured assessments (NRC 1998). One of the most commonly used model 

comparisons is the Akaike Information Criterion, corrected for small sample sizes (AICc, 

Appendix D, Burnham and Anderson 1998). Further, bootstrap procedures are often used 

to estimate uncertainty in parameter and population level estimates (Appendix D, Manly

1997).

The use of the adjusted RSS component in the objective function does not allow 

direct comparison between alternatively parameterized models through AIC. Indirectly, 

the adjusted RSS affects the weighting of each dataset, and is a function of the type and 

number of parameters used in the model. The log-likelihood component in the AIC 

calculation requires that the dataset weight (i.e. the inverse of the respective dataset’s 

variance) remain constant across model parameterizations to be compared (eq. (D12), 

Appendix D). Because the adjustment to each dataset’s residual RSS will change due to 

the parameterization, and the adjustment is inherently a re-weighting of the dataset, it is 

not correct to use AIC when comparing models with an objective function of this form.

Adjusting the influence of each dataset in the objective function by means of an 

adjusted RSS, not only with regards to parameterization, but how a particular 

parameterization affects the individual dataset, does not allow for proper evaluation of 

parameter uncertainty through bootstrap procedures. Similar to AICc, bootstrap 

procedures require that the weight for each dataset remain constant across the iterations. 

However, the adjustment is affected not only by the parameters but by the data. 

Appropriate evaluation of the bootstrap with an objective function of this form would
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require the dataset adjustment to be recalculated in each iteration, because new data have 

been generated with respect to the observed uncertainty in the model. Because the 

adjustment affects the weighting, and the weighting changes per iteration, it is not correct 

to estimate uncertainty through bootstrap procedures. Due to the inability to properly 

compare models with AIC and estimate uncertainty through bootstrap procedures, this 

objective function was not used in any of the analyses contained in this study. Rather, an 

unadjusted, total weighted RSS was used (eq. (8), Methods section 2.2.3). Further, we 

recommend that ADF&G discontinue use of the adjusted RSS procedure in future stock 

assessments for Sitka Sound Pacific herring because of these problems.

2.A.4. Proportional dataset transformation

The arcsine-square root transformation on proportional data (e.g., age 

composition) is used to normalize residuals evaluated in the objective function (Zar 

1984). This transformation comes from analysis of variance and may not be appropriate 

for the actual distribution of proportional datasets.

2.A.5. Analysis

For proportional data, like age composition, a multinomial density function can be 

used to describe the distribution of the proportions across ages rather than impose 

assumptions of normality on the residuals through an arcsine-square root transformation. 

By using Stirling’s approximation it can be shown that the binomial density function at 

large sample sizes is approximately normal (Stirling 1730). The multinomial distribution 

is a generalization of the binomial distribution, and since the binomial is approximately 

normal, the multinomial is also approximately normal, as a consequence of the law of 

transitivity. Therefore, a normalizing transformation of proportional data is not needed.

In a bootstrap procedure, if a normalizing transformation is made on proportional 

data, the residuals must be treated as normal, and the proportional dataset cannot be 

regarded as a multinomial distribution. This amounts to a loss of freedom in the 

generation of proportional data, since in any year the proportions must sum to one (1).
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Moreover, the normal distribution does not account for the effective sample size in any 

year, given the observed variation between the observed data and the model estimates. In 

this study we do not use the normalizing transformation on the proportional datasets, and 

assume the proportions across ages follow a multinomial distribution. In addition, we 

recommend that ADF&G discontinue use of the arcsine transformation.
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Appendix 2.B: Data usage and weighting in the Sitka Sound Pacific herring age- 

structured assessment 

2.B.I. Introduction

The objective of the analysis in Appendix B is to determine the utility of 

including additional spawning population index data into the base scenario of the Sitka 

Sound Pacific herring age-structured assessment (ASA). At present, the ASA model 

implemented by the Alaska Department of Fish and Game (ADF&G) utilizes estimates of 

egg deposition as the sole population index, as well as other data sources including seine 

catch-at-age, spawning age composition and weight-at-age (Methods section 2.2.1). 

Concurrent to collecting egg deposition counts, ADF&G also maps the miles of shoreline 

that receives milt from spawning males. To date, there has been no attempt to incorporate 

this dataset into the Sitka Sound ASA model as an independent index, although it is 

included in egg deposition calculations. This type of data has been integrated in 

conjunction with egg deposition in other Pacific herring ASA models employed by 

ADF&G and has proven to be a valuable spawning population index (Chapter 1).

Upon inclusion of the miles of milt index, it is necessary to ascertain the influence 

each dataset has on the parameter estimates and uncertainty within the model. Sensitivity 

analysis gives information about feasible alternate weighting scenarios. As a default, each 

weight is set at 1 when there is no information that one dataset is more reliable than 

another.

2.B.2. Methods

Sensitivity analysis was performed by varying the weights used in the objective 

function for the two spawning population indices. As described in the Methods section 

2.3, the objective function is the total weighted sum of squares (RSS):

(Bl) RSS10lal = Y .A>RSS‘
i

in which is the weight given to the /th dataset. Parameter estimates were determined for 

weighting combinations on the miles of milt and egg deposition data from 0 to 3 in
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increments of 0.1. The weights assigned to the age composition datasets were set at one 

(1) and fixed. Thus, 961 total weighting scenarios were considered, for which 67 

investigated parameter uncertainty through bootstrap procedures (Appendix 2.D). The 

models that determined uncertainty through the bootstrap were selected to be 

representative of the 961 scenarios. A schematic is provided in Table 2.B.1 to illustrate 

the total number of models considered, and those weightings which parameter uncertainty 

was determined through bootstrap procedures.

Parameter and uncertainty estimates were evaluated for natural mortality (2 

parameters for years 1978-1998, 1999-2006), gear selectivity (ages 3 and 4), maturity 

(ages 3 and 4), and the time series of estimated spawning biomass (SB,). The unweighted 

residual RSS (eq. (3)-(7) Methods section 2.2.3) for all observed datasets was also 

examined in the sensitivity analysis. All estimates of uncertainty in this appendix were 

obtained using Excel integrated with ADMB with 1000 bootstrap replications.

2.B.3. Results

There is a tradeoff between the two spawning population indices among 

weighting scenarios. Upon fixing the weight on one index at 1 and increasing the weight 

other, the fit for the fixed index decreased (Table 2.B.2). With the miles of milt weight 

set to one, its residual RSS increased fairly rapidly up to a weight of 0.5 on egg 

deposition, then followed a linear increase with greater egg deposition weights (Table 

2.B.2, first column). The pattern for egg deposition weight set to one was nearly identical 

to the pattern for the miles of milt set to one. As the weight on miles of milt was 

increased from 0.1 to 3 the resulting residual RSS for the egg deposition was virtually the 

same as the miles of milt, albeit with slightly different values (Table 2.B.2, second 

column).

Increasing the weight on the miles of milt resulted in smaller residual RSS for 

both age composition datasets, compared to increasing the weight on egg deposition (Fig. 

2.B.l.a and 2.B.l.b). The model fit to the seine age composition (Fig. 2.B.l.a) degraded 

as the weight on both population indices was increased. Up to a weight of 0.5 on both
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indices, the resulting residual RSS for the seine age composition was nearly identical. As 

the weight increased past 0.5 lower seine age composition residual RSS resulted for the 

miles of milt than for the egg deposition (Fig. 2.B.l.a). The same result held for spawning 

age composition (Fig. 2.B.l.b). However, at all weights greater than 0, the miles of milt 

(Fig. 2.B.l.b) resulted in a better fit to the spawning age composition than the egg 

deposition index (square points, Fig. 2.B.l.b). The spawning age composition residual 

RSS followed an increasing linear pattern as the weight on the miles of milt was 

increased from 0 to 3. On the other hand, there was a rapid curvilinear increase in the 

residual RSS as the egg deposition weight was increased to 0.5, at which point the 

increase became linear.

Parameter estimates and uncertainty for natural mortality were reasonably similar 

across the weighting combinations considered for bootstrap analysis (Fig. 2.B.2). In both 

periods for which survival was estimated (1978-1998, 1999-2006) the miles of milt index 

slightly reduced the estimated survival while the egg deposition increased survival as the 

weight was increased on either index (Fig. 2.B.2). Further, there does not seem to be any 

strong pattern in the uncertainty estimates for survival in any period with respect to the 

weight on either the egg deposition or miles of milt index, and the estimates were fairly 

precise.

Estimated seine gear selectivity and maturity-at-age were fairly stable, regardless 

of the weight assigned to population indices. For selectivity and maturity at age, the 

estimates for ages greater than 5 were virtually 100% and had very high precision, and 

thus, are not included in these results. The estimates of selectivity for ages 3 and 4 (Fig. 

2.B.3.a, 2.B.3.b) increased slightly as the weight on either index was increased, but were 

nearly constant for the remainder of the weightings assigned. The estimates for maturity 

at ages 3 and 4 followed nearly the same pattern exhibited by the survival estimates, in 

which an increase in the miles of milt weight resulted in a slight decrease in the maturity 

estimate for both age-3 and 4 (Fig. 2.B.4.a, 2.B.4.b). Unlike survival, the estimated 

uncertainty for both selectivity and maturity at ages 3 and 4 was much more sensitive to 

the index weighting.
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Increasing the weight on either the egg deposition index or miles of milt index 

generally increased the relative variability in both age-3 and 4 gear selectivity (Fig. 

2.B.3.a, 2.B.3.b) and maturity (Fig. 2,B.4.a, 2.B.4.b). Although, at large weights on the 

egg deposition, the CV decreased as a function of increasing miles of milt weight for age- 

3 gear selectivity (Fig. 2.B.3.a). For both indices, weights that were smaller than 1 

resulted in the least sensitive parameter uncertainty in gear selectivity (Fig. 2.B.3.a, 

2.B.3.b) and maturity (Fig. 2.B.4.a, 2.B.4.b) with respect to index weighting.

There was little difference in maximum and minimum values of spawning 

biomass across weightings assigned to the egg deposition (Fig. 2.B.5.a), showing that 

estimated biomass was not affected much by egg deposition weighting when the miles of 

milt index was not used. These estimates became more variable with the inclusion of the 

miles of milt index (Fig. 2.B.5.b). The maximum values obtained after introducing the 

miles of milt data into the model still included spawning biomass estimates obtained from 

use of the egg deposition index only. However, estimates from using the egg deposition 

only do not reflect this range of possible estimated spawning biomasses.

2.B.3. Discussion

Sensitivity analysis indicated that for all weighting scenarios considered the 

estimated uncertainty is influenced by the weights chosen for the population indices. 

Given complete information on the true uncertainty of these population parameters, the 

weighting for the datasets within the model should be chosen based on relative variation: 

higher variation gets less weight. It is impossible to ascertain the true magnitude of the 

relative uncertainty between these datasets. When uncertainty changes as a function of 

the weighting, then some weightings must convey an inaccurate portrayal of true 

uncertainty.

The unweighted residual RSS for the age composition datasets (seine and 

spawning) was lower for the miles of milt compared to egg deposition, when the same 

weightings were used. This suggests that it is appropriate to use the miles of milt within 

the model.
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The tradeoff between the two population indices, as shown by the poorer fit in 

one as the weight was increased for the other, indicates that these datasets are not 

redundant, and both contribute unique information for the quantification of uncertainty in 

the model’s estimates. Given that the individual fits of the egg deposition and miles of 

milt indices are virtually the same, it is appropriate to assign equal weighting to these 

datasets. Further, at a weight of 0.5 on either index, the residual RSS for the seine age 

composition is nearly equal, the fit to the spawning age composition becomes somewhat 

linear for the egg deposition, and the uncertainty estimates for both selectivity and 

maturity are less sensitive to increasing index weights.

Therefore, we recommend that the miles of milt index be used in the Sitka Sound 

Pacific herring ASA model, and that the weight on the two spawning indices be set equal 

to 0.5. For illustration, we performed an ASA model with this weighting and 

bootstrapped the results. Spawning biomass estimates at a weight of 0.5 on both 

population indices resulted in fairly precise values across the time series (Fig. 2.B.6).
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Table 2.B.I. Schematic of total numbers of weighting scenarios considered (all squares), 

and those which bootstrap procedures determined parameter uncertainty (squares shaded

Tables

black).
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Table 2.B.2. Residual sum of squares (RSS) for the miles of milt and egg deposition 

indices (weight fixed at 1) while the weight on the unfixed index (A) is changed from 0 to

Miles of Milt Egg Deposition 
(/\l =1)RSS (AeF  1)RSS

0.0 0.954 0.926
0.1 1.017 0.963
0.2 1.088 1.040
0.3 1.182 1.139
0.4 1.288 1.248
0.5 1.398 1.361
0.6 1.510 1.474
0.7 1.620 1.585
0.8 1.728 1.693
0.9 1.831 1.797
1.0 1.931 1.897
1.1 2.027 1.992
1.2 2.118 2.083
1.3 2.205 2.170
1.4 2.288 2.254
1.5 2.367 2.333
1.6 2.442 2.409
1.7 2.514 2.482
1.8 2.582 2.551
1.9 2.647 2.617
2.0 2.710 2.680
2.1 2.769 2.741
2.2 2.826 2.799
2.3 2.880 2.855
2.4 2.932 2.909
2.5 2.982 2.961
2.6 3.029 3.010
2.7 3.074 3.058
2.8 3.118 3.104
2.9 3.160 3.148
3.0 3.200 3.190
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Figures

0  0.1  0.2  0.3  0.4  0.5 0 ,6  0.7  0 .8  0 .9  1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2 2.1 2.2  2.3  2 4  2.5  2 .6  2.7  2.8  2 .9  3

Dataset Weighting

Figure 2.B.I. (a) Residual sum of squares for the seine age composition dataset. Shown 

as the weights on the miles of milt (diamond points) and egg deposition (square points) 

are increased from 0 to 3.

Figure 2.B.I. (b) Residual sum of squares for the spawning age composition dataset. 

Shown as the weights on the miles of milt (diamond points) and egg deposition (square 

points) are increased from 0 to 3.
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Figure 2.B.2. Estimated survival from 1978-1998 and 1999-2006, Shown with 95% 

confidence intervals from bootstrap.

Figure 2.B.3. (a) Estimated age-3 gear selectivity. Shown with relative uncertainty 

determined from bootstrap.
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Figure 2.B.3. (b) Estimated age-4 gear selectivity. Shown with relative uncertainty 

determined from bootstrap.

Figure 2.B.4. (a) Estimated age-3 maturity. Shown with relative uncertainty determined

from bootstrap.
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Figure 2.B.4. (b) Estimated age-4 maturity. Shown with relative uncertainty determined 

from bootstrap.

Figure 2.B.5. (a) Estimated spawning biomass using only the egg deposition index. 

Shown with a range of weights from 0.1 to 3. The dashed lines represent the minimum 

and maximum estimates across all weightings, and the solid line is with a weight of 0.5 

assigned to the egg deposition dataset.
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Figure 2.B.5. (b) Estimated spawning biomass with egg deposition and miles of milt. 

Shown over a range of weights from 0.1 to 3. The dashed lines represent the minimum 

and maximum estimates across all weightings and the solid line is with a weight of 0.5 

assigned to both the egg deposition and miles of milt datasets.

—  Spawning Biomass ‘

Year

Figure 2.B.6. Estimated spawning biomass. Shown with 95% confidence intervals from 

bootstrap using weights of 0.5 on both the egg deposition and miles of milt.



105

Appendix 2.C: Introduction of a Ricker Spawner-Recruit relationship into the Sitka 

Sound Pacific herring age-structured assessment 

2.C.I. Introduction

Spawner-recruit relationships have been used extensively to study the variability 

in recruitment of Pacific herring, often with respect to environmental relationships 

(Williams and Quinn 2000a; Zebdi and Collie 1995). Rather than use age-structured 

assessment (ASA) estimates of herring recruitment for post hoc analysis of spawner- 

recruit relationships, these functions can be directly implemented into ASA modeling and 

forecasting. Incorporation of spawner-recruit relationships into an ASA model help to 

stabilize recruitment estimates and allow possible incorporation of environmental 

datasets directly into the model (Chapter 1).

2.C.2. Methods

A generalized Ricker spawner-recruit relationship models the recruitment {Njj+j} 

in year t+3 as a dome-shaped function of the spawning population and environmental 

covariates in year-t (Ricker 1954, Quinn and Deriso 1999). The recruits are estimated by:

-fiSRSBt+inXt
(Cl) Rt = a SRSBte '=1

in which parameters are defined for productivity (a®), density dependence due to the 

spawning stock (J3 sr), and density independent effects on early life mortality from the 

environment (>»,, i.e.-Quinn and Niebauer 1995). Consequently, a residual sum of squares 

(RSS) term between the model’s estimates of recruitment and the estimated Ricker curve 

on a log scale is introduced in the objective function. The residual RSS term is:

(C2) R S S ^ ^ i h W - l n ( t f , ) ) 2
t

This term prevents recruitment estimates from going to zero or negative values and 

allows for environmental effects on the mortality in early life history to be taken into 

account. The weight Ar given to the Ricker spawner-recruit relationship in the objective
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function was chosen to be 0.03 so that the spawner-recruit relationship allowed sufficient 

stochasticity to account for environmental anomalies (Chapter 1).

A model without a spawner-recruit relationship (model scenario R0) and a model 

incorporating the Ricker spawner-recruit relationship (model scenario R l) were 

compared in this analysis. Environmental data were not included; a subsequent study will 

address such models. Parameter and uncertainty estimates were evaluated for natural 

mortality (2 parameters; one for 1978-1998, and another for 1999-2006), gear selectivity 

(for ages 3 and 4), maturity (for ages 3 and 4), time series of spawning biomass (SBt) and 

time series of abundance estimates of age-3 herring (i.e.- recruitment). The unweighted 

residual RSS (eq. (3)-(6) Methods section 2.2.3) for all observed datasets was also 

considered in the sensitivity analysis. The ASA model used in this appendix models 

observations of seine age composition, spawning age composition, egg deposition, and 

miles of milt (Methods section 2.2.1) following the optimum weighting found in 

Appendix 2.B. Estimates of uncertainty in this appendix were obtained through 

bootstrapping procedures (Appendix 2.D).

2.C.3. Results

The introduction of the Ricker spawner-recruit relationship did not have a drastic 

effect on any of the parameter and uncertainty estimates, or residual RSS for the modeled 

datasets. The parameter estimates for survival, gear selectivity, and maturity were similar 

between scenarios R0 and Rl (Fig. 2.C.1). The largest difference was between the 

estimated gear selectivity at age-4, in which scenario Rl indicated a slight decrease in 

selectivity. The parameter uncertainty estimates, in some cases, decreased with the 

introduction of the Ricker spawner-recruit function, indicating that this function helps to 

resolve a larger portion of the uncertainty in the observed data (Fig. 2.C.1). The 

unweighted residual RSS for most of the datasets modeled in the ASA model increased 

slightly with the introduction of the Ricker spawner-recruit relationship (Fig. 2.C.2), but 

the residual RSS for the miles of milt decreased a small amount. The estimated spawning 

biomasses in scenarios R0 and Rl were extremely similar (Fig. 2.C.3) with the largest
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difference in the 2006 estimate. This is due in part to the recruitment estimates (Fig. 

2.C.4), which were very similar between the scenarios up to the last year in the model, at 

which point scenario R0 resulted in a decrease and R1 resulted in an increase. For both 

estimates of abundance (spawning biomass and recruitment) the uncertainty estimated by 

the bootstrap was fairly low and similar between model scenarios.

2.C.4. Discussion

The Ricker spawner-recruit relationship in the ASA model allows for realistic 

estimation of recruitment estimates, because zero or negative recruitment estimate are not 

possible. The spawner-recruit relationship is particularly useful in the most recent years 

when few observations of recent year classes have been made. The spawner-recruit 

relationship adds flexibility within the ASA model such that direct incorporation of 

environmental data may help explain mortality of herring in their early life history when 

other, more direct information on early life mortality is not available. This relationship 

may also be useful in forecasting recruitment (Williams and Quinn, 2000b), rather than 

use the median of historical recruitment as the forecast, which is currently used by the 

Alaska Department of Fish and Game (Carlile et al. 1999). Therefore, we recommend 

that the Ricker spawner-recruit relationship be included into future stock assessments of 

Pacific herring in Sitka Sound, and this model is used as model scenario SO in this study.
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List of Figures:

Figure 2.C.I. Estimated survival, gear selectivity, and maturity. Shown for model 

scenarios R0 (no Ricker spawner-recruit relationship) and Rl (inclusion of Ricker 

spawner-recruit relationship) with 95% confidence intervals from bootstrap.

Figure 2.C.2. Residual sum of squares for the modeled datasets within the ASA model. 

Shown for scenarios R0 (solid black bars) and Rl (solid white bars).
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—  Spawning Biomass

Figure 2.C.3. Estimated spawning biomass. Shown with 95% confidence intervals from 

bootstrap for model scenarios R0 (series to the left) and R1 (series to the right).

♦  - R ec ru itm en t (ag e -3 )

Figure 2.C.4. Estimated recruitment of age-3 herring. Shown with 95% confidence 

intervals from bootstrap for model scenarios R0 (series to the left) and R1 (series to the 

right).
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Appendix 2.D: Uncertainty estimation and model comparison 

2.D.I. Introduction

At present, the Alaska Department of Fish and Game (ADF&G) age-structured 

assessment (ASA) has no measures of uncertainty for the parameter estimates. Here we 

use a bootstrap procedure, similar to that used by Quinn et al. (2001) for Prince William 

Sound Pacific herring, to quantify uncertainty in estimated parameters and derived 

population quantities. The bootstrap is performed by customized Visual Basic code that 

links data generation in Microsoft Excel to optimization in AD Model Builder (ADMB; 

Fournier 1996).

To date, there have been no model comparisons made to determine optimal model 

complexity and parsimony with respect to parameterization in the stock assessment of 

Pacific herring in Sitka Sound. In this study, Akaike information criterion (AICc; 

Burnham and Anderson 1998) is used to compare models with various parameterizations.

2.D.2. Bootstrap methodology

For population indices (egg deposition and miles of milt), residuals (on a 

logarithmic scale) are resampled with replacement in the bootstrap (Efron and Tibshirani 

1993, Quinn and Deriso 1999). This resampling forms a vector of new residuals (A ,),

based on the statistical distribution of the base model’s residuals (having been 

transformed to the normal distribution). These residuals are combined with the base

model’s population estimates from the base model by, in the case of egg deposition ( Et): 

(Dl) Et = Etek'

This procedure generates a new dataset that is used as the observed dataset, to which the 

model is fitted. Once the bootstrap has completed the pre-defmed number of replications, 

the set of generated values form a distribution around the estimated values from the 

original model.

Bootstrap replicates for age composition data (seine, spawning) are generated 

from the multinomial distribution. Let the number of individuals sampled in each age
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class for a given year be n. Then the variance for each age-class proportion ( p a) in a 

given year is computed following the definition of variance for a multinomial proportion:

However, this formula requires that simple random sampling be conducted, which is 

rarely possible. Instead the effective sample size is lower due to clustering of 

observations. The effective sample size for age composition data is derived from the 

assumption that the observed proportions given by the age composition data (seine,& sa l ,

and spawning, &sf , ) by age-a in year-f are described by the multinomial distribution, with

a smaller effective sample size than the actual. The theoretical variance of a multinomial 

distribution in any year-f, given complete data, is computed by:

in that xa<t is the number of individuals sampled at age-a in year-f, n, is the total number 

sampled, and pa,t is the proportion of individuals. The observed data used in the model are 

in proportional form; therefore, the theoretical variance of the observed proportion is 

given by:

The empirical variance of the estimated proportion is given by the squared residual for 

the proportion, that is,

To derive the effective sample size ( n f t ) that allows the empirical variance (D5) of the

estimated proportion at age-a in year-/ to equal the theoretical variance (D4), we equate 

these quantities,

(D2) var(pa)= —  ^
n

(D3) var(xa ,) = ntp a t( l- p a t ) ; E[xa t\ = nt ■ Pat , n, =
a

(D5) \ax(pa t )= [pa t -  p a t )2
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Var{Pa,t ) = Var(Pa,t )

„  p . M - p . , )
a,t

Because there are A estimates of effective sample size each year, we use a ratio estimator 

to calculate a single value, that is,

where, in the case of seine age composition, p at and in the case of spawning age

composition, p a t =Sp Qa t . The effective sample size is rounded down to the nearest 

integer.

In the bootstrap, a customized multinomial function, written into Visual Basic, 

then distributes the effective sample size for a given year into the age classes 3 to 8+, 

based on the original ASA model estimates of either age composition data source. Each 

replication of the bootstrap, like in the population indices, generates new data by:

The number of replications for all bootstrap analyses is 1000, the recommended 

value for calculating confidence intervals (Efron and Tibshirani 1993). The standard 

deviation (SD) of a parameter’s replicates is used as the standard error (SE) of the 

original parameter estimate.

2.D.3. Model comparison

For a given set of weights, the most parsimonious model was chosen based on 

AICc (Akaike Information Criterion, corrected) comparisons (Burnham and Anderson

1998). In order to calculate AICc, the likelihood must be calculated first from the 

equation
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(Quinn and Deriso 1999, p. 170, eq. [4.55]), in which o f  is the unexplained variance and 

rij is sample size. Each weighting term X, is the variance of the first dataset (seine age 

composition) relative to the variance of the fth dataset, or k l = o f  / o f . The maximum 

log likelihood can be shown to be

Thus the maximum likelihood corresponds to the minimum weighted residual sum of RSS 

values. The Akaike information criterion (AIC) and its corrected version for small sample 

sizes (AICc) are then obtained from 

AIC = -  2 \nL  + 2p

(D,1) AICc = A ,C +M P ± »
n - p - \

where p  is the number of estimated parameters and n is the total number of observations 

in the model. When comparing between models, the lowest AICc value corresponds with 

the most parsimonious model. Differences in AICc below 4 are considered statistically 

insignificant.
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Chapter 3: Empirical Comparison of historical data and age-structured assessment 

(ASA) models for Prince William Sound (PWS) and Sitka Sound Pacific herring

3.1 Comparison of Observed Sampling and Survey Data

Various observed sampling and survey datasets were used to compare two Pacific 

herring populations that spawn in Prince William Sound (PWS) and Sitka Sound. 

Observed age-structured datasets, derived from cast-net sampling, included the spawning 

age composition (Sitka: 1978-2006, n = 174; PWS: 1982-2006, n = 175; n is the number 

of data points) and weight-at-age (Sitka: 1978-2006, n = 174; PWS: 1980-2006, n = 189), 

by ages 3-9+ in PWS and 3-8+ in Sitka. The miles of milt index was compared between 

both stocks and was available from 1974-2005. Since 1971, egg deposition survey 

estimates have been conducted in Sitka but there were only 10 years of sampling in PWS. 

Further, there have been no significant commercial fisheries in PWS since 1993, with the 

exception of 1997 and 1998, although fisheries in Sitka have continued to operate. 

Therefore, egg deposition estimates and commercial catch data were not compared.

The spawning age composition in PWS is very similar to that in Sitka (Fig. 3.1). 

Sitka age composition data extend to 1978. A large year class of age-3 entered the 

population in 1979 (Fig. 3.1, bottom half of j-axis), which was reflected by the 

proportion of age-6 in 1982 in PWS (Fig. 3.1, top half of^-axis). PWS and Sitka herring 

displayed large age-3 year classes in 1983, 1987, and 1991 that dominated the yearly age 

structure for age-3 and older age groups. For both PWS and Sitka the dominant year 

classes after 1991 were not as defined in the age structure like previous strong year 

classes. In 1995 a proportionally larger age-3 year class entered the PWS and Sitka 

populations, which was subsequently dominated in the age composition by the 1994 year 

class. However, in neither PWS nor Sitka did the 1997 year class extend to the oldest age 

groups like prior strong year classes. The largest dissimilarity in the spawning age 

composition between PWS and Sitka was in the age-3 year class in 2001. This year class 

is reflected in the age-3 proportion in Sitka, but did not dominate the age structure like 

the 1979,1983, 1987, or 1991 year classes. In PWS the 2001 age-3 year class was not
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strong in the age composition. Unlike Sitka, the 1999 PWS year class dominated the age 

structure much like the previous strong year classes in 1987 and 1991.

A strong relationship occurs between PWS and Sitka in the yearly weight-at-age 

(1980-2006) for spawning herring (Fig. 3.2). Omitting the plus age groups and only 

considering average yearly weight-at-age for ages 3-7 indicates that there is correlation 

among weight-at-age in the two populations (Table 3.1). For example, after 1993 the 

average weight-at-age in PWS was larger than Sitka for only 12% of the ages and years.

The spawning biomass index data were not as similar as the age composition data 

between PWS and Sitka (Fig. 3.3). The miles of milt index seemed to be periodic in both 

populations, although there was no apparent constant frequency across the time series 

between maximum and minimum values. The maximum observed miles of milt for both 

PWS and Sitka occurred in 1988. Further, for both populations, the miles of milt value 

increased with respect to the previous year in 1992. There was a decrease in both miles of 

milt values after 1992, although the PWS decrease was much larger than in Sitka. The 

Sitka miles of milt index fluctuated after 1992 but remained somewhat stable, though the 

1992 value was exceeded in 2004. The PWS miles of milt also fluctuated after 1992; 

however, the largest value was still only about half the value in 1992. Overall, the range 

in PWS miles of milt values prior to 1992 was similar to the range in Sitka values and 

followed comparable trends. After 1992 the miles of milt for PWS herring was mostly 

smaller than Sitka, and in some years the values were below 50% of the Sitka values. 

Further, after 1992 the trends in miles of milt were not similar between PWS and Sitka 

(Fig. 3.3).

3.2 Comparison of ASA Model Estimates

Comparison of ASA model results were limited to estimates of maturity-at-age 

(mata t), age-3 recruitment (Rt), natural survival (SaJ) and spawning biomass (SBt). ASA 

models that employed the most similar dataset weights in the objective function were 

used for comparison. With this weighting the most parsimonious and best fit ASA model 

for Sitka herring was model S2(B)i, in which survival was estimated across recruitment
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regimes (Chapter 2). For PWS herring, the best fit and most parsimonious model was 

model scenario Ml for which natural mortality is not estimated from 1988-1992, rather, 

estimated with the incorporation of disease information after 1993 (Chapter 1).

Estimates of maturity-at-age and age-3 recruitment from ASA models for PWS 

and Sitka were very similar (Fig. 3.4, 3.5). Maturity-at-age estimated for Sitka herring 

from 1978-2006 was nearly indistinguishable to that from 1980-1997 in PWS (Fig. 3.4). 

However, estimated maturity-at-age from 1998-2006 in PWS was larger than both the 

Sitka and the 1980-1997 estimates (Fig. 3.4). Estimated recruitment of age-3 herring in 

PWS and Sitka displayed large recruitment events that occurred about every 4 years prior 

from 1980-1991 (Fig. 3.5). After 1991 there were no estimates of recruitment that were 

comparable to recruitment in 1987 or 1991 (Fig. 3.5). From 1992-2006 age-3 recruitment 

was not extremely large in either PWS or Sitka. Further, recruitment in PWS was mostly 

smaller than in Sitka from 1992-2006 (Fig. 3.5).

Since 1993 the estimated natural survival from the ASA models revealed striking 

differences between PWS and Sitka in some years (Fig. 3.6). In 1993 the estimated 

natural survival in PWS for both age groups (3-4, 5+) was much smaller than in Sitka. 

Further, in 1994 the survival for ages 3-4 in PWS remained smaller than Sitka (Fig. 3.6). 

From 1995-1997 the estimates were not much different, although in 1998 there was a 

significant decrease in natural survival in PWS for ages 3-4. From 1999-2001 the 

estimated natural survival from Sitka was most similar to ages 3-4 in PWS, but ages 5+ in 

PWS experienced lower survival that Sitka. From 2002-2006 the estimated natural 

survival increased in Sitka, but not in PWS (Fig. 3.6). Estimated natural survival for both 

age groups in PWS was smaller than Sitka and in PWS the older age group (ages 5+) had 

lower survival than the younger age group (ages 3-4).

The magnitude of estimated herring spawning biomasses in PWS and Sitka from 

1980-2006 was comparable (Fig. 3.7). Prior to 1993 the spawning biomass in PWS was 

larger than in Sitka (Fig. 3.7). However, after 1993 the spawning biomass in Sitka was 

larger than in PWS (Fig. 3.7). Further, from 1993-2006 the Sitka spawning biomass
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showed an increasing trend, while in PWS the spawning biomass levels did not either 

increase or decrease (Fig. 3.7).



Tables

Table 3.1. Positive (white) or negative (black) difference between average weight-at-age 

for herring in Sitka and PWS. Black cells indicate weight-at-age that is smaller in PWS 

and white cells indicate weight-at-age that is smaller in Sitka.
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Figures

Figure 3.1. Observed spawning age composition from 1982-2006. Shown for Prince 

William Sound (PWS, ages 3-9+, top half of graph) and 1978-2006 in Sitka Sound (ages 

3-8+, bottom half of graph).

Figure 3.2. Observed weight-at-age in Prince William Sound (PWS, x-axis) plotted 

against Sitka Sound (y-axis) for ages 3-7 from 1980-2005.
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Figure 3.4. Estimated maturity-at-age from ASA models for Prince William Sound 

(PWS) and Sitka Sound Pacific herring.
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Figure 3.5. ASA model estimated age-3 abundance. Shown from 1980-2006 in Prince 

William Sound (PWS, diamond points) and Sitka Sound (square points).

Figure 3.6. ASA model estimated natural survival. Shown after 1993 for Prince William 

Sound (PWS, solid lines) and Sitka Sound (diamond points, dashed line).
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Figure 3.7. ASA model estimated spawning biomass. Shown from 1980-2006 in Prince 

William Sound (PWS, diamond points) and Sitka Sound (square points).
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The analysis contained in this thesis indicates that there exists substantial 

uncertainty in the assessment of the Prince William Sound (PWS) Pacific herring 

population dynamics after the 1989 Exxon Valdez oil spill. The primary conclusion of 

Chapter 1 was that it is very difficult to determine mortality effects on herring (either 

natural mortality or fishery mortality) from 1989-1993 due to data conflicts. Through 

various dataset weightings in the ASA model’s objective function on natural mortality 

parameterizations in Chapter 1, it remains unresolved as to when the decline in the PWS 

herring population began. Two competing hypotheses still remain: (1) the decline began 

in 1989 and subsequent over-fishing accelerated the population crash (Thomas and 

Thome, 2003), and (2) that the population crash did not occur until a disease outbreak in 

the winter of 1992-1993 caused the decline (Quinn et al., 2001, Marty et al., 2003). It 

was shown in Chapter 1 that the first hypothesis remains viable; however, the uncertainty 

in estimates may be misrepresented due to assumptions of constant variance in 

extrapolations far beyond the range of observed data. Upon the inclusion of all data 

sources, the ASA model indicates substantial uncertainty in estimated natural mortality 

from 1989-1993, including large range in possible fishery exploitation rates.

Examination of a closely related Pacific herring stock in Sitka Sound in Chapter 2 

showed that temporal variation in parameters to describe natural mortality, gear 

selectivity, and maturity can be estimated; however, in some instances the uncertainty in 

estimates was large. ASA modeling indicated that estimation of natural mortality with 

respect to recruitment regimes provided the best model. Further, this was the only model 

that was an improvement over the base model, in which all parameters for natural 

mortality, selectivity, and maturity were assumed constant over time. The ASA model for 

Sitka Pacific herring indicates that natural mortality or maturity may have changed 

substantially in recent years, possibly due to continued low recruitment of age-3 fish.

Empirical comparison of data and ASA model estimates between PWS and Sitka 

in Chapter 3 showed that many similarities exist between the two stocks. The spawning

General Summary and Conclusions
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age composition has been nearly identical between the two stocks, with the exception of 

the last decade. Recruitment of age-3 herring, estimated as parameters in both ASA 

models, indicate that low recruitment has persisted in the last 15 years in both 

populations. Further, maturity is also comparable, and both ASA models point to a recent 

change in natural mortality or maturity. However, the population indices and spawning 

biomass estimates are different in each stock, especially after the 1992-1993 disease 

outbreak in PWS. The population size in PWS has remained at low levels since 1993 and 

the stock size in Sitka has been increasing in recent years.

There are certainly many influences on the Pacific herring population in PWS that 

may be causing the persistently low abundance since the 1992-1993 disease outbreak. 

These may include, but are not limited to, natural mortality, including predation and 

disease, health and reproductive potential, and external environmental influences.

It is very difficult to observe natural mortality in fish stocks; however, it was 

shown in Chapter 1 and Chapter 2 that ASA models are able to estimate natural mortality. 

Unfortunately, due to the type of abundance indices used in PWS, recent natural 

mortality is very difficult to determine. The addition of disease index data to the PWS 

ASA model allowed estimation of mortality, but may be confounded with other sources 

(e.g. predation). If there is not an absolute abundance dataset (e.g. egg deposition) natural 

mortality is very difficult to estimate in integrated assessment models (Fu and Quinn, 

2000), like the ASA models employed in PWS and Sitka. Natural mortality in Sitka can 

be estimated, but only because the egg deposition index has been continually collected 

and included in the ASA model. There is no egg deposition dataset available for PWS 

since 1998, thus, recent natural mortality is very difficult to determine. However, there 

are other sources for absolute abundance datasets.

Hydroacoustic surveys have been conducted in PWS since 1993. These data are 

currently used as a relative index in the ASA model, but can be used as an absolute index. 

Like a fecundity relationship used in the egg deposition estimation in the ASA model, a 

functional relationship between the weight-at-age and acoustic signal would convert the 

hydroacoustic dataset from a relative to absolute abundance index. However, to provide
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for this dataset conversion, the current technological capabilities of acoustic instruments 

must be developed and improved to detect the signal of individual fish whose weight-at- 

age varies. Even with an absolute abundance index in an ASA model, the resulting 

natural mortality estimate would reflect all sources of mortality. Therefore, analysis for 

specific influences on natural mortality must be conducted.

The framework of the addition of disease indices to natural mortality in Chapter 1 

provides for analysis of many alternative sources of mortality. The addition of a 

parameter to describe the influence of a particular source of mortality, not just disease, 

but mortality due to predation and competition, allows for complete evaluation of various 

mortality sources. This can be performed by the addition of index data in the ASA model 

to describe the size of predator stocks, as well as stocks that compete for the same prey 

source. Further, this type of method is not just limited to top-down effects, but also 

bottom-up effects including indices for food availability. Evaluation of mortality 

influences is not just limited to ASA model evaluation of adult mortality, but can be 

extended to evaluate early life history influences through spawner-recruit analysis. 

Spawner-recruit functions allow for density-dependent and density-independent effects 

on survival from the egg stage to the recruitment into the spawning stock. Various 

environmental, predator, and prey indices can be evaluated in this type of framework. 

Through these methods to evaluate influences on natural mortality, the PWS and Sitka 

stock can be compared, and there may be variables that point to uniqueness in these 

stocks.

Empirical comparison of weight-at-age indicated that the herring in PWS are 

smaller than in Sitka, which could point to a variety of causations and effects. Rigorous 

statistical tests can be employed to compare between the weights of herring in these two 

areas. Further, evaluation and comparison of parameters to describe growth may indicate 

differences between the two stocks. Such evaluation may be enlightening since weight-at- 

age may be a proxy for maturity, reproductive potential, and health.

Although the analysis contained in this thesis did not identify specific 

mechanisms that caused the initial decline and continued low abundance in the PWS
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Pacific herring stock, it did provide a method for such evaluation. Integrated assessment 

models allow for such consideration, but the findings are constrained by the type, quality, 

and understanding of the datasets used in the models. Due to the complicated nature of 

the various influences on fish stock population dynamics, modeling must allow for 

inclusion and evaluation of multiple influences, which is best provided by integrated 

assessment models.

Unfortunately, due to lack of definitive data for natural mortality in both stocks 

during and after the Exxon Valdez oil spill, it is very difficult to determine the uniqueness 

of the PWS Pacific herring stock compared to the Sitka stock. The mechanism that 

caused the crash in the PWS herring population mat never be resolved, and the direct 

impacts on the herring stock by the oil spill may never be determined. However, the 

reality of low abundance of Pacific herring in PWS remains, regardless of the mechanism 

that caused the sudden change in the population. Therefore, it may be conducive for 

scientific examination of the PWS herring population to focus on recent trends and 

determine why the low population size persists in PWS. It was shown that there are many 

similarities between the PWS and Sitka stocks, and the discovery of trends in the recent 

population dynamics of herring in PWS may very well be found with comparison to the 

Sitka herring stock. While comparison in this thesis was limited to empirical 

examination, there are many tools available that could determine the uniqueness of the 

PWS herring stock.
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