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Abstract

In Prince William Sound (PWS) in the early 1990s, biomass of an important 

forage species, Pacific herring (Clupeapallasii), crashed and has since failed to recover. 

This thesis explores the role that predation by humpback whales (Megaptera 

novaeangliae) may have in limiting this recovery. This was done by modeling the historic 

(1980-2009) relationship between these two species using existing data. Mark-recapture 

estimates of abundance were combined to form the first time series of humpback whale 

abundance for this area. This time series was then integrated into the age-structured 

assessment model used by Alaska Department of Fish and Game to manage herring 

biomass in PWS by adding annual estimates of humpback whale abundance as a 

covariate to herring mortality. The current (2009) humpback whale population estimate 

was 191 (SE 32) representing a rate of increase of « 4.5% annually. Humpback whale 

abundance helped to explain variation in mortality of older (ages 5+) herring only, with 

humpback whales accounting for as much as one-third of all mortality in these ages. 

However, retrospective analyses of the updated model show that recruitment, and not 

predation on adult herring, is the most influential factor limiting the recovery of herring 

in PWS.
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Introduction

The status of Pacific herring (Clupeapallasii; hereafter herring) in Prince William 

Sound (PWS) has been of particular concern to stakeholders in the region since the crash 

of this population in 1993. After nearly two decades of closure of all herring fisheries, the 

population has failed to recover. Herring are respected as an important forage species for 

the PWS ecosystem, and are thought to sustain many species of fish, seabirds, and marine 

mammals (Iverson et al. 1997; Thomas and Thorne 2001; Thomas and Thorne 2003). 

Therefore, without a healthy stock of herring, other species in PWS could suffer. The 

Exxon Valdez Oil Spill Trustee Council (EVOSTC) is an organization tasked with 

overseeing the restoration of PWS after the Exxon Valdez Oil Spill. The EVOSTC 

considers herring to be “not recovered” and continues to support research to address the 

failed recovery (Rice and Carls 2006). One such project was to investigate the magnitude 

of humpback whale (Megaptera novaeangliae) predation on herring in PWS, particularly 

in winter, to assess their role in herring biomass removal (Rice et al. 2011). In the 

planning stages of this project it was discovered that Eye of the Whale (EOW) and North 

Gulf Oceanic Society (NGOS), research groups that focus on marine mammals in 

western PWS, had a dataset of humpback whale sightings with over 30 years of data.

This led to collaboration with EOW and NGOS to make use of the existing dataset to 

assess historic trends in abundance of humpback whales and then relate these to herring 

biomass in PWS the topics of this thesis.

Chapter 1 of my thesis focuses on the estimation of humpback whale abundances 

in PWS using the historic (1978-2009) humpback whale database to construct count per 

effort and mark-recapture models. These models were used to construct the first time 

series of absolute and relative abundances for PWS humpback whales, and further to 

evaluate the rate of growth for this population. This analysis made it possible to make the 

first comparisons of population recovery between PWS and other areas.
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Chapter 2 of my thesis concentrates on the ecological relationship between 

humpback whales and Pacific herring. Here, a modeling approach was taken using the 

Alaska Department of Fish and Game’s age-structured assessment (ASA) model of 

herring biomass. This model uses historic fishing removal and survey data to estimate 

age-structured biomass and recruitment from 1980-2010, a time frame that includes pre

herring crash on through to current day. We took the best estimated humpback whale 

abundance time series from Chapter 1 and integrated it into the herring ASA model as a 

covariate to herring mortality as a method for assessing the importance of humpback 

whales on herring biomass relative to other pressures. The updated model was then used 

to address some hypothetical questions such as; What would herring biomass be without 

humpback whales in PWS? What would have happened to herring biomass if humpback 

whales had not recovered? This type of retrospective analysis allows us to tease apart the 

mechanisms, according to our model, that are driving the observed biomass trends.
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CHAPTER 1

First historical time series of estimated humpback whale 

(Megaptera novaeangliae) abundance in Prince William Sound

1.1 Abstract

In Prince William Sound (PWS), changes in abundance of humpback whales (Megaptera 

novaeangliae), one of PWS’s primary marine predator species, have until now been 

largely unknown. Using a historical dataset (1978-2009), we constructed the first time 

series of estimated humpback whale abundance in western PWS that is also one of the 

longest, if not the longest time frame used in any humpback whale mark-recapture 

analysis to date. Trends in the number of whales encountered per unit effort were 

compared to abundance estimates from mark-recapture. Photographs from this dataset 

were used to “mark” and re-sight individual animals using the unique pigmentation 

pattern on the ventral flukes of each whale. Two types of mark-recapture models were 

created and compared: Cormack-Jolly-Seber (CJS), which estimates probability of 

capture and survival, and the Pradel model, which additionally estimates a relative 

abundance parameter. The mark-recapture models best depicted abundance trends in this 

population. The CJS model shows an increase from 52 (SE=22) to 191 (SE=32) whales 

(« 370%) over the time series. The Pradel model shows a similar increase of « 400%. The 

average annual rate of increase (ROI) was 4.46% (95% CI = 2.97-5.94%) for the CJS 

model and 4.59% (95% CI = 3.88-5.30%) for the Pradel model which is only slightly 

lower than the 5-7 % ROI estimated for the North Pacific. With use of these new time 

series we plan to analyze the ecological role of humpback whale predation on depleted 

Pacific herring (Clupeapallasii) in PWS.

*

Teerlink, Suzanne F., Olga von Ziegesar, Janice M. Straley, Terrance J. Quinn II, Craig O. Matkin and 

Eva L. Saulitis. First historical time series of estimated humpback whales (Megaptera novaeangliae) 

abundance in Prince William Sound. Prepared for Environmental and Ecological Statistics.
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1.2 Introduction

Humpback whale (Megaptera novaeangliae) populations in the North Pacific 

Ocean were severely overexploited by whaling and were reduced by over 90% from an 

estimated pre-exploitation population size of 15,000 individuals (Johnson and Wolman 

1984; Rice 1978). By the end of whaling in the late 1960’s, this population was at its all

time low, estimated at 1,200 by Johnson and Wolman (1984), and 1,400 by Gambell 

(1976). Various protective measures were implemented to support recovery of this 

overexploited population, including: an International Whaling Commission (IWC) ban on 

humpback whale harvest in 1965, humpback whales were listed under the Mammal 

Protection Act (MMPA) of 1972, and listed under the Endangered Species Act (ESA) in 

1973. Today, four decades later, humpback whales are still listed under the MMPA and 

ESA and are protected from commercial harvest by the IWC; however, abundance 

estimates of this species in the North Pacific Ocean are rare and often rely on only limited 

data.

Since the end of large-scale industrial whaling, humpback whales in the North 

Pacific have been increasing in abundance. Using mark-recapture of sightings from 1990

1993, it was estimated that there were 10,000 individual humpback whales in the central 

and eastern North Pacific Ocean (Calambokidis et al. 1997). In 2004-2006 an 

international, collaborative research effort known as SPLASH (Structure of Populations, 

Levels of Abundance and Status of Humpbacks) was conducted throughout the entire 

North Pacific Basin (Calambokidis et al. 2008). As part of this study, population 

estimates were made using photographic identification in a mark-recapture analysis. They 

concluded that, at the end of their study in 2006, there were nearly 20,000 humpback 

whales in the North Pacific. Given the historic estimate of 15,000 individuals, the 

SPLASH abundance estimate suggests that there are currently more humpback whales in 

the North Pacific than there had been prior to the onset of exploitation. In addition to 

estimating population size, SPLASH also calculated annual rate of increase (ROI)
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(Calambokidis et al. 2008). When they contrasted their estimates to that of 1993 of 

approximately 10,000 in the North Pacific (Calambokidis et al. 1997), they found a 4.9% 

ROI over the 13 year period. However, when they instead compared against the 1966 

population estimate of 1,400 (Gambell 1976), they found a 6.8% ROI over the 39 year 

period. Given these results, SPLASH concluded that humpback whale abundance in the 

North Pacific is increasing at 5-7% annually. In a different study, the maximum 

theoretical biological ROI was estimated for humpback whales using best case scenario 

values for adult survival, young-of-the-year survival, pregnancy rates, and age at first 

reproduction. Here, it was found that the maximum plausible ROI due to biological 

reproduction is 11.8% (Zerbini et al. 2010). While these studies arrived at different 

estimates of ROI, it still can be concluded that the humpback whale population of the 

North Pacific Ocean is increasing and may have reached or exceeded pre-exploitation 

abundance levels.

Humpback whales are migratory and in the North Pacific Ocean generally spend 

summers in northern latitudes feeding and winters in tropical waters breeding and calving 

(Johnson and Wolman 1984). While on the feeding grounds, humpback whales use their 

baleen to filter small schooling forage fish and invertebrates, such as Pacific herring 

(Clupeapallasii; hereafter herring), capelin (Mallotus villosus), the juvenile stages of 

Pacific salmon (Oncorhynchus spp.), and euphausiids (Nemoto 1970; Straley 2009, pers. 

comm.). Based on energetic analyses it was concluded that humpback whales consume 

approximately 0.4 tons of prey each day while on the feeding grounds (Witteveen et al. 

2006). While humpback whales can be found feeding in Alaska every month of the year, 

their abundance peaks in summer and fall months and they are least abundant in the late 

winter and spring (Baker et al. 1992; Rice et al. 2011; Straley 1990; Straley 1994). 

Humpback whales are generally solitary or found in small groups. Associations between 

individuals in these groupings are thought to be fluid and short-term with an exception 

seen in mothers and young calves that can be found associated for as much as one year 

(Whitehead 1983).
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Prince William Sound (PWS) is part of the northern foraging grounds for 

humpback whales in the North Pacific. While this area is historically respected for its 

productivity, its current status is of particular interest given the collapse of PWS herring 

biomass. The initial cause of this crash is likely a combination of overfishing, 

complications to recruitment from crude oil exposure during the 1989 Exxon Valdez Oil 

Spill, and disease (Brown et al. 1996; Carls et al. 2002; Marty et al. 2003; Thomas and 

Thorne 2003). Despite fishery closures, herring stocks in PWS are still depressed (Rice 

and Carls 2006), and the question remains; why have herring populations not recovered?

Given that humpback whales are known to be increasing throughout the North 

Pacific, it is possible that their impact as predators to this region is also increasing and 

might be playing a role in suppressing herring recovery in PWS. At present, very little 

information exists on the current and historic abundances of humpback whale abundance 

in PWS. Only a few point estimates of humpback whales in PWS have been derived, 

including a historic point estimate of from 1983-1984 of 100 (SE = 20) individual 

humpback whales using a Chapman mark-recapture estimator (Matkin and von Ziegesar 

1985). No other estimates of abundance were made until 2007-2009, when a study was 

undertaken to investigate the magnitude and composition of prey consumption by 

humpback whales in PWS (Rice et al. 2011) Using mark-recapture methods, late-season 

abundance of humpback whales was estimated at 135 (SE = 12) whales in the September- 

March of 2009 (Rice et al. 2011).

In this paper we use a comprehensive dataset of 30 years, from 1978-2009, of 

humpback whale surveys in PWS from Eye of the Whale Research (EOW) and North 

Gulf Oceanic Society (NGOS) to examine trends in abundance and develop estimates of 

humpback population size. This dataset has been used to catalog individual humpback 

whales in the area and for various other analyses (von Ziegesar et al. 1994; von Ziegesar 

et al. 2001; von Ziegesar et al. 2010; von Ziegesar in prep.); however, to date no recent
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estimates of humpback whale population size or population change over time have been 

generated using these data.

This project uses this historic dataset to develop the first time series of humpback 

whale abundance in western PWS. Specifically, we employ sightings per unit of effort 

and marked-recapture to evaluate relative and absolute abundance. Estimates are then 

used to characterize the trends in abundance for this area and compare them to the trends 

documented for the entire North Pacific Basin over the same time period. Given that such 

long datasets of mark-recapture data are rarely available, this presents an opportunity for 

evaluation of the performance of commonly-used open population models, and is perhaps 

the longest time frame used in any mark-recapture analysis of humpback whale 

abundance to date.

1.3 Methods

1.3.1 Study Area

Prince William Sound is located in the Gulf of Alaska (60° 35’ N, 147° 10’ W), 

and is comprised of numerous islands, glacial fjords, and bays. The western portion of 

PWS was designated as our study area (Fig. 1.1), as this is where the majority of surveys 

were conducted. The dataset also includes some data from neighboring; areas however, 

because these areas are not consistently surveyed over the time series, data from these 

areas were removed from the analyses.

1.3.2 Effort

Three measures of effort were available from the dataset: nautical miles traveled, 

hours spent searching, and number of boat days. For early years, where track lines were 

recorded by hand on photocopied maps, track lines were manually digitized. In more
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recent years, many of the surveys had digital track lines from handheld GPS units. For 

the surveys conducted within the defined study area, each measure of effort (nautical 

miles, hours, and days) was totaled by year, and the different measures were analyzed to 

determine which was most appropriate for this study (Table 1.1). Many surveys had no 

record of the track line taken and/or the number of hours spent searching; years known to 

have >10% missing effort data are indicated in Table 1.1.

1.3.3 Description of Available Data

The dataset includes humpback whale sightings and identification photos of the 

ventral surface of humpback whale flukes, taken annually between April and September 

from 1978-2009. The documentation of the unique pigmentation patterns of the ventral 

flukes is a commonly used method to identify and track individual humpback whales 

over time (Katona et al. 1979). No data were collected in 1982, and data from 1981 was 

thrown out since effort in this year was relatively small and data collection was 

compromised by weather complications. Photos were taken using single-lens reflex 

cameras from 1978-2002 and using digital cameras from 2003-2009. Photo identification 

records include >5,000 photographic sightings of approximately 575 individual 

humpback whale flukes over the time series. Depending on the year, between one and 

three research teams collected data on separate boats. Research teams however had 

different specific goals, namely; some specifically targeted humpback whales (von 

Ziegasar, EOW), while others targeted killer whales (Orcinus orca) and gathered 

humpback whale data only opportunistically (Matkin and Saulitis, NGOS). The total 

number of whales sighted, unique identifications, and newly identified individuals are 

summarized by year (Table 1.1).
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1.3.4 Data Organization

Data describing effort, humpback whale sightings, and individual flukes 

characteristics in Microsoft Excel files (EOW) were transferred into the Alaska 

Humpback Whale Database, a Microsoft Access database designed specifically for 

storage and querying of humpback whale photographic data (Straley 2009, pers. comm.). 

The database contains tables to hold information pertaining to a given whale at the time 

of the sighting, unique and long-lasting characteristics of that whale, and information 

specific to the survey effort. During this entry process, sighting histories were error- 

checked by verifying Excel entries with actual photos and with hard-copy datasheets. The 

best photograph of each individual whale each year was identified and, for years where 

photos were achieved as negatives (1987-2002), the photos were digitized by scanning 

the negatives.

1.3.5 Humpback Whale Time Series: Count per Unit Effort

All recorded sightings of humpback whales - both those whales that were 

photographed and those that were sighted and noted only - were tallied for each year. An 

annual index of relative abundance was calculated as the number of sightings divided by 

the amount of effort. A regression line was fitted to determine if there was a trend over 

time. Additionally, an index of the number of unique whales identified each year divided 

by the amount of effort was also constructed. Again, a regression line was fit to assess 

any trends over time. Both time series were graphed to display changes in count per unit 

of effort by year of the study.
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1.3.6 Humpback Whale Time Series: Mark-Recapture Modeling 

M-R Modeling Consideration: Photo Quality

Quality of identification photos was considered for the mark-recapture portion of 

this analysis, as poor quality photos can cause misidentification of individuals and result 

in bias in a mark-recapture setting. Typically, in the case of photo identification of 

humpback whales, it is unlikely to have false positive error, namely, instances where 

photos are wrongly designated as re-sightings. However, occurrence of false negative 

error, instances where photos are wrongly designated as new sightings when they are 

actually re-sightings, is increased with the inclusion of poor quality photos (Friday et al. 

2000; Friday et al. 2008; Stevick et al. 2001). Efforts were taken to reduce the occurrence 

of this type of error by removing the photographs determined to be of poor quality. This 

was done by ranking the quality of the photo with a value of 1 through 3 in six categories. 

Values from each of the six categories were then summed to generate an overall index of 

quality for each photo; thus, index values could range from 6-18, with lower values 

indicating a better quality photo. Criteria used to rank these photos (Appendix A) are a 

modified version of the protocols described by others (Calambokidis et al. 2008; Friday 

et al. 2000). We deemed all photos with a total photo quality index greater than or equal 

to 9 to be “poor” and removed them from the analysis.

M-R Modeling Consideration: Fluke Distinctiveness

Fluke distinctiveness could also play a role in producing false negative errors that 

would introduce bias into a mark-recapture analysis (Friday et al. 2000; Friday et al.

2008; Stevick et al. 2001). Flukes bear wildly different patterns and markings, making 

some individuals more identifiable than others. Thus, it is more likely that a match of an 

individual with nondescript flukes would be overlooked resulting in a false negative 

error. To evaluate the importance of fluke distinctiveness in the sighting histories of this



dataset, we evaluated all flukes in this analysis by ranking them with four criteria. The 

ranking system used (Appendix B) is a modified version of that by Friday et al. (2000). 

Each pair of flukes was assigned a value, 1 through 3, in each category. Values from each 

of the four categories were then summed to generate an overall index of fluke 

distinctiveness for each pair of flukes; index values could therefore range from 4-12, with 

lower values indicating more distinct flukes. This index was then used to measure the 

importance of fluke distinctiveness in recapture probability (after the photo quality 

standard was applied) by assessing the relationship, if any, between total number of 

sightings for each individual and the distinctiveness index of its flukes. Additionally, this 

index was used as an individual covariate to the probability of capture in mark recapture 

models as explained in later sections.

M-R Modeling Overview

For the mark-recapture portion of this analysis, the program, MARK, was used 

(White and Burnham 1999). This program contains commonly used mark-recapture 

models and its structure allows several hierarchical and non-hierarchical models to be 

estimated and compared, and permits the addition of covariates and allows for parameters 

to be added, fixed, and set equal across time periods, groups and strata. Sightings from 

the dataset were summarized annually to construct sighting histories over the time series 

for each individual where a ‘1’ was used to indicate that an animal was sighted in a given 

year, and ‘0’ when they were not. Sightings of all first year calves were removed from the 

mark-recapture analyses since their probability of capture is complicated by the co

occurrence with their mothers. Sighting histories were analyzed in the program, MARK, 

which uses maximum likelihood estimation (MLE) to generate estimates of the 

parameters given the sighting histories observed.

For this study, we chose two open-population model types: Cormack-Jolly-Seber 

(CJS) and Pradel. Open-population models were chosen because we were interested in
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population level changes as a result of recruitment (births or immigration) and loss (death 

and emigration). The CJS model, a widely used and accepted model for open populations 

(Lebreton et al. 1992), was chosen because it generates annual estimates of apparent 

survival (<f), and probability of capture (p ), which are then used to derive estimates of

annual abundance ( N ) to form a time series. The Pradel model type was chosen for the 

additional parameter, called lambda (1), which quantifies the annual rate of population 

change. In this case, 1, could be used to generate an index of relative changes in 

abundance to be used in a time series (Pradel 1996). Further model details are given in 

the next two sections.

Cormack-Jolly-Seber

The CJS model generates estimates of parameters by allowing each possible 

sighting history combination to be modeled as a multinomial distribution. The CJS model 

is a modified version of the traditional open Jolly-Seber model that conditions on the first 

sighting and, based on the subsequent sighting histories, estimates survival, $t, and 

probability of capture, p t in year t. As a result, the model is less vulnerable to 

heterogeneity in the capture probabilities of the population than the basic Jolly-Seber 

model (Lebreton et al. 1992). The likelihood function for this model is:

y  (X h ) ln(Pr(h. \first _ release)
h i

where h  is the observed capture history of a given individual in the population, X  is the 

number of individuals with the same capture history, and the probability of capture at 

time period t given that the individual is alive in the population at time period t-1 is equal 

to ^ t.1*pt. Estimates of standard error come from the variance-covariance matrix, and the 

estimates of the lower and upper 95% confidence intervals of the ^ ’s and p ’s are made in 

MARK using the likelihood profile for the MLE, and by assuming that the log-likelihood 

follows a chi-squared distribution (Lebreton et al. 1992).

13

The assumptions for a CJS model are as follows (Seber 1982):



1. Each marked animal in the population has the same probability of capture, p, at the 

time of sampling.

2. Each marked animal has the same probability of surviving, $, a given interval between 

two sampling occasions.

3. Marks are not lost, and all marks are reported.

4. Sampling is instantaneous, relative to the interval between sampling occasions.

Various model parameterizations were developed within MARK and compared in 

order to identify the most parsimonious model. The $ parameters were modeled as 

dependent on time period, $(t); or constant, $(.). Thep  parameters were modeled with the 

following scenarios: time dependent, p(t); constant, p(.); a linear function of effort, p(eff); 

dependent on fluke distinctiveness through use of an individual covariate, p(FD); and 

dependent on a combination of both time and fluke distinctiveness, p(t,FD). Models using 

all possible combinations of the above parameterizations were constructed and compared. 

For parameters that either failed to converge or converged so close to the boundary that 

their estimates and/or variance estimates were unrealistic, models were re-run with 

problematic parameters set equal to the parameter of the next closest time period.

Competing models were evaluated using the Akaike's Information Criterion (AIC) 

adjusted for small sample sizes, AICc (Burnham and Anderson 2002). The best model 

was selected using the guidelines offered by Burnham and Anderson (2002): the model 

with the lowest AICc value is considered “best” and other models are given in terms of 

the difference, AAICc with the best model. Any model with AAICc < 2 has “.. .no 

credible evidence that the model should be ruled out”. Models with AAICc of 2-4 offer 

“weak evidence of not being the best model”, models with AAICc of 4-7 offer “definite 

evidence”, AAICc of 7-10 offer “strong evidence”, and AAICc > 10 offer “very strong 

evidence of not being the best model”.
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Using the estimates p t from the selected model, the general law of estimating 

abundance was used to generate Nt (Seber 1982; Eq. 1.1):

N  = nL (1 1 )
p  t

Lower and upper confidence intervals (LCI, UCI) for N t were found from the 

corresponding confidence intervals forp  using eqs. (1.2) and (1.3). 

n n
LCI - = —— ; UCI - = ——  (1.2, 1.3)

JN LCIP N UCUp

Estimates of abundance were plotted by year and linear and quadratic curves were fit to 

assess the overall trend throughout the time series.
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Pradel

Pradel models estimate $ andp  using the same calculations as the CJS models, 

except that the Pradel model conditions on an animal being sighted at any point in the 

study rather than conditioning on the first sighting. The probability of a given capture 

history is then normalized over the probability of having zero sightings over the course of 

the study. In addition to the $ and p  parameters, Pradel models estimate the rate of 

population change over a given sampling interval, X; this is possible by estimating an 

intermediate parameter, referred to as “seniority”, r . The Pradel model estimates this

term by reversing the sighting histories to estimate the probability that a sighted 

individual was in the population in previous sampling occasions. This parameter can then 

be used to estimate X as:

K . (1.4)
r  +1

The assumptions of this model are the same as those for the CJS model (Cooch and 

White 2009; Pradel 1996).
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Within MARK, different model parameterizations were developed to obtain the 

most parsimonious Pradel model. The $ andp  parameters were modeled identically as in 

the CJS models. The X parameters were modeled with separate estimates for each time 

period, X(t), constant, X(.), varied in 2 year blocks, X(2yr), or varied in 5 year blocks, 

X(5yr). Models using all possible combinations of the above parameter constraints were 

built and compared. For parameters that either failed to converge or converged so close to 

the boundary that their estimates and/or variance estimates were unrealistic, models were 

re-run with problematic parameters set equal to the parameter of the next closest time 

period. Competing models were evaluated using AICc, and the best model was selected 

using the same recommendations as outlined above in the CJS section. Estimates X from 

the best model were then converted into an index of relative abundance, It, where the 

starting value was 1, using eq. (1.5):

Due to the iterative process of calculating It, it is not possible to apply these calculations 

to the upper and lower confidence intervals; instead, uncertainty was calculated from the

standard error estimates. To get these values, standard errors of X (estimated within 

program MARK) were used to generate estimates of the coefficient of variation (CV) for 

X and I  as follows:

The 95% confidence interval was calculated by assuming that the error followed a log

normal distribution.

(1.5)

(1 6 )

(1.7)

LCI = ^  ; UCI = I  * C 
C t

(18)



where C = exp (1.96 * ^ln(1 + CV^ ) | (1 9 )
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Relative index values were plotted by year and linear and quadratic curves were fit to 

assess the overall trend throughout the time series.

Sensitivity Analysis: Early Year Photo Quality

Photos from some early years were not available to be assessed for quality 

(specifically: 1980, 1983, 1984, 1985, and 1987). Because there is no means of 

measuring or compensating for this, we anticipated that there would be some level of bias 

introduced by data from these years. To address this, we conducted a sensitivity analysis 

to determine the effect of these early years on the remainder of the time series. We did 

this by re-running the selected CJS model using only data from 1988-2009, years where 

all photos were assessed for quality. Estimates from this model were then compared to 

estimates from the complete time series both graphically and by calculating the 

correlation coefficient for the overlapping portion of both time series.

Sensitivity Analysis: Survival

To assess the impact of emigrating whales on the abundance estimates, another 

sensitivity analysis was conducted. Survival was fixed equal to 0.98 in the selected CJS 

model and the model was re-estimated. A survival of 0.98 was selected as this is the rate 

that was found in the only other assessment of survival of humpback whales in PWS 

(Mizroch et al. 2004). The estimates from this exercise were converted to abundance 

using eq. (1.1), as was done in the CJS model with estimated survival. The results were 

then compared to assess how varied survival estimates might affect the model outputs.



1.3.7 Comparison of Time Series Approaches
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Results from all four time series models, the two count per effort models and the 

two mark-recapture models, were compared in a correlation analysis to evaluate their 

similarity for this dataset.

1.3.8 Discovery Curve

A discovery curve, which graphically illustrates the cumulative number of unique 

individuals sighted, was constructed for this dataset to describe changes in the new 

sightings over the time series.

1.3.9 Rate of Increase

The ROI, defined as the average annual population growth rate, was calculated 

from the abundance estimates for the selected CJS and Pradel models. ROI is different 

from the relative abundance parameter (A) as it is an average over the whole time series. 

ROI was found for the CJS and Pradel models using eqs. (1.10) and (1.11), respectively, 

where Y indicates the number of years:

ROI = exp
Z A LN (N )

Y
- 1 (1 1 0 )

ROI = exp Z A LN (1) '

Y
- 1 (1.11)

Variance estimates for the ROI estimates were found by use of the delta method (Seber 

1982), using the empirical standard error (SE) of the annual changes in log abundance as 

the CV of the ROI. Equation 1.12 was then used to convert this into the SE of the ROI, 

and SE was used to generate a 95% CI for ROI (eq. 1.13).
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SE (ROI)  = ROI * CV (ROI) (1 1 2 )

UCI (ROI), LCI (ROI) = 1.96 ± SE (ROI) (1.13)

This method is the same as was used by Calambokidis et al. (2008) to generate 

ROI estimates for the SPLASH study, and was employed to make direct comparisons 

possible. We then compared our ROI estimates with the results of SPLASH and to the 

maximum theoretical biological ROI estimated by Zerbini et al. (2010).

1.4 Results

1.4.1 Effort

Total effort values using nautical miles, hours, and days are presented in Table 

1.1, and missing values are indicated. Effort represented by days was determined to be 

the best effort measure for this study since it was available consistently for all years. In 

contrast, a substantial portion of missing nautical miles traveled and hours sampled data 

were missing and these values were therefore deemed unreliable for this study. While 

days is a more coarse depiction of effort, we found that it is actually quite comparable to 

the more refined nautical miles measure. In years where nautical miles traveled were 

consistently recorded, 1984-2002 and 2004, nautical miles and number of days on the 

water have similar relative values (Fig. 1.2) with a significant correlation coefficient of 

0.99 (p< 0.001).

1.4.2 Humpback Whale Time Series: Count per Unit Effort

Counts of humpback whale sightings from this study ranged from 0.58 whales per 

day in 1984 to 5.03 whales per day in 1980 (Fig. 1.3). There is no significant trend in this 

time series (p=0.19). Number of unique individuals identified each year divided by days
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of effort ranged from 0.23 in 1985 to 2.00 in 1979 (Fig. 1.4). As in the sightings per 

effort time series, there is no significant trend in the unique individual per effort time 

series (p=0.48).

1.4.3 Humpback Whale Time Series: Mark-Recapture Modeling 

M-R Modeling Consideration: Fluke Distinctiveness

The number of sightings of all individuals as a function of their fluke 

distinctiveness index shows a slight, yet significantly (p=0.015) increasing trend (Fig.

1.5). This indicates that some level of heterogeneity bias may be present in the dataset 

based on recognizability of flukes.

Cormack-Jolly-Seber

Model ^(.), p (t) was selected as the best CJS model (Table 1.2). This model has 

constant survival, over the time series, estimated at 0.94 (SE = 0.005), and time 

dependent probability of capture, p. Estimates ofp  ranged from 0.18-0.56, with no 

obvious trend over years. A full list of parameter estimates from this model can be found 

in Table 1.3. The mark-recapture model with an effort covariate has a significantly poorer 

fit with AAIC much greater than the criterion of 10. Estimates of p, did however, show a 

significant linear relationship (p=0.034) with effort (Fig. 1.6), which was not improved 

by adding a quadratic term. The addition of fluke distinctiveness index values as an 

individual covariate did not improve the model fit as evaluated by AICc (Table 1.2). The

overall trend in abundance ( N ) is quadratic and both variables in the polynomial are 

statistically significant (Year, p=0.0030, Year2, p=0.0031; Fig. 1.7). Models including 

^(t) were unrealistic due to parameter estimates converging too close to the boundary of 

1; this is likely indicative of too sparse data and the difficulty in detecting survival for a 

species with such high survival rates. Thus, results from these models are not presented.
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Pradel

Model $(.), p(t), A(2yr) was selected as the best Pradel model (Table 1.4). This 

model has a constant survival, $, estimated at 0.94 (SE= 0.0051), nearly identical to the 

estimated survival in the CJS model. Estimates ofp  are time dependent with no apparent 

trend over time and are very similar to those in the CJS model. Parameter estimates from 

this model can be found in Table 1.5. Like the CJS models, Pradel models with 

probability of capture constant or proportional to effort fit much poorer then models with 

time-dependent p. Estimates of p  were significantly related to effort (p= 0.017; Fig. 1.8), 

and the addition of a quadratic term did not significantly improve the relationship. The 

fluke distinctiveness index covariate did not improve model fit. Blocked estimates of A 

ranged from 0.95-1.35 (Table 1.5).

Estimates of relative abundance, It, are plotted with the corresponding number of 

unique individuals, which is the minimum possible abundance (Fig. 1.9). Both variables 

in a quadratic trend line of It were statistically significant (Year, p=0.018, Year , 

p=0.019), but the trend diverges from the quadratic fit after 2002 (decreases and then 

increases sharply). Like the CJS models, Pradel models with $ varying with time are not 

reported since their estimates were unrealistic due to parameter estimates converging too 

close to the boundary of 1.

Sensitivity Analysis: Early Year Photo Quality

Abundance estimates from the same CJS model, $(.) p(t), that was re-run using 

only years with complete assessments of photo quality (1988-2009), show a correlation 

coefficient between paired points in overlapping years of 0.99; this result is highly 

statistically significant (p < 0.001; Fig. 1.10). This high degree of correlation indicates 

that photographs from early years are not introducing bias in the later years.
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Sensitivity Analysis: Survival

The CJS model, $(.) p(t), was rerun with a pre-defined constant survival (making 

the model, $(0.98) p(t); Fig. 1.11). The correlation coefficient between the paired points 

of these results and the entire time series is 0.97, and is highly statistically significant (p 

<0.001). However, compared to the original CJS model it had a much poorer fit (AAICc=

123.5).

1.4.4 Comparison of Time Series Approaches

Neither of the count per effort time series were correlated with either of the mark- 

recapture time series (Table 1.6; Fig. 1.12). The count per effort and the number of 

unique IDs per effort time series had a small amount of correlation. The time series from 

the two mark-recapture approaches were highly correlated (p< 0.001), meaning that they 

produced extremely similar results (Table 1.6; Fig. 1.13).

1.4.5 Discovery Curve

The discovery curve, describing changes in new sightings over time, is plotted in 

Figure 1.14. Here, we see that the rate of humpback whale discovery is apparently 

constant, and does not plateau as would be expected from a closed (stable and not 

increasing) population.

1.4.6 Rate of Increase

The ROI estimate from the CJS model results is 4.46% (95% CI = 2.97-5.94%) 

and 4.59% (95% CI = 3.88-5.30%) for the Pradel model. Both estimates of ROI are 

comparable to the SPLASH ROI estimate (Calambokidis et al. 2008) with UCIs 

overlapping with the lower end of the SPLASH estimate of 5-7% (Fig. 1.15). There was



no significant change in the individual annual rate of population change over time for 

either model (CJS p = 0.68; Pradel p= 0.56). Our estimates are feasible as they are well 

within the estimated maximum theoretical biological ROI of 11.8% per year (Zerbini et 

al. 2010).

1.5 Discussion

1.5.1 Effort

We found the number of survey days to be the best effort measure for this 

analysis. Ideally, a finer scale would have been preferable since the time and distance 

covered in a given survey day are expected to be variable. However, due to missing data 

values, number of survey days was the only complete measure of effort available to us. In 

addition, we were able to show that this measure of effort was a reasonable proxy by 

demonstrating that it was highly correlated with nautical miles for those years where 

nautical miles was available. However, our count per effort models were implausible, and 

effort in our mark-recapture models did not improve model fit. This is likely due to the 

fact that field sightings are complicated by many factors aside from the actual time or 

length of the survey in our study, including: weather conditions, sightability, prior 

knowledge of humpback whale locations, logistical issues, and some research teams 

gathering humpback whale data opportunistically only. The combination of these makes 

the traditional time and distances measurement less reliable. To avoid these issues it is 

necessary to design a rigorous study with predefined transects, weather and sightability 

maximums, and consistent on/off effort time and distance measurements. Another 

possibility is to routinely measure variables related to these conditions and then conduct a 

standardization of count per unit effort (Quinn and Deriso 1999).
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1.5.2 Humpback Whale Time Series: Count per Unit Effort

Count per unit effort time series, in the form of number of sightings and number 

of unique individuals sighted per unit of effort, did not appear to provide reliable 

information about population trends for this dataset. Based on local knowledge, and 

known broader scale population trends (specifically, the North Pacific wide study, 

SPLASH), we would expect to see a generally increasing trend in abundance over time. 

However, we did not see any significant linear or polynomial trends in abundance in 

either count per effort time series. This is likely due a saturation effect that occurs due to 

the data collection requirements. Each whale seen in a survey requires a dedication of 

appreciable time in order to successfully photograph the ventral flukes of the animal for 

identification. This generally limits a researcher to a maximum of 10-20 individual whale 

encounters in a day. So, even if whale densities were increasing, it would not be possible 

to detect these changes beyond a certain density. Other studies have successfully 

monitored relative abundance of humpback whales and other cetaceans using count per 

effort techniques. However, these studies used a more structured survey technique where 

effort measures were recorded more precisely and where time/distance spent distracted 

from discovering new individuals (such as the time/distance necessary to capture a 

photograph of humpback whale flukes, and time spent focused on other species) was not 

included in the effort measure. Examples of such studies include: Martins et al. (2001), 

Reilly et al. (1982), and Stone and Hamner (1988). Further, the large variability in 

estimates is likely reflective of the nature of the survey logistics. First, the complex 

geography of the study area makes surveys more challenging as whales can be found 

deep in bays and inlets that are not observable from the main water channels. Secondly, 

the study area is larger than could be covered in a single day’s survey, and since 

humpback whales are not found homogeneously throughout the study area, some survey 

days had relatively high whale counts, whereas others yielded zero whale counts.
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1.5.3 Humpback Whale Time Series: Mark-Recapture Modeling 

M-R Modeling Consideration: Fluke Distinctiveness

We know from the relationship between sighting frequency and the fluke 

distinctiveness index that there is some bias toward more distinct flukes in the sighting 

histories. There are two possible mechanisms in the photo identification process that 

could have contributed to this bias: (1) removal by photo quality cutoff and (2) 

misidentification errors. Despite attempts to evaluate photo quality and distinctiveness of 

flukes independently, it is possible that more distinct flukes were more likely to meet the 

photo quality criteria than less distinct flukes since these measures are inherently 

subjective and rankers easily mistake recognizability with photo quality. In a mark- 

recapture setting, this bias works to give more distinct flukes a slightly higher probability 

of capture and thus is a violation to the model assumption that all individuals in the 

population have an equal probability of capture at a given sampling interval.

Alternatively, the relationship between sighting frequencies and the fluke 

distinctiveness index could occur by false negative misidentification errors. In this case, a 

match to the existing catalog is overlooked, thus resulting in wrongly assigning a 

resighting as a new animal. This could be caused by a significant change in pattern on the 

flukes between sightings, or may simply be the result of a matching error. Both are more 

likely to occur if the fluke is originally less distinct (Friday et al. 2000). One study of 

Atlantic humpback whales showed that over a period of eight years, 4.6% of the 152 

flukes analyzed showed a major pattern change, 31.8% showed a moderate change, and 

63.6% showed little or no change (Carlson et al. 1990). Given the particularly long 

temporal scale of the sightings used in this analysis, it is likely that some portion of these 

flukes underwent a degree of change in fluke pattern, contributing to the misidentification 

error. Misidentification is equivalent to a tag loss in a mark-recapture setting, which is a 

violation of the model assumptions and works to inflate population estimates. If the



degree of bias toward more distinct flukes was consistent over the time series, our ROI 

estimates would not be affected.

In a double tag experiment on humpback whales, photo and genetic identification 

were used to estimate the effect of misidentification errors (Stevick et al. 2001); 1,410 

whales were double-tagged, from which 414 re-sightings were obtained. They found no 

cases of false positive errors and 14 false negative errors, representing a rate of 0.1%. 

Furthermore, in the abundance estimates from the mark-recapture analysis, the positive 

bias introduced by these errors was small in comparison with the variability in abundance 

estimates between models. In a separate study directed at understanding the biases from 

heterogeneity from humpback whale flukes, a balance between using as much data as 

possible and reducing heterogeneity bias was found by removing poor quality photos and 

photos of partial flukes (Friday et al. 2008). In the present study, we implemented a photo 

quality standard and built models including fluke distinctiveness covariates and found 

that they were not selected based on AICc values. Consequently, we conclude that the 

overall influence from fluke distinctiveness in this study was minimal.

Cormack-Jolly-Seber and Pradel Models

Both model types produced similar relative estimates of abundance, with a highly 

significant correlation coefficient of 0.97 (p< 0.001). Having two different models 

providing similar results suggests that model structure does not have a large effect on the 

results. However, the estimates from the Pradel model do have notably wider confidence 

intervals. This is expected because It is cumulative, and therefore so is its error term,

whereas N estimated from p  is not. In both mark-recapture models, we found an overall 

increasing trend in abundance indicating that the western PWS humpback population is in 

recovery from the past over-exploitations of whaling. In the CJS model, the absolute 

abundance estimates show a 3.7-fold increase over the time series, and the Pradel models 

indicate a similar 4.0-fold increase. However, in both models we see exceptions to this
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population growth from approximately 2000 to 2006. The cause of this decline is 

unknown, though it could represent a temporary emigration from the study area. Other 

studies have noted that while humpback whales demonstrate a general fidelity in the 

feeding grounds, it is common for them to move between feeding areas with the 

magnitude and frequency of these movements varying from individual to individual 

(Baker et al. 1992; Calambokidis et al. 1996; Calambokidis et al. 2001; Calambokidis et 

al. 2008; Straley et al. 2008; Waite et al. 1999). Further, humpback whales are known to 

be generalist feeders (Nemoto and Kasuya 1965; Witteveen et al. 2008), and it is 

commonly believed that their movements within feeding grounds can be linked to food 

availability, which could be one explanation for the temporary reduction in humpback 

whale numbers seen in our time series. In a Gulf of Maine study, movements in Atlantic 

humpback whales were directly linked to food availability. Here, humpback whale 

abundance declined by over 95% in one area and increased dramatically in a neighboring 

area, simultaneously to the same geographic shift in a humpback whale prey species. 

Through photo identification, it was shown that these were the same individual whales, 

representing a documented movement of humpback whale presence that corresponded to 

shifts in prey distribution (Weinrich et al. 1997).

The abundance estimate for 2009 is much higher than the overall trend in the CJS 

model, but at this point it is unclear if this is a reflection of variability in the data or a 

surge in immigration into the area. There was an exceptionally high number of unique 

individuals identified in 2009 (N=89), which leads us to believe that this high estimate is, 

at least in part, driven by an increased number of individuals coming into the study area 

(immigration). It is intuitive that this effect was slightly less pronounced in the Pradel 

model as relative abundances were pooled in 2-year increments. This influx in humpback 

whale abundance could represent a movement into the area that is again potentially 

driven by prey availability as explained above.



In both selected models, the estimates of $ (set constant throughout the time 

series) were 0.94 (95% CI: CJS SE = 0.0052, Pradel SE = 0.0051). This is lower than the 

only other humpback whale survival rate estimate from PWS made by Mizroch et al. 

(2004) of 0.98 (95% CI= 0.95-1.0). However, it is consistent with other estimates made 

by the same research group, namely: 0.93 (95% CI= 0.91-0.95) for all of Alaska, 0.94 

(95% CI= 0.92-0.95) for Southeast Alaska, and 0.96 (95% CI= 0.94-0.98) for Hawaii 

(Mizroch et al. 2004). Further, our estimates are consistent with a survival estimate of 

0.951 (95% CI= 0.93-0.97) made for North Atlantic humpback whales (Buckland 1990), 

and within range of the 0.96 (SE= 0.008) survival estimate also made for North Atlantic 

humpback whales (Barlow and Clapham 1997). While humpback whales exhibit some 

level of feeding site fidelity, many studies have documented movements that contradict 

complete fidelity (Baker et al. 1992; Calambokidis et al. 1996; Calambokidis et al. 2001; 

Calambokidis et al. 2008; Straley et al. 2008; Waite et al. 1999). This means that since 

we have no way of distinguishing between death and emigration in our models, our 

estimates of survival may be incorporating emigration caused by movements in addition 

to actual mortalities.

Violations to Model Assumptions

The first assumption of these mark-recapture models is that each marked animal 

in the population has the same probability of capture at the time of sampling (Seber 

1982). As discussed, this assumption could have been violated owing to fluke 

distinctiveness bias. However, we showed evidence that the effect of this is minimal. The 

second assumption is that each marked animal has the same probability of surviving a 

given interval between two sampling occasions (Seber 1982).We believe that this 

assumption is satisfied since humpback whales have a long life expectancy relative to 

survey intervals (Gabriele et al. 2010) and since calves, which are known to have lower 

survival (Gabriele et al. 2001), were excluded from the analysis. The third assumption is 

that marks are not lost and that all marks are reported (Seber 1982). By eliminating poor
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quality photos, we made a considerable attempt to control for this, and thus believe that 

this assumption was sufficiently satisfied. Lastly, the fourth assumption is that sampling 

occurred instantaneously, relative to the interval between sampling occasions. Our 

samples were pooled by survey season which was May-September, and the sampling 

interval was defined as a calendar year, representing a violation to this assumption. 

Because it is often unrealistic to have extremely short sampling sessions, particularly 

with widespread population such as humpback whales, this violation is commonly 

violated. A violation of this assumption generally affects the survival probability 

estimates and has a greater effect in studies of shorter-lived species (Lindberg and 

Rexstad 2002). Because humpback whales are extremely long-lived (Gabriele et al.

2010), we feel that the effects of this violation are minimal, and that our survey intervals 

are sufficient.

Sensitivity Analysis: Early Year Photo Quality

Because of the high correlation found in this sensitivity analysis, we concluded 

that the influence of poor quality photos in some early years is negligible in their effect 

on later years in the full time series models. However, it is possible that photos from 

these years are significantly altering the results of the years they are in (1980, 1983, 1984, 

1985, and 1987). In these years, inclusion of poor quality photos may have increased the 

risk of false negative errors, which may have led to an inflation of the population 

estimates. Though, without a way to estimate any direct or proxy measure of false 

negative errors in these years, we cannot measure the magnitude of this effect. Inflated 

estimates in these years would lead to an overall underestimation of ROI in this study. 

This means that our estimate of ROI could be biased low for this reason.
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Sensitivity Analysis: Survival

When survival was fixed to 0.98 in the selected CJS model, abundance estimates 

remained quite similar to the model with estimated survival. The only change was an 

increase in abundance estimates, where the magnitude of this increase became larger with 

time. This is expected because fixing the survival to a higher value forces the model to 

create a higher number of individuals in the population to obtain the same expected 

capture frequencies. Abundance estimates from this model would generate an overall 

larger ROI since estimates in later years are larger than in the model with estimated 

survival. While a 0.98 survival rate is equivalent to the Mizroch et al. (2004) survival 

estimate, fixing the survival parameter prevents us from incorporating emigration in our 

estimate of rate of persistence, i.e., survival.

Comparison to Previous Abundance Estimates

Humpback whales in PWS were estimated at 100 (SE = 20) individuals in 1984 

(Matkin and von Ziegesar 1985). Our CJS abundance estimate from the same year was 

lower, at 78.8 (95% CI= 58.4-116.2), although the confidence intervals for these 

estimates are overlapping. The difference in these estimates is most likely due to the fact 

that photo quality was not considered in the previous study, and the inclusion of poor 

quality photos leads to inflated population estimates.

We estimated humpback whale abundance at 128 (95% CI = 98- 173) and 191 

(95% CI = 156- 243), for the summer of 2008 and 2009, respectively, while an 

independent study estimated 135 (SE = 12) humpback whales in the 2008-09 winter 

season (Rice et al. 2011). It is important to note that these abundance estimates are not 

directly comparable since our data are from the summer and only from western PWS, 

while their data were collected in the winter and represent sound-wide observations. We 

would expect abundance to drop substantially in winter months as the vast majority of
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humpback whales are thought to spend winter months in the tropical breeding grounds 

(Darling and McSweeney 1985; Johnson and Wolman 1984). So, despite the difference in 

spatial coverage, it is somewhat surprising that estimates from both studies are of similar 

magnitude given the seasonal differences. This suggests that a large portion of summer 

whales are staying late into the winter season, and is supported anecdotally by sightings 

of individuals seen in both summer and into fall and winter (Moran 2011, pers. comm.). 

One theory is that these late-season humpback whales are staying in PWS to capitalize on 

the local winter herring stocks (Rice et al. 2011).

Model Performance

In our analysis of this humpback whale dataset of exceptionally long time-frame, 

various limitations in model estimation where discovered. First, we were unsuccessful in 

estimating time-dependent survival, $, in either the CJS or Pradel models due to a high 

portion of the parameters converging on the boundary of 0.00 or 1.00 rather than 

producing realistic estimates. This is likely due to the particularly long life span of 

humpback whales. Because humpback whales are living so much longer than the time 

period between sampling intervals, the model is not able to estimate fine-scale estimates 

of $ during these times. Since we have no biological reason to believe that humpback 

whale survival would be changing throughout our time series, we did not attempt other 

methods, such as blocking, to detect this and instead used the model with constant $. 

Further, estimation of probability of capture, p, was sometimes difficult for years with 

limited data (i.e., less sightings). In these years, it was common forp  to converge at the 

boundary of 0.00. This was resolved by setting these parameters equal to the next closest 

parameter, therefore pooling the data for these years and producing equal estimates of p  

for those years. While this method was necessary for various models created, it was not 

necessary in the selected CJS model, $(.), p (t) and was used for only once (year 1978 was 

set equal to year 1979) in the selected Pradel model. Further, we found the estimation of 

relative abundance, X, to be particularly sensitive to small amounts of data. In models
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with time-dependent X, the estimates of variability for X were particularly large. Blocking 

worked to reduce the variability in these estimates by pooling data for these years, but 

came at the cost of losing annual scale detail in the population changes.

After managing the specific problematic parameters, these long-term data were 

successfully described by realistic parameter estimates. Therefore, we feel that both the 

CJS and Pradel models are appropriate options for analyzing long-term humpback whale 

datasets. Further, we believe the CJS model in particular to be the more practical model 

option for analyses as it offers the option to acquire absolute abundance estimates and 

reasonable estimates of variability for the parameters.

1.5.4. Discovery Curve

Sightings of new individuals were seen in each year. In a closed population, 

sightings of new individuals would decrease over time as all individuals are discovered. 

However, in this open population, we see that the discovery of new individuals persists 

through the time series. Particularly, in the last year of the time series, 2009, we see an 

exceptionally high number of new sightings; this is likely indicative of immigration into 

western PWS in this year. The number of cumulative unique identifications far exceeds 

our estimates of abundance for each year due to the occurrence of individuals with low or 

single sightings.

1.5.5 Rate of Increase

As previously mentioned, the SPLASH study generated estimates of abundance 

for humpback whales in the North Pacific Basin (Calambokidis et al. 2008). These 

estimates are biologically feasible given they are below the maximum theoretical ROI 

estimate of 11.8% (Zerbini et al. 2010). Given the earlier estimates of humpback whale 

abundance in the North Pacific, the population has been recovering at a rate of 5-7%



annually in order to reach current North Pacific population estimates. In PWS, we found 

slightly lower ROIs with 4.46% (95% CI = 2.97-5.94%) in the CJS model and 4.59% 

(95% CI = 3.88-5.30%) in the Pradel model. The 95% CI of each ROI estimate is a 

overlapping with the lower end of the SPLASH ROI estimate (4.9%). The lower end of 

the SPLASH ROI estimate was found using more recent data, 1993-2006; since these 

years are overlapping with our time series, it make sense that our estimate would align 

closer with the lower end of their estimate. The upper end (6.8%), on the other hand, uses 

data spanning back to 1966 - over a decade before the start of our time series. Further, 

estimates of ROI from SPLASH are generally higher for the western Pacific regions, and 

between 5.5% and 6.0% when assessing the population without considering the western 

Pacific (Calambokidis et al. 2008). Therefore, we conclude that our CJS results are 

consistent with the broader trends of humpback whale recovery seen for the North 

Pacific, and the slightly lower Pradel estimates are comparable. This indicates that, like 

the North Pacific population, the western PWS population has been rapidly recovering 

from past over-exploitation and may be reaching levels at or even exceeding those before 

commercial exploitation.

1.6 Conclusions

In this study, we analyzed a historic dataset of remarkable length, 1978-2009, and 

created the first time series of humpback whale abundance for western PWS. Our 

analysis using count per effort techniques was unsuccessful due to complications in the 

field methods used to collect this data. However, using mark-recapture analyses we were 

able to generate reasonable estimates of both absolute and relative abundances, and 

results from each of these model types were highly correlated. From these abundance 

estimates, we learned that humpback whales in western PWS are increasing in abundance 

and are apparently recovering from the past over-exploitation from whaling (ROI= 4.15

4.59%). Our estimated rates of this recovery, described as ROI, are comparable to rates 

estimated for the North Pacific Basin and represent a rapid increase in abundance of this
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large cetacean specific to the PWS region. The causes of deviations from the overall 

increasing trend are unknown; however, we speculate that these could be driven by prey 

availability in this area. The ecological impacts, particularly in the form of predation by 

this rapidly increasing predator are still unknown; though, we suspect that they are 

substantial. The relationship between humpback whale abundance and their prey, namely 

Pacific herring, will be investigated further in a future study.

1.7 Future Studies

We recommend that future studies analyze the occurrence of long-term area use 

and temporary immigration and emigration by individual humpback whales in PWS and 

also investigate the drivers causing these population changes. Also, we are interested in 

assessing the ecological role that humpback whales may play in Pacific herring 

fluctuations to better understand if these large marine predators are a factor working 

against the recover of Pacific herring in PWS. To do this we will use the results from this 

study to analyze the effect that humpback whales have on Pacific herring relative to other 

influences such as fishing and disease in PWS.
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1.10 Tables

Table 1.1: Summary of Data. Days, nautical miles (nm), and hours spent on effort in 

western Prince William Sound by year. An asterisk indicates that the effort measure is 

unavailable for >10% of the surveys. This table also shows total whales counted 

throughout the survey season (Count), number of whales photo identified (Whales ID’ed)

and new whales identified (New IDs) each year.

Year Days nm Hours Count Whales
ID'ed

New
IDs

1978 11 N/A N/A 18 12 12
1979 8 N/A N/A 23 16 13
1980 36 N/A N/A 181 26 1
1981 - - - - - -
1982 - - - - - -
1983 29 N/A N/A 93 36 17
1984 135 6124 N/A 78 38 18
1985 65 2404 165 39 15 4
1986 55 2527 223 55 27 7
1987 29 1111 154 59 12 1
1988 73 2331 286 200 40 15
1989 215 8738 718 340 60 24
1990 252 10585 1172 595 70 19
1991 187 8451 670 252 63 14
1992 134 5665 684 316 86 26
1993 72 3019 56* 82 46 13
1994 83 3413 136* 189 62 12
1995 125 5976 123* 132 49 10
1996 92 4158 111* 298 69 21
1997 126 5722 194* 262 83 27
1998 98 4451 159* 157 63 11
1999 98 4514 120* 121 39 8
2000 83 4001 195* 188 59 10
2001 87 4272 149* 197 79 11
2002 107 5226 162 186 73 15
2003 79 3722* 67* 94 41 6
2004 142 7785 61* 122 51 5
2005 112 4686* 81* 391 73 6
2006 61 2696* 58* 148 58 4
2007 71 4013* 42* 180 67 16
2008 54 814* 15* 176 56 8
2009 64 473* 74* 218 104 36

a No sampling occurred in 1981-82.
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Table 1.2: CJS Model Summary. Summary of Cormack-Jolly-Seber model fits, 

analyzing sighting histories from 1978-2009, based on survival (0), and probability of 

capture (p). The number of parameters (K), the corrected Akaike Information Criterion 

(AICc), and the difference in AICc compared to the best fit model (A AICc) are found for

each model described in this table.

Cormack-Jolly-Seber Model K AICc A AICc

0O  p (t) 30 4026.0 -

0 0  p (t,FD) 31 4026.5 0.5

0 0  p (eff) 3 4057.4 31.4

0(.) p (FD) 3 4070.8 44.8

0 ( )  p ( ) 2 4071.1 45.1

Table 1.3: CJS Parameter Estimates. Estimates and corresponding standard error (SE), 

and confidence intervals (LCI= lower confidence interval, UCI= upper confidence

interval) for each parameter in the selected CJS model, 0(.), p(t).

Parameter Estimate SE LCI UCI
0 1979 - 2009 0.94 0.0052 0.93 0.95
p  1979 0.23 0.14 0.058 0.60
p  1980 0.49 0.12 0.28 0.71
p  1983 0.53 0.092 0.36 0.70
p  1984 0.43 0.076 0.29 0.58
p  1985 0.20 0.054 0.11 0.32
p  1986 0.34 0.064 0.22 0.47
p  1987 0.18 0.050 0.10 0.30
p  1988 0.28 0.059 0.18 0.40
p  1989 0.46 0.063 0.34 0.58
p  1990 0.49 0.057 0.38 0.60
p  1991 0.52 0.055 0.41 0.62
p  1992 0.56 0.054 0.46 0.67
p  1993 0.27 0.044 0.19 0.36
p  1994 0.44 0.051 0.35 0.54
p  1995 0.33 0.047 0.24 0.42
p  1996 0.38 0.048 0.29 0.48
p  1997 0.41 0.046 0.32 0.50
p  1998 0.36 0.044 0.28 0.45
p  1999 0.23 0.039 0.16 0.31
p  2000 0.39 0.046 0.31 0.48
p  2001 0.47 0.048 0.38 0.56
p  2002 0.40 0.046 0.32 0.50
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Table 1.3 Continued...

p  2003 0.26 0.041 0.19 0.35
p  2004 0.30 0.044 0.22 0.39
p  2005 0.50 0.050 0.40 0.60
p  2006 0.46 0.051 0.37 0.56
p  2007 0.38 0.050 0.29 0.48
p  2008 0.31 0.046 0.23 0.41
p  2009 0.47 0.053 0.37 0.57

Table 1.4: Pradel Model Summary. Summary of Pradel model fits, analyzing sighting 

histories from 1978-2009, based on survival (0), probability of capture (p), and relative 

abundance (A). The number of parameters (K), the corrected Akaike Information 

Criterion (AICc), and the difference in AICc compared to the best fit model (A AICc) are

found for each model described in this table.

Pradel Model K AICc A AICc

0O  p (t) A(2yr) 44 6133.2 -

0 0  p (t) A(5yr) 37 6139.1 5.9

0 0  p (t,FD) A(5yr) 38 6142.3 9.1

0 (.) p (t) A(t) 57 6143.4 10.2

0 (.) p (eff) X(t) 30 6172.9 39.7

0 (.) p (t) A(.) 32 6176.1 42.9

0 (.) p ( .) A(t) 29 6186.2 53
0(.) p(FD) A(t) 30 6186.6 53.4

0 (.) p (eff) A(5yr) 9 6206.9 73.7

0 ( )  p (FD) A(5yr) 9 6232.9 99.7

0 (.) p ( )  A(5yr) 8 6233.9 100.7

0 ( )  p (eff) A() 4 6249.1 115.9
0(.) p(FD) A(.) 4 6277.2 144

0(.) p (.) A(.) 3 6278.5 145.3



Table 1.5: Pradel Parameter Estimates. Estimates and corresponding standard error 

(SE), and confidence intervals (LCI= lower confidence interval, UCI= upper confidence 

interval) for each parameter in the selected Pradel model, 0(.), p(t), X(2yr).
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Parameter Estimate SE LCI UCI
0 1979 - 2009 0.94 0.0051 0.93 0.95
p  1978 0.24 0.072 0.13 0.41
p  1979 0.24 0.072 0.13 0.41
p  1980 0.52 0.11 0.32 0.71
p  1983 0.48 0.075 0.34 0.63
p  1984 0.47 0.072 0.34 0.61
p  1985 0.21 0.049 0.13 0.32
p  1986 0.35 0.063 0.24 0.48
p  1987 0.14 0.040 0.076 0.23
p  1988 0.28 0.055 0.18 0.40
p  1989 0.49 0.056 0.38 0.60
p  1990 0.51 0.055 0.40 0.61
p  1991 0.47 0.052 0.37 0.57
p  1992 0.58 0.052 0.47 0.67
p  1993 0.28 0.042 0.21 0.37
p  1994 0.44 0.050 0.35 0.54
p  1995 0.30 0.042 0.23 0.39
p  1996 0.39 0.046 0.30 0.48
p  1997 0.41 0.043 0.33 0.50
p  1998 0.35 0.043 0.27 0.43
p  1999 0.25 0.037 0.18 0.33
p  2000 0.38 0.045 0.30 0.47
p  2001 0.47 0.045 0.38 0.56
p  2002 0.40 0.045 0.32 0.49
p  2003 0.25 0.039 0.19 0.34
p  2004 0.30 0.043 0.22 0.39
p  2005 0.50 0.049 0.40 0.59
p  2006 0.46 0.051 0.36 0.56
p  2007 0.42 0.048 0.33 0.51
p  2008 0.28 0.044 0.21 0.38
p  2009 0.46 0.053 0.36 0.57
X 1979 - 1984 1.09 0.057 0.99 1.21
X 1985 - 1986 1.00 0.067 0.88 1.14
X 1987 - 1988 1.10 0.083 0.95 1.28
X 1989 - 1990 1.05 0.072 0.92 1.20
X 1991 - 1992 1.11 0.049 1.01 1.21
X 1993 - 1994 1.03 0.041 0.95 1.11
X 1995 - 1996 1.13 0.052 1.03 1.23
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Table 1.5 continued...

X 1997 - 1998 1.00
X 1999 - 2000 0.95
X 2001 - 2002 1.02
X 2003 - 2004 0.95
X 2005 - 2006 0.96
X 2007 - 2008 1.09
X 2009 1.35

0.045 0.92 1.10
0.034 0.89 1.02
0.034 0.96 1.09
0.026 0.90 1.00
0.025 0.91 1.01
0.047 1.01 1.19

0.14 1.11 1.65

Table 1.6: Model Correlation Matrix. Correlations matrix comparing the different time

series created. Correlation values that are shown in bold are significant (p< 0.05).

Mark-Recapture Models 

CJS Pradel 
Abundance Abundance 

Estimate Index

Count per 
Effort

Unique 
IDs per 
Effort

CJS Abundance Estimate 1 0 0 0
Pradel Abundance Index 0.939 1 0 0
Count per Effort -0.001 0.096 1 0
Unique IDs per Effort 0.089 0.182 0.623 1
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1.11 Figures

Figure 1.1: Study Area Map. Map of Prince William Sound, Alaska, showing the 

designated study area of western Prince William Sound (circled). Image credit: Google 

Maps.
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Figure 1.2: Effort Measure Correlation. Nautical miles traveled (blue diamonds) in 

years where this was wholly available, and survey days on the water (black triangles) 

over the time series.
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Figure 1.3: Count per Effort-Day Time Series. Average humpback whale count per 

day of effort for each year; all whales seen and recorded were included in the count, 

regardless of if the whale was photographically identified.
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Figure 1.4: Unique IDs per Effort-Day Time Series. Number of unique individuals 

identified each year divided by the number of effort days for each year in Prince William 

Sound.
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Figure 1.5: Effect of Fluke Distinctiveness on Sightings. The number of sightings of 

each individual shown in purple diamonds plotted by fluke distinctiveness index value.
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Effort Days

Figure 1.6: CJS Probability of Capture Estimates versus Effort Days. Estimates of 

probability of capture, p, from the selected Cormack-Jolly-Seber model versus the 

number of effort days. Error bars indicate a 95% confidence interval.

CM CM CM CM CM
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Figure 1.7: CJS Absolute Abundance Time Series. Abundance estimates from the 

selected Cormack-Jolly-Seber model (blue squares) by year. The number of unique 

individuals for each year is shown in yellow diamonds. No data were available for 1981 

or 1982. Error bars indicate the 95% confidence intervals.
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Effort Days

Figure 1.8: Pradel Probability of Capture Estimates versus Effort Days. Estimates of 

probability of capture, p, from the selected Pradel model versus the number of effort 

days. Error bars indicate a 95% confidence interval.
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Figure 1.9: Pradel Relative Abundance Time Series. Relative abundance index 

calculated from the parameter estimates of the selected Pradel model (green triangles). 

The number of unique individuals per year (which can be assumed to be the minimum 

number of individuals) is shown in yellow diamonds. No data were available for 1981 

and 1982. Error bars indicate 95% confidence interval.
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Figure 1.10: Sensitivity Analysis: Early Year Photo Quality. Abundance of humpback 

whales in PWS from Cormack-Jolly-Seber models using all available data, 1978-2009 

(blue squares), or using only 1988-2009 data (green diamonds). The green diamonds are 

offset to make them separate from the blue squares. No data were available for 1981 and 

1982.
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Figure 1.11: Sensitivity Analysis: Survival. Abundance of humpback whales in Prince 

William Sound from Cormack-Jolly-Seber models where survival is estimated (blue 

squares) and where survival is fixed to 0.98 (orange diamonds). The orange diamonds are 

offset to make them separate from the blue squares. Polynomial trend lines for both 

model results are displayed on the graph; the blue solid line shows the trend for the model 

with estimated survival and the orange dashed line shows the trend for the model with 

fixed survival.
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Figure 1.12: Count per Effort versus CJS Abundance. Comparison of time series 

using abundance estimates from humpback whale count per effort time series (orange 

diamonds) and the Cormack-Jolly-Seber time series (blue squares).

Figure 1.13: CJS Absolute Abundance versus Pradel Relative Abundance.

Comparison of the results from Cormack-Jolly-Seber (blue squares) and Pradel (green 

triangles) mark-recapture modeling approaches.
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Figure 1.14: Discovery Curve. The cumulative number of identified individuals over the 

time series (orange bars) to indicate changes in the number of new sightings over time 

shown with the amount of effort in surveys days (black diamonds and line).
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Figure 1.15: Rate of Increase. Rate of Increase (ROI) for both modeling approaches. 

The Cormack-Jolly-Seber model ROI is shown as a blue square and the Pradel model 

ROI is shown as a green triangle. Error bars indicate the 95% confidence intervals. The 

purple dashed line is the theoretical maximum biological growth rate (11.8%) estimated 

by Zerbini et al. (2010), and the orange band indicates the estimated annual growth rate 

for the North Pacific Basin (5-7%) from the SPLASH study (Calambokidis et al. 2008).
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1.12 Appendices

Appendix A: Criteria for Photo Quality Ranking. Examples of each ranking for the 

six photo quality categories can be found below. Ranking values from each of these 

categories were summed to produce a photo quality index for each photo.

Contrast/Exposure Flukes Angle

1: Black and white contrasts 
appear sharp____________

1: Essentially perpendicular to 
water

2: Markings and edges not as clear, 
but still visible

2: mildly angled; trailing edge still 
visible

3: Some markings may be lost or 
indistinguishable____________

3: Angled; information from trailing 
edge essentially lost____________
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Camera Angle Proportion Visible

1: Essentially parallel 1: 75-100% of flukes

r

2: Mild angle; marking still 
decipherable___________

2: 50-75% of flukes

j

3: Information skewed and 
stretched

3: Less than 50% of flukes
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Clarity/Focus Overall

1: Crisp and still
1 : All matching information is 
captured clearly___________

2: Slightly blurred; can still make 
out markings_______________

2: Small amount of information for 
matching may be lost__________

3: Blurred; identification of 
markings is compromised

3: Much of the information for 
matching is lost
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Appendix B: Ranking Criteria for Fluke Distinctiveness Index. Examples of each 

ranking for the four fluke distinctiveness categories can be found below. Ranking values 

from each of these categories were summed to produce a fluke distinctiveness index for 

each cataloged individual.

Pattern Trailing Edge

1: Has obvious markings 1 : Has an obvious feature

2: Has mild, but clear markings 2: Has mild peaks and scoops

3: Has little to no markings 3: Is nearly smooth
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Coloration Overall Distinctiveness

1: More than 50% white
1: Identifiable even if photo is 
photo was poor in quality

2: Between 10-50% white
2: May be difficult to match if 
photo was poor in quality

3: Less than 10% white
3: Would be unable to match if 
photo was poor in quality____
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CHAPTER 2

The ecological importance of humpback whale predation on herring biomass 

in Prince William Sound as determined by model covariation^

2.1 Abstract

Humpback whales (M egaptera novaeangliae) routinely eat Pacific herring 

(C lupeapallasi) along with other prey. However, herring assessment in Prince William 

Sound (PWS) did not explicitly consider this source of natural mortality, because 

heretofore, no data on historic humpback whale abundance were available. In this study, 

recently-developed humpback whale abundance estimates from 1980-2010 were 

successfully incorporated into the age-structured assessment model of PWS herring. 

Within the model, herring mortality was altered to include a component with humpback 

whale abundance as a covariate. Humpback whale abundance was useful in explaining 

variation in the mortality of older age classes (ages 5+) of herring biomass; however, 

there was no relationship for younger age classes (ages 3-4). It is unknown if this is a 

result of prey selection by humpback whales or if it is an artifact of confounding with 

other parameters in the model. Our model results indicate that modern day abundances of 

humpback whales can account for as much as 30% of herring mortality in age classes 5+ 

in PWS. This is a magnitude comparable to past fisheries, disease outbreaks, and the sum 

of all other natural mortality sources. However, results from a retrospective analysis 

indicate that humpback whale predation on adult herring is not primarily responsible for 

suppressing the recovery of herring, but that recent poor recruitment plays a much larger 

role in determining current herring biomass levels in PWS.

t Teerlink, S.F., and T.J. Quinn II. The ecological importance of humpback whale predation on herring 

biomass in Prince William Sound as determined by model covariation. Prepared for the Canadian Journal 
of Fisheries and Aquatic Sciences
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2.2 Introduction

In Prince William Sound (PWS), Pacific herring (C lupeapallasi; hereafter 

herring) are an important component in the diet of many species, including a variety of 

fishes, seabirds, and marine mammals (Iverson et al. 1997; Bishop and Green 2001; 

Thomas and Thorne 2001; Thomas and Thorne 2003), and further, they have historically 

been economically important as the target of lucrative fisheries (Thomas and Thorne 

2003). Herring biomass in PWS is monitored by the Alaska Department of Fish and 

Game (ADF&G) through annual surveys. Age-specific abundance is used in concert with 

known quantities of fishing mortality (catch totals) and estimates of natural mortality in 

an age-structured assessment (ASA) model (Marty et al. 2003; Hulson et al. 2008). The 

model is used to predict future age-structured biomass and recruitment as well as to 

estimate specific factors driving annual mortality in herring (Marty et al. 2010). This 

model will be referred to as the PWS ASA model.

Herring stocks in PWS crashed in 1993 (Fig. 2.1) due to several hypothesized 

factors, including: (1) disruption to recruitment caused by the 1989 Exxon Valdez oil 

spill, (2) overexploitation by the commercial fishery, and (3) elevated occurrences of 

disease. Laboratory experiments have shown that larval herring exposed to levels of 

crude oil comparable to those produced by the Exxon Valdez oil spill suffered from 

malformations, stunted sizes, premature hatching, and inhibited swimming, thus leading 

to higher than normal mortality rates for these early life stages (Brown et al. 1996; Carls 

et al. 2002). Based on these laboratory results and oil extent, it was estimated that 23

32% of herring embryos in PWS in 1989 were damaged as a result of the oil spill. 

Overexploitation by the commercial fishery in some years has also been cited as a source 

contributing to the herring crash. One retrospective analysis determined that herring 

biomass estimates were inaccurately high in some years, leading to inflated harvest 

recommendations and overfishing in 1991 and 1992, which could have driven biomass 

below sustainable levels (Thomas and Thorne 2003). In another study, evidence of



66

elevated occurrence of disease in herring was found to correlate with herring mortality 

events, particularly in 1994 and 1999 (Marty et al. 2003, 2010). In this study, the 

prevalence of two diseases, viral hemorrhagic septicemia virus (VHSV) and 

Ichthyophonus hoferi were studied in herring and evaluated in relation to herring biomass 

estimates from 1994-2000 by updating the PWS ASA model to include disease indices as 

covariates to herring mortality. It was found that VHSV was correlated with juvenile 

mortality and I. hoferi was related to adult herring mortality and that the inclusion of 

these two disease indices helped to improve the fit of the model (Marty et al. 2003). With 

additional data through 2006, it appears that I. hoferi affects mortality at all ages and that 

poor recruitment has not been a factor in population recovery (Marty et al. 2010).

Following the crash of the PWS herring fishery, managers acted by suspending 

commercial harvest in 1993. Closure of the commercial herring fishery in PWS has 

continued to the present with the exception of two relatively small openings in 1997 and 

1998. Currently, nearly two decades after the initial population crash and well over one 

decade since the complete closure of the herring fishery, the Exxon Valdez Oil Spill 

Trustee Council (EVOS TC) continues to classify PWS herring as “not-recovered” (Rice 

and Carls 2006). An investigation into the potential factors preventing the herring stock 

recovery concluded that lingering oil exposure does not play a role in limiting recovery, 

but disease probably does. In addition, they noted that there were insufficient data to 

assess the role of predators in limiting herring stock recovery and proposed that this could 

be a significant factor, recommending that future management and enhancement 

strategies integrate information on predator significance (Rice and Carls 2006).

Humpback whales (M egaptera novaeangliae) are a known predator of herring in 

PWS and may offer a plausible explanation for failed herring recovery. In the North 

Pacific Ocean, humpback whale abundance has been recovering since whaling ended in 

the late 1960s (Calambokidis et al. 2008). In western PWS, humpback whale abundance 

has also been increasing at -4.5%  annually representing a 3.7-4.0-fold increase over the
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last three decades (Fig. 2.2, chapter 1). Given this rapid increase, we would expect that 

the ecological impacts of humpback whale predation may have also been increasing over 

recent decades. To address this assumption in relation to the failed recovery of PWS 

herring, a two-pronged approach was taken with the goal of evaluating the relationship 

between humpback whales and herring in PWS: a field study was undertaken by Rice et 

al. (2011), and in this paper, a modeling approach was employed using a historic dataset 

with estimates of humpback whale abundance (chapter 1). In the field approach, 

estimates of humpback whales in the fall and winter of 2008-2009 were combined with 

bioenergetics models to estimate the amount of herring biomass removed. Biomass 

removals estimated in PWS in the Rice et al. (2011) study were substantial, ranging from 

27-77% in 2007-08 and 11-63% in 2008-09 of the total herring biomass estimated in the 

PWS ASA model. These results support the hypothesis that humpback whale predation 

may be having a significant impact on herring recovery (Rice et al. 2011).

Past predation by humpback whales has never before been analyzed because the 

first time series of humpback whale abundance estimates for PWS was only recently 

constructed (chapter 1). By using this historic data in a retrospective analysis, we attempt 

to fill in the gaps of our understanding of the ecological impact of the recovering 

humpback whale population on the PWS ecosystem over recent decades. We hypothesize 

that increasing humpback whale populations may have intensified the foraging pressure 

on herring stocks, and that this may represent an important and over recent decades 

increasing component suppressing the recovery of PWS herring. To address this 

hypothesis, we adapted the PWS ASA model to include the newly available 30 year 

humpback whale time series as a covariate to herring mortality and we used the updated 

model to assess the relative importance of humpback whales predation in comparison to 

disease and other sources of natural mortality on limiting herring biomass in PWS.
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2.3 Materials and Methods

2.3.1 Study Area

Prince William Sound (PWS) is located in the northern portion of the Gulf of 

Alaska (60° 35’ N, 147° 10’ W), and is comprised of a complex array of island, fjords, 

inlets, and bays (Fig. 2.3).

2.3.2 Humpback Whale Abundance

A time series of humpback whale abundance estimates in western PWS was 

developed using a Cormack-Jolly-Seber mark-recapture model (chapter 1). Here, we 

assumed that relative changes in abundance in western PWS were representative of 

abundance changes for all of PWS. No abundance estimates were available for 1981

1982, so an average of the 1980 and 1983 estimates was used as a substitute for these 

years. Similarly, no estimate was available for 2010, so a predicted abundance from the 

fitted quadratic trend line for this abundance time series was used as proxy abundance for 

this year.

2.3.3 Herring Model

The PWS ASA model, which is based upon observed herring abundances, was 

used to derive estimates of survival that could be used to deduce age-specific mortalities 

and further to understand the mortality contributions broken out by: fishing mortality, 

disease, humpback whales, and other sources of natural mortality. Details of the PWS 

ASA model follow the generic configuration for age-structured assessment models 

described in Quinn and Deriso (1999). There have been several iterations of this model, 

each adding more data inputs as they become available and concurrently bringing the 

model up to date (Quinn et al. 2001; Marty et al. 2003; Deriso et al. 2008; Hulson et al.
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2008; Marty et al. 2010). The model integrates various sources of data, including: purse- 

seine, gillnet, pound, and food and bait fishery catches in addition to age compositions 

determined from the purse-seine fishery, spawning survey data, and hydro-acoustic 

surveys in years where they were available. Using these inputs, least squares estimation is 

used to obtain parameter estimates for age 3 recruitment, abundance-at-age, age 3 and 

age 4 maturity, and survival rates. Biomass-at-age is then estimated using observed 

weight-at-age data and abundance at age a  and time t ( Na t ), which is found using eq.

(2.1), where C represents the various fishery catches and S ]'2 is the half-year survival at 

time t:

Na+U+1 = KN a,t -  C puiseseine -  C gillnet -  C pound)' -  C food/baitJ' S t+12 . ( 2 . 1 )

For more details on the model structure, see Marty et al. (2010). Annual survival 

(St) is derived from natural mortality (Mt) using:

-  M
S1'2 = e x p ( ). (2.2)

In the original PWS ASA model, Mt was not estimated and was set to M0=0.25. 

Starting with Quinn et al. (2001), a covariate for disease was introduced and added to Mo 

to obtain time-dependent natural morality and survival. However, the PWS ASA model 

was adapted by Marty et al. (2003) to include two additional parameter estimates that are 

made to describe mortality from VHSV and I. hoferi diseases. Here, a scaling parameter 

for VHSV is estimated and applied to mortality in herring ages 3-4 and a separate scaling 

parameter is estimated for I. hoferi and applied to mortality in herring ages 5+. These 

parameters will be called pD-v and pD-I, respectively. The mortality contribution from 

these diseases is described below (eqs. 2.3 and 2.4), where I D_F t and I D_71 are the

respective disease indices in year t:
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M D -V  ,a ,t (2.3)

M D - I  ,a ,t (2.4)

For this analysis, we utilized the PWS ASA model with data through 2010 and 

adapted it to accommodate an index of humpback whale abundance estimates as a 

covariate in a similar approach as was used to integrate the disease parameters. A scaling 

parameter describing the contribution to herring mortality by each humpback whale was

Total mortality, Ma,t, for each herring age class a  at time t was then found by 

Equation 2.6, and assumes that mortality by each of these sources is mutually exclusive.

In our attempt to integrate humpback whale abundance into the PWS ASA model, 

various scenarios were considered (Table 2.1). The base model (model 0) was the model 

without humpback whale information. Then, models with multiple fiHW parameters were 

employed to allow herring mortality to be estimated independently for different age 

classes or different groups of age classes. Models with constraints were considered to 

obtain more realistic parameter estimates. Further, models with and without disease 

information were considered to see if parameter stability was affected. In models where 

disease covariates are included, disease indices are available from mid-year 1992 through

added and estimated in the model, $HW. Thus, the mortality induced by whale predation is 

explained by eq. (2.5), where I ^  t is the humpback whale abundance in year t:

(2.5)

(2.6)



2010. In models where constraints were added, fiHW was constrained to be greater than 0 

and less than 0.00157. The lower constraint of 0 was chosen because mortalities are 

positive by definition, and the upper constraint of 0.00157 was chosen because this is the 

value that equates to 30% of herring mortality in the year with the highest humpback 

whale abundance (2009). This cutoff is arbitrary and represents a value that we believe to 

be a plausible maximum humpback whale contribution to herring mortality; however, we 

have no direct way to validate this assumption.

Since humpback whale predation would ordinarily fall within the estimate of the 

natural baseline mortality term (Mo), the value of M 0 was reduced to compensate for 

humpback whale predation being segregated. To determine the most appropriate updated 

value for M 0, we tested each model using a suite of equal and lesser M0 values (0.25,

0.24, 0.22, 0.20, 0.18, 0.16, 0.14, 0.12, and 0.10) by fitting the PWS ASA model with 

each variant of M 0 for each model type. We did not attempt to estimate M0 directly as this 

caused confounding in the parameters. The best M 0 was selected for each model type 

based on the resulting weighted residual sum of squares (RSS) value of the overall 

model. In cases where pHW estimates reached the constraint, M 0 values lower than the 

point of the constrained pHW were not considered since this would force the model to 

compensate for reduced M 0 values in other unintentional ways, such as by altering 

estimates of recruitment or biomass. Akaike Information Criterion corrected for small 

samples sizes (AICc) was calculated for each model using the chosen M0 values (eqs. 2.7

2.11). The AICc values from each model were then compared to select a ‘best model’ 

using the guidelines from Burnham and Anderson (2002): the model with the lowest 

AICc value is considered “best” and other models are presented in terms of the 

difference, AAICc from the best model. Any model with AAICc < 2 has “ .. .no credible 

evidence that the model should be ruled out”. Models with AAICc of 2-4 offer “weak 

evidence of not being the best model”, models with AAICc of 4-7 offer “definite 

evidence”, AAICc of 7-10 offer “strong evidence”, and AAICc > 10 offer “very strong 

evidence of not being the best model”.

71



72

(2.7)

where <x,2 (2.8, 2.9)

AIC = - 2  • ln L + 2 p (2.10)

AICc = AIC + 2 • p  • (p  + 1) 

(n -  p  - 1)
(2.11)

The selected model was compared to the current PWS ASA model with no 

humpback whale covariates, here after called the “original model”, by analyzing changes 

in biomass and recruitment estimates, and changes in mortality contribution. Using the 

selected model, the magnitude of herring removals by humpback whales was calculated 

using the proportion of humpback whale contribution to herring mortality from all 

herring mortality and the relationship between survival and abundance in eq. (2.1). The 

resulting age-structured abundances were then converted to total biomass using the 

observed weight-at-age data from the PWS ASA model.

Bootstrap Confidence Intervals

A bootstrap procedure using 1000 replications was employed to generate 95% 

confidence intervals of the Pew's and other parameters of interest for the selected model 

as in Quinn et al. (2001). Here, a multinomial distribution was used for age composition 

data, and residuals were re-sampled with replacement and applied to the original estimate 

for bootstrap data (survey biomass, egg production, and mile-days of milt, hydro-
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acoustic, Hulson et al. 2008). The percentile method of generating 95% confidence 

interval was then applied to the bootstrap fiHW values and the biomass estimates to 

describe their uncertainty.

Retrospective Analyses

The selected model was then used to address some hypothetical questions in a 

retrospective analysis. Here, we simulated the following hypothetical scenarios and 

analyzed their impact on the estimates of herring biomass:

A. What if there were no humpback whales in PWS? (humpback whale abundance = 

0 in all years)

B. What if humpback whales had not recovered from past over-exploitation? 

(humpback whale abundance = 1980 estimate of 53 individuals)

C. What if there had been no disease outbreaks?

D. What if there had been no disease outbreaks and no humpback whales?

E. What if there had been no disease outbreaks after 1994?

F. What if there had been no disease outbreaks after 1994 and no humpback whales?

2.4 Results

2.4.1 Model Selection

Initial modeling attempts indicated the need to constrain specific estimates of fiHW. 

Model 1 (constant fiHW across ages, no constraints, fiD covariates) produced negative 

parameter estimates for all M0 values, and model 4 (separate fiHw s for ages 3-4 and ages 

5+, no constraints, fiD covariates) produced negative parameter estimates for ages 3-4 and 

positive parameter estimates for ages 5+ for all M 0 values. The negative values are not 

realistic, and therefore these models were not considered.
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Further, there was insufficient data to apply individual pHW values for each age 

class of herring in the model. Estimates from models 7-9 (separate pHW’s for each age) 

could not be repeated by re-running the models owing to the existence of local minima 

that confuses the model parameter convergence process. This is likely a result of too 

sparse of data for this level of detail in estimation, and means that it is not possible to 

estimate separate pHW parameters for each age class given the available data.

The remaining models (2,3,5, and 6) converged and produced realistic parameter 

estimates (Table 2.2). In model 2 (single pHW for all ages, constraints, pD covariates), the 

lower pHW constraint was met in all tested M 0 values. Because of this, M0 = 0.25 was 

chosen for this model. In model 3 (single pHW for all ages, constraints, no pD covariates), 

the upper pHW constraint was met with values of M0 < 0.16, therefore M0 = 0.16 was 

chosen for this model. In model 5 (separate pHW’s for ages 3-4 and ages 5+, constraints, 

pD covariates), the pHW for herring ages 3-4 did not meet the lower constraint, but was 

estimated at nearly zero and the herring ages 5+ pHW met the constraint at M0 < 0.18. 

Therefore, M0 = 0.18 was chosen for this model. In model 6 (separate pHws for ages 3-4 

and ages 5+, constraints, no pD covariates), the lower constraint was met for pHW for 

herring ages 3-4 and the upper constraint was met for pHW for herring ages 5+ for all M 0 

values tested. Therefore, as in model 2, M 0 = 0.25 was chosen for this model. Figure 2.4 

shows an example of the relationship between the weighted RSS and the values for each 

pHW using model 5.

The chosen M 0 value for each model is summarized with the corresponding AICc 

value in Table 2.3. Here, model 5 is shown to have the best fit of the tested models in 

terms of smallest weighted RSS. This model shows no evidence of having better or worse 

fit than the original model (model 0), with a AAICc = 0.36. Model 2 shows only ‘weak 

evidence’ of being a worse fit than the original model (AAICc = 3.52). Models 3 and 6 

(the models that exclude pD covariates), have AAICc equal to 60.18 and 48.43,
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respectively, giving us high confidence that they are not improved models to the original 

model. This indicates that while both fiHW and fiD parameters are describing mortality and 

therefore present opportunity for confounding, that for models that include fiHW 

parameters, fiD is still important in improving the model fit and consequently, needs to be 

included. Given these results, model 5 withM0 = 0.18 (separate fiHw s for ages 3-4 and 

ages 5+, constraints, fiD covariates) was selected as the best model for this analysis, and 

will here on be referred to as the ‘updated model’. The updated model has fiHW for herring 

ages 3-4 estimated near the lower constraint of zero (this value did not reach the lower 

constraint, but came very close to it), and fiHW for herring ages 5+ at the upper constraint.

2.4.2 Analysis of Updated Model

In the updated model, we found that the addition of humpback whale covariates to 

herring mortality had very little effect on the annual estimates of herring biomass, with 

annual changes in the updated model ranging from -4% to +5% from the original model 

(Fig. 2.5). Similarly, there was very little impact on the estimates of age 3 recruitment 

incurred by including humpback whale covariates and all changes displayed a lower 

recruitment estimate (0 to 19%) in the updated model (Fig. 2.6). This verifies that the 

model did not simply respond to the addition of humpback whale presence by changing 

the abundance and recruitment parameters, but instead that the model shifted the 

allocation of mortality, as was our intention.

As expected, the estimates of disease contribution to mortality were altered with 

the addition of humpback whale covariates. In the updated model, mortality contribution 

by disease changed slightly for ages 3-4 where humpback whale contribution was 

estimated at nearly zero, and decreased in ages 5+ where humpback whale contribution 

was important (Fig. 2.7). In herring ages 5+, even with the substantial reduction in M 0 

from 0.25 to 0.18 and a further mortality decrease from the reduced disease contribution, 

the total mortality still increased slightly as a result of humpback whale contribution to
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mortality (Fig. 2.8). Of the sources of herring mortality, humpback whale contribution is 

comparable to the impact of recent disease outbreaks and M0 after 1991 (Fig. 2.9). The 

percentage of ages 5+ herring biomass removals by humpback whales is graphed in 

Figure 2.10.

2.4.3 Bootstrap Confidence Intervals

Estimates of variability, generated from a bootstrap procedure, were reasonable 

given the parameter estimate values. The estimates and corresponding bootstrap 95% 

confidence intervals for each pHW and pD parameter is found in Table 2.4. The lower 

confidence interval of pHW for ages 3-4 is bound by the lower constraint, and the upper 

confidence interval of pHW for ages 5+ (as well as the parameter value itself) is bound by 

the upper constraint. Figure 2.11 shows the 95% confidence intervals for mortality in 

total and humpback whale contribution to mortality broken out by herring age groups, 3-4 

and 5+. For herring ages 3-4, where the estimate was very close to the lower constraint, 

we do not see a lower bound on the confidence intervals since the constraint prevents 

estimation less than zero. Similarly, for herring ages 5+, where the parameter met the 

upper constraint, we do not see an upper bound on the confidence interval. For the 

biomass, our estimates of uncertainty (also generated from the bootstrap procedure) are 

greater for earlier years, when biomass was higher and are reduced in later years, when 

biomass is low (Fig. 2.12).

2.4.4 Retrospective Analyses

There was little change in herring biomass within the updated model when “what 

if” scenarios A and B were tested (humpback whales are removed altogether or 

abundance is set equal to the 1980 estimate for all years; Fig. 2.13). When disease 

mortality was removed completely (C and D), the 1993 crash was no longer observed, 

although biomass still declined to currently estimated levels. In scenario E, where there
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was no disease after 1994 (no disease after the crash), we see the sharp decline in 1993.

In scenario F (E with no humpback whales) the results are the same as for scenario E, 

only with a slightly higher biomass throughout the time series (Fig.2.14).

2.5 Discussion

The PWS ASA model for herring biomass was successfully altered to include 

estimated humpback whale abundance as a covariate to herring mortality. Estimates of 

humpback whale abundance were taken from a long-term survey of western PWS, and 

we assumed that the relative population changes of humpback whales in western PWS 

are representative of the humpback whale population throughout the entirety of PWS. 

While there is no way to verify this, we believe it to be a reasonable assumption since we 

have no evidence to suggest humpback whale populations would increase at different 

rates throughout the relatively small geographic region of PWS. Further, the population 

growth rates found (Chapter 1) are comparable to those from other studies, suggesting 

that these growth rates are fairly consistent throughout the North Pacific Basin (Chapter 

1).

2.5.1 Model Selection

The model selected for this analysis indicates that humpback whales are having a 

substantial impact on herring mortality in older fish only. The updated model has separate 

PHw s for ages 3-4 and ages 5+, and includes pHW parameter constraints andpD covariates 

and M0= 0.18. This model estimates mortality contribution by humpback whales in 

herring of ages 3-4 at nearly zero, meaning that there was essentially no relationship 

between humpback abundance and age 3-4 herring mortality. This indicates that mortality 

for these age classes is better explained by disease and M 0. However, the estimate of pHW 

for ages 5+ indicated a substantial relationship between humpback whale abundance and 

herring mortality in these age classes. For these age classes, our results are consistent
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with Rice et al. (2011) that also estimate a substantial impact through humpback whale 

predation for this area. While our results would appear to suggest that there is a 

difference in herring vulnerability to humpback prevalence by age class, the failure to 

estimate consistent results from models 7-9 (separatePew's for each age) makes it 

impossible to employ a separate estimation for each age class and therefore the blocked 

age groups is the best resolution possible for this analysis.

2.5.2 Analysis of Updated Model

The updated model has only minimal changes in the estimates of biomass. 

Similarly, the estimates of age 3 recruitment in the updated model were relatively small 

and showed reduction only. This result is intuitive due to the reduction in M 0 in the 

updated model. By having a lower baseline mortality removal, the model estimates lower 

recruitment (if any change) since it no longer needs to generate as much biomass to be 

removed by M0. The minimal changes in biomass and recruitment estimates, in 

combination with the minimal changes to total mortality indicate that the addition of 

humpback whales in the model worked to re-arrange the allocation of mortality sources 

and simply did not estimate higher biomasses or recruitments of herring to be removed by 

humpback whales. In terms of mortality, we saw changes in the estimates of disease 

contribution in addition to the obvious change from M0 = 0.25 to M0 = 0.18. Here, the 

disease mortality estimated for ages 3-4 (VHSV) increased in the updated model. This 

result is intuitive since humpback contribution for the same herring age classes was 0, yet 

the M0 was reduced uniformly. In contrast, the estimate of disease contribution for ages 

5+ (I. hoferi) decreased indicating that some of the mortality that originally was thought 

to be explained by disease in ages 5+ is actually better explained by the trends in 

humpback whale abundance.

In an ecological context, the results from this study indicate that in PWS 

humpback whales currently remove similar magnitudes of age 5+ herring as M0 or
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disease outbreaks, and have no detectable impact on herring ages 3-4. The cause of this 

dichotomy is unknown; it could be real or could be indicative of confounding in the 

model. For example, herring survey data collection and herring catch from the fishery are 

generally collected during the spring spawning aggregations. Herring first recruit to the 

spawning population between ages 3-5 (Funk and Sandone, 1990), meaning that this 

population does not experience knife-edge recruitment. The portion of age 3 and age 4 

that is mature and thus present at the spawn is estimated within the model. In the updated 

model, estimates of age 3 maturity range from 0.25 -0.51 and age 4 from 0.83-0.85, 

depending on the year. Age 5+ herring are assumed to have full (1.0) maturity. Because 

not all age 3-4 herring are mature and present at the spawn, we have limited information 

on their abundance and more uncertainty in our estimates of biomass for these age 

classes. This potential weakness could be confusing the covariation process for these 

ages. Alternatively, this could be an indication that the model is simply too complex 

given the available data making it impossible to detect a signal in younger ages.

On the other hand, the lack of humpback contribution to ages 3-4 herring 

mortality may be real. This could indicate that humpback whales are targeting older, 

larger fish. However, in order for this scenario to be possible, herring would need to have 

some level of spatial stratification by age class for humpback whales to successfully 

isolate and target older fish. Unfortunately, while we know that herring disperse during 

non-spawning periods, we do not have information about their spatial distribution in 

terms of age composition. However, in a study by Huse et al. 2010, it was found that a 

population of the related Atlantic herring (Clupea harengus L.) demonstrated spatial 

segregation by age during non-spawning periods. In the presence of spatial variation by 

age a differential impact of predators on different age classes is feasible. Though, since 

we do not know if PWS herring also exhibit age stratification thus making them 

vulnerable to varied predation pressure by age, we can not know if this mechanism is 

realistic in PWS.
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Nonetheless, if spatial stratification by age class is occurring, it would be intuitive 

to consider that humpback whales would target older, larger fish since this would allow 

then to consume less individual herring for the same energetic profit. In a study 

conducted west of Prince William Sound, near Kodiak Island, Alaska, it was found that 

humpback whales more often foraged on adult capelin (M allotus villosus) even when 

large quantities of smaller, juvenile walleye pollock (Theragra chalcogramma) were 

available (Witteveen et al. 2008). This demonstrates that, given the option, some 

humpback whales may prefer to target larger prey even when it is less abundant.

While our results indicate that humpback whales have a considerable contribution 

to total mortality in 5+ herring, we are cautious in our interpretation of this result since 

humpback whale presence alone does not appear to explain the lack of recovery in PWS 

herring. First, there is ample uncertainty in our estimates, particularly for the estimate of 

humpback contribution to mortality in age 5+ herring. Second, the results of our 

retrospective analyses suggest that the series of low recruitments has been the primary 

cause of the failed herring recovery, as discussed in the next section.

2.5.3 Retrospective Analyses

In the “what i f ’ scenarios I and II (What if there were no humpback whales in 

PWS? and What if humpback whales had not recovered from past over-exploitation?), we 

see very little change in biomass of herring, and ultimately in both of these cases, herring 

biomass fails to recover from the 1993 crash. When both humpback whale and disease 

mortality contributions are removed (IV), we find similar results in years 1980-2006 as 

was found in this comparable exercise conducted by Marty et al 2010. However, after 

2006 (the final year included in the Marty et al. (2010) study), the population continues to 

decline and does not increase substantially beyond our current estimates of biomass. 

When only disease is removed (III), the biomass is lower throughout the time series and 

similarly does not crash in 1993, yet still ultimately declines. In the scenario of no disease
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after the crash with no humpback whales (VI), comparable to the Marty et al. (2010) “no 

outbreaks after 1994”, we again see similar results up to 2006, but the population does 

not continue to increase. The crash occurs as in the updated model and then the 

population stays only slightly increased over the updated model. Therefore, our results up 

to the year 2006 are fairly consistent with the retrospective analyses conducted by Marty 

et al. (2010). However, because we see the herring biomass continuing to decline 

regardless of the combination of mortality parameters that are included in the model, we 

conclude, unlike Marty et al. (2010), that the failure of herring to recover in Prince 

William Sound is primarily driven by lack of recruitment into the fishery, and not adult 

mortality.

Our results suggest that reduced recruitment success may be a larger factor in 

driving herring biomass than humpback whale predation pressure and disease combined. 

Thus, the weak recruitment in recent years is sufficient to explain the suppressed biomass 

in PWS, even if humpback whales and disease outbreaks were not factors affecting 

herring in PWS. Lack of recruitment for PWS herring could be driven by many different 

factors. Herring are known to be a boom-bust fishery, where single large age classes can 

drive biomass up and provide a larger spawning biomass to supplement future 

recruitments (Williams and Quinn 2008). Even so, the question remains, why have there 

been no recent ‘booms’ in the population to drive the biomass back up?

Predation on pre-recruit herring (ages 0-2) could be one feasible explanation of 

the sustained low recruitment. While predation could be from any number of species, 

there have been some anecdotal observations of humpback whales foraging on juvenile 

herring (Moran 2010, pers. comm.; Straley 2010, pers. comm.), which could offer a 

plausible explanation of why recruitment is low, particularly in more recent years where 

humpback whale abundance is high.
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Another species that has been cited in the failed herring recovery is juvenile 

hatchery released pink salmon (Oncorhynchus gorbuscha). Deriso et al. (2008) found this 

to be the most significant factor related to the failed recovery of PWS herring from a suite 

of tested factors. This interaction could be occurring (1) directly, through juvenile pink 

salmon predation on juvenile herring or (2) indirectly through competition between the 

juvenile stages of the two species. While this would be consistent with our results by 

helping to explain poor recruitment of herring, it is unlikely that hatchery salmon could 

alone explain the failed herring recovery since their biomass is trivial in comparison with 

that of herring; the biomass of hatchery released juvenile pink salmon is roughly 1% that 

of the biomass of juvenile herring estimates in PWS (Okey and Pauley 1999; Wertheimer 

2011, pers. comm.). This low relative biomass, coupled with the fact that larval or 

juvenile herring are not a significant component in the diets of juvenile pink salmon in 

PWS (Sturdevant et al. 1996; Wertheimer 2011, pers. comm.) makes it unlikely that 

juvenile pink salmon are limiting juvenile herring through predation.

Alternatively, poor environmental conditions could be to blame for poor 

recruitment. Some examples could include: lack of adequate food for juvenile herring, 

unfavorable temperatures or oceanographic chemistry, or unfavorable currents for 

embryo transport. In other studies environmental conditions have been shown to have a 

negative affect on herring recruitment in this area. One study found various 

environmental conditions to be influential in herring recruitment, although the specific 

environmental pressure varied in space and time (Williams and Quinn 2008). Further, 

Deriso et al. (2008) cited poor levels of available nutrition and ocean temperatures as the 

next most related of their tested factors in the lack of herring recovery.

2.6 Conclusions

The PWS ASA model for herring biomass was successfully updated to include 

humpback whales as a covariate to herring mortality. The updated model has reasonable
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parameter estimates and a slightly improved fit to the data over the original model. This 

study has taken advantage of existing datasets to model and assess the historic ecological 

relationship of humpback whales to herring. The results of this study suggest that 

humpback whales have been increasing, and thus progressively applying increasing 

predation pressure on age 5+ herring in PWS. Our estimates of humpback whale 

contribution to herring mortality are over 30% of the total mortality in herring for ages 5+ 

in current years. This magnitude is roughly equivalent to current levels of disease and the 

combined mortality by all other sources and predators (M0). No relationship was detected 

between humpback whales and mortality in ages 3-4 herring indicating that there is either 

a preference by humpback whales to target older, larger fish or that there is insufficient 

data in the model to identify this relationship. Despite the relatively important impact that 

humpback whales have on herring mortality, we found from our retrospective analyses 

that neither humpback whales nor disease can explain the lack of recovery in herring 

biomass in PWS, and that the limiting factor in herring recovery appears to be poor 

recruitment. This does not necessarily indicate that humpback whale predation and 

disease outbreaks are not important altogether; these factors could be playing an 

important role by affecting juvenile herring, and thus leading to the suggested poor 

recruitment. However, since the PWS ASA model does not include juvenile herring, we 

are unable to test for this within the model. In order to better understand the failed 

recovery of herring in PWS, it is important that we better understand the factors that are 

driving recruitment in this population. We would recommend that future studies focus on 

the early life stages of herring in an attempt to identify the potential environmental 

conditions and/or predation pressures that may be responsible for limiting recruitment 

and thus recovery of Pacific herring in PWS.

2.7 Acknowledgements

We thank Olga von Ziegesar with Eye of the Whale Research for humpback 

whale data contributions and the Alaska Department of Fish and Game, including S.D.



Moffit for providing the model used in this analysis and to J.M. Straley, N. Hillgruber, 

and R. Heintz for their editorial support and to the research staff of Auke Bay 

Laboratories including J.R. Moran and S.D. Rice for their collaboration on this project. 

Also, we thank the funders of this project, Exxon Valdez Oil Spill Trustee Council and 

the Cooperative Institute for Arctic Research with funds from the National Oceanic and 

Atmospheric Administration under cooperative agreement NA17RJ1224 with the 

University of Alaska.

84



85

2.8 References

Bishop, M.A. and Green, S.P. 2001. Predation on Pacific herring (C lupeapallasi) spawn 

by birds in Prince William Sound, Alaska. 10: 149-158.

Brown, E.D., Baker, T.T., Hose, J.E., Kocan, R.M., Marty, G.D., Mcgurk, M.D., 

Norcross, B.L. and Short, J. 1996. Injury to the early life history stages of Pacific herring 

in Prince William Sound after the Exxon Valdez oil spill. American Fisheries Society 

Symposium. 18: 448-462.

Burnham, K.P., and Anderson, D.R. 2002. Model selection and multi-model inference: a 

practical information-theoretical approach. 2nd edition. Berlin, Germany: Springer- 

Verlag.

Calambokidis, J., Falcone, E.A., Quinn, T.J., II, Burdin, A.M., Clapham, P.J., Ford, 

J.K.B., Gabriele, C.M., LeDuc, R., Mattila, D., Rojas-Bracho, L., Straley, J.M., Taylor,

B.L., Urban, J., Weller, D., Witteveen, B.H., Yamaguchi, M., Bendlin, A., Camacho, D., 

Flynn, K., Havron, A., Huggins, and J., Maloney, N. 2008. SPLASH: Structure of 

populations, levels of abundance and status of humpback whales in the North Pacific. 

Final report for contract AB133F-03-RP-00078, U.S. Dept of Commerce Western 

Administrative Center, Seattle, WA. 57 pp.

Carls, M.G., Marty, G.D., and Hose, J.E. 2002. Synthesis of the toxicological impacts of 

the Exxon Valdez oil spill on Pacific herring (C lupeapallasi) in Prince William Sound, 

Alaska, U.S.A. Canadian Journal of Fisheries and Aquatic Sciences. 59 : 153-172.

Deriso, R.B., Maunder M.N., and Pearson W.H. 2008. Incorporating covariates into 

fisheries stock assessment models with application to Pacific herring. Ecological 

Applications. 18: 1270-1286.



86

Funk, F., and Sandone, G. 1990. Catch-age analysis of Prince William Sound, Alaska, 

herring, 1973-1988. Fisheries Bulletin 90-01. Alaska Department of Fish and Game, 

Juneau, Alaska, USA.

Hulson, P.J.F., Miller, S.E., Quinn, T.J., II, Marty, G.D., Moffit, S.D., and Funk, F. 2008. 

Data conflicts in fishery models: incorporating hydroacoustic data into the Prince 

William Sound Pacific herring assessment model. ICES Journal of Marine Science. 65 : 

25-43.

Huse, G., Ferno, A., and Holst, J.C. 2010. Establishment of new wintering areas in 

herring co-occurs with peaks in the ‘first time/repeat spawner’ ratio. Marine Ecology 

Progress Series. 409: 189-198

Iverson, S.J., Frost, K.J., and Lowry, L.F. 1997. Fatty acid signature reveal fine scale 

structure of foraging distribution of harbor seals and their prey in Prince William Sound, 

Alaska. Marine Ecology Progress Series. 151: 255-271.

Marty, G.D., Quinn T.J., II, Carpenter G., Meyers T.R., and Willits N.H. 2003. Role of 

disease in abundance of a Pacific herring (C lupeapallasi) population. Canadian Journal 

of Fisheries and Aquatic Sciences. 60 : 1258-1265.

Marty, G.D., Hulson, P.J.F., Miller, S.E., Quinn, T.J., II, Moffit, S.D., and Richard, A.M. 

2010. Failure of population recovery in relation to disease in Pacific herring. Diseases of 

Aquatic Organisms. 90: 1-14.

Okey, T.A., and Pauly, D. 1999. A mass-balanced model of trophic flows in Prince 

William Sound: Decompartmentalizing ecosystem knowledge. Ecosystem Approaches 

for Fisheries Management. Alaska Sea Grant College Program, AK-SG-99-01, 621-635.



87

Quinn, T.J., II, and Deriso R.B. 1999. Quantitative fish dynamics. Oxford University 

Press. New York.

Quinn, T. J., II, Marty, G. D., Wilcock, J., and Willette, M. 2001. Disease and population 

assessment of Pacific herring in Prince William Sound, Alaska. In: Herring: Expectations 

for a New Millennium, pp. 363-379. Ed. by F. Funk, J. Blackburn, D. Hay, A. J. Paul, R. 

Stephensen, R. Toreson, and D. Witherell. University of Alaska Sea Grant, AK-SG-01- 

04, Fairbanks, AK. 789 pp.

Rice, S.D., and Carls, M.G. 2006. Prince William Sound herring: An updated synthesis of 

population declines and lack of recovery. National Marine Fisheries Service Final Report 

for Restoration Project 050794 (unpublished). Available from ABL, 11305 Glacier Hwy, 

Juneau, AK 99801.

Rice, S.D., Moran, J.R., Straley, J.M., Boswell, K.M., and Heintz, R.A. 2011.

Significance of whale predation on natural mortality rate of Pacific herring in Prince 

William Sound, Exxon Valdez Oil Spill Restoration Project Final Report (Restoration 

Project: 100804), National Marine Fisheries Service, Juneau, Alaska.

Sturdevant, M.V., Wertheimer, A.C., and Lum, J.L. 1996. Diets of juvenile pink and 

chum salmon in oiled and non-oiled nearshore habitats in Prince William Sound, 1989 

and 1990. In: Rice, S.D., Spies, R.B., Wolfe, D.A., Wright, B.A. (Eds.), Proceedings of 

the Exxon Valdez Oil Spill Symposium. American Fisheries Society Symposium. 18: 

578-592.

Thomas, G.L., and Thorne, R.E. 2001. Night-time predation by Steller sea lions. Nature 

(Lond.), 11: 013.



88

Thomas, G.L., and Thorne, R.E. 2003. Acoustical-optical assessment of Pacific herring 

and their predator assemblage in Prince William Sound, Alaska. Aquatic Living 

Resources. 16: 247-253.

Williams, E.H., and Quinn, T.J., II 2008, Pacific herring, Clupeapallasi, recruitment in 

the Bering Sea and north-east Pacific Ocean, II: relationships to environmental variables 

and implications for forecasting. Fisheries Oceanography. 9 : 300-315.

Witteveen, B.H., Foy, R.J., Wynne, K.M., and Tremblay Y. 2008. Investigation of 

foraging habits and prey selection by humpback whales (M egaptera novaeangliae) using 

acoustic tags and concurrent fish surveys. Marine Mammal Science. 12: 516-534.



89

2.9 Tables

Table 2.1: Description of Models. Total sample size, s, is 373 for all models and pHW 

described the parameters that are humpback whale covariates to herring mortality.

Model

Name

# of

Phw

Total

p

Description of the Herring Ages 

Classes for pHW(s)

Phw( s)

Constrained

Disease

0 0 48 N/A N/A YES

1 1 49 One for all age classes -- YES

2 1 49 One for all age classes YES YES

3 1 49 One for all age classes YES --

4 2 50 One for ages 3-4, one for ages 5+ -- YES

5 2 50 One for ages 3-4, one for ages 5+ YES YES

6 2 50 One for ages 3-4, one for ages 5+ YES --

7 7 55 One for each age class, 3-9+ -- YES

8 7 55 One for each age class, 3-9+ YES YES

9 7 55 One for each age class, 3-9+ YES --



Table 2.2: Summary of Model Fits. The weighted residual sum of squares (RSS) for 

each successful model is given.

90

M 0

Weighted RSS

model 0 model 2 model 3 model 5 model 6

0.25 5.20 5.25 6.13 5.18 5.92

0.24 -- 5.23 6.13 5.17 5.90

0.22 -- 5.21 6.13 5.15 5.90

0.20 -- 5.20 6.14 5.14 5.91

0.18 -- 5.20 6.14
*

*5.12 5.93

0.16 -- 5.19 6.15 5.11 5.95

0.14 -- 5.20 6.16 5.10 5.99

0.12 -- 5.21 6.18 5.10 6.04

0.10 -- 5.23 6.21 5.09 6.10

Table 2.3: Summary of Model Fits Using AICc. Akaike Information Criterion, 

corrected for small samples sizes (AICc) shown for each successful model type using the 

chosen M 0 value. Model 0 (the original model) is the best (lowest) AICc and the other 

models are compared using AAICc which is the change in AICc value from model 0.

model 0 model 2 model 3 *model 5 model 6

M 0 0.25 0.16 0.16 0.18 0.22

RSS 5.20 5.19 6.15 5.12 5.90

AICc -158.39 -154.87 -98.21 -158.03 -109.96

AAICc - 3.52 60.18 0.36 48.43

* Model 5, M0 = 0.18 is the model selected for this study.
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Table 2.4: Bootstrap confidence intervals for herring mortality parameters.

Humpback whale (fiHW ) and disease (fiD-V,fiD-i) parameter estimates and their 

corresponding bootstrap 95% confidence intervals.

Parameter Estimate
Lower 95% 

Confidence Interval

Upper 95% 

Confidence Interval

Phw ages 3-4 1.00 x 10-6
*

0.00 2.07 x 10-4

Phw ages 5+ 0.00157 2.37 x 10-4
*

0.000157

fin-v 2.67 0.662 9.81

fin-i 1.59 0.870 2.94

* Limit is on a constrained boundary.
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2.10 Figures

Figure 2.1: Herring Biomass in Prince William Sound. Estimates are made in 

metric tons and show the decline and subsequent depression in herring biomass.
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Year

Figure 2.2: Historic Humpback Abundance in Prince William Sound. Humpback 

whale abundance for western Prince William Sound from a Cormack-Jolly-Seber mark- 

recapture model showing a 370% increase over the time series. The black line (equation 

shown) indicates the overall quadratic trend in abundance, indicating a generally 

increasing trend (chapter 1).
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Figure 2.3: Map of Study Area; Prince William Sound, Alaska. Image credit: Google 

Maps.
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Figure 2.4: pHW and Weighted RSS as a Function of M0 for Model 5. The model fit 

generally improved (as seen by the reduction in RSS) as M 0 values decreased. Humpback 

whale contribution to herring mortality (finw) was estimated near the lower constraint for 

herring ages 3-4 in all M 0 values and for herring ages 5+ increased with decreasingM0 

values until it reached the upper constraint (at M 0 = 0.18).
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Figure 2.5: Effect of Humpback Covariates on Biomass Estimates. The original 

model in black contrasted with the updated model in blue (top). The changes in herring 

biomass estimates compared to the original model are small as is seen in the percentage 

change (bottom).
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Figure 2.6: Effect of Humpback Covariates on Estimates of Age 3 Recruitment. The

original model in black contrasted with the updated model in blue (top). The changes in 

age 3 recruitment estimates for herring compared to the original model depicted by 

percent. All changes in recruitment in the updated model area decreases and range from 0 

to -19% (bottom).
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Figure 2.7: Changes in Disease Contribution in Updated Model. Changes is disease 

contribution estimates for ages 3-4 (top) and ages 5+ (bottom).
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Figure 2.8: Relative Contributions to Mortality in Herring Ages 3-4. Herring 

mortality (ages 3-4) depicted in total and by its components for the original model (top) 

and for the updated model (bottom). The addition of humpback whale covariates to the 

model decreases the overall mortality for these age classes.



100

.1?
13
t:
o

O 04
oo oo
ON ON

oo
ON

NO OO O
OO OO ON
ON ON ON

0 4  ^
ON ON
ON ON

NO
ON
ON

OO
ON
ON

OOO
0 4

0 4O
o
0 4

o
o
0 4

NO
o
o
0 4

OO
o
o
0 4

o
0 4

0 4  0 4  0 4  0 4

Year

Figure 2.9: Relative Contributions to Mortality in Herring Ages 5+. Herring 

mortality (ages 5+) depicted in total and by its components for the original model (top) 

and the updated model (bottom). Humpback whale covariates increase the overall 

mortality for ages 5+ and are of comparable magnitudes to disease and M0 after 1993.
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Figure 2.10: Magnitude of 5+ Herring Biomass Removal by Humpback Whales.

Biomass of herring ages 5+ (top, black) and percentage of this biomass that is removed 

by humpback whales (bottom, red).
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Figure 2.11: Variability in Total mortality and Humpback Whale Contribution to 

Mortality. Variability estimates, in the form of 95% confidence intervals, were generated 

using a standard bootstrap procedure. No confidence interval estimates could be made for 

Phw parameters that had met their constraints.
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Figure 2.12: Variability in Biomass Estimates in Updated Model. Variability 

estimates, in the form of 95% confidence intervals, were generated using a standard 

bootstrap procedure.
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Figure 2.13: Retrospective Analysis of Humpback Whale Presence. The resulting 

biomass in the “what-if’ scenarios: “What if there were no humpback whales in Prince 

William Sound?" (Disease, No HWs (Original Model)) and “What if humpback whales 

had not recovered from past over-exploitation?" (Disease, No increasing HWs). This 

indicates that humpback whale presence does not have much impact on herring biomass 

after the 1993 crash.
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Figure 2.14: Retrospective Analysis of Humpback Whale Presence and Disease 

Outbreaks. The resulting biomass in the “what-if’ scenarios: “What if there had been no 

disease outbreaks and no humpback whales?" (No Disease, No HWs), “What if there had 

been no disease outbreaks?" (No Disease, HWs), “What if there had been no disease 

outbreaks after 1994 and no humpback whales?" (No Disease after crash, No HWs), and 

“What if there had been no disease outbreaks after 1994?" (No Disease after crash, No 

HWs). These results indicate that with no disease or no disease after the crash, herring 

biomass would still decline to currently estimated levels with or without humpback whale 

presence.



106

Conclusions

The purpose of this study was to assess the potential role of humpback whales 

(M egaptera novaeangliae) on suppressing the recovery of Pacific herring (Clupea 

pallasii; hereafter herring) in Prince William Sound (PWS), Alaska. In order to 

investigate this relationship within the assessment model used for PWS herring, first a 

chronology of estimates of humpback whale abundance needed to be assembled. Using 

an existing dataset previously unanalyzed for population parameters, we constructed the 

first time series of humpback whale abundance estimates covering 1978-2009. The 

creation of this time series allowed us to conduct a modeling study of humpback whales 

and herring, but also acted to illuminate general information about the humpback whales 

that utilize PWS over the past three decades. From our estimates of abundance, we 

calculated that humpback whales in PWS have been recovering from past over

exploitation (whaling) at a rate of increase (ROI) of 4.15-4.59%. This fairly rapid 

population growth is comparable to the ROI estimated for the North Pacific basin 

(Calambokidis et al. 2008), which indicates that in PWS, like in other areas, humpback 

whale numbers are increasing notably. Therefore, it is intuitive to suspect that the 

ecological impact of humpback whales on species inhabiting PWS would similarly 

increase.

The time series of PWS humpback whale abundance estimated as part of this 

study was used to model the relationship between humpback whales and herring. This 

was done using the Alaska Department of Fish and Game age-structured assessment 

(ASA) model that is currently used to estimate herring abundance by altering this model 

to include the newly developed annual estimates of humpback whale abundance as 

covariates to herring mortality. Our modeling effort was successful and resulted in an 

improvement in the model fit. Our results suggest that humpback whales are exerting a 

notable predation on older age classes (5+) of herring and that this pressure is increasing 

by virtue of increasing humpback whale numbers in PWS. However, no relationship was
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found for humpback whale abundance and mortality in younger herring (ages 3-4). It is 

unknown if the lack of relationship in these younger age classes is real, possibly 

indicating prey selection by humpback whales, or if it is indicative of confounding in the 

model. In order to better understand this, it will be necessary to investigate age-specific 

prey selection of herring by humpback whales.

In the older (ages 5+) herring, our model results indicate humpback whales are 

responsible for approximately one third of the total mortality in current years. This 

magnitude is approximately equal to mortality levels from past annual fishery removal, 

moderate disease levels, and the combined predation by all other species. The results 

from this study are consistent with those found from a related field study to target this 

same interaction (Rice et al. 2011). Here, it was estimated that humpback whales are 

conservatively responsible for removing ~20% of ages 5+ herring biomass in PWS 

annually.

Despite the removal of ages 5+ herring by humpback whales, we did not find 

evidence that humpback whales are responsible for the lack of recovery of herring in 

PWS after the crash in 1993. Further, we did not find evidence that disease was 

responsible for the lack of recovery, either. Rather, it appears that the suppressed herring 

biomass in recent years is driven by poor recruitment. To better understand herring 

biomass in PWS, future research should focus on pressures affecting recruitment levels of 

this population, as well as continuing to the collection of disease and humpback whale 

data.
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