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Understanding the spatio-temporal variability in demography offers insight into factors 

underlying the dynamics and viability of wildlife populations. However, sparse monitoring data 

or persistent knowledge gaps can make it difficult to estimate vital rates for species with 

complex life histories. Even more challenging is identifying causal mechanisms that explain 

demographic patterns for long-lived, adaptive top predators due to the complexities of obtaining 

data about natural environmental variability or anthropogenic stressors at ecological scales most 

relevant to the population of interest. These challenges can be particularly acute in situations 

where the need for information is greatest; namely, for populations that are small, depleted, or 

declining and in need of conservation and management. Integrated population models (IPMs) 

that combine disparate data sources have emerged as an important tool for maximizing available 

information to improve the estimation of vital rates, abundance, and viability of wildlife 

populations.  



 

 The research presented here includes three case studies using data integration and 

hierarchical Bayesian state-space models to examine the effects of environmental conditions on 

the demography and viability of marine mammals and seabirds. First, I present a novel multi-

event open-population model that extends nest survival and abundance modeling approaches to 

accomodate data where nest age, state, and fate may be unknown. I apply this model to Pigeon 

Guillemots (Cepphus columba) to provide the first estimates of fecundity for this indicator 

species in Puget Sound, Washington (Chapter 2) to facilitate future integrated population 

modeling using data collected by a community science program. Second, I developed an IPM to 

examine demographic and environmental factors contributing to divergent abundance trends 

observed across the range of the Endangered western distinct population segment of Steller sea 

lions (Eumetopias jubatus) in Alaska (Chapters 3-4). Third, I developed an IPM to examine 

environmental drivers of demography and viability for the Endangered Cook Inlet beluga whale 

in Alaska (Chapter 5). Unifying themes of this work include developing complex demographic 

models to reduce uncertainty in support of conservation and confronting the challenges of 

making inference about the effects of environmental variability at spatio-temporal scales relevant 

to long-lived, adaptive top predators living in dynamic and changing ecosystems.  
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Chapter 1. INTRODUCTION 

1.1 BACKGROUND 

Understanding the processes driving trends in wildlife populations requires knowledge about 

population structure, survival, and reproductive success and how these metrics change over space 

and time. However, sparse monitoring data or persistent knowledge gaps about threats make it 

difficult to identify the drivers of population dynamics. Population dynamics have primarily been 

studied by either calculating population growth rates from counts or by constructing matrix 

models using demographic rate parameters estimated from mark-recapture data. In the first 

approach, inference is based on information related to state parameters. In the second, inference 

is based on information related to rate parameters. The former provides little insight into drivers 

of population dynamics and the latter is often limited to the smaller spatial extent of 

demographic studies. In neither case is inference based on the totality of information available 

about a population. Integrated population models (IPMs; Besbeas et al. 2002, Brooks et al. 2004) 

provide a formal framework for combining multiple data sources with differing spatio-temporal 

scales for inference on a joint likelihood that can leverage all available information to estimate 

parameters for which there is no explicit information and result in estimates with improved 

precision and reduced bias (Schaub et al. 2007, Tavecchia 2009, Abadi et al. 2010a). 

In situations where small, depleted populations show continued evidence of decline for 

unknown reasons, IPMs can improve our understanding of demography, provide fundamental 

insights into factors that may be limiting recovery, and support conservation decision-making. 

Though the concept of data integration has been used in fisheries stock assessments since the 

1980s (Methot 1990) IPMs are an emerging tool for identifying drivers of wildlife population 
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dynamics across a range of species and life history traits, including snow geese (Gauthier et al. 

2007), shrikes (Schaub et al. 2013), beluga whales (Mosnier et al. 2015), waterfowl (Arnold et 

al. 2017), and brown bears (Bled et al. 2017), among many others. Researchers have also 

extended IPMs to estimate parameters for which there are no explicit data, as is often the case for 

immigration, fecundity, or the survival of unobservable age groups (e.g., Abadi et al. 2010a, 

Schaub et al. 2010). More recently, IPMs have been employed to examine other complex issues 

such as source-sink population dynamics (Weegman et al. 2016), synchrony (Schaub et al. 2015, 

Lahoz-Monfort et al. 2017), spatial dynamics (Chandler & Clark 2014), and the partitioning of 

mortality across different anthropogenic threats (Veran & Lebreton 2009, Rhodes 2011, Tenan et 

al. 2012). Several studies have also accounted for the effects of environmental variables and 

stochasticity on demographic rates and abundance estimates within an IPM framework (Oppel et 

al. 2014, Cleasby et al. 2017, Abadi et al. 2017).  

Though IPMs have proven useful in a variety of applications, methods are still in 

development and the limitations of IPMs are being scrutinized. IPMs rely not only on the validity 

of all assumptions in each component likelihood but also on the assumption that the different 

data sets in the joint likelihood are independent (i.e., inclusion of an individual in one dataset is 

independent of its probability of inclusion in another data set). While some degree of dependence 

across data sets may result in negatively biased variance estimates (Abadi et al. 2010b, Goodman 

et al. 2004), bias in the parameter estimates themselves may arise when one data set dominates 

another, when sample sizes are small, or for parameters that would be unidentifiable in single 

likelihood frameworks (Besbeas et al. 2005, Riecke et al. 2019). Uncertainty can also be 

underestimated when conflicts between IPM likelihoods arise (Goudie et al. 2019, Johnson et al. 

2022). Adding to the challenge is the dearth of tools for evaluating goodness-of-fit of the overall 
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joint likelihood. Recent efforts to use calibrated simulation for goodness-of-fit (Besbeas & 

Morgan 2014) have not been widely adopted. Instead, applications to date have generally relied 

on examining the fit of the component models. While the drawbacks may well be outweighed by 

the benefits of IPMs, they do highlight the importance of evaluating all model assumptions and 

the need for additional technical development. 

1.2 RESEARCH OBJECTIVES 

The overall goals of my research were to leverage the power of data integration within 

hierarchical Bayesian state-space models to examine the effects of environmental conditions on 

the demography of three case study species with complex life histories. Namely, I developed a 

novel nest success model for Pigeon Guillemots (Cepphus columba) in Puget Sound, 

Washington and IPMs for Steller sea lions (Eumetopias jubatus) and beluga whales 

(Delphinapterus leucas) in Alaska. These case study species have life history traits that often 

characterize species that are difficult to monitor, slow to recover from depleted levels, or more 

vulnerable to anthropogenic threats. In these instances, natural resource managers engaged in 

conservation can benefit from reliable and precise estimates of demographic rates, as well as an 

understanding of how environmental conditions affect these rates. Thus, the incorporation of 

environmental variability into IPM frameworks is a unifying theme throughout this work, 

ultimately lending insight into ecological drivers of population dynamics and how that 

information can be useful in resource management decision-making.  

Each of these case studies represents a different example of developing and adapting IPM 

frameworks to maximize the knowledged gained based on the unique life histories, sources of 

uncertainty, and features of the given monitoring program. First, to estimate reproductive success 

for Pigeon Guillemots and develop an IPM in future work using data gathered by a community 
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science program, I developed a novel nest success model that generalizes nest survival models to 

estimate stage-specific survival and abundance when nest age, state, and fate may be unknown 

(Chapter 2). Second, to provide new insights into the potential drivers of the divergent 

abundance trends observed across the range of western Steller sea lions, I developed an IPM 

integrating mark-resight and aerial survey data to account for female reproductive state 

uncertainty and examine regional demographic differences (Chapters 3-4). Lastly, I adapted and 

built upon a newly introduced method of estimating fecundity and age-specific survival using 

mark-resight observations with uncertain ages (Himes Boor et al. In revision) to examine 

demographic drivers of trends in abundance and viability for Cook Inlet beluga whales (Chapter 

5).  

1.3 BROADER IMPACTS 

Taken together, these three case studies make both methodological and ecological contributions 

that can improve the quantitative tools and metrics available for recovery planning and other 

management decision making. Pigeon Guillemots have garnered local interest as a Puget Sound 

indicator species despite ongoing knowledge gaps about demography underlying observed 

abundance trends and the relationship between demography and environmental conditions. 

Despite extensive monitoring and research dedicated to examining the decline of both Cook Inlet 

belugas and Steller sea lions, factors limiting the recovery of these populations remain poorly 

understood. The methods and results described here provide new insights into the vital rates of 

these populations and represent model frameworks that can be applied to other study systems 

where enhanced information about the effects of environmental and demographic variability can 

affect population dynamics for species with complex life histories.  
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Chapter 2. A BAYESIAN STATE-SPACE NEST SURVIVAL AND 
ABUNDANCE MODEL INCORPORATING 
BREEDING PHENOLOGY TO ADDRESS UNKNOWN 
AGE, STATE, OR FATE DATA 

Publication history: This study was co-authored with Nathan J. Hostetter, Frances Wood, and 

Sarah J. Converse. At the time this dissertation was published, this chapter was not in review 

with a journal. 

 

Abstract: Estimating reproductive success is fundamental to understanding the processes that 

drive avian population dynamics. Nest success models have traditionally required knowledge of 

the age and fate of monitored nests, which can be difficult to obtain in studies of wild 

populations due to imperfect observation processes, cryptic life history traits, and variability in 

fledging ages. Furthermore, standard methods condition on a subset of nests, precluding direct 

estimation of population-level reproductive success from nest monitoring data. We developed a 

multi-event Jolly-Seber model to estimate daily nest survival, the probability a nest produces a 

chick (i.e., nest success), and the total number of initiated and successful nests in a study area. 

Our approach extends nest survival models to situations where nest age, state (i.e., egg or chick 

stage), or fate may be unknown and can directly integrate information on species-specific 

breeding phenology (e.g., range of hatch and fledge ages) to estimate parameters of interest. The 

development of this modeling framework was motivated by a study of Pigeon Guillemots 

(Cepphus columba) in Puget Sound, Washington, an indicator species whose inaccessible 

burrows preclude traditional nest monitoring techniques. Using observations of burrow 

attendance documented by a community science monitoring program, we estimated daily egg 

and chick survival rates of 0.996 (95% Credible Interval: 0.989-1.000) and 0.988 (0.973-0.997), 
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respectively. Average egg incubation and chick rearing periods for successful nests were 

approximately 31 (29-34) and 37 (35-43) days, respectively. We estimated that 24 (13-33) nests 

produced at least one fledgling out of 42 (38-49) active nests for a reproductive success rate of 

0.58 (0.30-0.78). A simulation study showed that the estimation of nest state transition 

probabilities degrades with decreasing data quality and quantity; however, the model produces 

unbiased and precise estimates of nest survival and abundance parameters that are of primary 

ecological interest. This work extends nest survival modeling techniques, highlights the utility of 

community science programs, provides the first estimates of Pigeon Guillemot demography in 

the region, and will ultimately lend insight into the relationship between population dynamics 

and environmental variability that will be useful for ongoing monitoring and conservation efforts 

for this ecosystem indicator species. 

Keywords: Bayesian state-space model, nest success, Jolly-Seber, data augmentation, community 

science, Pigeon Guillemot, alcid, seabird 

2.1 INTRODUCTION 

An understanding of the demographic rates driving the dynamics of wild avian populations can 

improve the management of these populations. Specifically, knowledge about reproductive 

success and the productivity of avian populations is fundamental to gaining insights about 

potential environmental or anthropogenic drivers of population dynamics. However, the known-

fate and known-age data that have traditionally been used to estimate nest success rates can be 

challenging to obtain due to imperfect observation processes. The literature documenting the 

expansion of nest survival modeling since Mayfield’s (1961, 1975) emphasis on daily nest 

survival has included methods to address uncertainty in nest failure date (Dinsmore et al. 2002, 

Williams et al. 2002), heterogeneity in survival (Rotella et al. 2004, Royle & Dorazio 2008, 
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Schmidt et al. 2010), and individual-based and incompletely observed covariates (Nichols et 

al. 1992, Langrock and King 2013, Converse et al. 2013). Approaches have also been developed 

to estimate stage-specific survival with uncertainty in nest fate (Walsh et al. 2015) or nest age 

(Heisey and Nordheim 1995, He et al. 2001, Stanley 2004, Cao et al. 2009). However, taken 

together, existing approaches generally rely on either known-fate or known-age data to 

determine nest success. Furthermore, existing methods typically condition on a set of monitored 

nests, and therefore do not facilitate estimation of overall nest abundance and population-level 

productivity.  

Two existing mark-recapture modeling frameworks offer potential for expanding our 

capacity to estimate nest abundance and survival: Jolly-Seber models (Jolly 1965, Seber 1965) 

and multi-event models (Kendall 2004, Pradel 2005). Abundance and nest survival estimation 

using open mark-recapture models has can be traced back to the methods of Jolly (1965) and 

Seber (1965), though these models have been adapted for situations when ages are known 

(Hostetter et al. 2020), when ages are unknown (Pledger et al. 2009, Lyons et al. 2016), and even 

for nest abundance when age is known (Péron et al. 2014), but have not yet been used to estimate 

nest abundance when nest age is unknown. Multi-event models were developed to address 

situations where the state of an individual is not observed perfectly, allowing for the estimation 

of demographic parameters when observations of individuals (i.e., events) map to multiple true 

states. Despite their wide applicability and recent use in the estimation of age-specific survival 

with unknown ages (McCrea et al. 2013, Matechou et al. 2013, Himes Boor et al. in revision), 

multi-event models have not yet been used to address uncertain nest ages, states, or fates in nest 

survival modeling.  
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Here we introduce a Bayesian multi-event Jolly-Seber model that extends nest survival 

modeling and nest abundance estimation to situations where nest age, state, or fate may be 

unknown. Our novel modeling framework extends existing methods in two ways: (1) by 

estimating daily nest survival and reproductive success while accounting for uncertainty in nest 

age, state, and fate through the incorporation of information on breeding phenology, and (2) by 

estimating nest abundance using an extension of Jolly-Seber mark-resight models with a multi-

event observation process. Our approach includes life history-based constraints on nest state 

transition probabilities and is useful in a variety of situations where nest observations may not 

give complete or direct information about nest age, state, or fate, such as for species with nests 

that are inaccessible to observers. We used this model to estimate stage-specific daily nest 

survival, reproductive success, and nest abundance for Pigeon Guillemots (Cepphus columba), 

an indicator species in Puget Sound, Washington that nests on inaccessible cliffs, preventing 

direct observations of nest age, state, or fate.  

As one of the most abundant seabird species nesting in Puget Sound, Pigeon Guillemots 

have been designated as a local indicator species, yet little is known about their demography. 

Our model provides a framework for estimating relationships between environmental factors and 

reproduction to inform our understanding of how trends in abundance might be indicative of 

localized changes in ecological processes or available habitat and prey resources for this 

indicator species. Research suggests that in seabirds, for example, oceanographic variability can 

impact not only seabird reproductive success, but the timing of nesting activities and overall 

population dynamics (Aebischer et al. 1990, Weimerskirch et al. 2003, Irons et al. 2008). We 

introduce this novel modeling framework using observations of Pigeon Guillemot chick 

provisioning collected through a community science monitoring program (Bishop et al. 2016), 
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making use of data at a spatio-temporal scale that would otherwise be prohibitively expensive to 

gather. This work highlights the value of community science initiatives and extends existing 

methods for the estimation of daily nest survival, reproductive success, and breeder and nest 

abundance across a wider variety of sampling scenarios, thus improving our understanding of 

metrics that are essential for the conservation of avian populations. 

2.2 METHODS 

2.2.1 Study Species  

Pigeon Guillemots are cliff-nesting alcids (family Alcidae) with a range extending from 

California to Alaska and into Russia (Sowls 1978). Little is known about their winter habitat or 

distribution, but beginning in late spring, Pigeon Guillemots concentrate around colonies to nest 

in cliff burrows (other nesting habitats are used in some locations) along rocky shorelines 

spanning coastal areas and offshore islands. Nesting pairs typically arrive at the colony to occupy 

burrow sites several weeks in advance of egg laying, with experienced males arriving a few 

weeks before females (Robbins et al. 1966). Pigeon Guillemots (particularly experienced 

breeders) often lay 2-egg clutches where a second “beta” egg is laid ~4 days after the initial egg 

(Cairns 1987a). Once nests are established, eggs are incubated for an average of 30 days with 

both sexes tending the nest (Cairns 1987b). Once an egg hatches, adults alternately deliver food 

until chicks fledge after 35-42 days (Drent 1965, Vermeer 1993b). Fledging is difficult to 

observe as it generally occurs at night. Chick provisioning rates vary with brood size and change 

as chicks age, but prey deliveries are often concentrated in the early morning and evening, 

corresponding with optimal foraging periods and tidal conditions (Ainley & Lewis 1972, 

Petersen 1981, Vermeer et al. 1993a). Existing information on reproductive success in Pigeon 

Guillemots is largely limited to naïve estimates from the Farallon Islands, California, where the 
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nest success rate (i.e., probability a nest produces at least one fledgling) was estimated to be 0.4 

(Vermeer et al. 1993b) and from Whidbey Island, Washington, where the nest success rate was 

estimated to be 0.31 (Kreamer 2011). 

2.2.2 Data 

Approximately 30 Pigeon Guillemot breeding colonies on Whidbey Island, Washington have 

been monitored through a community science program since 2003 (www.pigeonguillemot.org). 

Colony sites are located on cliffs that differ in height, length, and aspect, with the average 

number of active burrows observed per site per year ranging from 1 to 35. Volunteers observe 

coastal cliff sites from the beach for precisely one hour in the morning once per week during the 

breeding season, ranging from mid-June to mid-September (Kreamer 2011; Bishop et al. 2016). 

Volunteers record the number of adults nearshore adjacent to the colony and note visits to 

cliffside burrows. They also note whether adults have prey in their bill when visiting burrows. 

Burrow maps are developed to ensure that the burrows can be individually distinguished. 

Surveys are conducted approximately seven days apart, though the consistency and number of 

survey weeks vary by site due to logistics of beach access and because nesting activities occur 

somewhat asynchronously across the island. Surveys extend until at least two weeks without 

burrow activity have been observed. Data from a single site (Shore Meadows) and a single year 

(2014) were used here to demonstrate our novel model framework, which included 38 identified 

burrows observed over 11 weekly survey occasions that occurred from late May through early 

September. Less than one-third of these burrows were detected with a prey visit on at least one 

occasion.   
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2.2.3 Model framework 

We describe a novel multi-event Jolly-Seber model for nest survival that facilitates estimating 

daily nest survival, reproductive success, and nest abundance while accounting for uncertainty in 

nest age, state, and fate through age-based constraints on the probability of transitioning between 

true states. We used the multi-event model structure because nests with hatchlings can be 

detected through either (1) prey delivery visits, (2) non-prey visits, or can be (3) undetected 

during a given observation period. Possible true states s in this model are representative of the 

life history stages of nests, namely nests not yet initiated (z = 1), with an egg (z = 2), with a 

hatchling (z = 3), fledged (z = 4), and not active (z = 5). 

Following Royle and Dorazio (2008)’s Bayesian superpopulation formulation of a Jolly-

Seber model, we used data augmentation to produce a dataset of M unique nests in which n nests 

are observed (with n ≤ N < M, where N is the true superpopulation abundance of nests). We 

introduce a nest-specific inclusion parameter, !!, with !! = 1 if the nest is part of the 

superpopulation and !! = 0 otherwise. We model this parameter as 

!! ∼ Bernoulli(ψ) 

where ψ is the probability of a nest ever entering the egg state. For any observed nest, we fix !! 

= 1. 

At occasion 0, all nests start as ‘not initiated’. At subsequent occasions k, the state of nest 

i is categorically distributed based on the state in the previous occasion with entry, survival, and 

transition probabilities described by the matrix Θ. Specifically, 

'!,# 	|	'!,#$% ∼ categorical(Θ['!,#$%, ,, -, 1: 5]) 

where Θ = 
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⎣
⎢
⎢
⎢
⎢
⎢
⎡
		 Not entered Egg Chick Fledged Not active
Not entered 1 − η#

Lay η#
Lay 0 0 0

Egg 0 ϕEgg(1 − η&!,#
Hatch) ϕEggη&!,#

Hatch 0 1 − ϕEgg

Chick 0 0 ϕChick(1 − η'!,#
Fledge) ϕChickη'!,#

Fledge 1 − ϕChick

Fledged 0 0 0 0 1
Not active 0 0 0 0 1 ⎦

⎥
⎥
⎥
⎥
⎥
⎤

 

 
which formulates nest transitions based on their underlying state-specific survival (ϕstate) and 

transition probabilities (<state) at day k (for laying), nest age x (for hatching), and chick age c (for 

fledging). Here, η#
Lay represents the probability of entry (egg laying) on day k given a nest has not 

yet entered. During the Egg state, a nest can survive (ϕEgg) and remain in the Egg state (1 −

η&Hatch), survive and transition to the Chick state (η&Hatch; i.e., hatch), or die (1 − ϕEgg). Similarly, 

in the Chick state, a nest can survive (ϕChick) and remain in the Chick state (1 − η'
Fledge), survive 

and transition to the Fledged state (η'
Fledge; i.e., fledge), or die (1 − ϕChick).  

Transitions between states are modeled as categorical processes that are non-zero during 

the ecologically relevant occasions and zero outside of those periods. Each transition (egg laying, 

egg hatching, and chick fledging) can have specific restrictions based on species life history (e.g., 

here laying could only occur on season days 2-47, hatching at nest ages 25-35, and fledging at 

chick ages 30-50). We modeled transition probabilities as quadratic functions of age-in-stage, 

given the expectation that laying, hatching, and fledging probabilities are lower at the extremes of 

the biological values (e.g., chicks are less likely to fledge at 30 or 50 days of chick age than at 40 

days). We first specify (using θ to stand in for k season day, x nest age, or c chick age):   

η-state =
π-state

(1 − ∑ π-state
(-$%)
01% )

, 		for		θmin: θmax 

where θmin and θmax represent the minimum and maximum days of year, nest ages, or chick ages 

where transition probabilities are non-zero, such that transition probabilities η-state describe the 
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probability of transitioning on θ conditional on having not yet transitioned, following Royle & 

Dorazio (2008). We then enforce the constraint that ∑ π-23435-  sums to 1.0 over a given transition 

window, where nests must either transition or fail, using 

mlogit(π-state) = β%stateθ + β6stateθ6 

where β%state and β6state are the state-specific parameters describing the quadratic changes in 

transition probabilities through time based on θ even if these processes are imperfectly observed. 

Together, the estimation of these multinomial transition probabilities (1) incorporates species-

specific ecological process information, (2) allows transitions to occur across a defined range of 

ages instead of a specific age, and (3) directly quantifies the uncertainty associated with 

transition ages.  

Observations are conditional on the state process and can take a variety of forms (e.g., 

direct observations of the state or an event linked to the state). For the Pigeon Guillemot case 

study, we had three observation events. At occasion 1, nests can only be observed with a non-

prey visit (observation event 1) or go undetected (3), as all nests enter as eggs, and prey 

deliveries are only made to nests containing chicks. After occasion 1, observations C!,# 

conditional on true state z are modeled using a categorical distribution with observation 

probability matrix Ω, which indicates for nest i on occasion k the probability of observing events 

1 or 2 or going undetected given the true state of the nest. The observation probability matrix is 

composed of burrow detection probability p and the multi-event classification probability, α, 

which represents the probability that a nest with a chick inside is detected via a non-prey visit, 

given that it is detected. Specifically, 

 
C!,# 	|	'!,# , !! ∼ 	categorical(Ω['!,# , ,, -, 1: 3]) 
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where Ω = 

⎣
⎢
⎢
⎢
⎢
⎡
		 Non-prey visit Prey visit Not detected
Not entered 0 0 1
Egg G 0 1 − G
Chick Gα G(1 − α) 1 − G
Fledged 0 0 1
Not active 0 0 1 ⎦

⎥
⎥
⎥
⎥
⎤

 

 
 

Summary statistics, such as the proportion of nests that produced a hatchling or fledgling 

(i.e., nest success) and their uncertainties, can be derived from the latent !! and '!,# state 

variables. For example, the proportion of nests that produced a fledgling is the number of nests 

that ever entered the Fledged state (!7'!,# = 4) divided by the number of nests that ever entered 

the Egg state (!!'!,# = 2). These values were derived during each MCMC iteration, thus 

providing a posterior distribution for each metric. This eliminates the need to assign a fixed nest 

success age (e.g., a nest is successful if it reaches 40 days of age) and instead directly estimates 

the probability that a nest produced a fledgling without known-fate data. Reducing this model to 

a conditional-on-capture model to estimate survival and state transitions, but not abundance, 

could be achieved by simply removing the data augmentation process (!7) and the associated 

entry and inclusion parameters (ψ and <849). 

2.2.4 Simulation analysis 

To assess model performance, we undertook a simulation analysis in which we examined three 

metrics: relative bias, (:$‾ $<)< ∗ 100, as a measure of whether estimates were systematically over- 

or under-estimated compared to the true data-generating value, root mean square error (RMSE), 

KE[(L=‾ − N)6], as a combined measure of variance and bias, and credible interval coverage to 

examine the proportion of intervals containing the true data-generating parameter value. Each of 
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these were derived for each parameter in models fit to 100 simulated data sets representing 

different scenarios with varying daily nest detection probability (G = 0.50 versus 0.75), survey 

frequency (one/wk, three/wk, daily), and levels of nest state uncertainty (α = 0, 0.25, 0.5). Daily 

egg and chick survival were held constant at 0.98 and the number of nests initiated was set at 50. 

Our simulated data spanned 10-13 weeks in which surveys could be conducted in a 90-day 

survey season with nest initiation allowed in the first 1-30 survey days, with an incubation 

window during nest ages 26-33 days, and a slightly longer fledging window when chicks were 

33-42 days old. The number of nests was augmented with a number M - n = 30% of the number 

of observed nests (n).  

2.2.5 Pigeon Guillemot case study 

In applying this model to the Pigeon Guillemot data, we estimated a constant daily nest 

detection probability, constant egg and chick survival, and constant multi-event classification 

probability. This is a simplification of what likely varies over the summer breeding season, but 

given model complexity, this simplification facilitated estimation of the parameters of interest. 

We set Omin as May 1 (i.e., no laying prior to May 1). The β% and β6 coefficients representing the 

effects of nest, egg, and chick ages on the probabilities of daily initiation, hatching, and fledging 

were estimated using half normal distributions truncated to be positive and negative, 

respectively, to enforce an increasing and then decreasing daily probability over the course of the 

transition period. Priors for inclusion, ψ, state classification, α, daily survival, f, were beta-

distributed (1,1). Because foraging activities and chick provisioning behaviors have been noted 

as being influenced by tidal fluctuations (Emms & Verbeek 1991, Vermeer et al. 1993, F. Wood 

pers comm), daily nest detection probability, p, was modeled as a function of a beta(1,1)-

distributed intercept and a four-level categorical fixed effect representing time (in minutes) from 
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the preceding high tide. Time from the preceding high tide was categorized as follows: 

observations made < 2 hrs from high tide = category 1; between 2-4 hrs = 2; between 4-5.5 hrs = 

3; > 5.5 hrs = 4. Tidal data were obtained from near the study site using the `noaaoceans` R 

package; Warlick 2021. In the case study analysis, to account for nests that may never have been 

detected, capture histories were augmented with an additional M – n nests equal to 300% of n, 

the number of nests observed at the colony.  

For this analysis, the typical set of Jolly-Seber model assumptions applied. We assumed 

that there were no nest identification errors, survival and reproductive state of individuals were 

independent, and that there was no unmodeled heterogeneity in survival and detection 

probabilities. For both the simulated and real datasets, the model was implemented using the R 

package Nimble (NIMBLE Development Team 2019), with 40,000 iterations, 25,000 burn-in, 

thinning rate of 5, three chains, and MCMC chain convergence assessed with PQ values < 1.1. 

2.3 RESULTS 

2.3.1 Pigeon Guillemot case study 

Posterior mean daily egg (ϕEgg) and chick (ϕChick) survival rates were 0.996 (95% Credible 

Interval, CrI: 0.989-1.00) and 0.988 (0.973-0.997), respectively, which equated to an expected 

0.89 (0.54-0.97) and 0.65 (0.16-0.82) for egg and chick survival over the average incubation (31 

days) and chick rearing (37 days) periods, respectively (Figure 2.1). Stage-specific state 

transition probabilities were estimated with a high degree of uncertainty, particularly for egg 

laying, but yielded sensible daily transition probabilities (Figure 2.2).  

The posterior mean abundance of initiated nests was 42 (95% CrI: 38-49). The mean 

abundance of nests with at least one hatchling (NH) was 38 (35-42) and that with a fledgling (NF) 

was 24 (13-33) (Figure 2.3). Hatching success (the proportion of nests that produced at least one 
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hatchling; >
%

>&) was 0.91 (0.76-1.00) while fledging success (the proportion of nests that produced 

at least one fledgling; >
'

>&) was 0.58 (0.30-0.78). The multi-event state assignment probability (α) 

was 0.78 (CI: 0.68-0.87), indicating that nests in the hatchling state were detected with non-prey 

visits a large proportion of the time. The data augmentation inclusion parameter ψ was 

sufficiently below 1.0 (mean = 0.37; CI: 0.27-0.47), indicating that the number of encounter 

histories by which the dataset was augmented was sufficiently large. Daily burrow detection 

probability was approximately 0.55 but was highest for burrow observations that were closest in 

time to high tide (Figure 2.4). 

2.3.2 Simulation analysis 

Overall, model performance in terms of both relative bias, RMSE (combined measure of bias and 

variance), and credible interval (CI) coverage improved with increasing detection, decreasing 

state uncertainty, and increasing survey frequency. Daily egg and chick survival rates were 

estimated with little to no bias across all simulation scenarios. In contrast, stage-specific 

abundance (number of nests with eggs, hatchlings, and fledglings) and nest state transition 

probabilities were more sensitive to deviations from “ideal” survey conditions, with increasing 

bias coinciding with decreasing data quality and quantity. Convergence was achieved for all 

model parameters in more than 90% of 100 simulations for scenarios with either daily or three 

times weekly surveys.  

Daily egg and chick survival were estimated with a high degree of precision and low 

relative bias across all scenarios (Figure 2.5a, Figure 2.6). Even with low detection (p = 0.5), 

high state uncertainty (α = 0.5), and low survey frequency (once/wk), mean relative bias in daily 

egg and chick survival was approximately 0.01% and -0.43%, respectively. Similarly, RMSE for 
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egg and chick survival was less than 0.01 and mean CI coverage was approximately 94% for 

both egg and chick survival across all 18 simulation scenarios. 

Model performance for the derived abundance metrics varied across scenarios and nest 

stages. The number of nests with a chick showed low relative bias (<0.1%) across all scenarios 

except the scenario with highest state uncertainty (α = 0.5) and lowest survey frequency 

(once/wk) and detection (G = 0.5), where relative bias was approximately 4% (Figure 1a). 

However, while relative bias exhibited little to no pattern across levels of detection and state 

uncertainty, RMSE increased with decreasing detection and survey frequency. For the number of 

nests that produced at least one fledgling, relative bias was low (-0.1%) across all simulation 

scenarios. However, RMSE was higher for the number of nests with fledglings compared with 

the number of nests with hatchlings, with little pattern across levels of detection and state 

uncertainty.  

Stage-based transition probabilities were estimated with varying degrees of bias and 

precision across the 18 simulation scenarios (Figure 2.5b, Figure 2.6). For nest initiation, relative 

bias was lower (5-20%) with daily surveys regardless of detection probability and remained low 

for three/wk survey frequency scenarios with higher detection. Bias increased for three/wk 

survey frequency scenarios with lower detection, particularly with higher state uncertainty, and 

increased even more (> 100%) for once/wk survey scenarios, though again was improved at 

higher detection levels. Increasing levels of state uncertainty only caused high bias when both 

the survey frequency and detection were low, indicating that state uncertainty alone did not 

inherently cause more bias. Though relative bias in this parameter was high in poor survey 

conditions, credible interval coverage was greater than 80% in all scenarios. In contrast to nest 

initiation transition probabilities, egg hatching and chick fledging transition probabilities were 
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estimated with lower relative bias across all scenarios. Relative bias increased notably with fewer 

than daily surveys, with no evident pattern across levels of detection and state uncertainty. It is 

important to note that though the estimation of these transition probabilities is tenuous under 

very low levels of detection and survey frequency, this merely over- or under-estimates the 

timing of the peak of nest transitions within the allowable window, not whether the transition 

happened. In other words, in cases where the estimation of these daily transition probabilities is 

biased, it does not affect the estimation of stage-specific abundance, only the timing and nest age 

phenology of initiation, hatching, and fledging. 

Parameters in the observation process (p, α) were estimated with high precision and little 

to no bias across all simulation scenarios (Figure 2.5c, Figure 2.6). Relative bias in nest detection 

was low (<1%) and did not exhibit a pattern across levels of state uncertainty, survey frequency, 

or detection. RMSE did not vary across levels of state certainty but did increase with lower 

survey frequency. State uncertainty, α, was also estimated with very low bias (<2%), and though 

the precision of this state assignment parameter decreased with the deterioration of all levels of 

the observation process (increasing state uncertainty, decreasing detection, and decreasing survey 

frequency), credible interval coverage was nominal across all scenarios (Figure 2.7). 

2.4 DISCUSSION 

We developed a novel multi-event Jolly-Seber nest survival model useful for estimating 

reproductive success and nest abundance in situations when nest age, state, and/or fate may be 

unknown. We applied this generalized nest survival model to estimate daily nest survival, stage-

specific abundance, hatching success, and fledging success for a Pigeon Guillemot colony 

observed in 2014 on Whidbey Island, Washington, highlighting the usefulness of this framework 

for this and other cryptic nesting species. 
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We estimated a daily chick survival rate of 0.988 (0.973-0.997), hatching success of 0.91 

(0.76-1.00), fledging success of 0.58 (0.30-0.78), a mean incubation period of 31 (29-34) days, 

and a mean chick rearing period of 37 (35-43) days. Our estimates were within the range 

estimated by others, though direct comparison is challenging as previous studies often 

distinguish between the survival and success rates of “alpha” versus “beta” chicks or 1-egg 

versus 2-egg nests, while our estimate should be interpreted as the probability that the nest 

produces at least one egg or chick. Litzow et al. (2002) found that Pigeon Guillemot beta chicks 

in Alaska had a daily survival rate between 0.971 and 0.998. Our estimates of stage-specific 

reproductive success were similar to the 0.56-0.87 hatching success and the 0.60-0.74 fledging 

success reported by McLaren (1991) for Pigeon Guillemots in Oregon.  

Knowledge about how environmental conditions affect the demography and population 

dynamics of avian populations is fundamental to understanding responses to environmental 

perturbations and whether a species may be an indicator of ecosystem change. Pigeon Guillemots 

are thought to rely on nearshore, predictably distributed (but potentially lower quality) benthic 

forage fish species as opposed to (higher quality) pelagic species, allowing them to have higher 

provisioning rates to support 2-egg clutches (Cairns 1987). Pigeon Guillemot reproductive 

success in the Farallon Islands was lower in El Niño years (Ainley & Boekelheide 1990) and 

lower chick growth rates and brood sizes have occurred in years of lower prey abundance in 

British Columbia and Alaska (Vermeer et al. 1993b). Changing prey availability due to a shift in 

the Pacific Decadal Oscillation coincided with a notable decline in guillemot abundance in the 

Bering Sea and Gulf of Alaska in the 1990s (Litzow et al. 2002). Guillemot responses to 

environmental variability are complex and nuanced (Burger et al. 2004, Irons 2008, Litzow et 

al. 2004), but one thing is clear: oceanographic conditions matter and can affect everything from 
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nest initiation and attendance to chick provisioning and fledgling weights (Nelson 1987, Ainley 

& Boekelheide 1990, Nelson 1991, Golet et al. 2000, Wanless et al 2005). Future expansions of 

this work to include multiple colonies and years will allow us to directly link reproductive 

success and breeder abundance to environmental conditions for this Puget Sound indicator 

species.  

Our novel modeling framework generalizes nest survival models and relaxes the 

requirements for known-age and/or known-fate data, adding to the expansion of model 

frameworks aimed at estimating nest success since Mayfield (1961, 1975). Though model 

performance varied across parameters and survey scenarios, simulation results indicated that the 

model generally produced unbiased estimates of the parameters of ecological interest. Daily egg 

and chick survival rates were returned with little to no bias and low RMSE even in scenarios 

with high state uncertainty, low nest detection, and infrequent surveys. The abundance of nests 

with at least one hatchling showed a small degree of positive bias while that of fledglings was 

estimated with a small degree of negative bias. The estimation of both of these parameters was 

strongly affected by survey frequency but not by levels of detection probability or state 

uncertainty. This is not unexpected, as abundance estimators tend to be relatively sensitive to the 

quality of the observation process (Link 2003, Grimm et al. 2014, Hickey & Sollmann, 2018). 

Our simulation results suggest that increasing the number of survey occasions could be more 

helpful than taking steps to improve daily nest detection or reduce state uncertainty in situations 

where nest ages and states may be unknown. 

While the model framework produced relatively unbiased stage-specific survival and 

abundances, the estimation of daily transition probabilities was strongly biased, particularly for 

fledging probabilities with low survey frequency. The bias in these transition probabilities was 
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ameliorated by increasing the number of survey occasions, but was unaffected by levels of 

detection probability. It is important to restate that these apparent biases merely over- or under-

estimate the timing of the peak of nest transitions, not whether the transition happened, which 

explains the low bias in stage-specific nest abundances. This framework is therefore very 

effective for estimating nest survival and nest abundance in a variety of survey situations, but a 

sufficient number of survey occasions would likely be necessary to robustly estimate the timing 

of stage-specific transitions. It is therefore unsurprising that the weekly monitoring survey 

protocol in the Pigeon Guillemot case study was somewhat problematic in applying this model 

framework to these data. Additionally challenging for the case study dataset were that there were 

very few surveys during and preceding the egg incubation period, providing little information to 

inform nest initiation date (which provides an anchoring foundation for subsequent hatching and 

fledging nest ages), ultimately leading to poor mixing and convergence when fitting the model to 

the full number of years and colony sites available in the dataset. A final complicating factor in 

using this model framework for the Pigeon Guillemot case study is the fact that we did not 

account for this species’ ability to lay 2-egg clutches, which added additional uncertainty to the 

timing of nest state transitions. These issues would not be problematic in the application of this 

framework to species that lay 1-egg clutches or that are monitored more frequently with surveys 

beginning well before the start of nesting activity. Future work could examine model 

performance across different survival probabilities and nest-stage transition windows, as this is 

directly related to the frequency of survey occasions that would be needed to examine research 

questions related to nesting phenology.  

Though some parameters were sensitive to prior distributions and scenarios with lower 

data quantity and quality, the novel multi-event Jolly-Seber model presented here advances nest 
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survival modeling methods and provides unbiased estimates of stage-specific nest survival and 

abundance even when nest age, state, and fate are unknown. This work highlights the valuable 

contributions of community science monitoring programs that are generating a growing quantity 

of information that can be used in ecological modeling and conservation science for this and 

other cryptic avian species around the world. 
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2.6 FIGURES & TABLES 

 
Figure 2.1: Posterior mean and 95% credible intervals for egg and chick survival at a daily level, and 
reproductive success (probability a nest produces at least one fledgling) and stage-specific survival over 
the entire breeding season, derived for the latter by raising daily rates to the power of the mean peak 
transition age for each stage.  
 
 

 
Figure 2.2: Posterior mean and 95% credible intervals for daily nest state transition probabilities for egg 
laying, egg hatching, and chick fledging by nest and chick age. 
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Figure 2.3: Mean and 95% credible intervals for the number of nests with at least one egg, hatchling, and 
fledging. 

 
Figure 2.4: Mean and 95% credible intervals for daily burrow detection probability as a function of a 
categorical representation of the tidal cycle, where 1 represents burrow observations made closest in time 
to the morning’s high tide and 4 represents burrow observations made farthest from the morning’s high 
tide. 



 
Figure 2.5: Relative bias (%) of (a) egg (ϕEgg) and chick (ϕChick) survival and nest success, (b) number of nests with at least one egg (NL), 
hatchling (NH), and fledgling (NF), (c) stage-specific nest state transitions governing nest initiation (β!L and β"L), egg hatching (β!H and β"H), and 
chick fledging (β!F and β"F) and (d) observation process parameters nest detection (p) and state uncertainty (α) across levels of survey frequency 
(daily, three/week, once/week), nest detection probability (0.5, 0.75), and state uncertainty probability (none, 0.25, 0.5). Color scales are plot 
specific, but white always denotes 0 bias, while red and blue denote the percent positive and negative bias, respectively. Dark grey indicates where 
$ is set at zero and therefore bias is not calculated. 
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Figure 2.6: Root mean squared error of (a) egg (ϕEgg) and chick (ϕChick) survival and nest success, (b) number of nests with at least one egg (NL), 
hatchling (NH), and fledgling (NF), (c) stage-specific nest state transitions governing nest initiation (β!L and β"L), egg hatching (β!H and β"H), and 
chick fledging (β!F and β"F) and (d) observation process parameters nest detection (p) and state uncertainty (α) across levels of survey frequency 
(daily, three/week, once/week), nest detection probability (0.5, 0.75), and state uncertainty probability (none, 0.25, 0.5). Higher values indicated 
by darker colors reflect a higher degree of variance and bias. Dark grey indicates where $ is set at zero and therefore RMSE is not calculated. 
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Figure 2.7: Credible interval coverage for (a) egg (ϕEgg) and chick (ϕChick) survival and nest success, (b) number of nests with at least one egg (NL), 
hatchling (NH), and fledgling (NF), (c) stage-specific nest state transitions governing nest initiation (β!L and β"L), egg hatching (β!H and β"H), and chick 
fledging (β!F and β"F) and (d) observation process parameters nest detection (p) and state uncertainty (α) across levels of survey frequency (daily, 
three/week, once/week), nest detection probability (0.5, 0.75), and state uncertainty probability (none, 0.25, 0.5). Color scales are plot specific, but 
white always denotes 95% coverage, while red and blue imply > 95% and < 95% coverage, respectively. Dark grey indicates where $ is set at zero 
and therefore coverage is not calculated.
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Chapter 3. IDENTIFYING ENVIRONMENTAL DRIVERS OF 
DEMOGRAPHY AND POTENTIAL FACTORS 
LIMITING THE RECOVERY OF AN 
ENDANGERED MARINE TOP PREDATOR 

 

Publication history: This study was co-authored with Devin S. Johnson, Tom S. Gelatt, and 

Sarah J. Converse. At the time this dissertation was published, a version of this chapter was in 

review at Ecosphere.  

 

Abstract: Understanding what drives changes in wildlife demography is fundamental to the 

conservation and management of depleted or declining populations, though making inference 

about the intrinsic and extrinsic factors that influence survival and reproduction remains 

challenging. Here we use 19 years of mark-resight data from 2000-2018 to examine the effects of 

environmental variability on age-specific survival and natality for the endangered western distinct 

population segment (wDPS) of Steller sea lions (Eumetopias jubatus) in Alaska, USA. Though 

this population has been studied extensively over the last four decades, the causes of divergent 

abundance trends that have been observed across the wDPS range remain unknown. We developed 

a Bayesian multi-event mark-resight model that accounts for female reproductive state uncertainty. 

Results indicated that survival rates for male pups (0.44; 0.36-0.53), female yearlings (0.63; 0.49-

0.73), and male yearlings (0.62; 0.51-0.71) born in the western portion of the range and estimated 

here for the first time, were lower than the corresponding values in the eastern portion of the range: 

male pups (0.69; 0.65-0.74), female yearlings (0.76; 0.71-0.81), and male yearlings (0.71; 0.65-

0.78). Additionally, pup mass had a positive effect on pup survival in the eastern portion of the 

range and a negative effect in the western portion of the range. Local and basin-scale 



 39 

oceanographic features such as the Aleutian Low, the Arctic Oscillation Index, the North Pacific 

Gyre Oscillation, chlorophyll concentration, upwelling, and wind in certain seasons were 

correlated with vital rates. However, drawing strong inferences from these correlations is 

challenging given that relationships between ocean conditions and an adaptive top predator in a 

highly dynamic ecosystem are exceedingly complex. This study provides the first demographic 

rate estimates for the western portion of the population range where abundance estimates continue 

to decline. These estimates will advance efforts to identify factors driving regionally divergent 

abundance trends, with implications for population-level responses to future climate variability. 

Keywords: Steller sea lion, demography, survival, oceanographic conditions, environmental 

variability, conservation, mark-resight, hierarchical model, western Distinct Population Segment 

3.1 INTRODUCTION 

Understanding the complex mechanisms linking environmental conditions to patterns in 

population dynamics is essential to developing effective conservation and management 

measures, but remains an ongoing challenge in most situations due to data availability and the 

complexities of making inferences across differing spatio-temporal scales. This is particularly 

true for top predators that inhabit vast and heterogenous landscapes, where there is often a 

mismatch between the ecological question and the data that are available to examine the relevant 

hypotheses (Conn et al. 2014). Pinnipeds exhibit a range of responses to oceanographic 

variability, including changes in body condition, reproductive output, maternal attendance 

patterns, diet, the timing of pupping or weaning, foraging effort, and levels of stranding and 

mortality (Sterling et al. 2014, Joy et al. 2015, Speakman et al. 2020). While it is important to 

study these relationships at the scale that is most relevant to the species or ecological process of 

interest, this is often difficult or impossible to do (Wiens 1989, Mannocci et al. 2017). The 
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challenge that lies at the crux of this issue is how to scale inference from a small sample of 

individual behaviors or physiological outcomes to the population level, particularly given that 

prey and predator responses to biophysical changes may not be consistent in degree or duration 

across space and time. Our objective with this work was to examine environmental drivers of 

demography and fill existing knowledge gaps about the spatio-temporal variability of survival 

and reproduction for the western distinct population segment (wDPS) of Steller sea lions 

(Eumetopias jubatus).  

Though the population dynamics of Steller sea lions have been studied extensively, 

understanding the factors affecting demography is an ongoing area of research. Over the last four 

decades, researchers have proposed numerous competing hypotheses to explain the precipitous 

decline of the species during the 1970s and the divergent recovery rates that have been observed 

across the species’ range. Factors that have been examined include nutritional stress (Pascual & 

Adkison 1994, Trites & Donnelly 2003, Atkinson et al. 2008) and reduced age-specific survival 

and fecundity (York 1994, Loughlin & York 2000, Holmes et al. 2007). However, existing 

demographic studies have been conducted at relatively small spatio-temporal scales and have not 

included the central and western Aleutian Islands, where abundance seemingly continues to 

decline (Sweeney et al. 2018). Additionally, evaluations of the effects of oceanographic 

conditions have thus far focused on correlations with trends in abundance rather than 

demography (Trites et al. 2007, Lander et al. 2013).  

Existing research about the impacts of environmental variability on Steller sea lions has 

largely focused on examining body condition (Calkins et al. 1998), weaning (York et al. 2008), 

diet (Call & Loughlin 2005, Sinclair et al. 2013), and foraging behavior (Lander et al. 2010, 

2011, 2020) spanning oceanographic regime shifts and the heterogenous landscape created by 
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the Aleutian Island passes. However, even though we have learned that Steller sea lion diet 

varies by region and over time (Sinclair & Zeppelin 2002, Call & Loughlin 2005, Sinclair et al. 

2013), that female body condition and weaning age have varied across oceanographic regimes 

(Calkins et al. 1998, York et al. 2008), that diet diversity has traditionally been similar (Fritz et 

al. 2019) or lower (Merrick et al. 1997, Lander et al. 2009) in areas where the population 

continues to decline, and that sea lions likely use biophysical features of the landscape to locate 

nearshore prey aggregations (Fadely et al. 2005, Lander et al. 2010, 2011, 2020), these 

behavioral and physiological findings have not yet been linked to changes in demography. 

Based on the assumption that seasonal and interannual variability in certain biophysical 

features affects the distribution and availability of Steller sea lion prey, we hypothesized that 

oceanographic features would be correlated with natality and survival of pups and young sea 

lions. Specifically, basin-scale processes such as the Pacific Decadal Oscillation (PDO), North 

Pacific Gyre Oscillation (NPGO), and the Aleutian Low (AL) can cause localized changes in sea 

surface temperature, upwelling, wind, and chlorophyll concentrations, which can affect the level 

of storminess or the distribution, density, and abundance of forage fish. The availability of prey 

can in turn affect foraging effort, energetic demands, the timing of weaning, reproductive output, 

and survival (Antonelis et al. 1997, Trites and Porter 2002, Hastings et al. 2021). On the one 

hand, sea lions are flexible foragers with numerous target prey species and can therefore likely 

adapt to both short- and long-term environmental variability (Loughlin et al. 2003). On the other 

hand, sea lions are central and multiple-central place foragers that rely to a great extent on the 

predictability of the distribution and quality of prey species near natal rookeries, which can be 

strongly affected by both static and dynamic oceanographic features (Sinclair & Zeppelin 2002, 

Raum-Suryan et al. 2004). 
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In this study, we use mark-resight data from 2000-2018 for the wDPS of Steller sea lions 

in Alaska to estimate the effects of individual characteristics and oceanographic conditions on 

age- and sex-specific survival and natality while accounting for uncertainty in reproductive state. 

This work will improve our ability to make inference about the factors underlying population 

dynamics by providing estimates of the effects of ocean conditions and comparing age- and sex-

specific survival and natality over a greater spatio-temporal scale than has been examined to 

date. We report the first survival and natality estimates for individuals that breed in the far 

western Aleutian Islands, where abundance estimates have continued to decline, and provide 

insights into the links between environmental conditions and the demographic rates that drive 

abundance of this iconic top predator. Our results can inform conservation and management 

efforts in light of ongoing and future climatic change. 

3.2 METHODS 

3.2.1 Study system 

The wDPS of Steller sea lions in the United States breeds on rookeries west of 144°W, an area 

that encompasses rookery and haul-out sites in the eastern, central, and western Gulf of Alaska 

and the eastern, central, and western Aleutian Islands (Figure 3.1). Each year, adult male bulls 

establish territories beginning in May. Females reach reproductive maturity between the ages of 

3 and 6 (Pitcher & Calkins 1981) and arrive at rookeries to give birth from late May to early July 

depending on the region (Pitcher et al. 2001, Kuhn et al. 2017). At a given rookery, most pups 

are born within a relatively short time period and nurse throughout the summer. Females make 

short foraging trips throughout the summer breeding season, before going out to sea with their 

pups for the fall and winter (Raum-Suryan et al. 2002), during which time their activities can 

vary depending on environmental conditions and local bathymetric features (Burkanov et al. 
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2011, Lander et al. 2011). Females exhibit a high degree of natal rookery site fidelity (Pitcher & 

Calkins 1981), but recent research suggests a greater degree of movement between rookeries and 

regions within the Aleutian Islands and Gulf of Alaska, likely due to rookery-specific density 

dependence or prevailing environmental conditions (Fritz et al. 2016, Jemison et al. 2018). 

The Aleutian Islands archipelago is a dynamic ecosystem that marks the boundary 

between the Pacific Ocean and the Bering Sea. The complex biological processes that drive 

primary production and foraging behavior of upper-level predators in the region are controlled 

largely by the dramatic bathymetry, hydrography, and biophysical characteristics of the 

numerous Aleutian passes, where heat exchange, nutrient mixing, and transport occur. While 

much remains unknown about this large region, researchers agree that the contrasting features to 

the east and west of Samalga Pass (~170°W) represent a notable ecological boundary (Ladd et al. 

2005a). To the east of Samalga Pass, narrow shallow passes are supplied by the warmer waters 

of the Alaska Coastal Current and are often characterized by high nutrient concentration and 

productivity that support coastal zooplankton species, a higher diversity of forage fish, and 

abundant nearshore and piscivorous seabirds. Sea lion genetics and diet composition also differ 

on either side of Samalga Pass, with diet in the eastern portion of the range being more diverse 

and dominated largely by walleye pollock (Gadus chalcogrammus) (O’Corry-Crowe et al. 2006, 

Sinclair & Zeppelin 2002, Sinclair et al. 2005). In contrast, to the west of Samalga Pass, deep 

and wide passes are supplied by colder nutrient-rich waters of the Alaska Stream and are 

characterized by oceanic zooplankton, a lower diversity of potentially slower-growing forage 

fish (Hunt & Stabeno 2005), planktivorous seabirds, and a lower-diversity sea lion diet 

dominated by less densely aggregated Atka mackerel (Pleurogrammus monopterygius) (Sinclair 

et al. 2005, Rand et al. 2019). These generalized patterns likely oversimplify the fine-scale 
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variability that occurs seasonally, interannually, and across island rookeries (Mordy et al. 2005, 

Fadely et al. 2005), particularly given the influence of meso-scale habitat features such as eddies 

(Miller et al. 2005, Lander et al. 2010, Lander et al. 2021) that influence the availability, 

abundance, and distribution of predators and their prey. 

3.2.2 Sea lion data 

Our study is based on mark-resight data of sea lions that were hot-branded with an individually 

unique mark, weighed, measured, and released as pups from rookeries in five U.S. regions of the 

western DPS (n = 2,833). Approximately 13% of individuals were marked at Ulak and Agattu 

Island rookeries (hereafter, the “western portion of the wDPS range”) beginning in 2011 (Agattu 

Island) and 2013 (Ulak Island), while the majority were marked in the eastern Aleutian Islands 

and central and eastern Gulf of Alaska (hereafter, the “eastern portion of the range”) beginning in 

2000 (Figure 3.1). Resightings occurred May through August during dedicated field camps 

(eastern portion of the range only) and vessel- and land-based surveys, generating a total of 

approximately 39,300 and 25,150 sighting records of marked females and males, respectively 

(for more details, see Fritz et al. 2014). Capture histories for individuals marked in the western 

portion of the range were primarily based on remote camera data, as in Altukhov et al. (2015). 

Across the range, 41% of marked female pups and 46% of marked male pups were not resighted. 

Based on the differences in sample size and sampling effort in addition to the biogeographic 

divide at Samalga Pass and divergent abundance trends noted above, we estimated distinct vital 

rates for individuals marked in the eastern versus western portions of the range. 

In years when females were resighted, they were observed an average of six times. 

Multiple observations per season were collapsed into annual capture histories by adopting the 

observation with the greatest certainty in reproductive state (e.g., if a female was observed with a 
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pup at any point in the season, that status was applied for the whole year). To simplify model 

structure, we assumed that false positive identifications (pre-breeders or non-breeders observed 

with pups) did not occur. In order to minimize this error, a female was only recorded as being 

with a pup if it was observed nursing or very close physical contact with a single pup for a 

prolonged time (e.g., pup or dependent juvenile and female are sleeping together, or the pair 

reunite after female returns from foraging). 

3.2.3 Oceanographic data 

We examined metrics associated with both localized oceanographic conditions and basin-scale 

conditions as potential covariates on demography, assuming these features directly (e.g., 

storminess) or indirectly (forage fish availability) affect survival and reproduction through 

several ecological mechanisms. Basin-scale indices included the Arctic Oscillation Index (AOI), 

Pacific Decadal Oscillation (PDO), the North Pacific Gyre Oscillation (NPGO), and the Aleutian 

Low (AL). The AOI characterizes Arctic climate patterns, where positive phases represent 

stronger winds and warmer temperatures in northern latitudes (Higgins et al. 2000). The PDO, 

which quantifies large-scale, interdecadal variability in sea surface temperature, is associated 

with warm and cool phases that impact salinity, mixed layer depth, and ocean productivity 

(Zhang and Levitus 1997, Mantua et al. 1997). The NPGO is associated with patterns in 

circulation and ocean currents, where positive phases are marked by lower sea surface 

temperatures and higher salinity, chlorophyll, and nutrients, and is thus often considered a driver 

of plankton dynamics (Di Lorenzo et al. 2008). The AL is a measure of the strength and position 

of the atmospheric low-pressure system that persists in the Aleutian Basin during fall through 

spring each year and is associated with the timing, location, and duration of regional storms 

(Seckel 1993, Rodionov et al. 2005). Though years with stronger ALs have coincided with 
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warmer winters, the mechanisms underlying this connection are not well understood (Rodionov 

et al. 2007). Time series of these variables were obtained at the monthly level from the NOAA 

National Center for Environmental Information (NOAA NCEI 2020) and NOAA Physical 

Science Laboratory (NOAA PSL 2020) and applied as a proxy for both the eastern and western 

portions of the wDPS range. 

Localized environmental variables were obtained from satellite reanalysis products and 

included sea surface temperature (SST; ∘C), chlorophyll-a concentration (mgm"#), geostrophic 

meridional (north-south) and zonal (east-west) wind (ms-1), and the Bakun upwelling index (m3s-

1100m-1 of coastline). Data for SST and wind were obtained from the Copernicus Marine 

Environment Monitoring Service (Martin et al. 2019). Monthly composites of chlorophyll-a 

concentration were obtained from Aqua MODIS and SeaWiFS satellite products (NASA 2018) 

using the NOAA ERDDAP server (Simons 2020). Monthly upwelling anomalies in the Gulf of 

Alaska (60∘N, 149∘W) were obtained from the NOAA Pacific Fisheries Environmental 

Laboratory. 

All variables were obtained at monthly levels, aggregated to seasonal means, and 

converted to Z-scores (by subtracting the mean and dividing by the standard deviation) for the 

respective time series spanning the analyses for the western (2000–2018) and eastern (2011–

2018) portions of the range. Sets of seasonal covariate values spanning the summer and fall of 

year t and the winter and spring of year t+1 were applied to demographic rates in year t to 

coincide with the seasonal sea lion breeding cycle. Because there is a high degree of uncertainty 

about age-specific sea lion foraging patterns, separate broad spatial extents were selected as 

bounding boxes from which to obtain satellite data for individuals marked and resighted in the 

eastern portion of the wDPS range (46.3°N to 58.1∘N and 177.9°W to 159∘W) and those in the 
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western portion of the wDPS range (49.8°N to 55.4°N and 169.9°E to 175.6°E) (Figure 3.1). 

Pairs of variables with high correlations (r > 0.5) were not included in the same model. 

3.2.4 Statistical analyses 

Age- or stage-specific demographic rates in wildlife populations can be estimated using multi-

state mark-recapture models (Brownie et al. 1993), where repeated sightings of marked 

individuals allow inference about the true latent state or ecological process based on a capture 

history that arises from an observation process with imperfect detection. However, biases can 

occur when the state of a marked individual is not observed with perfect certainty. Multi-event 

models (Kendall 2004, Pradel 2005) allow for the estimation of parameters even when 

observations map to multiple true states and have led to improved parameter estimation 

compared with the strategy of dropping cases with state uncertainty (Kendall 2004). Multi-event 

models have been used extensively to assess reproductive status and survival in species with 

simple life histories, but have been increasingly used to examine vital rates and the effect of 

oceanographic conditions on demography for species with complex life histories (Fujiwara & 

Caswell 2002, Fay et al. 2015, Tavecchia et al. 2016, Payo-Payo et al. 2016, Santidrian Tomillo 

2017, Sanz-Aguilar et al. 2017, Champagnon et al. 2018, Himes Boor et al. In revision). Here we 

use a multi-event model to account for reproductive state uncertainty, as a nursing female may be 

seen with or without her pup depending on a variety of circumstances. 

3.2.4.1 Ecological process model 

True states were defined by an individual’s age, sex, and reproductive state. Immature age 

classes included pups (young of year), age-1 yearlings, age-2 individuals, and juveniles age 3-5 

that had not yet entered the breeding population (pre-breeders). Adult states included males ages 

6+ and females with pups at age 4, at age 5, and at ages 6+, and reproductively mature females 
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ages 5+ that did not have a pup in a given year (non-pupping). If a female has not pupped by age 

6, she automatically transitions into the non-pupping state (Figure 3.2). The state process model, 

 

!$,&|!$,&"' ∼ 	Categorical(Ω(!,#$%,$,&"')  
 

describes the state z of individual i at occasion t, conditional on the individual’s state at the 

previous occasion, modeled as categorically distributed according to transition array Ω, 

describing the probability of an individual being in state z conditional on its previous state and 

individual- and time-specific effects. For Steller sea lions, this transition array is decomposed 

into survival (ϕi,t) and pupping probability (ψi,t; the probability of a female that bred in year t 

having a pup in year t+1 conditional on survival). 

Interannual variability in survival and pupping probabilities for individuals marked in the 

eastern portion of the range were modeled as functions of environmental and individual 

covariates and random effects of year. That is, for general demographic rate parameter +, 

logit(γa,s,t) = µa,s
) + 0′2a

) + ϵa,t
)    

 

where µs,a
)  is an age (a) and sex (s)-specific intercept, 0 is a vector of covariates with associated 

coefficients 2a
*, and ϵa,t

)  is an annual (t) random effect. The intercept µa,s
)  for a given demographic 

rate was estimated using a logit-transformed uniform U(0,1) prior distribution on the probability 

scale for individuals marked in the eastern portion of the wDPS range. For individuals marked in 

the western portion of the range where samples sizes were smaller, mean survival rates µ for 

each sex s for ages pup through age-5 juveniles were estimated using an intrinsic Gaussian 

conditional autoregressive (CAR) model prior distribution that enforced autocorrelation by age, 

µpup:5,s
+ ∼ MVN(0, σQ) 
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where Q is the precision matrix of an intrinsic autoregression or order 2 (IAR(2); Speckman and 

Sun 2003) scaled by σ. The IAR(2) model imposes a smoothness constraint that estimates two 

fewer parameters relative to independent age random effects. As with the previous penalized 

complexity priors, we used σ ∼ Exp(λ = 1) as a prior for the scaling parameter σ. 

To increase parameter estimability and regulate model complexity, we used a penalized 

complexity approach (Simpson et al. 2017, van Erp et al. 2019) for defining prior distributions 

on 2a
) and ϵa,t

) . Using a penalized complexity prior shrinks the coefficient toward zero in the 

absence of strong support for a covariate effect. The effect of each univariate covariate c (e.g., 

pup mass 9i and oceanographic variable 9t) on demographic rate γa,s was assumed to be drawn 

from a unique Gaussian distribution as βa,c
) ∼ N(0, σ,,-), with standard deviations distributed 

according to an exponential distribution with a fixed shrinkage rate σ,,- ∼ Exp(λ = 1) to apply 

moderately strong shrinkage. Similarly, random year effects (estimated only for the eastern 

portion of the wDPS range) were assumed to be drawn from a Gaussian distribution as ϵa,t
) ∼

N(0, σa
)), with standard deviations σa

) distributed according to an exponential distribution with a 

fixed shrinkage rate as described above. Age- and sex-specific intercepts were estimated for each 

demographic rate, but fixed effects of environmental conditions were shared across sexes and 

only estimated for pup survival (ϕP), age 1-2 survival (“young”, ϕ1:2), and first-time (ψ3:5) and 

repeat (ψB) pupping, as we hypothesized that the survival of older individuals was likely to be 

relatively unaffected by environmental variability due to much larger energy storage capacity 

and foraging experience. Separate fixed effects were examined for the effect of pup mass for 

each sex. For survival, correlated random effects were assumed between sexes (except females 

with pups and adult males) and were also assumed for juvenile individuals ages 3-5 (i.e., year-

specific deviations from the mean were modeled in common for these groups). For pupping 
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probabilities, correlated random effects were assumed for all first-time breeding transitions for 

age 3-5 individuals (ψ3:5). 

Age-specific natality (f, the number of offspring produced per female ages 4, 5, and 6+ in 

a given year, assuming only singleton births and different than pupping probability, which is a 

state transition probability) was calculated by taking the proportion of each female age class that 

had a pup at a given occasion according to the true z state. For the eastern portion of the range, 

age-specific and overall natality (proportion of females pupping in a given year) were calculated 

beginning in the 7th study year to allow for more than one marked cohort to have reached 

reproductive maturity. Due to the shorter study period and the biennial branding schedule in the 

western portion of the range, natality was calculated beginning in just the 4th year when at least 

one marked cohort had reached reproductive maturity. 

3.2.4.2 Observation process model 

Possible observations for adult females included being seen without a pup, seen with a pup, or 

not detected. These observations, combined with knowledge of an individual’s age, define the 

events in the multi-event model, 

;$,&|!$,& ∼ 	Categorical(Θ(!,#$,&)   
 
where an observation ;i,t conditional on the true state !i,t is categorically distributed with 

probability array Θ. Components of detection probability for individual i at time t include the 

probability of detection, =i,t, and the probability of correctly ascertaining the presence of a pup for 

breeders, δi,t. Similar to demographic rates, detection probability was modeled as: 

logit(=a,s) = µa,s
. + β. + ϵ&

.   
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where the mean intercept µa,s
.  for each sex s and age a was estimated using a logit-transformed 

prior that was uniform U(0,1) on the probability scale. For individuals marked in the eastern 

portion of the range, a categorical fixed effect parameter was included to account for markedly 

lower resight survey effort in three years during the study period (2006, 2017, 2018), where β. ∼

normal(0,0.001) is drawn from a Gaussian distribution. Interannual variability in detection 

probability was estimated for the eastern portion of the range with random year effects assumed 

to be drawn from a Gaussian distribution as ϵ&
. ∼ normal(0, F.), with standard deviations σp 

estimated with shrinkage priors, distributed according to an exponential distribution with a fixed 

shrinkage rate as described above. We expected that the probability of correctly ascertaining 

whether a female had a pup would be a function of the number of times a female was seen in a 

season, and so we used the number of sightings per individual per year (with pups or without) as 

a categorical covariate for the multi-event classification probability parameter, δ$,&. 

3.2.4.3 Variable and model selection 

To reduce the number of covariates to a reasonable number with which to use shrinkage priors as 

a variable selection technique, we eliminated covariates that were not supported based on a 

comparison between Watanabe-Akaike information criterion (WAIC; Watanabe 2010) values of 

the null model versus models where each environmental variable was used as the sole covariate. 

We further eliminated some variables that did improve model fit based on WAIC values in order 

to avoid using strongly correlated covariates in the same model. For demographic models for 

individuals marked in the eastern portion of the range, this process of elimination left the AL, 

AOI, NPGO, upwelling, northward wind, and chlorophyll concentration for use in the “full” 

model. For the western portion of the range, the AOI, NPGO, upwelling, and northward wind 

were retained in the full model. 
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Once the final set of environmental covariates was determined, we used WAIC to 

compare the null model, an interannual random effects-only model (no environmental 

covariates), and a set of full models (interannual random effects, pup body mass, and season-

specific environmental covariates). Season-specific environmental covariates were examined 

together (i.e., all covariates were from the same season in each model run) due to the infeasibility 

of examining all possible combinations of the four seasonal values of each environmental 

covariate. We summarized the results of the full model according to the proportion of MCMC 

chain sample estimates for the environmental effects that was above versus below zero. 

3.2.4.4 Model fitting 

Models were fit using NIMBLE (NIMBLE Development Team 2019) within the R programming 

environment (R Core Development 2022) using 20,000-40,000 iterations and 10,000-20,000 

burn-in depending on the model, a thinning rate of 2, and an adaptation rate of 10. We evaluated 

model convergence using visual inspection of chains and the Brooks-Gelman-Rubin statistic 

(Gelman & Rubin 1992; Brooks & Roberts 1998) GH < 1.1. After fitting full models, we evaluated 

goodness-of-fit using Bayesian p-values, where we compared the number of observed versus 

predicted resightings of individuals by age at each occasion, and there were no indications of 

problematic lack of fit. The typical set of mark-recapture model assumptions applied in this 

study, where it was assumed that branding did not affect detection probability, survival and the 

reproductive state of individuals were independent, there were no identification errors, mortality 

during the sampling season was negligible, and there was no unmodeled heterogeneity in 

survival and detection probabilities. 
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3.3 RESULTS 

3.3.1 Demography 

3.3.1.1 Survival 

Mean pup survival from 2000-2018 in the eastern portion of the wDPS range was 0.71 (95% 

credible interval = 0.67-0.76) and 0.69 (0.65-0.74) for females and males, respectively. Survival 

increased with age for both sexes, though survival for age-2 females (0.88; 0.82-0.92) was 

notably higher than that of age-2 males (0.76; 0.69-0.82; Figure 3.3, Table 3.1). Survival for 

females with a pup (0.94; 0.92-0.96) was higher than non-pupping females (0.83; 0.75-0.91; 

Figure 3.3, Table 3.1). Survival for individuals marked in the eastern portion of the range was 

most variable over years for pups, age-1, and age-2 individuals (Figure 3.4a). Mean annual male 

and female pup survival over the study period ranged from 0.31 to 0.95. Juvenile and pupping 

adult female survival remained relatively constant throughout the study period. 

Age- and sex-specific survival rates for the western portion of the wDPS range from 

2011-2018 had higher uncertainty than in the eastern portion of the wDPS range due to the 

smaller sample size. While female pup survival was similar to that in the east, male pup survival 

was 0.44 (0.36-0.53), which was significantly lower than that in the eastern portion of the wDPS 

range (Figure 3.3, Table 3.1). Additionally, female survival for age-1 through pre-breeding age 

groups (age-3 to age-5) was notably lower compared to that of individuals marked in the eastern 

portion of the wDPS range. Estimates were similar between the eastern and western portions of 

the range for adult males and females. 
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3.3.1.2 Pupping and natality 

 
For the eastern portion of the wDPS range, the probability of first-time pupping was highest for 

age-5 individuals (i.e., giving birth for the first time at age 5; ψ/) at 0.72 (0.62-0.8) and much 

lower for age-6 individuals (ψ0) at 0.16 (0.01-0.38) and age-4 individuals (ψ#) at 0.13 (0.08-

0.21) (Figure 3.3, Table 3.1). The probability of females with a young of year also pupping in the 

following year (ψB) was high (0.98; 0.96-0.99) and remained relatively constant throughout the 

study period. The probability of pupping for females that had not given birth in the previous year 

(ψNB) was low (0.08; 0.03-0.16) and remained relatively low over the study period, with the 

exception of 2006-2007. Though estimated with a relatively high degree of uncertainty, the 

temporal standard deviation in pupping probabilities for first-time breeders was relatively high 

(F1PB = 1.26), reflecting rates that fluctuated substantially throughout the study period (Figure 

3.4b). Mean age-specific natality (calculated from the 7th year onward) was low for age-4 

individuals (0.13; 0.04-0.28) and much higher for age-5 (0.81; 0.7-0.9). Overall natality (f, 

proportion of breeding-age females with a pup each year) was calculated as approximately 0.8 

(0.74-0.84) in the last few years of the study period (Table 3.1). 

For the western portion of the wDPS range, age-specific pupping probabilities mirrored 

that in the eastern portion (higher probability for age-5 individuals and existing breeders), though 

the mean probability of repeat pupping (ψB) was slightly lower and credible intervals were much 

wider due to the smaller sample size (only two marked cohorts had reached reproductive 

maturity by the end of the study, which covered fewer years compared to that in the eastern 

portion of the wDPS range; Figure 3.3). Mean age-specific natality (calculated from the 4th year 

onward) was 0.38 (0.12-0.89) for age-4 individuals and 0.76 (0.49-1) for age-5 individuals. 

Natality for age-6+ in the western portion of the wDPS range only included a single cohort and is 
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therefore not directly comparable to natality estimated for the eastern portion of the range. 

Overall natality for the study period was approximately 0.69 (0.47-0.96; Table 3.1). Time-

varying demographic rates were not examined for individuals marked in the western portion of 

the range due to fewer marked individuals resighted over fewer occasions. 

3.3.2 Detection 

Detection probability increased with age for both males and females (Figure 3.5). Of note is that 

resightings in the western portion of the range are the product of both opportunistic observations 

and remote cameras, and though less certain, mean age- and sex-specific detection probabilities 

were higher than those estimated from rookery-based field camps in the eastern portion of the 

range. The probability of correctly identifying females as having a pup (δi,t) increased with 

resighting frequency, ranging from 0.41 (0.38-0.45) for individuals resighted once or twice per 

year to 0.71 (0.68-0.75) for those resighted more than nine times. 

3.3.3 Individual and oceanographic covariates 

The effect of individual characteristics and environmental conditions (βc,a) are reported on the 

logit scale, where values above zero indicate a positive correlation and values below zero a 

negative correlation. We report both the logit-scale value of βc,a, which indicates the strength of 

the correlation, and the proportion of MCMC samples that were above or below zero (p(βc,a >

0)), which indicates the probability that the correlation was positive versus negative. In general, 

the uncertainty around coefficient effects increased with the addition of random effects for vital 

rates and detection probabilities. 

For individuals marked in the eastern portion of the wDPS range, pup mass had a positive 

effect on pup survival (ϕP) for both females (β = 0.18; 0, 0.37; p(β > 0 = 0.98)) and males (β = 
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0.29; 0.12, 0.48; p(β > 0 = 1)), and young females age-1 to age-2 (ϕ1:2) as well (β = 0.07; -0.06, 

0.25; p(β > 0) = 0.82) (Figure 3.6). However, for individuals marked in the western portion of 

the range, pup mass had a negative effect on male pup survival (β = -0.26; -0.59, 0.02; p(β < 0) 

= 0.95) and age 1-2 survival (β = -0.14; -0.66, 0.17; p(β < 0) = 0.78). Uncertainty in the estimates 

for the effect of pup mass on these various demographic rates is much greater for individuals 

marked in the western portion of the range. We did not detect an effect of pup mass on that same 

female’s probability of first-time pupping (ψ3:5; Figure 3.6). 

For the eastern portion of the range, the full model included the AL, AOI, NPGO, 

chlorophyll concentration, meridional winds, and upwelling. With the exception of upwelling, 

season-specific variables largely had a positive effect on the survival of pups (ϕP) that did not 

extend to individuals age 1-2 (Figure 3.6). More specifically, pup survival was positively 

correlated with positive-phase AL in the spring (β = 0.46; 0.04, 0.84; p(β > 0) = 0.99), positive-

phase AOI in the summer (β = 0.37; -0.22, 1.04; p(β > 0) = 0.87) and positive-phase NPGO in 

the summer (β = 0.17; -0.17, 0.82; p(β > 0) = 0.81) and fall (β = 0.31; -0.09, 0.76; p(β > 0) = 

0.91) (Figure 3.6). In terms of more localized conditions, pup survival was positively correlated 

with chlorophyll concentration during the winter (β = 0.45; 0.11, 0.73; p(β > 0) = 0.99) and 

spring (β = 0.05; -0.19, 0.49; p(β > 0) = 0.68) and negatively correlated with increased 

upwelling, particularly in the fall (β = -0.45; -1.13, 0.15; p(β < 0) = 0.91) and winter (β = -0.68; 

-1.15, 0.07; p(β < 0) = 0.99). In terms of reproduction, first-time pupping probability was 

positively correlated with summer positive-phase NPGO (β = 0.61; -0.02, 1.23; p(β > 0) = 0.97) 

and increased summer upwelling (β = 0.31; -0.29, 1.05; p(β > 0) = 0.84) and negatively 

correlated with stronger summer wind (β = -0.9; -1.6, 0.16; p(β < 0) = 0.99). Repeat pupping 
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probability was positively correlated with chlorophyll concentrations in the fall (β = 0.78; -0.1, 

2.05; p(β > 0) = 0.93), but showed little to no correlations with other environmental covariates. 

For the western portion of the range, oceanographic variables included in the full model 

included the AOI, NPGO, wind, and upwelling, though their effects on pup and age 1-2 survival 

were estimated with less precision due to the smaller sample size (Figure 3.6). Some 

environmental effects were similar to those estimated for individuals marked in the eastern 

portion of the range, however, a notable difference was that the effects were evident not for pup 

survival, but for age 1-2 survival (ϕ1:2). Specifically, positive-phase AOI in the fall (β = 0.84; -

0.12, 2.15; p(β > 0) = 0.92) and positive-phase NPGO in the fall (β = 1.27; 0.23, 2.2; p(β > 0) 

= 0.99), winter (β = 0.89; 0.01, 1.92; p(β > 0) = 0.98), and spring (β = 1.25; 0.48, 2.03; p(β >

0) = 1) exhibited strong evidence of a positive effect on age 1-2 survival. Stronger summer 

upwelling exhibited a positive correlation with age 1-2 survival (β = 0.5; -0.19, 1.4; p(β > 0) = 

0.9) while stronger winds in spring and summer were correlated with lower survival rates. 

Environmental covariates were not included in the estimation of pupping probability for 

individuals marked in the western portion of the range due to the low sample size of 

reproductively mature individuals. 

3.3.4 Model selection and evaluation 

For the eastern portion of the range, both the models with time-varying demographic rates and 

the full seasonal models performed better than the null model in terms of lower WAIC values 

(Table 3.2). Much of the improvement in the full models compared with the null model (ΔWAIC = 

310) was attributable to the addition of random effects (ΔWAIC = 8.7), with much smaller but 

meaningful improvements with the addition of individual and environmental covariates (Table 

3.2). The best-fit model was the full model that included environmental covariates from the 
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winter season followed by the model that included covariates from the summer (ΔWAIC = 9.3). A 

consequence of the larger number of covariates accommodated by the penalized complexity 

shrinkage priors is that it is more challenging to attribute the improvement in model fit to a 

specific environmental variable. To elucidate the effects of each season-specific environmental 

covariate, we examined WAIC values for models where each covariate was used alone. This 

revealed that upwelling and the Aleutian Low during winter and summer, the NPGO during the 

spring, and chlorophyll concentration over the entire non-breeding season explained the most 

variability when included alone (Appendix A). 

For demographic estimates in the western portion of the range, all full seasonal models 

performed better than the null model (Table 3.2). The best-fit model included covariates from the 

spring, followed closely by the model that included environmental variables from the fall season 

(LWAIC = 2.1). Similar to above, an examination of model fit with only one environmental 

covariate included at a time showed that these improvements in WAIC value could be attributed 

largely to the effect of spring and fall NPGO on age 1-2 survival, which in fact had the lowest 

WAIC value when included alone (Supplemental information). 

3.4 DISCUSSION 

We used mark-resight data to estimate survival and natality and the effects of pup weight and 

oceanographic conditions for the wDPS of Steller sea lions in Alaska. This study provides the 

first demographic rate estimates for individuals marked in the western and central Aleutians 

where abundance continues to decline (Sweeney et al. 2018) and the first instance of examining 

correlations between environmental conditions and vital rates, providing insights into potential 

drivers of population dynamics for this population. 
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3.4.1 Demography 

3.4.1.1 Regional comparisons 

Researchers have hypothesized that the historical and ongoing decline in counts at rookeries in 

the western portion of the wDPS range may be due to a combination of demographic or 

environmental factors (Loughlin & York 2000, Holmes et al. 2007). With this study, we aimed to 

explore variation in age- and sex-specific vital rates to improve ecological understanding that can 

inform future management and recovery actions under the Endangered Species Act. In general, 

survival rates estimated in this study for the eastern portion of the wDPS range were similar to 

(or higher than) previous estimates (York 1994, Pendleton et al. 2006, Fritz et al. 2014, 

Maniscalco et al. 2015) and those estimated for the eastern DPS (Hastings et al. 2011, 2021, 

Wright et al. 2017). However, survival rates for the western portion of the wDPS range (western 

and central Aleutian Islands) estimated here for the first time are notably lower than those in the 

eastern portion of the range, particularly for male pups, yearlings of both sexes, and juvenile 

females ages 2-5. Survival estimates for individuals age 0-3 in the Asian stock of Steller sea 

lions in the Russian Far East (geographically closer to the western Aleutian Islands than other 

rookeries in the wDPS) ranged from approximately 0.6 to 0.8 (Altukhov et al. 2015), much 

higher than reported here. Though it is difficult to compare our natality estimates to previous 

studies that relied on proportions of observed breeders in aerial surveys, overall natality for the 

eastern portion of the wDPS range was similar to estimates from the late 2000s in the eastern 

Gulf of Alaska (Maniscalco et al. 2010, 2014) and those observed in stable or increasing 

pinniped populations (McKenzie et al. 2005, Lunn et al. 1994). In contrast, natality in the 

western portion of the wDPS range was lower. Though both survival and natality estimates for 

the western portion of the range had greater uncertainty compared to those for the eastern portion 
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of the range, the differences are striking and could be limiting population growth. Additional 

years of data will reduce the uncertainty in adult survival and natality estimates, which will 

round out our understanding of the intrinsic factors limiting recovery, as those vital rates are 

often the dominant drivers of population dynamics for long-lived species (Heppell et al. 2000). 

3.4.1.2 Age- and sex-specific comparisons 

Examining patterns in age- and sex-specific survival rates can lend insight into life history trade-

offs, habitat conditions and prey availability, and reproductive fitness. Age-specific survival 

generally increased with age from pups to adults for both males and females, as expected for 

long-lived mammals according to the demographic buffering hypothesis (Gaillard et al. 1998, 

Pfister 1998, Eberhardt 2002, Rotella et al. 2012) and similar to previous studies of this species 

(Maniscalco et al. 2010, Hastings et al. 2011, 2018, Altukhov et al. 2015, Wright et al. 2017). 

However, this pattern was not uniformly observed for both sexes in each region. For males in the 

eastern portion of the range and females in the western portion of the range, a small drop was 

observed in survival for ages 1-2 compared to pups, as previously observed (Pendleton et 

al. 2006, Fritz et al. 2014, Maniscalco et al. 2014, Altukhov et al. 2015). The effect of pup mass 

was also different across sexes and regions, with a positive correlation in the eastern portion of 

the range versus a negative correlation (particularly pronounced for males) in the west. Taken 

together, these patterns in age-specific survival and the respective effects of pup mass likely stem 

from differential maternal investment strategies and age-at-weaning across the range. 

Our results indicated that heavier pups had a higher probability of survival in their first 

year in the eastern portion of the range and a lower probability in the west, the effects of which 

were not strongly evident past the first year. Larger pups might be able to forage more 

effectively (if they were still larger when independent foraging begins) or might be born earlier 
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or to larger, more experienced females. Several authors have found this positive association 

between pup mass and first-year survival for the eastern DPS (Hastings et al. 2011, Maniscalco 

2014, Wright et al. 2017) and for other pinniped species around the world, particularly fur seals 

(Boltnev et al. 1998) and Weddell seals (Hadley et al. 2007, Proffitt et al. 2010). However, 

females can compensate for smaller pup size by increasing maternal investment and/or weaning 

later (Trillmich 1990, Lee et al. 1991), providing support for the assertion that maternal care 

influences first-year survival more than birth mass for otariids (Boyd 1990, McMahon & Hindell 

2003). Hastings et al. (2021) found that in certain rookeries in both the eastern and western 

DPSs, earlier weaned yearlings had a lower probability of survival, that heavier pups were more 

likely to wean by one year of age, and that pup body mass had a positive effect on survival. In 

applying these concepts to our findings, it is possible that larger pups in the western portion of 

the range incur a larger burden on lactating females (as was found in South American sea lions 

who foraged longer for heavier pups; Drago et al. 2021) and may habitually be weaned sooner 

and therefore ultimately experience lower survival rates despite their larger size. With additional 

years of data, a closer examination of the region-specific life history strategies for breeding 

females could lend insight into the trade-offs inherent in maximizing reproductive fitness given 

prevailing environmental conditions and physiological constraints. 

3.4.2 Oceanographic effects 

We examined numerous local and basin-scale oceanographic indices to identify potential 

correlations between environmental features and demography based on the hypothesis that these 

dynamic biophysical conditions either directly (e.g., through increased storminess) or indirectly 

(e.g., bottom-up forcing mechanisms that affect the quality, quantity, or distribution of prey 

species) impact survival and natality. Oceanographic conditions are known to influence many 
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aspects of foraging, health, maternal investment, and reproductive success in pinnipeds. Studies 

have shown that other otariids, primarily fur seals, associate with certain frontal features or 

oceanographic niches while foraging or migrating (Ream et al. 2005, Sterling et al. 2014, Joy et 

al. 2015, Speakman et al. 2020), but few studies have linked these features to demography. 

Existing examples include correlations between sea ice and recruitment in Weddell seals (Hadley 

et al. 2007), sea surface temperatures and first-year survival for subantarctic fur seals (Beauplet 

et al. 2005), and El Niño conditions and first-year survival in southern elephant seals (McMahon 

& Burton 2005). In this study, we found that there was strong evidence that the NPGO, the 

Aleutian Low, the AOI, northward wind, and chlorophyll concentration were positively 

correlated with pup and age 1-2 survival and that summer upwelling in the previous season was 

positively correlated with fecundity. Taken together, these results could indicate that lower sea 

surface temperatures, higher chlorophyll and nutrient concentrations (during positive-phase 

NPGO) and stronger winds and decreased storminess (during positive-phase AOI) represent 

conditions that may be more favorable for pup survival and reproductive success. However, the 

effects of these localized and basin-scale conditions were age-, region-, and season-specific. 

Namely, the Aleutian Low had the strongest effect in the spring while the AOI, chlorophyll 

concentration, and wind mattered more in the summer and winter for individuals marked in the 

eastern portion of the range. These seasons are likely important in terms of life history events, as 

research has shown that pups are most vulnerable during their first winter (York 1994, Trites & 

Larkin 1996), as they are limited to shallower diving and the physiological constraints of their 

smaller body size (Trites & Porter 2002). In the spring, environmental cues could be signaling 

adult females whether to wean their pups or continue nursing, and in the summer, lactating 

females would likely benefit from higher prey densities close to rookeries.  
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While identifying the precise mechanisms by which these features affect demography 

was outside the scope of this study, our findings improve our understanding of the population’s 

response to environmental variability. For example, stronger winter Aleutian Lows may give 

way to spring and summer seasons with higher wind stress curl, stronger anticyclonic eddies, and 

increased chlorophyll concentrations (Prants et al. 2019), which could affect the aggregation of 

prey species and favorable foraging conditions for lactating females in the summer. 

Demographic rates in both regions were positively correlated with the NPGO, which has 

exhibited correlations with salmon productivity in the Gulf of Alaska (Jones et al. 2020) and may 

also influence plankton dynamics (Di Lorenzo et al. 2008) that affect both the availability and 

quality of groundfish and forage fish species. The NPGO was predominantly in a negative phase 

from 2013-2018 in the later part of the study, a time period coinciding with a persistently low 

body condition index seen in bottom trawls in the Aleutian Islands from 2012-2018 (NPFMC 

2020). Notably absent from the group of variables that showed some degree of correlation with 

demographic rates is sea surface temperature, which has been shown to affect foraging behavior 

(Lander et al. 2010) and have lasting ecosystem effects long after marine heatwave events 

(Arimitsu et al. 2021, Suryan et al. 2021). It may be that sea surface temperature is more 

important at a highly localized scale as a behavioral cue rather than at broad regional scales. The 

fact that the effect of ocean conditions was limited to pup survival in the eastern portion of the 

range is likely an indication that these variables either directly affect pup survival (i.e., through 

increased storminess or maternal separation) or indirectly by affecting maternal investment (i.e., 

fat storage, weaning, nutrient transfer, prey quality). In contrast, the more notable effect of ocean 

conditions on yearling and age-2 individuals in the western portion of the range could be due to 
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earlier weaning of those heavier pups by their first summer, in which case yearling individuals 

could be strongly affected by prevailing ocean and foraging conditions. 

When examining the complex relationships between environmental conditions and 

demography for an adaptive top predator, it is important to examine the effects of environmental 

variability and habitat features at the scale that is relevant to the species (Mannocci et al. 2017), 

but in this case, that is complicated by several factors. First, multiple spatio-temporal scales are 

likely important to sea lions, as both local and region-scale environmental conditions influence 

the quantity and quality of prey, for which data are patchily available. Second, the relationships 

between climate indices and the species they affect can themselves exhibit decadal-scale 

changes, as has been shown with the NPGO (Litzow et al. 2018, 2020). These complex issues of 

scale-matching and non-stationary relationships make it challenging to identify mechanistic 

pathways by which environmental variables affect demography. We know that landscape 

features are important, it is just that the reasons why they matter simultaneously vary by 

individual sea lion, rookery, region, season, and year. In addition to these inferential obstacles, 

the sea lions themselves present an additional challenge in that they are, by nature, adaptive and 

have evolved to maximize fitness in dynamic and variable environments. Nursing females can 

compensate for unfavorable foraging conditions or smaller pup birth weights by extending 

lactation or changing foraging behavior (Trites & Porter 2002, York et al. 2008, Maniscalco et 

al. 2014). While this flexibility may be particularly important in high-latitude environments with 

strong seasonality (Varpe et al. 2017), it does make it difficult to disentangle the effects of pup 

body size, maternal characteristics, regional differences, and environmental variability. 

Future work could address some of these complexities through an individual-based 

integrated model combining mark-resight observations that included maternal attendance and 
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suckling of dependent young, telemetry data that could better inform the spatial extent of 

environmental covariates, localized measures of prey availability (though these are not readily 

available), and proxies for other stressors such as natural predation or contaminant exposure that 

may also vary across the range. These observational datasets could be used to estimate the effects 

of environmental variability within a stochastic antecedent model framework (Ogle et al. 2015) 

that could examine the lag time, duration, and intensity of the effects of ocean conditions. This 

framework could better account for the effects of maternal versus pup characteristics and would 

address the uncertainty about the strength, relative importance, and timing of the effects of 

seasonal environmental variability. Additionally, the results from this study could be used within 

a population viability framework to understand to what degree the age-specific effects of 

oceanographic variability estimated here could contribute to changes in population dynamics and 

trends in abundance. 

This study has highlighted age- and sex-specific differences in base demographic rates 

that may inform ongoing investigation into the divergent abundance trends that have been 

observed between the eastern and western portions of the western DPS. Our results emphasize 

the improvement in precision that can be achieved with a longer-term dataset and the benefits of 

continued focus on obtaining additional years of data for the western portion of the wDPS range. 

Though the current study design precluded the identification of specific mechanisms by which 

ocean conditions affect demography, we have highlighted correlations that provide insight into 

ecological processes and patterns over the nearly 20-year study that could be explored further in 

future studies. This research has provided important information for the conservation and 

management of this species, particularly for portions of this endangered population that show 

continued evidence of decline, and will be foundational to future analyses of population viability 



 66 

and extinction risk that will inform decision-making in light of ongoing and anticipated future 

climate variability. 

3.5 CONCLUSION 

This study examined interannual variability in age- and sex-specific demographic rates and the 

effects of pup mass and oceanographic conditions on survival and natality for the western DPS 

of Steller sea lions. Our results provide the first demographic rate estimates for individuals 

marked in the central and western Aleutian Islands, where low survival of male pups and young 

sea lions of both sexes may be contributing to or driving the continued declining abundance 

trends that contrast the stable or increasing trends at rookeries to the east of Samalga Pass. One 

of the strengths of this study is its broad spatio-temporal scope, which has facilitated the 

estimation of demographic rates with reasonable precision in the eastern portion of the wDPS 

range and highlight the importance of continued survey effort in the central and western 

Aleutians to reduce the uncertainty in age 1-2 survival probabilities and enable a more robust 

estimate of natality and adult survival, as those vital rates may also be factors limiting recovery. 

Pup mass had a positive effect on pup survival in stable or increasing population areas and a 

negative effect in the far western rookeries, potentially indicating differing maternal investment 

strategies between the two regions. 

For both the eastern and western portions of the western DPS range, we found 

correlations of varying strength and degree between sea lion vital rates and seasonal 

oceanographic conditions. Namely, the spring Aleutian Lows, summer and winter AOI and wind 

velocities, fall and winter chlorophyll concentrations, and NPGO and upwelling throughout the 

year exhibited age- or region-specific positive or negative effects on survival and natality. 

However, because the effects of ocean conditions are dynamic, vary over time and three-
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dimensional space, and are complicated by potential lag effects of unknown duration, the design 

of this study precluded specifically identifying the mechanisms underlying these observed 

correlations. Even so, improving our understanding of demography and the environmental 

factors that influence survival and natality across rookeries in the western DPS will enhance our 

ability to estimate population viability and trends in abundance and inform ongoing conservation 

and management strategies for this endangered species. 
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3.7 FIGURES & TABLES 

 

Figure 3.1: Steller sea lion branding locations in the eastern (blue triangles) and western (green squares) 
portions of the range, and rookeries (red) throughout the western distinct population segment (excluding 
Russia) and southeast Alaska (eastern DPS that extends along the U.S. West Coast). Black rectangles 
indicate locations from which satellite data were aggregated for use as covariates in the eastern (46.3° to 
58.1°N and -177.9° to -159°W) and western (49.8° to 55.4°N and 169.9° to 175.6°E) portions of the range. 
Table shows the number of marked and released pups in each region over the study period. 
 

 
Figure 3.2: Life cycle diagram for female and male Steller sea lions, with true ecological states shown in 
white (pup, juveniles age 1-3, pre-breeding subadults ages 4-5, breeding adult females (4+B), non-breeding 
adult females (5+NB), and adult males (6+A). Survival (f) and pupping (y) probabilities denote transitions 
between true states (black lines) and detection probabilities (p) denote possible observation events for each 
age and breeding (with or without pup) and non-breeding females (grey dotted lines).   
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Figure 3.3: Posterior mean and 95% credible intervals for age- and sex-specific survival and pupping 
probabilities for Steller sea lions in the eastern (black) and western (grey) portion of the wDPS range. 
 

 
Figure 3.4: Posterior mean and 95% credible interval for time-varying age-specific (a) survival and (b) 
pupping probability for female Steller sea lions marked in the eastern portion of the wDPS range. 
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Figure 3.5: Posterior mean and 95% credible intervals for age- and sex-specific detection probability of 
Steller sea lions marked in the eastern (black) and western (grey) portion of the wDPS range. 
 

 
Figure 3.6: Logit-scale posterior mean and 95% credible intervals for the fixed effects of environmental 
covariates in each season and pup mass at branding on pup and young (pooled effect for age 1-2) survival 
and pupping probabilities for individuals marked in the eastern and western portions of the wDPS range. 
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Table 3.1: Posterior mean and 95% credible intervals for age- and sex-specific (M = male; F = female) 
survival and natality (proportion of females with a pup) parameters for the eastern (2000-2018) and 
western (2011-2018) portions of the wDPS. 

Rate Sex Age  Eastern 95% CI Western 95% CI 

Survival 

F 
P 

0.71 0.67-0.76 0.64 0.54-0.77 

M 0.69 0.65-0.74 0.44 0.36-0.53 

F 
1 

0.76 0.71-0.81 0.63 0.49-0.73 

M 0.71 0.65-0.78 0.62 0.51-0.71 

F 
2 

0.88 0.82-0.92 0.67 0.51-0.78 

M 0.76 0.69-0.82 0.78 0.66-0.88 

F 
3 

0.92 0.87-0.96 0.78 0.63-0.89 

M 0.92 0.86-0.97 0.89 0.78-0.97 

F 
4 

0.99 0.94-1.00 0.89 0.72-0.99 

M 0.86 0.81-0.91 0.94 0.83-1.00 

F 
5 

0.96 0.92-0.99 0.94 0.74-1.00 

M 0.92 0.87-0.96 0.97 0.76-1.00 

F 
Adult w/ pup 0.94 0.92-0.96   

Adult w/o pup 0.83 0.75-0.91   

M 
Adult 0.85 0.83-0.87 

0.88 0.54-1.00 

F 0.84 0.53-0.99 

Natality F 

4 0.13 0.04-0.28 0.38 0.12-0.89 

5 0.81 0.7-0.90 0.76 0.49-1.00 

all 0.80 0.74-0.84 0.69 0.47-0.96 

 
Table 3.2: WAIC values for models of individuals marked in the eastern (null, random effects only, 
seasonal full models) and western (null and seasonal full models) portions of the range. 

Region Model WAIC DWAIC 

Eastern Full (Winter) 17,701.1 0.0 

Eastern Random effects only 17,709.8 8.7 

Eastern Full (Summer) 17,710.4 9.3 

Eastern Full (Spring) 17,714.4 13.3 

Eastern Full (Fall) 17,715.3 14.3 

Eastern Null 18,011.0 310.0 

Western Full (Spring) 919.2 0.0 

Western Full (Fall) 921.3 2.1 

Western Full (Winter) 922.9 3.7 

Western Full (Summer) 930.5 11.3 

Western Null 933.7 14.5 
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Abstract: Understanding the spatio-temporal variability in demography offers insight into the 

factors that underlie population dynamics and viability of wildlife populations. This is 

particularly true for species with divergent demographic patterns across large geographic areas. 

The divergent demographic trends across the range of Steller sea lions (Eumetopias jubatus) 

have been studied extensively but remain poorly understood. We developed a Bayesian 

integrated population model for the western distinct population segment of Steller sea lions in 

Alaska that combines rookery counts and capture-recapture data from 2000-2021 to estimate 

demography, abundance trends, and the effects of environmental variability on population 

growth and viability. Our results show declining age-specific survival rates in the latter part of 

the study period and highlight demographic differences between subregions, including reduced 

pup survival in the central Aleutian Islands and reduced yearling survival in the central and 

western Aleutians Islands. Range-wide abundance increased by 1.15% yr-1 (95% credible 

interval: -8.2;11.2%) over the study period, with variable growth rates across the range. We 

estimated higher rates of annual growth (~3% yr-1) east of Samalga Pass and a decline (-2.5% yr-

1) west of Samalga Pass. Our model framework represents an improvement upon existing 

approaches for estimating abundance, facilitates accounting for uncertainty in future viability due 
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to environmental variability, and will be useful in evaluating the efficacy of ongoing monitoring 

and conservation actions for the species across its range. 

Keywords: Steller sea lion, population viability, integrated population model, Bayesian 

hierarchical model, endangered species, sensitivity analysis, environmental variability 

4.1 INTRODUCTION 

For species that exhibit divergent demographic patterns across large geographic areas, 

understanding the spatio-temporal variability in demography provides valuable insight into the 

drivers of population dynamics. For depleted or declining populations, the accuracy of 

demographic estimates can directly affect managers’ abilities to develop effective conservation 

strategies. However, estimating vital rates and detecting trends in abundance for a depleted top 

predator with a complex life history and a large geographic range is a challenging endeavor, 

where inferences about broadscale patterns are necessarily made from spatio-temporally limited 

datasets or covariates. Combining multiple data sources within the formal framework of an 

integrated population model (IPMs; Besbeas et al. 2002, Brooks et al. 2004) can often improve 

precision, reduce bias, and facilitate the estimation of parameters not directly informed by data 

(Schaub et al. 2007, Tavecchia 2009, Abadi et al. 2010). Integrated population models can also 

facilitate the estimation of spatio-temporal variance in demographic parameters, which is 

fundamental to conducting population viability analyses (PVA; Beissinger & Westphal 1998) 

that allow managers to understand the population-level implications of this variability while 

facilitating the evaluation of extinction risk, developing quantitative recovery criteria, or 

proposed recovery strategies. 

IPMs are an emerging and evolving tool in wildlife applications that have proven useful 

for examining population dynamics of species with complex life histories (e.g., brown bears, 
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Bled et al. 2017; polar bears, Regehr et al. 2018), and other issues of management importance 

such as the effects of anthropogenic stressors and environmental variability on demography (e.g., 

Rhodes 2011, Cleasby et al. 2017, Abadi et al. 2017, Pirotta et al. 2018). Using an IPM as the 

foundation of a PVA can improve demographic estimates and facilitate a full accounting of 

uncertainty when examining viability or progress toward established recovery criteria. IPM-

based PVAs have been used to evaluate the effects of climate change and management actions 

on wildlife populations of conservation concern (Saunders et al. 2018), including beluga whales 

(Mosnier et al. 2015, Ch. 5), harbor seals (Boveng et al. 2018), and emperor penguins 

(Jenouvrier et al. 2019). 

The western distinct population segment (wDPS) of Steller sea lions (Eumetopias 

jubatus) in Alaska exhibited substantial and rapid declines during the 1980s, which have been 

followed by divergent trends in abundance over the large geographic range of this population. 

Abundance in the central and western Aleutian Island rookeries west of Samalga Pass continues 

to decline while abundance in eastern regions of the wDPS range has increased since the early 

2000s (Fritz & Stinchcomb 2005, Fritz et al. 2016). Despite extensive research aimed at 

identifying drivers of regional population dynamics, the underlying drivers of divergent 

abundance trends remain poorly understood. These patterns have been attributed at least partly to 

reduced and variable age-specific survival and fecundity (York 1994, Holmes et al. 2007), with 

recent evidence suggesting depressed pup survival (Warlick et al. in review; Ch. 3) in areas of 

ongoing decline and lower apparent survival of female breeders in the late 2010s in the Gulf of 

Alaska (Maniscalco 2018).  

Here, we build on the analyses of Warlick et al. (in review; Ch. 3) and present a PVA for 

the wDPS of Steller sea lions based on an IPM informed by mark-resight and aerial survey data 
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from 2000-2021. Our goals were to (1) identify regional differences in vital rates that may be 

driving divergent abundance trends, (2) improve upon the existing approach of estimating 

abundance, and (3) examine the population-level implications of environmental variability and 

spatio-temporal differences in demography. Our results can inform future research, management 

decisions, and the evaluation of progress towards recovery criteria. More generally, our approach 

serves as a useful framework for studying the effects of environmental variability on population 

dynamics and viability with applicability to other species of conservation concern, especially 

those with a high degree of spatio-temporal variability in demography over their range. 

4.2 METHODS 

4.2.1 Study system 

The range of the wDPS of Steller sea lions includes rookery and haulout sites along the coastline 

of the eastern, central, and western Gulf of Alaska (GoA) and the numerous islands that 

comprise the eastern, central, and western Aleutian Island (AI) management subregions (Figure 

4.1). The biological processes driving primary production and ecosystem dynamics in the GoA 

and across the Aleutian archipelago are shaped by a dividing line at Samalga Pass (170∘W; 

Stabeno et al. 1999, Ladd et al. 2005). The shallower passes to the east of Samalga Pass are 

characterized by a higher diversity of forage fish that supports a more diverse sea lion diet 

(Sinclair & Zeppelin 2002) compared to the deeper, colder, nutrient-rich passes to the west of 

Samalga Pass that are dominated by slower-growing forage fish (Hunt & Stabeno 2005, Sinclair 

et al. 2005, Rand et al. 2019). These generalized regional characteristics, supplemented by finer-

scale variability, affect the foraging conditions experienced by individual sea lions. 

During the breeding season, adult male bulls establish rookery territories starting in May 

before reproductively mature females arrive to give birth from late May to early July (Pitcher et 
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al. 2001, Kuhn et al. 2017). Throughout the summer, females with pups make short foraging trips 

that allow them to remain close to the rookery in order to nurse their young and build up energy 

reserves before going out to sea with their pups for the fall and winter (Raum-Suryan et 

al. 2002). Females exhibit a high degree of natal site fidelity and begin reproducing between the 

ages of 3 and 6 (Pitcher & Calkins 1981). 

4.2.2 Data 

Two data sources were combined in our model: (1) mark-resight data from sea lions that were 

hot-branded with individual marks as pups and resighted in five subregions of the wDPS range 

from 2000-2018 and (2) annual count estimates (Johnson & Fritz 2014) based on aerial survey 

data from 2000-2021 across the wDPS range.  

The mark-resight data are conditioned on pup cohorts that were marked late in the 

summer breeding seasons from 2000-2017 at specific rookeries in five of the six subregions. 

Three cohorts were marked (2001, 2003, 2005) at rookeries in the eastern GoA (Seal Rocks, 

Wooded, n = 287), six cohorts were marked nearly biennially starting in 2000 at rookeries in the 

central GoA (Marmot and Sugarloaf Is., n = 1,184) and eastern AI (Ugamak Is., n = 997), three 

cohorts were marked (2013, 2015, 2017) in the central AI (Ulak Is., n = 159), and four cohorts 

were marked (2011, 2013, 2015, 2017) in the western AI (Agattu Is., n = 206). No cohorts were 

marked in the western GoA. In the eastern portion of the wDPS range (eastern-central GoA, 

eastern AI), resighting effort occurred May through August during vessel- and land-based 

surveys, generating a total of approximately 39,300 and 25,150 sighting records of branded 

females and males, respectively. In the western portion of the range (central and western AI), 

resightings were primarily based on observations generated from remote cameras. 
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Aerial surveys of Steller sea lions throughout Alaska have been conducted since the 

1980s, though with more spatio-temporal consistency beginning in the 2000s (Fritz et al. 2016). 

Surveys generally occur from late June to early July after most pups are born and when haulout 

rates are highest (Fritz et al. 2016). Approximately 200 survey sites have been identified within 

the range of the wDPS and grouped according to the six management subregions. Images of sea 

lion rookeries and haulouts taken during aerial surveys were processed by two analysts who 

independently counted and designated individuals as pups and non-pups (the latter including 

juveniles, sub-adult males, adult females, and male bulls). These raw counts from 2000 to 2021 

were then modeled using the agTrend R package (Johnson & Fritz 2014) to derive predicted 

subregion-specific abundance for pups and non-pups across both surveyed and unsurveyed sites 

in each year (Sweeney et al. 2022). All areas are not surveyed each year due to the costs and 

logistics of conducting aerial surveys in remote areas.  

In addition to these two sea lion datasets, we examined the effects of environmental 

covariates on demography. Based on the results of Warlick et al. (in review; Ch. 3) and evidence 

documenting widespread impacts of the marine heatwave that persisted in the North Pacific from 

2015-2017 (Suryan et al. 2021, Arimitsu et al. 2021), we chose to examine the effect of two 

covariates that may influence sea lion demography: the North Pacific Gyre Oscillation (NPGO) 

and sea surface temperature (SST). The NPGO is an oceanographic index that has been linked to 

the growth and abundance of various salmon and groundfish species (Kilduff et al. 2015, 

Ohlberger et al. 2016, Litzow et al. 2018) and changes in SST coincide with varying localized 

and basin-scale oceanographic conditions ranging from increased storminess to changes in prey 

distribution and availability, all of which could affect sea lion survival and reproduction. 

Monthly data for the NPGO in summer months were obtained from the NOAA National Center 
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for Environmental Information (NOAA NCEI 2020) and NOAA Physical Science Laboratory 

(NOAA PSL 2020), averaged to create annual values, and Z-scored. Monthly data for SST 

around the Gulf of Alaska and the Aleutian Island chain (47.5°N to 58.1∘N and 174.5°W to 

159∘W) in summer months (June-Aug) were obtained from the Copernicus Marine Environment 

Monitoring Service (Martin et al. 2019), averaged over time and space to create a single annual 

time series, and Z-scored. Though we recognize the spatio-temporal complexity and nuance of 

the effect of localized environmental conditions on long-lived, adaptive top predators, we used a 

single timeseries for each covariate in the estimation of vital rates in all subregions even though 

these conditions and their effects likely vary across the wDPS range. We expected that these 

large-scale predictors could have common effects across the range and that the sample sizes in 

subregions in the western portion of the wDPS range would not support independent estimates of 

covariate effects. We therefore relied on other elements of model structure (e.g., random effects 

over time and space) to capture critical spatio-temporal variability in demographic rates.  

4.2.3 Statistical analyses 

Our IPM has two subcomponent models: a multi-event model (Kendall 2004, Pradel 2005) to 

estimate demographic rates based on mark-resight data, and a state-space model based on aerial 

survey data to estimate abundance. Multi-event models have been increasingly used to examine 

vital rates for species with complex life histories (Tavecchia et al. 2016, Payo-Payo et al. 2016, 

Santidrian Tomillo 2017, Sanz-Aguilar et al. 2017, Champagnon et al. 2018, Regehr et al. 2018, 

Himes Boor et al. In revision). As described in Warlick et al. (in review; Ch. 3), we use a multi-

event model to account for reproductive state uncertainty, as a nursing female may be seen with 

or without her pup. 
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4.2.3.1 Multi-event model  

The multi-event model used for the analysis of mark-resight data is defined by both an ecological 

process, in which animals transition between true states according to demographic rates, and an 

observation process, in which individuals are resighted according to detection and state 

classification probabilities. States were defined by an individual’s age, sex, and reproductive 

state and included pups, yearlings, age-2 individuals, age-3 individuals, age-4 individuals, age-5 

individuals, breeding adult females, non-breeding adult females, and adult males. Females can 

first be in the breeder state starting at age 4 and must transition into one of the adult female states 

by age 6 (Figure 4.2) conditional on survival. Males are defined as adults at age 6. The state 

process model, 

!$,&|!$,&"' ∼ 	categorical(Ω(!,#$%,$,&"')   

describes the state z of individual i at occasion t, conditional on the individual’s state at the 

previous occasion, modeled as categorically distributed according to transition array Ω, which is 

composed of survival (ϕi,t) and, for some transitions, pupping probability (ψi,t). We estimate 

survival for each sex and age, and pupping probabilities describe transitions between states (e.g., 

first-time pupping probability, y3, describes the probability of pregnancy at age 3 resulting in 

having a pup at age 4; pupping probability for repeat breeding, yB, describes the probability that 

an established breeder has a pup in successive years; pupping probability for non-breeders, yNB, 

describes the probability that a female that was a non-breeder in the previous year breeds). 

Spatio-temporally varying survival and pupping probabilities for each state were modeled as 

functions of fixed effects of natal subregion, environmental covariates, and smoothed random 

effects of year:  

logit(γa,s,r,t) = µa,s
) + 0′2a

) + ϵa,r,t
)  
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where γa,s,r,t is a general demographic parameter for age a, sex s, region r, and year t; µa,s
)  is an 

age and sex-specific intercept; 0 is a vector of covariates (including natal region and 

environmental variables) with associated coefficients 2a
*; and ϵa,r,t

)  is a smoothed annual random 

effect. We used informed priors to estimate age- and sex-specific demographic rates, where each 

µa,s
) , was assumed to be drawn from a Gaussian distribution with a mean and a standard deviation 

based on similar age- and sex-specific survival and natality estimates from sea lions marked and 

resighted in southeast Alaska and Russia during the early 2000’s (Hastings et al. 2018, A. 

Altukhov unpublished data). Separate fixed effects of natal region were estimated for survival of 

pups, yearlings, age-2 individuals, and breeding females, and for pupping probabilities of age-3, 

age-4, and age-5 individuals, established breeders, and previous non-breeders. A pooled effect of 

natal region was estimated for the survival of male and female juvenile age groups (age-3, age-4, 

and age-5 individuals) for subregions in the eastern versus western portions of the wDPS range. 

The effects of environmental covariates (SST, NPGO) were estimated for the survival of male 

and female pups, yearlings, age-2 individuals, breeding females, and pupping probabilities for 

first-time and repeat breeders based on the assumption that those demographic rates would be the 

strongest drivers of population dynamics and most susceptible to environmental perturbation. 

We applied penalized complexity (PC) priors (Simpson et al. 2017, van Erp et al. 2019) 

for defining prior distributions on fixed effects of natal region and environmental variables and 

on random year effects. This approach shrinks the coefficients toward zero in the absence of 

strong support for an effect and can improve parameter estimability and regulate model 

complexity. The PC priors for the fixed effects of natal region and environmental covariates 

were constructed by defining the conditional prior distribution βa,r
* ∼ N(0, σ)a) with standard 

deviations σ*a, which were subsequently distributed according to an exponential distribution with 
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a fixed shrinkage rate σ)a ∼ Exp(λ = 1) to apply moderately strong shrinkage. Random year 

effects were shared between sexes and estimated only for subregions in the eastern portion of the 

wDPS range (due to insufficient sample sizes in the central and western AI) using an intrinsic 

Gaussian conditional autoregressive (CAR) model prior distribution that enforced 

autocorrelation between years, 

Ma,r
) ∼ MVN(0, σQ), 

where Q is the precision matrix of an intrinsic autoregression of order 2 (IAR(2); Speckman and 

Sun 2003) scaled by σ and Ma,r
)  is a vector of temporal random effects, ϵa,r,t

) . The IAR(2) model 

imposes a smoothness constraint that reduces model complexity relative to independent random 

effects. For survival of pups, yearlings, age-2 individuals, and breeding females, separate random 

effects were estimated for each of the four subregions in the eastern portion of the wDPS range 

(western GoA-eastern AI). For survival of age-3, age-4, and age-5 males and females and 

pupping probabilities for age-4 individuals and established breeders, random year effects were 

shared across all four of the easternmost subregions. Temporal variability was not estimated for 

several demographic rates due to poor estimability; namely, non-breeding female adult survival 

and first-time pupping probability for age-3 individuals, age-5 individuals, and previous non-

breeders. As no individuals were marked in the western GoA during the study period, 

demographic rate estimates for that subregion were largely informed by aerial survey data. 

The events in the multi-event model are defined by the possible observations of 

individuals. For all states except for breeding females, events are detected and not detected. For 

breeding females, events are: seen without a pup, seen with a pup, or not detected. These events 

are modeled as:  

;$,&|!$,& ∼ 	categorical(N(!,#$,&)   
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where observations ;i,t conditional on the true state !i,t are categorically distributed with 

observation array N, which is composed of an individual’s detection probability at time t, =i,t, and 

the probability of correctly ascertaining the presence of a pup for female breeders, δi,t. Temporal 

variation was modeled as, 

logit(=a,s) = µa,s
. + ϵ&

.   

where the mean intercept µa,s
.  for each sex s and age a was estimated using a logit-transformed 

uniform (0,1) prior distribution. Interannual variability in detection probability was estimated 

with random year effects assumed to be drawn from a Gaussian distribution as ϵ&
. ∼ N(0, Fp), 

with standard deviations σp a priori distributed according to an exponential distribution with a 

fixed shrinkage rate as described above. As in Warlick et al. (in review; Ch. 3), we used the 

number of sightings per individual per year (with pups or without) as a categorical covariate for 

the multi-event classification probability parameter, δ$,&. 

4.2.3.2 State-space model to estimate pup abundance 

A state-space model was used to estimate pup abundance in year t in subregion r using the 

modeled posterior median and standard deviation of ‘realized’ counts for all rookeries and 

haulout sites across the range (surveyed and unsurveyed). 

Npup&,# ∼ normal(Npup&,#
F + Npup&,#

M , F3,&
pup) 

where annual pup abundance Npup&,# in region r is normally distributed with a mean of annual 

pup abundance estimated in the stochastic population growth equations (described below) and 

variance F3,&
pup equal to the known variance of the counts estimated from the agTrend analysis 

(Sweeney et al. 2022). 
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4.2.3.3 Integrated population model 

The multi-event model was combined with the pup abundance model in an IPM framework using 

stochastic growth equations (Figure 4.3). The population process model was initialized one year 

prior to the start of the mark-resight data (2000) using a discrete uniform distribution with 

minimum and maximum values set at 75% and 125% of the expected counts based on the stable 

age distribution proportions. For example, for breeding females, 

NB&,% 	 ∼ uniform(Nmin&,% ⋅ STB ⋅ 0.75,Nmin&,% ⋅ STB ⋅ 1.25) 

where Nmin&,% is the sum of pup and non-pup in each region r in the initial year and SA is the 

stable age distribution proportions calculated using the eigen values and range-wide 

demographic rates estimated in Warlick et al. (in review; Ch. 3).  

In each year t +1, the number of individuals at a given age was modeled using a Poisson 

distribution based on the number of individuals and survival and pupping probabilities in the 

previous year t: 
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Poisson distributions were used here (i.e., instead of sequential binomial distributions) because a 

Poisson-distributed age structure offered more stability in the population model, improved 

convergence, approximated binomial outcomes with these large numbers, and theoretically 

allowed for a small degree of emigration of age-specific individuals into regional populations 

(i.e., it was possible, but not probable, that Nage!,#$%> Nage!,#). Total abundance in each year and 

subregion was then calculated as the sum of all age classes and states, NTot&,# = ∑(Nage&,#). 

Neonate mortality m (i.e., the mortality that occurs between birth and marking) was assumed to 

be 5% (Merrick 1987), though this value likely varies considerably from year to year 

(Maniscalco et al. 2008). We also calculated the ratio of total abundance to the number of pups 

(Y3,& =
NTot&,#
Npup&,#

); previously assumed to be a fixed value of Y = 4.5 (known as a “pup multiplier”) 

that has been used to derive total abundance from pup abundance (Calkins & Pitcher 1982). 

 

4.2.3.4 Sensitivity and viability analyses 

We conducted a sensitivity analysis for each of the six management subregions by examining the 

correlation coefficient (r) between posterior mean annual population growth rates (λ&) and 

annual age-specific female survival and pupping rates. 

To examine the viability of populations in each of the six management subregions, we 

projected the population forward in time for T = 100 years using the posterior distributions of the 

vital rate parameters estimated for the timeframe informed by mark-resight data (2000-2018). 

For each year in the 100-year projection period, we randomly selected posterior samples of 

random effect deviates from one of the eighteen data years (with replacement) and added this to 

posterior samples of the relevant intercept term and the relevant effect of environmental 

variability given generated SST and NPGO values, and back-transformed to derive stage-specific 
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abundance at Z + 1. We randomly generated sets of predicted SST and NPGO values based on 

eight scenarios that increased or decreased the mean and/or standard deviation of each predictor 

for the 100-year projection period (Table 4.1). Due to the complex and variable nature of a top 

predator’s response to environmental conditions, the comparison of projection scenarios is 

intended not as a predictive tool but instead to provide a general sense of how meaningful system 

change (e.g., under climate change) might impact population growth rates via the underlying 

demography. Posterior distributions of the population projections were summarized in terms of 

the average population growth rate λ& =
NTot#'%
NTot#

, the probability of extinction, Pr(NTot<1), the 

probability of having no remaining breeding females, Pr(NB<1), and the probability of 

experiencing positive population growth. 

4.2.4 Model assumptions and fitting 

For the multi-event model, the typical set of mark-recapture model assumptions applies, 

including that branding did not affect detection probability, that there were no identification 

errors, that mortality during the sampling season was negligible, that individuals were 

independent, that there was no unmodeled heterogeneity in survival and detection probabilities, 

and that marked individuals are representative of the entire population. Lack of fit issues were 

not apparent in the analysis of these data in Warlick et al. (in review; Ch. 3). For the abundance 

model, we assumed that there were no errors in classifying pups and that the pup count is nearly 

a complete census, as the surveys occur when pups are still remaining onshore.  

The IPM was fit using NIMBLE (NIMBLE Development Team 2019) within the R 

programming environment (R Core Development 2018) using 45,000 iterations, 20,000 burn-in, 

an adaptation rate of 10, and thinning rate of 1. Convergence was evaluated using visual 
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inspection of chains and the Brooks-Gelman-Rubin statistic (Gelman & Rubin 1992; Brooks & 

Roberts 1998) GH < 1.1. Population projections were carried out in R using the MCMC chains 

from NIMBLE.  

4.3 RESULTS 

4.3.1 Vital rates 

Age-specific vital rates varied notably by region. Female pup survival (fP) was lower in the 

central AI (0.31, 95% CI: 0.24-0.41) and higher in the western AI (0.71, 0.62-0.81), with a 

range-wide average of 0.54 (0.38-0.75; Figure 4.4). Pup survival rates in each of the four 

subregions where we were able to estimate temporally varying survival (eastern GoA-eastern AI) 

were lower toward the end of the study period (Figure 4.5). Female yearling survival (f1) was 

notably lower in the central AI (0.49, 0.28-0.71) and western AI (0.59, 0.46-0.73), with a range-

wide average of 0.72 (0.54-0.87). Male pup and yearling survival was slightly lower than that of 

females but followed similar regional and temporal patterns. Survival of older juveniles (f3, f4, 

f5) did not vary notably across the subregions but exhibited a slightly negative trend over the 

study period. Female adult breeding survival (fB) was relatively similar across subregions with 

the exception of a lower average rate in the eastern AI, where rates declined between 2000-2008 

(Figure 4.5). Age-specific first-time pupping probability was highest for age-5 individuals (ψ/) 

and similar across regions. The probability of pupping for age-4 individuals (ψ#)	was lower in 

the eastern portion of the wDPS range and higher in the western portion relative to the range-

wide average (Figure 4.4). The probability of pupping for repeat breeders (ψ7) increased from 

eastern to western subregions with the exception of the western AI where the rate was lowest. 
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Pupping probabilities for repeat breeders were lower in the latter half of the study period (Figure 

4.5). 

4.3.2 Population growth rates, abundance, and age structure 

Over the twenty-year study period, the range-wide abundance of the wDPS increased from 

33,568 (95% CI: 31,430-35,723) in 2000 to 48,278 (43,267-53,900) in 2021, representing an 

average growth rate of 1.15% (-7.4; 8.4%) per year (Figure 4.6, Figure 4.7). However, 

abundance trends in each of the subregions varied, with an increasing abundance trend in the 

subregions in the eastern portion of the wDPS and a decreasing trend in the central and western 

AI subregions (Figure 6). The mean annual population growth rate was highest in the eastern AI 

(3.7%, 95% CI: -4.5; 14.0%) and central (3.1%, -9.6; 14.2%) and western (3.4%, -8.4; 20.9%) 

GoA followed by the eastern GoA (1.8%, -11.6; 11.5%). The mean annual population growth 

rate was lowest, and negative, in the central (-1.8%, -5.8; 1.4%) and western AI (-3.2%, -9.3; 

5.0%) (Figure 4.7).  

The average age structure across the six subregions was approximately 20% pups, 20% 

breeding females, 12% yearlings, 19.1% juveniles, 5.6% non-breeding females, and 15.4% adult 

males. However, there were a few notable exceptions, including a lower proportion of pups and 

of female breeders in the western AI relative to what would be expected based on a range-wide 

stable age distribution (Appendix B). In contrast, in the central AI, there was a higher proportion 

of pups and breeding females with a lower proportion of yearlings and juveniles. In the wDPS as 

a whole, the 
NTot
Npup

	ratio was approximately 4.4 (95% CI: 3.2-5.4) but varied over time and across 

the six subregions. Specifically, this ratio was lower than the range-wide average in the eastern 
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and western GoA and central AI, and higher than the range-wide average in the western AI 

(Figure 4.8). 

4.3.3 Sensitivity and viability 

Most female demographic rates were positively correlated with population growth rates, though 

credible intervals of many region-specific correlation coefficients overlapped zero with the 

exception of repeat pupping probability and survival of females with pups (Appendix B). Based 

on demographic rate estimates during the data period, abundance during the 100-year projection 

period increased in subregions east of Samalga Pass and declined in the western subregions 

(Figure 4.9). The probability of extinction in 100 years was close to zero for the subregions with 

increasing population trends in the eastern portion of the wDPS range and in the central AI, but 

was approximately 2% (95% CI: 1.7-2.5%) in the western AI. Similarly, the probability of 

having no remaining female breeders was effectively zero in all subregions except the western 

AI (11.5%, 10.7-12.6%). The probability of a negative abundance trend was close to zero for all 

subregions in the eastern portion of the wDPS range and was approximately 99.2% and 100% for 

the central and western AI subregions, respectively. 

Estimated effects of summer SST and positive-phase NPGO conditions on pupping 

probability and the survival of pups and yearlings were positive (Appendix B). Our prediction 

scenarios indicated that adjusting the mean of environmental covariates drove the greatest 

percentage changes in population growth rates compared with adjusting the variability (Table 

4.1). However, the magnitude of the change in population growth rates varied based on the 

underlying demography in each of the six subregions, with particularly notable effects in the 

western AI, where rates of decline were lower in scenarios with warmer SST and warm-phase 

NPGO conditions and less variability, and faster and more uncertain in scenarios with lower 
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mean SST and cool-phase NPGO and greater variability relative to baseline conditions (Figure 

10). 

4.4 DISCUSSION 

We combined mark-resight data and annual pup abundance estimates from aerial surveys to 

examine the demographic factors underlying divergent trends in abundance within six 

management subregions across the range of the wDPS of Steller sea lions in Alaska. We 

undertook this analysis in order to (1) identify regional differences in vital rates that may be 

driving divergent abundance trends, (2) improve upon the existing approach of estimating 

abundance, and (3) examine the population-level implications of environmental variability and 

spatio-temporal differences in demography. Our results indicated that sea lion population 

dynamics vary due to average regional demographic differences, environmental factors, and 

residual temporal variance. This information can inform future research priorities and the design 

of management strategies for this population. 

Understanding regional differences in survival and natality over time and across the 

wDPS range is fundamental to gaining insights about the drivers of observed trends in Steller sea 

lion abundance. Empirical evidence and ecological theory suggest that population dynamics are 

most sensitive to changes in adult survival (Heppell et al. 2000, Runge et al. 2004, Gormley et 

al. 2012), but also to fecundity and offspring survival, as these rates tend to be more variable 

(Lacy et al. 2017, Manlik et al. 2017). Our results indicated that populations to the west of 

Samalga Pass may be continuing to decline via two different demographic mechanisms. In the 

central Aleutian Islands, pup and yearling survival is low and apparently not offset by higher 

reproductive rates. In the western Aleutian Islands, the decline may be driven by lower juvenile 

survival, as the lower reproductive rates combined with high pup survival indicate high maternal 
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investment. Our IPM also allowed us to estimate lower survival rates for pups and breeding 

females during the latter part of the study period in subregions east of Samalga Pass. Lower 

breeding female survival was also seen in the eastern GoA in the late 2010’s (Maniscalco 2018) 

and could dampen population growth rates in areas with stable or growing populations or cause 

further declines if survival and pupping probabilities have also decreased in the western and 

central AI subregions where sample sizes were too small to estimate temporal variance.  

Despite the complexities of quantifying the effects of ocean conditions on long-lived top 

predators, our simplified example of the effects of environmental perturbations highlights the 

importance of understanding the effects of environmental variability on population viability. 

Under prediction scenarios where environmental conditions (i.e., NPGO and SST) were 

projected to remain similar to historical conditions, the estimated probability of extinction for the 

western Aleutian Island subregion was still relatively small (~2%), though the 100-year time 

horizon is relatively short for a long-lived mammal and there was a high probability of a 

continued declining trend. Our results revealed that the potential effects of changing 

oceanographic conditions were largest in the western AI subregion, where the population is 

smallest and key demographic rates, namely survival of pups and yearlings and repeat pupping 

probabilities were depressed relative to the range-wide average. In other words, the regional 

response to environmental perturbation is dependent on the magnitude of the covariate effect as 

well as baseline demographic rates and age structure. Our analysis contained several simplifying 

assumptions that could be improved upon in future studies with additional years of monitoring 

data, including estimating region-specific covariate effects; estimating temporally lagged 

covariate effects; examining the effect of an increased frequency of extreme environmental 

conditions; and including temporal autocorrelation that would accurately capture the cyclic 
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nature of basin-scale indices such as the NPGO. However, as is, our analysis provides insights 

into the population’s resilience to oceanographic changes despite our lack of knowledge about 

underlying causal mechanisms such as changes in prey availability. An improved understanding 

of a population’s sensitivity to environmental perturbation is fundamental to the assessment of 

threats and the development of recovery criteria under the U.S. Endangered Species Act. 

Accurate and timely estimates of demographic parameters can be valuable for the 

development of effective conservation measures and monitoring strategies that aim to maintain 

the resilience of stable populations or recover depleted ones. However, estimating these 

parameters can be challenging for marine mammals due to the high cost of surveys, small sample 

sizes, and the longer time series needed for long-lived organisms. While past approaches – 

involving summing aerial survey counts or using a “pup multiplier” to derive total abundance – 

have provided convenient metrics for tracking trends, our IPM-based PVA framework provides a 

more robust framework for estimation of abundance and other demographic parameters that 

accounts for uncertainty in female reproductive state and imperfect detection in mark-resight and 

aerial surveys. While the 
NTot&
Npup&

 ratios estimated in this study were approximately 4.4 (3.2-5.4), 

similar to the traditional 4.5 “pup multiplier”, a closer examination of the regional and temporal 

variability in that ratio revealed how using it as an abundance multiplier may lead to biased or 

inaccurate abundance estimates of population growth rates for regions or time periods where age 

structure may not be stable, such as was found in this study for the central and western AI 

subregions (Figure 4.7). Relying on biased estimates of population growth rates for the 

subregions west of Samalga Pass (which have been a deciding factor in evaluating whether 

downlisting criteria have been met; NMFS 2020) may become increasingly problematic if 

abundance in these areas continues to decline. This work highlights the importance of developing 
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a unified approach for monitoring demographic trends in Steller sea lions that maximizes 

available resources to obtain precise and unbiased information. Incorporating additional 

information on stressors to the population within this framework will be useful in examining the 

abundance and long-term viability of Steller sea lions in Alaska and across the species’ range as 

new data on climate variability become available. 

Identifying causal mechanisms underlying changes in demography for highly mobile, 

long-lived top predators remains a challenge for conservation biologists, particularly for species 

that exhibit divergent abundance trends across a large geographic range. Integrated population 

modeling facilitates reducing and accounting for all sources of uncertainty when examining the 

effects of natural or anthropogenic stressors on the population dynamics and viability of 

declining or depleted populations. Improving estimation and reducing uncertainty in spatio-

temporal demographic patterns can inform the decision-making process, as reliable estimates are 

needed in assessing progress toward recovery or downlisting criteria under the U.S. Endangered 

Species Act. 
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4.6 FIGURES AND TABLES 

 
Figure 4.1: Steller sea lion field camps (blue triangles) in the eastern portion of the range, camera traps 
(green squares) in the western portion of the range, and rookeries (red) throughout the western distinct 
population segment (wDPS) (excluding Russia) and southeast Alaska (eastern DPS that extends along the 
U.S. West Coast). Rectangle indicates the spatial extent from which sea surface temperature data were 
aggregated. Table shows the number of branded and released pups in each subregion over the study 
period. 
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Figure 4.2: Reproduced from Warlick et al. (in review; Ch. 3), life cycle diagram for female and male 
Steller sea lions, indicating true ecological states (pup, juveniles age-1, age-2, and age-3, pre-breeding 
subadults age-4 and age-5, breeding adult females (B(4+)), non-breeding adult females (NB(5+)), and 
adult males (A(6+)). Survival (f) and pupping (y) probabilities denote transitions between true states 
(black lines) and detection probabilities (p) denote possible observation events for each age and breeding 
(with or without pup) and non-breeding females (grey dotted lines).   
 
 

 
Figure 4.3: Directed acyclic graph representing the integrated population model framework including 
subcomponent models using aerial survey and mark-resight data. 
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Figure 4.4: Posterior mean and 95% credible intervals for age-specific survival and pupping for female 
Steller sea lions across the six wDPS subregions, with the range-wide average represented by the dashed 
line. Male survival rates were similar (Appendix B) but are not shown for readability. 
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Figure 4.5: Posterior mean and 95% credible intervals for time-varying Steller sea lion female survival 
rates across the six wDPS subregions. 
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Figure 4.6: Posterior mean and 95% credible intervals of total abundance of Steller sea lions in the six 
wDPS subregions (colors) and range-wide (black). 
 
 
 

 
Figure 4.7: Posterior mean and 95% credible intervals of Steller sea lion population growth rates in the six 
wDPS subregions and range-wide (grey dashed line) based on abundance estimates from the IPM and from 
aerial survey data treated with agTrend alone (red asterisks).  
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Figure 4.8: Posterior mean and 95% credible intervals of the ratio of total abundance to pup abundance 
range-wide (black) and in each of the six wDPS subregions (colors), with the traditional 4.5 “pup multiplier” 
(black dashed line) and the regional averages (colored dashed lines). 

 
Figure 4.9: Total Steller sea lion abundance in each of the six wDPS subregions over the 100-year 
projection period. 
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Figure 4.10: Mean and 95% CI of population growth rates during the projection period across projection 
scenarios with varying mean and standard deviation of generated predictor variables compared with the 
baseline scenario that adopts the mean and variability of historical conditions (dotted line). 
 
Table 4.1: Description of scenarios for generating predicted sea surface temperature and North Pacific 
Gyre Oscillation for examining the effects of environmental variability on population dynamics and 
viability, with mean and standard deviations of oceanographic predictors 75% smaller or larger than 
historical conditions. The percentage change represents the average change in population growth rates 
from the baseline scenario across regions.  

Scenario Mean Standard deviation Percentage change (%) 

1 

Historical 

Historical 0.000 

2 Smaller 0.22 

3 Larger -0.42 

4 

Low 

Smaller -0.36 

5 Historical -0.57 

6 Larger -0.98 

7 

High 

Smaller 0.75 

8 Historical -0.57 

9 Larger 0.12 
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Chapter 5. DEMOGRAPHIC AND ENVIRONMENTAL DRIVERS OF 
POPULATION DYNAMICS AND VIABILITY IN AN 
ENDANGERED TOP PREDATOR USING AN 
INTEGRATED MODEL 

 
Publication history: This study was co-authored with Gina K. Himes Boor, Tamara L. 

McGuire, Kim E.W. Shelden, Eiren K. Jacobson, Charlotte Boyd, Paul R. Wade, Andre E. Punt, 

Sarah J. Converse. At the time this dissertation was published, this chapter was not in review 

with a journal. 

 

Abstract: Knowledge about the demographic and environmental factors underlying population 

dynamics is fundamental to designing effective conservation measures to recover depleted 

wildlife populations. However, sparse monitoring data or persistent knowledge gaps about 

threats make it difficult to identify the drivers of population dynamics. In situations where small, 

depleted populations show continued evidence of decline for unknown reasons, integrated 

population models can improve our understanding of demography, provide fundamental insights 

into factors that may be limiting recovery, and support conservation decision-making. We used 

mark-resight and aerial survey data from 2004-2018 to build an integrated population model for 

the Cook Inlet population of beluga whales (Delphinapterus leucas), which is listed as 

endangered under the U.S. Endangered Species Act. We examined the relationships between 

beluga vital rates and available information on prey availability and environmental conditions 

and conducted a population viability analysis to predict extinction risk across a range of 

hypothetical changes in beluga survival and reproduction. Our results indicate that while mean 

survival rates of breeding females (0.97) and young-of-year (0.92) are relatively high, that of 
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non-breeding adults (0.94) and fecundity (0.27) may be depressed, and that prey availability and 

environmental variability may be impacting demography. If vital rates and environmental 

variability remain similar to those estimated from the latter part of the study period, the 

population will likely continue to decline, with a 19-32% probability of extinction in 150 years. 

This framework could be broadly applied and highlights the utility of integrated population 

modeling for capitalizing on available information and accounting for uncertainty when 

evaluating the efficacy of conservation actions and identifying factors contributing to the failure 

of this and other protected populations to recover.  

Keywords: Bayesian integrated population model, population viability analysis, Cook Inlet 

beluga whale, extinction risk, environmental variability, prey availability 

5.1 INTRODUCTION 

Understanding the demographic and environmental factors driving trends in abundance is 

fundamental to designing effective conservation measures for wildlife populations. However, 

knowledge about population dynamics is challenging to obtain, particularly for populations that 

are small, declining, patchily distributed, or difficult to survey. In these situations, individual 

data streams might indicate that the population is declining without lending insight into the 

drivers of the observed trend, or might fail to provide sufficient information to detect a trend at 

all. This can be particularly true for cetacean populations, where costly survey methods and 

cryptic life history stages (e.g., smaller calves hidden underneath females) lead to insufficient 

statistical power for detecting trends (Taylor et al. 2007, Boyd & Punt 2021). Population models 

that integrate all available data can improve our ability to quantify the importance of various 

stressors in shaping population dynamics while accounting for uncertainty and variability in 

underlying ecological processes. 
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Integrated population models (IPMs; Besbeas et al. 2002, Brooks et al. 2004) constitute a 

formal framework for combining multiple data sources through a joint likelihood designed to 

simultaneously model demographic rates and abundance. By integrating multiple data streams in 

the same model, IPMs can produce parameter estimates with improved precision and reduced 

bias (Schaub et al. 2007, Abadi et al. 2010), as well as estimates of parameters that would be 

unidentifiable using traditional approaches (Schaub et al. 2010, Veran & Lebreton 2009). IPMs 

maximize the utility of available data, which is typically expensive to collect on management-

relevant time horizons, particularly for long-lived species (Zipkin & Saunders 2018, Regehr et 

al. 2018) and are therefore useful to conduct population viability analyses (PVA) that quantify 

extinction risk and evaluate the efficacy of management alternatives (Beissinger & Westphal 

1998, Converse et al. 2013, Heard et al. 2013). Despite the usefulness of this approach, few IPM-

based PVAs have been implemented to examine viability across varying climate change or 

management scenarios for wildlife populations of conservation concern (Saunders et al. 2018, 

Boveng et al. 2018, Leasure et al. 2019, Jenouvrier et al. 2019). 

While marine mammals tend to be sensitive to environmental variability and 

anthropogenic disturbance (Moore 2008, Evans et al. 2010, Santora et al. 2020, Wade et al. 2012, 

Moore 2018), it can be challenging to disentangle the effects of multiple environmental factors 

that directly or indirectly affect demography. An exemplar of this challenge is the Cook Inlet 

population of beluga whales (Delphinapterus leucas), which is estimated to have declined 

dramatically during the 1990s (Hobbs et al. 2006) and is listed as endangered under the U.S. 

Endangered Species Act (ESA). Despite the cessation of hunting and increased monitoring 

efforts since its precipitous decline, the best available estimates from aerial surveys suggest that 

the population is continuing to decline (Shelden & Wade 2019), and a clear cause for the failure 



 126 

of this population to recover has not been identified. The leading hypotheses for the lack of 

recovery include reduced prey availability due to environmental change, reduced foraging 

success due to anthropogenic noise or other disturbance, natural predation, pollution, small 

population effects, or some combination of these factors (Hobbs et al. 2015). However, existing 

modeling approaches have not been able to identify putative causes of decline due to a lack of 

empirical estimates of demographic rates and sparse data on threats (Hobbs et al. 2015, Jacobson 

et al. 2020, Norman et al. 2019). Consequently, it has been challenging to develop targeted 

conservation actions for advancing recovery. 

To improve our understanding of factors affecting the demography and viability of Cook 

Inlet belugas, we developed a Bayesian IPM-based PVA using mark-resight and aerial survey 

data from 2004-2018. Using this framework, we examine the effects of environmental conditions 

and prey availability on vital rates, identify demographic drivers of population dynamics, and 

assess extinction risk across a range of hypothetical changes in survival and reproduction. Our 

model provides insights into the sensitivity of population dynamics to changes in demography 

and environmental conditions, examines external factors potentially limiting recovery, and 

establishes a framework to evaluate future viability and management alternatives as additional 

data become available. Our analysis highlights the usefulness of IPMs for capitalizing on 

available information and accounting for uncertainty when examining factors contributing to 

wildlife population declines and the failure of this and other protected species to recover. 

5.2 METHODS 

5.2.1 Study species 

Of the five beluga whale stocks in Alaskan waters, the geographically and genetically isolated 

population in Cook Inlet, Alaska (Figure 5.1) is the smallest in number. Belugas exhibit life 
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history traits typical of large, long-lived odontocetes (i.e., late maturing with a long inter-birth 

interval), common amongst many species of conservation concern. Females are thought to reach 

reproductive maturity around age 10 (Shelden et al. 2020, McGuire et al. 2020), with calves 

remaining dependent until 2-5 years old. Calving begins in late July and extends into October 

(McGuire et al. 2020). Belugas are known to inhabit coastal and offshore waters of the inlet, and 

this population likely remains in Cook Inlet year-round, aggregating in estuaries and near river 

mouths to feed in summer (Shelden et al. 2015). Cook Inlet is a dynamic semi-enclosed tidal 

estuary extending roughly 370 km (200 nm) north from the Gulf of Alaska, with beluga habitat 

seasonally influenced by ice cover and freshwater discharge from large rivers (Moore et al. 

2000). Belugas are adaptive foragers, feeding on a variety of species in Cook Inlet (Moore et al. 

2000) at different times of the year and in various areas of their range (Quakenbush et al. 2015; 

Nelson et al. 2018).  

5.2.2 Population monitoring data 

The population was monitored using land and boat-based mark-resight surveys in Cook Inlet 

from May through October, 2005-2017, resulting in over 1,900 left-side sightings records of the 

400+ identifiable beluga whales in the photographic catalog (McGuire et al. 2020). When 

cataloged individuals were resighted, it was noted whether they were unambiguously associated 

with a young of the year (YOY), a calf (age 1-5), or both. Calves and YOY were associated with 

adult whales in just under 20% of sightings and calf age determination was based on color, size, 

and the presence of fetal folds (McGuire et al. 2020, Himes Boor et al. In revision). Belugas 

generally only become individually identifiable (using scars or other skin markings) once they 

are 5 years old or older. These data alone cannot be used to produce robust abundance estimates 
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due to individual heterogeneity in range and behavior that impacts sighting probability (Boyd et 

al. 2019). 

The population was also monitored using aerial surveys annually from 1993-2012 and 

biennially from 2012 to the present, though only data since 2004 were used in this study due to a 

change in methodology that year. Aerial surveys were conducted strategically over the course of 

several days, with variable daily survey effort that was spatio-temporally concentrated when and 

where belugas were most likely to be present – at low tide near shore – covering 100% of the 

coastline and just under half of the area of the entire inlet (Shelden and Wade 2019). Aerial 

surveys were executed from twin-engine aircraft with two observers recording the number of 

belugas observed resulting in daily population size estimates (sum of all surveyed beluga groups; 

Shelden and Wade 2019, Boyd et al. 2019). Annual population sizes were estimated from 

repeated aerial survey counts using a Bayesian hierarchical model to account for availability, 

perception, and visibility bias due to the difficulty of detecting darker, smaller animals in turbid 

waters and the uncertainty surrounding dive synchrony and time spent at the surface (Boyd et 

al. 2019). The median and standard deviations of the posterior distributions of daily population 

size estimates from Boyd et al. (2019) were used here as data in the abundance model described 

below. 

5.2.3 Statistical analyses 

5.2.3.1 Multi-event model 

We implemented the multi-event model introduced by Himes Boor et al. (In revision) to estimate 

mean fecundity and age-specific survival using mark-resight data of mother-calf pairs with 

uncertain offspring ages. In brief, this model framework includes 14 life-history states based on 

reproductive status (breeder versus non-breeder) and the number of associated dependent 



 129 

offspring in various age combinations (YOY, 1-4+) (Figure 5.2). Due to the long inter-birth 

interval, we assumed that females cannot give birth in consecutive years, with the state process 

model reflecting this constraint (i.e., a breeder cannot have both YOY and a 1-year-old calf). The 

state process is defined as, 

!$,&|!$,&"' ∼ 	categorical(Ω(!,#$%,$,&"')   

where the state z of individual i at occasion t, conditional on the individual’s state at the previous 

occasion, is categorically distributed according to matrix Ω, which is composed of survival, calf 

aging, and breeding transition matrices. Stage-specific survival was estimated for four groups: 

breeding females (SB); non-breeding subadults and adults (independent age 6+ belugas including 

subadults of both sexes, adult males, and non-breeding females; SN); young calves (age 0-1; SY); 

and older dependent calves (age 2-5; apparent survival ϕC). Survival of young and older calves 

was conditioned on breeding female survival to account for young calves dying if the female dies 

and older calves becoming independent. Breeding transition matrices allow reproductively 

mature individuals to breed for the first time (ψN, though this is of limited ecological interest 

because the pool of pre-breeders includes males) and thereafter (ψB; e.g., fecundity), conditional 

on female breeder and calf survival. Breeding probability (ψB) also encompasses neonate 

survival prior to the start of the mark-resight surveys each year.  

The model framework was adapted here to estimate temporal variation for  stage-specific 

demographic rate ξ, modeled as a function of environmental covariates and random effects of 

year, 

logit(ξa) = µa
8 + βa,c

8 ⋅ 9-# + ϵa,t
8    

where µa
8 is the intercept for demographic rate ξ and age group a, coefficients βa,c

8  describe the 

effects of covariate c on each age-specific vital rate, and ϵa,t
8  are random year effects. All 
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covariates were Z-scored prior to inclusion in the analysis, so the intercept µa
8 represents the 

mean rate. Intercepts µa
8 were logit-transformed parameters with uniform(0,1) prior distributions. 

To improve parameter estimability and regulate model complexity, we applied penalized 

complexity priors (Simpson et al. 2017, van Erp et al. 2019) on covariate coefficients and 

random year effects, which shrink the parameter toward zero in the absence of strong support for 

larger values. Thus, the random year effects and the effect of any covariate c on demographic 

rate ξ were assumed to be drawn from a Gaussian distribution with standard deviations 

distributed according to an exponential distribution with a fixed shrinkage rate; ϵa,t
8 ∼

normal(0, σa
8 ∼ exponential(ν = 1)) and βa,c

8 ∼ normal(0, σa,c ∼ exponential(ν = 1)). 

Parameter estimates were insensitive to the choice of the penalized complexity prior fixed 

shrinkage rate (results not shown). 

The observation process model accounts for the uncertainty in both female reproductive 

status and calf age determination. Specifically, 

;$,&	|	!$,& ∼ categorical(Θ(!,#$%,!,#)   

where observations y conditional on life history state z are categorically distributed with 

probability matrix Θ. Components of this matrix for individual i at time t include age-specific 

detection probabilities and calf age assignment probabilities. Detection probabilities include 

those for young (δY) and older calves (δC) (conditional on detecting the female; e.g., the multi-

event state assignment probabilities), non-breeding adults (=N), and breeding females with (=BC) 

and without (=BN) calves. Similar to demographic rates, detection probabilities for each age class 

a were modeled as 

logit(=a) = µa
. + β. ⋅ 9&

. + ϵa,&
.    
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where the intercept µa
. for each age group a was estimated using a logit-transformed parameter 

with a uniform(0,1) prior distribution. A fixed effect β. accounted for variable survey effort 9&
., 

the Z-scored number of vessel- and land-based surveys that occurred each year, with prior 

distribution normal(0, variance = 1000). Interannual random effects for each age group were 

estimated using penalized complexity priors as above with a fixed shrinkage rate for the standard 

deviations, ϵa,&
. ∼ normal(0, σ. ∼ 	exponential(ν = 1)). 

The parameters involved in estimating calf age assignment probability given the calf’s 

true age (discussed in detail by Himes Boor et al. (In revision)) included the probabilities of 

assigning the individual to an age category (γ), assigning calf age with perfect certainty (α), 

assigning an uncertain age that matched the true age (ω), assigning an uncertain age that is 

different than true age by one year (κ), and the probability of the true age being at the upper limit 

of its assigned age category (η, e.g., yearling calf placed in the <1 yo category). 

5.2.3.2 Abundance model 

The second component of the IPM is the state-space model for estimating annual population size 

using aerial survey data. Belugas are difficult to detect in the turbid waters of Cook Inlet, and 

their group sizes vary widely depending on location, season, and tidal flux. To account for highly 

variable annual counts derived from the aerial survey data, population size is modeled as, 

Na9# ∼ normal(N& , σb&)   

N& ∼ binomial(NTot# , =Ab#)   

where annual aerial survey population size estimates Na9# are modeled as arising from a normal 

distribution with mean equal to c& (the population size in year t subject to detection in the aerial 

survey) and standard deviation σb&. Both the annual estimates Na9# and their sampling standard 



 132 

deviations σb& were estimated by Boyd et al. (2019) and Shelden and Wade (2019). In turn, N& is 

modeled as arising from a binomial distribution with index equal to the total abundance, NTot#, 

from the IPM process model (described below), and the probability equal to the aerial survey 

detection probability =Ab#. Due to the uncertainty surrounding the degree to which underlying 

assumptions in the aerial survey are met (namely the proportion of the population missed on a 

given survey day and whether groups are consistently missed or missed at random), we 

examined the sensitivity of both abundance and vital rates to the prior used for the aerial survey 

detection probability, =Ab# (Appendix C). We ultimately used an uninformative prior (=Ab# ∼

Beta(1,1), but also considered two weakly informative priors, =Ab# ∼ Beta(2,1) and =Ab# ∼

Beta(10,3), which suggest most individuals are observed but allow for the possibility of lower 

detection probabilities; and a strongly informative prior, =Ab# ∼ Beta(15,1), with the majority of 

the prior mass above 0.90, representing the idea that the aerial survey represents a near census of 

the population due to the strategic survey methodology. 

5.2.3.3 Integrated model 

Abundance for each age group and life history state were modeled using stochastic population 

growth equations with vital rate and population size estimates from the two subcomponent 

models (Figure 5.3). The age at first reproduction was set at 10 years, though due to uncertainty 

in this parameter, we examined the sensitivity of model results to a range of age at first 

reproduction from 8 to 16 years (Appendix D). The age structure in the first model year was 

established using a multinomial distribution based on the assumption of a stable age distribution, 

and parameter estimates were robust to this assumption (results not shown). In each subsequent 

year t, the number of individuals in the YOY age class was equal to the number of females with 

YOYs in that year, and the numbers of individuals in all other age classes were modeled as 
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binomial outcomes given survival and breeding transition probabilities and abundances in the 

previous year: 

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡NYOY'() = NBYOY'()
N"'() ∼ Bin(NYOY' , (Y')
NC'() ∼ Bin(NC' , ϕC*)
NJ'() ∼ Bin(NJ' , (N')
NBYOY'()

∼ Bin(NJ' , (N'ψN) + Bin(NNB' , (N'ψN) + Bin(NBSk'
, (B'ψB')

NBSk'()
∼ Bin(NBYOY'

, (B') + Bin(NBSk'
, (B' ⋅ (1 − ψB'))

NNB'() ∼ Bin(NJ' , (N'(1 − ψN)) + Bin(NNB' , (N'(1 − ψN)) ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

Total abundance in each year was then calculated as the sum of YOY (cYOY#), yearlings (c1#), 

calves age 2-5 (cC#), juveniles age 6-8 (cJ#), non-breeders age 9+ (cNB#), established breeders 

with YOY (cBYOY#), and without YOY (cBSk#): NTot# = ∑(Nage#). 

5.2.3.4 Sensitivity and viability analyses 

We examined the sensitivity of population growth to specific demographic rates by examining 

the correlation coefficient (r) between posterior mean annual population growth rate, λ& =

NTot#'%
NTot#

, and annual fecundity and survival of breeding females, non-breeders, and calves. For 

each demographic rate, we calculated the probability of the correlation coefficient being positive 

or negative. 

To examine future viability, we projected the population forward in time for 150 years 

(appropriate to capture the accelerated extinction risks after 100 years for a long-lived mammal) 

using the posterior distributions for the estimated demographic rates and age-specific abundance. 

The estimated deviates from the random effect distributions, ϵ,,&
8 , for the 12 years informed by 

mark-resight data (2005-2017) were randomly sampled with replacement and used to simulate all 

survival and breeding probabilities in each given year of the projection, representing a 

demographic “status quo”.  To examine the effect of potential changes in demography on 
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viability, we also projected the population forward under all possible combinations of three 

hypothetical percent increases in vital rates; namely, breeding female and non-breeding group 

survival (1%, 1.5%, 2%), young calf survival (1%, 2%, 4%), older calf survival (5%, 10%, 15%), 

and fecundity (5%, 10%, 15%) (e.g., 1% increase raises survival from 0.90 to 0.909). 

We summarized the posterior distributions of population projections in terms of the 

probability of extinction (Pr(NTot(%%)<2)), the probability of having no remaining breeding 

females (Pr(NBYOY(%%)<1)), the probability of exceeding the ESA downlisting criterion of 520 

individuals (Pr(NTot(%%)>520)), the average population growth rate (λ), and the probability of 

positive population growth (Pr(NTot(**+ < NTot(%%))). Additionally, we estimated a quasi-

extinction threshold as called for in the Cook Inlet beluga whale Recovery Plan (NMFS 2016; 

Appendix E).  

5.2.4 Environmental covariates 

To evaluate the effects of oceanographic conditions and prey availability on beluga vital rates, 

we compiled Gulf of Alaska summer (July-Sept) sea surface temperatures (SST) and derived a 

proxy for prey abundance in tributaries within Cook Inlet. Monthly SSTs were compiled from a 

large geographic space (approximately 54°N to 60°N and 137°W to 157°W) using the NOAA 

GOES satellite data accessed from the ERDDAP server (Simons 2020) and averaged to produce 

annual means spanning October of year Z to September of year Z + 1. The prey abundance metric 

was derived by compiling summer in-river reconstructed run estimates for Chinook 

(Oncorhynchus tshawytscha), escapement counts for coho (Oncorhynchus kisutch), chum 

(Oncorhynchus keta), sockeye (Oncorhynchus nerka), and pink salmon (Oncorhynchus 

gorbuscha), and recreational harvest of eulachon (Thaleichthys pacificus) from areas within the 
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Susitna Delta, Knik Arm, and Chinitna Bay in Cook Inlet (Alaska Department of Fish and 

Game). Escapement data were multiplied by species-specific average weights and energy content 

(O’Neill et al. 2014), summed across all species, and then Z-scored and scaled for an overall 

proxy for prey abundance. Both covariates were applied to fecundity and survival rates (shared 

coefficient between breeding females and the non-breeding group) in year Z. In addition to 

reporting the median logit-scale effect size, we also include the probability of MCMC samples 

for each covariate coefficient β,,-
8  being above versus below zero. We compared a “full” model 

fit with both covariates to a base model without covariates using the Watanabe-Akaike 

information criterion (WAIC; Watanabe 2010) and made inference and conducted the viability 

analysis using the base model to align with our intention of examining covariates in an 

exploratory manner due to the uncertain link between covariates and demography and the 

challenges of projecting covariates forward in time. 

Sea surface temperature and prey abundance were selected as covariates in this analysis 

based on our hypothesis that demographic rates could be affected by oceanographic conditions 

that affect the availability of prey. The Pacific Decadal Oscillation (PDO) and the North Pacific 

Gyre Oscillation (NPGO) are both oceanographic indices that have been identified as predictors 

of the growth and abundance of various salmon and groundfish species (Kilduff et al. 2015, 

Ohlberger et al. 2016, Dorner et al. 2018, Litzow et al. 2018) that are important beluga prey 

(Quakenbush et al. 2015). However, due to the high degree of correlation between SST, the 

NPGO, and PDO, and the changing relationships that have been identified between these 

variables (Litzow et al. 2018), we chose to use SST, as it is one of the strongest underlying 

drivers and identifying features of these two climatic patterns. It should be noted, however, that 

regional SST in the Gulf of Alaska may not reflect conditions experienced by belugas foraging in 
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upper Cook Inlet, where conditions are strongly influenced by river features and tidal 

fluctuations. Though we focused on Gulf of Alaska SST and a single metric of prey abundance, 

examining the effects of environmental variability, prey availability, and proxies for 

anthropogenic stressors on vital rates in a data-limited situation is a complex and ongoing 

challenge that is fundamental to informing potential conservation actions. We include an 

expanded analysis of potential covariates in Appendix F, which includes season-specific 

oceanographic indices, species-specific prey abundances, and proxies for forage fish availability, 

pollution, and cumulative impacts. 

5.2.5 Model fitting 

The model was fitted in JAGS (Plummer 2019) using package jagsUI (Kellner 2019) in the R 

statistical programming language (R Core Development 2022). Posterior distributions were 

calculated using Markov chain Monte Carlo (MCMC) estimation with three independent chains 

run for 40,000 iterations after a burn-in period of 28,000 iterations with a thinning rate of 2. We 

evaluated model convergence with visual inspection of traceplots and the Brooks-Gelman-Rubin 

statistic (Gelman & Rubin 1992) GH < 1.1. Model fit was evaluated by generating a posterior 

predictive distribution for population size. 

5.3 RESULTS 

5.3.1 Demographic rates 

Posterior mean breeding female survival (SB) was 0.97 (95% credible interval: 0.95-0.99) (Table 

1), with lower rates in 2011 and 2014 (Figure 5.4). Posterior mean survival of the non-breeding 

adult group (SN; including older juveniles, non-breeding females, and males) was 0.94 (0.91-

0.97), with observed random effect deviates leading to lower survival (SN = 0.87-0.90) from 
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2006-2008 and in 2011. Posterior mean survival of young calves (SY) was approximately 0.92 

(0.80-0.98). Posterior mean apparent survival of older calves (ϕC) was approximately 0.55 (0.35-

0.77). Annual estimates of younger and older calf survival had greater uncertainty compared 

with adult survival and were lower in 2011, dropping to SY = 0.89 and ϕC = 0.51 (Figure 5.4). 

Mean fecundity (ψB; breeding probability for previously established breeders) was 0.27 (0.21-

0.35) over the study period (Table 5.1), ranging from a low of 0.22 in 2011-2012 to a high of 

0.35 in 2013. Demographic rate estimates varied little across the range of possible ages at first 

reproduction (Appendix D). Models fitted with mark-resight data alone (excluding aerial survey 

data) produced similar estimates (Himes Boor et al. In revision). Detection and state assignment 

probabilities from the mark-resight model were variable and dependent on state (Appendix G).  

5.3.2 Population size and structure 

During the period informed by data (2004-2021), the average population growth rate λ was 1.00 

yr-1 (95% credible interval: 0.91-1.09), though the population increased at a rate of 1.01 yr-1 

(0.92-1.09) from 2004-2010 and subsequently declined at a rate of 0.99 yr-1 (0.89-1.07). Annual 

abundance was higher during the early part of the study period and started declining in 2010 to 

reach 369 (294-450) individuals in 2018 (Figure 5.5a). Abundance estimates were somewhat 

sensitive to the prior distribution on the detection probability in the population size model, with 

lower estimated abundance resulting from informative priors that placed more prior weight on 

higher detection probabilities (Appendix C). Over the study period, the posterior mean age 

structure was similar to that expected with a stable age distribution (Table 5.2).  
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5.3.3 Sensitivity and viability analyses 

In terms of the sensitivity analysis, fecundity had the strongest correlation with λ&, with r = 0.48 

(95% credible interval: -0.13, 0.82) followed by breeding adult survival r = 0.46 (-0.23, 0.83) 

(Figure 5.6). Younger and older calf survival rates were also correlated with population growth 

with r = 0.43 (-0.24, 0.82) and r = 0.39 (-0.25, 0.81), respectively. Estimates of non-breeder 

survival were not strongly correlated with population growth (r = 0.25; -0.38, 0.74). 

Over 10,000 150-year population projections, the population declined on average (Figure 

5.5b), with a mean population growth rate of approximately 0.983 (0.982-0.985). The posterior 

mean probability of extinction, Pr(NTot<2), was 4.1% (2.5-6.4%) at 100 years into the future and 

25.6% (19.6-32.4%) at 150 years into the future. The probability of reaching a point with no 

breeding females remaining in the population, Pr(NBYOY<1), was 32.9% (26.5-39.3%) 150 years 

into the future (Table 5.1). The probability of exceeding the downlisting criterion, Pr(NTot>520), 

at any point during the study period was 1.5% (0.5-3.4%).  

In examining how changes in demography affected population viability, mean population 

growth rates exceeded 1.0 when adult (breeder and non-breeder) survival was increased by 2% 

regardless of other demographic changes (Figure 5.7a). A positive population growth rate could 

also be achieved with a 1.5% increase in adult survival in conjunction with (a) a minimum 2% 

increase in young calf survival and a 5% increase in fecundity or (b) a 10% increase in fecundity 

(Figure 5.7b). The probability of extinction at 150 years was reduced from the baseline of 25.6% 

to 1.9% with a 2% increase in adult survival and was reduced to 1.5% with a simultaneous 2% 

increase in young calf survival and a 15% increase in fecundity. The probability of exceeding the 

population size downlisting criterion at any point during the 150-year projection period was 

close to zero under the demographic status quo, and notably varied only with changes in adult 
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survival, increasing to 26% (18.2-34.2%) with 2% higher adult survival when all other rates 

remained unchanged. 

5.3.4 Environmental covariate effects 

The results of the full model indicated that Gulf of Alaska SST was weakly positively correlated 

with fecundity (βSST = 0.23; -0.06, 0.65; Pr(βSST > 0) = 0.92) and older calf survival (βSST = 

0.17; -0.23, 0.89; Pr(βSST > 0) = 0.79) (Figure 5.8). The combined prey availability metric was 

positively correlated with fecundity (βprey = 0.14; -0.04, 0.40; Pr(βprey > 0) = 0.91) and older 

calf survival (βprey = 0.1; -0.28, 0.7; Pr(βprey > 0) = 0.73) (Figure 5.8). Notable correlations 

were not apparent between adult and young calf survival and either SST or prey abundance. 

Though effect sizes were relatively small, the inclusion of Gulf of Alaska sea surface 

temperature and the proxy for combined-species prey abundance resulted in an improvement in 

model fit compared to when covariates were excluded (∆WAIC = 5) (Table 5.3). 

5.4 DISCUSSION 

We developed an IPM-based PVA to evaluate drivers of population dynamics and future 

viability of Cook Inlet belugas, a population that has failed to recover from past depletion despite 

its protected status. Based on our results, the population experienced a period of stability and has 

subsequently declined since 2011 with an estimated abundance of 369 (294-450) individuals as 

of 2018. The population is projected to decline at an average rate of 1.7% per year in the coming 

decades assuming constant environmental variability and that vital rates remain the same as 

during the latter part of the study period rather than experiencing more above-average years 

similar to pre-2011 values. This projected trend results in a 2-6% probability of extinction over 

the next 100 years, a 19-32% probability of extinction over the next 150 years, and less than 1% 
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probability that the population will meet the criterion for downlisting from endangered to 

threatened. The extinction risk reported here is likely an underestimate, as our model does not 

account for changing climate, potential mortality due to catastrophic events, or the exacerbating 

effects of temporal autocorrelation in vital rates in a declining population. Ultimately, the 

population is unlikely to experience positive growth or reach the ESA downlisting criterion 

unless conservation actions can be identified that will promote and maintain higher rates of adult 

survival and fecundity. Though a paucity of data about stressors remains a barrier, our IPM 

provides a framework for testing hypotheses about threats and evaluating future management 

alternatives. 

Understanding a population’s sensitivity to changes in demographic rates is fundamental 

to developing hypotheses about factors that underlie changes in abundance. For long-lived 

mammals with late maturity and high maternal investment, ecological theory and empirical 

evidence suggest that adult survival is a stronger driver of population dynamics compared with 

juvenile survival or fecundity (Heppell et al. 2000, Runge et al. 2004). Our results indicated that 

young calf survival (estimated robustly for the first time here and in Himes Boor et al. In 

revision; 0.92, 0.80-0.98) and breeding adult survival (0.97, 0.95-0.99) were high and similar to 

rates reported for other stable, long-lived cetacean populations (Jordaan et al. 2020). It is 

therefore unlikely that increasing breeding female survival is a logistically practical or 

biologically feasible way to bolster population growth rates. However, we found that though 

non-breeding survival included subadults, the estimate (0.94, 0.91-0.97) was lower than that of 

breeding females and consistent with the declining population of belugas in St. Lawrence 

Estuary (Lesage & Kingsley 1998, Mosnier et al. 2015) and other depleted, declining, or hunted 

cetacean populations (Luque & Ferguson 2010, Fearnbach et al. 2012). Additionally, as noted by 
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Himes Boor et al. (In revision), fecundity (0.27, 0.21-0.35; equivalent to a 4.6-year inter-birth 

interval; 1+ 
'

:.<=) was lower than that previously estimated for this and other beluga populations 

(2- to 3-year inter-birth interval; Sergeant 1973, Mosnier et al. 2015, Jacobson et al. 2020). 

Despite the theoretical importance of adult survival in long-lived species, fecundity rates 

generally exhibit greater fluctuations (Gaillard et al. 1998) and are more sensitive to 

environmental variability and habitat disturbance (Benton & Grant 1996). Because adult survival 

is often high for long-lived mammals, there is likely greater potential for increasing fecundity, 

which was found to be the case for Southern Resident killer whales (Orcinus orca; Lacy et 

al. 2017) and bottlenose dolphins (Tursiops aduncus; Manlik et al. 2017). Our results suggest 

that increasing fecundity, young calf survival, non-breeding adult survival, and maintaining high 

rates of breeding female survival would improve the viability of Cook Inlet belugas, though 

identifying and implementing conservation actions that might facilitate achieving those targets is 

challenging. 

Even when conservation actions can be designed to ameliorate the impact of 

anthropogenic activities, the efficacy of these measures is often hindered by the effects of 

underlying environmental variability. Our results indicated that fecundity and survival rates of 

Cook Inlet belugas are likely affected by prey abundance and oceanographic conditions. Over the 

study period, survival and fecundity were lower during 2011 and 2012, suggesting that 

environmental conditions may have been suboptimal or anthropogenic stressors more acute in 

those years. The productivity of Chinook salmon populations throughout Cook Inlet from 2003-

2007 was poor due to adverse freshwater conditions, which contributed to diminished returns of 

adult salmon in subsequent years (Jones et al. 2020). Despite the uncertainty in the spatio-

temporal alignment of available prey data and beluga foraging, it is conceivable that these trends 
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impacted foraging conditions, particularly during late gestation and lactation when energetic 

demands are high. In terms of SST, Suryan et al. (2021) and Arimitsu et al. (2021) concluded 

that the 2014-2016 marine heatwave in the northern Gulf of Alaska led to declines in forage 

species, leading to large-scale declines in abundance and breeding success of salmon, 

groundfish, birds, and mammals. It is therefore challenging to identify the mechanism(s) by 

which warmer ocean conditions would facilitate increased beluga survival and reproduction as 

indicated by our analysis, but as an underlying component of basin-scale atmospheric processes 

that affect both physical (e.g., winds, currents, storms) and biological (e.g., nutrient 

concentrations, prey abundance) processes, it is possible that elevated SST confer benefits (up to 

a point) as a shorter-term foraging cue or coincide with the availability of preferred prey. 

However, these somewhat ambiguous findings related to the effects of SST exemplify the 

challenges of understanding the ecological scale at which oceanographic conditions are most 

meaningful for top predators. For this small and isolated population of whales that forages 

primarily in the upper Cook Inlet, it may be that prey availability and environmental conditions 

are more strongly influenced by highly localized processes such as river outflow compared with 

broadscale climatic patterns.  

For long-lived top predators that are able to switch target prey or move to avoid 

disturbances, it is highly unlikely that even the most robust model could identify a single root 

cause of an apparent decline. For Cook Inlet belugas, it may be the product of cumulative effects: 

perhaps underwater noise is reducing foraging opportunities in situations when prey availability 

is already diminished due to dwindling salmon abundance, which is hindering the recovery of the 

population after decades of hunting pressure and recent habitat constriction. Though we 

examined the effects of additional anthropogenic stressors and the season-specific effects of 



 143 

environmental conditions, a more nuanced understanding of the strength, duration, and lag times 

of environmental effects should be explored in future research.    

The paucity of data about anthropogenic stressors and their impacts on demography 

highlights the importance of developing strategies for implementing recovery actions despite the 

all-too-common limitations of missing or imperfect information. In an examination of the threats 

facing over 150 species listed under the ESA, more than one-third of the associated recovery 

plans lacked information about either the magnitude, timing, frequency, or severity of the threats 

(Lawler et al. 2002). Identifying conservation measures that aim to mitigate a combination of 

stressors is challenging but essential: if cumulative effects are indeed one of the largest threats as 

outlined in the Recovery Plan (NMFS 2016), interventions targeting only a single threat would 

likely need to reduce the impacts of that threat to implausibly low levels to counteract other 

stressors (Rhodes et al. 2011, Pirotta et al. 2022). In a recent viability analysis for St. Lawrence 

Estuary beluga whales, which are also assumed to suffer from cumulative effects of multiple 

stressors (Lesage 2021), Williams et al. (2017) found that the projected decline was only 

reversed in simulation scenarios where the three greatest stressors (increased noise and pollution 

and decreased prey) were simultaneously addressed.  

The IPM-based PVA framework presented here could be applied to other species or 

populations where the causal mechanisms driving changes in abundance remain unknown. This 

work provided novel insights into temporal variance in demography, the effects of environmental 

variability, and the sensitivity of Cook Inlet beluga population dynamics and viability to changes 

in vital rates. Though uncertainty remains, this foundational information is critical for ongoing 

monitoring and future conservation and recovery planning efforts. This approach highlights the 

importance and means of capitalizing on the significant resources that have already been 
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dedicated to monitoring declining populations so that tangible measures can be implemented to 

understand and reverse the current trajectory of this and other endangered populations. 
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5.6 FIGURES AND TABLES 

 
Figure 5.1: Beluga whale study areas within Cook Inlet, Alaska. Aerial surveys occur two weeks in June. 
Photo-identification boat surveys and land-based operations occur from April-October primarily north of 
the Forelands.  
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Figure 5.2: Life cycle diagrams reproduced from Himes Boor et al. (In revision) depicting (a) adult 
survival and reproduction; (b) calf survival; and (c) the full ecological process model with possible 
reproductive states and transitions based on fecundity and calf and adult female survival rates (excludes 
the transitions from a mother with two calves to one or zero calves when a calf dies or becomes 
independent for readability).  
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Figure 5.3: Directed acyclic graph of the integrated population model framework for Cook Inlet beluga 
whale abundance, including the multi-event mark-recapture model estimating fecundity and adult and calf 
survival, and the count model estimating group size through stochastic population growth equations based 
on aerial survey data and the associated detection probability. 
 
 

 
Figure 5.4: Posterior mean and 95% credible intervals for time-varying survival of breeding females, the 
non-breeding group, young calf survival, apparent survival of older calves, and fecundity over the study 
period with mean rates represented by the dashed line. 
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Figure 5.5: (a) Predicted population abundance (black line), 95% credible interval (grey shading), aerial 
survey data during the study period (red circles), and posterior predictions for aerial survey data (blue points 
and error bars) that accounts for variability in aerial survey detection probability, and (b) projected 
abundance and annual extinction probability over a 150-year period for Cook Inlet belugas based on 
estimated demographic rates and abundance from mark-resight and aerial survey data. 
 
 

 
Figure 5.6: Estimated annual population growth rates and demographic rates during the study period with 
posterior median correlation coefficients, r, and 95% credible intervals shown in parentheses for 
fecundity and adult, older calf, and young calf survival. 
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Figure 5.7: (a) Predicted abundance and (b) negative versus positive population growth rates (red-blue 
color scale) over hypothetical percent increases in demographic rates. 
 
 
 

 
Figure 5.8: Posterior mean and 95% credible intervals for the logit-scale effects of sea surface 
temperature and prey abundance on fecundity (ψ+), and adult (SB, SN), older calf (ϕ,), and young calf (SY) 
survival. 
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Table 5.1: Model parameters, priors, and posterior median estimates. 

Parameter Description Prior Median CI 
?+ Female breeder survival U(0,1) 0.97 0.95-0.99 

?- Non-breeding survival U(0,1) 0.94 0.91-0.97 

ϕ, Apparent calf survival U(0,1) 0.55 0.35-0.77 

?. Young calf survival U(0,1) 0.92 0.8-0.98 

ψ+ Fecundity U(0,1) 0.27 0.21-0.35 

ψ- First-time breeding probability U(0,1) 0.07 0.06-0.09 

@- Non-breeder detection U(0,1) 0.47 0.38-0.56 

@+/ Breeder with calf detection U(0,1) 0.68 0.54-0.79 

@+0 Breeder without calf detection U(0,1) 0.73 0.59-0.87 

δ1 Older calf detection U(0,1) 0.45 0.33-0.58 

δ. Young calf detection U(0,1) 0.55 0.46-0.65 

@23 Aerial survey detection probability Beta(1,1) 0.77 0.63-0.91 

B"4!5 Abundance in 2018 -- 369 294-450 

λ Population growth rate -- 0.98 0.982-0.985 

Pr(B678&%'( < B679&))*) Probability of decline -- 0.99 0.98-0.99 

Pr(B678 < 2)!44 Extinction probability - 100 yrs -- 0.04 0.02-0.06 

Pr(B678 < 2)!%4 Extinction probability - 150 yrs -- 0.26 0.19-0.32 

Pr(B++,+ < 1)150 Probability of no remaining breeding females -- 0.33 0.26-0.39 

Pr(B678 > 520)150 Probability of exceeding downlisting criterion -- 0.01 0.005-0.034 

 
Table 5.2. Posterior mean and 95% credible intervals for estimated age structure compared to that 
expected based on a stable age assumption and observed vital rates. 

 Stable age (%) Estimated age (%) 
Life cycle stage  Mean 95% credible 

interval 
YOY (age 0-1) 8.3 10.1 7.0-12.9 
Calves (age 2-5) 25.3 26.2 15.5-36.6 
Subadults (age 6-8) 6.1 5.1 1.3-10.1 
Breeding females w/ YOY 8.3 10.1 7.0-12.9 
Breeding females w/o YOY 29.2 33.2 30.3-35.2 
Non-breeding adults (age 9+) 22.6 14.8 12.2-17.0 

 
 
Table 5.3: WAIC values for the null, full, and the random effects-only models. 

Model WAIC DWAIC 
Annual random effects + covariates 5,381 0 

Annual random effects, no covariates 5,386 5 

Null  5,561 180 
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APPENDIX A

Model selection and seasonal covariates for Steller sea lion demography (Chapter 3) 

We examined the effects of environmental variability on age- and sex-specific demographic rates 

for Steller sea lions in the western distinct population segment (wDPS) in Alaska. Our aim was 

to identify correlations between changes in vital rates and oceanographic conditions for 

individuals branded in both the eastern and western portions of the wDPS range where divergent 

abundance trends have been observed. 

To examine these relationships for a top predator in a highly variable and complex 

ecosystem, we used both localized and basin-scale ocean conditions as covariates for pup and 

dependent young (age 1-2) survival and first-time and repeat female breeding probabilities. 

Estimating the effects of numerous environmental conditions simultaneously was facilitated by 

using penalized complexity priors as a variable selection tool. However, due to the temporal 

correlations within and between season-specific environmental values, not all possible variables 

could be simultaneously included and only one set of seasonal values could be used at a time. 

This limitation precluded identifying which environmental variable(s) were the strongest 

predictors based on changes in WAIC values. To address this issue, we ran models where each 

environmental variable was the sole predictor within the ‘full’ model framework, which included 

random effects of year for survival, breeding, and detection probabilities for individuals branded 

in the eastern portion of the range. The WAIC values for each of these single-covariate models 

were compared to that of the random effects-only model for the eastern portion of the range and 

the null model for the western portion of the range. This additional analysis both facilitated the 

initial elimination of numerous environmental variables and then ultimately provided insight into 
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potential optimal season-specific combinations of different variables (e.g., AOI in summer and 

PDO in winter) that could be explored in future work. 

For models estimating vital rates for individuals branded in the eastern portion of the 

range, results when all variables were used indicated that best-fit models based on WAIC values 

included environmental variables from the winter season followed by the summer. However, 

only by examining the single-variable model runs was it possible to ascertain that winter 

Aleutian Low, upwelling, and eastward wind, year-round SST and chlorophyll-a concentration, 

and spring North Pacific Gyre Oscillation (NPGO) conditions were the strongest drivers of 

improved model fit when used alone (Figure A1). As can be seen, model runs with these 

predictors as the sole covariate had the lowest WAIC values. Additionally, these results provided 

support for the elimination of PDO, productivity, wind stress, and wind velocity based on the 

general lack of improvement in WAIC values across seasons compared to the random effects-

only model. 

For models estimating vital rates for individuals branded in the western portion of the 

range, results when all variables were included indicated that best-fit models based on WAIC 

values included environmental variables from the fall and winter. Examining the single-variable 

model runs revealed that these gains in model fit were likely most attributable to the conditions 

of the NPGO during fall and spring that made the biggest contributions to improved model fit 

when used alone (Figure A1). These results provide justification for the elimination of wind 

variables, productivity, and PDO. 
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Figure A1: WAIC values for models when each season-specific environmental variable was used as the 
only covariate. Dashed line represents a baseline WAIC value for the random effects-only model for the 
eastern portion of the range and a null model for the western portion of the range. 
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APPENDIX B

Age- and sex-specific demography and population sensitivity in an integrated population 

model and viability analysis for Steller sea lions (Chapter 4) 

 
This appendix contains additional information pertaining to understanding age- and sex-specific 

demographic rates, age structure, and the effects of environmental conditions on Steller sea lions in the 

six management subregions of the wDPS in Alaska  

Using an integrated population model (IPM) framework with mark-resight and aerial survey data, 

we estimated age- and sex-specific vital rates as functions of fixed effects of natal subregion and random 

effects of time with varying levels of complexity depending on the vital rate of interest (see main text). 

Our results showed that male and female vital rates were similar to each other for each age, but varied by 

region (Figure B1).  

In addition to examining population structure in terms of the 
NTot
Npup

 ratio, we also here show a more 

complex age structure that compares estimated age structure to the age proportions that would be 

expected based on estimated demographic rates and our assumption of the stable age distribution that was 

used to initiate the population model (Figure B2). This more nuanced picture provides additional insight 

into the subregional deviations in the overall 
NTot
Npup

	ratio that we see in the subregions with declining 

abundance trends. Specifically, we estimated a higher proportion of pups (and therefore female breeders) 

in the central AI subregion, where pup and yearling survival are notably lower than the range-wide 

average. Additionally, in the western AI subregion, the proportion of non-female breeders is high while 

that of female breeders is low, but pup survival is high. These differences may be providing insights into 

the different maternal investment strategies in these two subregions, where survival and pupping 

probabilities are likely influenced by pup mass, weaning age, maternal body condition, and environmental 

conditions.  
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In terms of the effects of environmental conditions on vital rates of Steller sea lions, as noted in 

the main text, sea surface temperature and warm-phase North Pacific Gyre Oscillation were positively 

correlated with survival and pupping probabilities, though credible intervals overlapped zero (Figure B3). 

In considering how these or other environmental variables may affect population dynamics, it is important 

to examine the sensitivity of population growth rates to changes in demographic rates. As noted in the 

main text but illustrated in more detail here, population growth rates were most consistently and strongly 

correlated with female breeder survival and repeat pupping probabilities (Figure B4), though the 

variability in these correlations varied across subregions (Figure B5).  

 

 
Figure B1: Posterior mean and 95% credible intervals for age-specific survival for Steller sea lions across 
the six wDPS subregions, with the range-wide average represented by the dashed line. 
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Figure B2: Posterior mean and 95% credible intervals of population age structure in each of the six wDPS 
subregions compared with the proportion expected according to a stable age distribution assumption (black 
dashed line). 
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Figure B3: Mean and 95% credible intervals of logit-scale effects of environmental conditions on male and 
female pup and yearling survival, breeding female survival, and first-time and repeat pupping probabilities.  
 

 
Figure B4: Posterior mean and 95% credible intervals for correlation coefficients between population 
growth rates and female time-varying demographic rates. 
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Figure B5: Posterior mean and 95% credible intervals for correlation coefficients between population 
growth rates and female time-varying demographic rates across the six wDPS subregions.  
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APPENDIX C

Sensitivity of demography, abundance, and viability to underlying assumptions of the 

aerial survey model in an IPM-based PVA for Cook Inlet belugas (Chapter 5) 

 
Abundance estimated in this IPM is a product of the two subcomponent models: the mark-resight 

model that estimates demographic rates and the population size estimation model based on the 

aerial survey data. The aerial survey has to-date been conducted in a strategic manner rather than 

following a random or systematic track. This has led to previous assumptions that detection 

probability in this survey (represented here by the parameter =Ab#) is relatively high, but the 

proportion of the population that is missed on any given survey day remains highly uncertain. 

Differing assumptions underlying the aerial survey have also led to differing approaches of 

estimating abundance using the median daily survey counts versus the maximum daily survey 

count in a given year. As noted in the main text, to account for highly variable annual counts 

derived from the aerial survey data, population size is modeled as, 

Na9# ∼ normal(N& , σb&)   

N& ∼ binomial(NTot# , =Ab#)   

=Ab# ∼ Beta(α, β) 

where annual aerial survey population size estimates Na9# are modeled as arising from a normal 

distribution with mean equal to c& (the population size in year t subject to detection in the aerial 

survey) and standard deviation σb&. Both the annual estimates Na9# and their sampling standard 

deviations σb& were estimated by Boyd et al. (2019) and Shelden and Wade (2019). In turn, N& is 

modeled as arising from a binomial distribution with index equal to the total abundance, NTot#, 
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from the IPM process model, and the probability equal to the aerial survey detection probability 

=Ab#.  

We examined model results using both the “median” and “maximum” survey day data 

across four beta probability distribution rates that represented a range of uninformative to 

strongly informative priors to characterize uncertainty about the proportion of groups that are 

missed in the aerial survey. The flat, uninformative prior Beta(1,1) represents the most flexible 

option that allows the data to freely inform parameter estimation. The weakly informative prior 

of Beta(2,1) had most prior density between 0.8 and 0.9 with a broad tail that encompassed the 

space from 0 to 1.0. The moderately informative prior of Beta(10,3) also had the highest 

probability density around ~0.8 but a more truncated distribution tail that extends to ~0.4. The 

most informative prior, Beta(15,1), was estimated and used in previous studies (Boyd et al. 2019, 

Jacobson et al. 2020) and places a high prior density close to 1.0 with a relatively short tail that 

only extends to ~0.7. 

The detection probability in the aerial survey subcomponent model provides information 

about how many individuals were not counted and therefore directly impacts the relative size of 

the abundance estimate: a lower estimated detection probability leads to a higher abundance 

estimate and vice versa. Therefore, when we relax the prior and allow for lower detection 

probabilities, we allow the potential for higher abundance estimates. In a traditional abundance 

estimation model, this sensitivity would only impact the relative scale of the abundance estimate. 

However, because the IPM framework facilitates all parameters being informed by both the 

mark-resight and aerial survey data sets, the demographic rates and abundance trends could also 

be affected depending on the relative contributions of each data set. 
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As expected, the annual detection probability estimates are sensitive to the choice of 

prior, where posterior means are higher with the strongly informative prior, but otherwise are 

similar across the other three approaches (Figure C1). As can be seen from the overlap of the 

prior and posterior distributions for detection probability, posterior means are higher and the 

distributions are tighter with the strongly informative prior. Posterior distributions are estimated 

fairly consistently and reliably under the flat and weakly informative priors (Figure C2), which 

guided our decision to allow the data to more freely inform estimation using the weakly 

informative prior Beta(2,1) while acknowledging that this approach may result in positively 

biased abundance estimates. 

Demographic rate estimates were fairly robust to the choice of priors for the aerial survey 

detection probability, particularly adult survival (Figure C3). Where differences arose, they were 

slight and not systematically apparent, likely due to the strength of the mark-resight data 

informing the estimation of the demographic rate parameters. In contrast, the sensitivity of 

abundance estimates to the detection probability prior is evident, with abundance estimated using 

flat and weakly informative priors all being fairly similar, and notably higher than those 

estimated using the strongly informative prior (Figure C4). Population viability, growth rates, 

and extinction risk summary metrics varied across the choice of prior and survey day data, 

though much more notably for the latter (Figure C5, Figure C6, Figure C7). 
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Figure C1: Posterior mean and 95% credible intervals for annual detection probabilities across priors for 
aerial survey detection probability using either maximum or median survey day counts. 
 

 
Figure C2: The overlap of prior (grey outline) and posterior (color fill) distributions across priors for aerial 
survey detection probability using either maximum or median survey day counts. 
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Figure C3: Posterior mean and 95% credible intervals for stage-based survival and fecundity estimated 
across priors for aerial survey detection probability using either maximum or median survey day counts. 

 
Figure C4: Abundance trend during the time period informed by data across priors for aerial survey 
detection probability estimated using the “median” survey day data. 
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Figure C5: Posterior mean and 95% credible intervals for projected abundance trends across priors for 
aerial survey detection probability and median and maximum survey day data. 
 
 

 
Figure C6: Posterior mean population growth rate across priors for aerial survey detection probability and 
median and maximum survey day data. 
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Figure C7: Posterior mean of population viability and extinction risk across priors for aerial survey 
detection probability and “median” and “maximum” survey day data. 
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APPENDIX D

Sensitivity of demography, abundance, and viability to age at first reproduction for Cook 

Inlet beluga whales (Chapter 5) 

The integrated population model developed in this study combines parameters from the two 

subcomponent models (a multi-event model estimating vital rates using mark-resight data and a 

state-space model estimating annual population size using aerial survey data) using stochastic 

population growth equations to estimate population structure and total abundance. The 

population growth equations perpetuate the age structure that is established in the multi-event 

model, but as individual ages are unknown, we had to choose a minimum age at which females 

could enter the breeding population (i.e., age at first reproduction; AFR). Based on the best 

available information for the Cook Inlet and other beluga populations (Shelden et al. 2020, 

McGuire et al. 2020), we chose 10 years old as the AFR. However, there is some limited 

information that suggests AFR may be higher for Cook Inlet belugas, and we therefore examined 

the sensitivity of demographic rates, abundance estimates, and population viability across AFRs 

of 8, 10, 12, 14, and 16 years. The distinction mainly affects how many animals are eligible to 

become breeders, and therefore the reproductive rate. We assumed an older AFR might increase 

fecundity to compensate for fewer breeding females but likely would not have appreciable 

effects on projected population viability because while this age structure does create more 

subadult age classes, we apply the adult non-breeder survival rate to these age classes, which is 

lower than that of breeding adults but still relatively high. 

As can be seen, demographic rates (Figure D1), detection probabilities (Figure D2), and 

abundance estimates (Figure D3) did not vary notably across the range of AFRs. We can, 

however, begin to see that population projections (Figure D4), growth rates (Figure D5), and 
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viability summary metrics (Figure D6) do vary slightly across AFRs, with higher extinction 

probabilities and lower downlisting probabilities when the AFR is set to 14 or 16 years of age. 

 
Figure D1: Posterior mean and 95% credible intervals for demographic rates across ages at first 
reproduction. 

 
Figure D2: Posterior mean and 95% credible intervals for detection probabilities across ages at first 
reproduction. 
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Figure D3: Posterior mean and 95% credible intervals for abundance estimates across ages at first 
reproduction. 
 

 
Figure D4: Posterior mean and 95% credible intervals for projected abundance estimates across ages at 
first reproduction. 
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Figure D5: Posterior mean population growth rates over the 150-year projection period across ages at first 
reproduction. 
 

  
Figure D6: Posterior mean of population viability metrics, including the probability of a negative trend in 
abundance, of reaching the downlisting threshold (>520 individuals), of having no remaining female 
breeders, and of population extinction across a range of ages at first reproduction. 
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APPENDIX E 

Defining a quasi-extinction threshold for Cook Inlet belugas (Chapter 5) 
 
The Cook Inlet beluga whale Recovery Plan (NMFS 2016) describes the need to regularly 

reevaluate and update the population viability analysis (PVA) model framework underlying the 

estimation of extinction. Specifically, it is noted that quasi-extinction levels that account for 

small population effects should be addressed. Quasi-extinction risk (Ginzberg et al. 1982) has 

been defined as the point beyond which populations have little to no chance of recovering or 

when a population is “doomed” to extinction (Gerber and González-Suárez 2010) even if a 

handful of individuals remain. This highlights the perpetual challenges of consistently defining 

and estimating extinction risk thresholds for species across taxa in ways that are defensible and 

useful in the implementation of conservation actions. One of the reasons that developing 

consistent definitions for extinction risk and recovery criteria is that these metrics are highly 

context-specific. Extinction risk varies considerably depending on life history traits, historical 

and current population size, density dependence, geographic extent, sensitivity to environmental 

perturbations, and vulnerability to threats. We mention these broad issues not to embark on a 

recounting of the numerous approaches that have been debated and discussed in the literature 

(see Dulvy et al. 2004, Himes Boor 2014, Doak et al. 2015, Thompson et al. 2018), but to 

acknowledge that this is a complex issue and that established quasi-extinction thresholds are 

often inevitably subjective, as they require analysts and managers to (oftentimes arbitrarily) 

select an extinction risk time horizon (i.e., extinction at 100 years, 200 years, or 3 generations) 

and a level of risk tolerance (90% versus 95% probability of extinction) for that time horizon.  

To examine population thresholds or quasi-extinction levels for Cook Inlet belugas, we 

used forward simulations to execute a grid search over a range of alternative quasi-extinction 
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population size thresholds n ranging from 20-300 individuals. This forward simulation was done 

100 times for each MCMC sample i for a total of x = 600,000 total population projections. For 

each potential quasi-extinction population size threshold n, we performed the grid search over all 

x population trajectories where population size was n 50 years into the future and then stored the 

eventual probability of extinction at 250 years into the future. This longer 200-year time horizon 

(from t = 50-250; relative to that in the main text) was used to examine eventual extinction 

probabilities for larger population sizes.  

This grid search approach resulted in a mean extinction probability for a given population 

size n that increases with decreasing population size threshold (Figure E1). Specifically, 

populations ranging from 30-35 individuals in 2068 (50 years into the projection) had a 95% 

probability of extinction (Pr(NTot<2)) in 2268 (250 years into the projection). Similarly, 

populations ranging from 150-200 individuals had a 50% extinction probability and those 

ranging from 200-275 individuals had a 25% extinction probability (Figure E1). These results 

indicate that a population size ranging from 30-35 individuals could be considered a quasi-

extinction threshold, or a level beyond which there is high certainty that the population will not 

recover. It should be noted, however, that these metrics are specific to the time horizon that was 

examined, and that larger population size thresholds (e.g., 150-200 individuals) may also have a 

high probability of extinction over longer time horizons (e.g., 300 years).  



 177 

 

Figure E1. Results of a forward simulation grid search examining eventual extinction probabilities for 
population trajectories with a given population size at 50 years into the projection period.  
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APPENDIX F 

Expanded covariate analysis for Cook Inlet belugas (Chapter 5) 

One of the goals of this study was to examine the effects of environmental variability and 

anthropogenic stressors on the survival and reproduction of Cook Inlet beluga whales. However, 

this endeavor is complicated by numerous factors, including patchily available data on 

anthropogenic stressors that align with the spatio-temporal presence of whales, lack of specific 

evidence-based hypotheses about the impact of oceanographic conditions on vital rates, and 

strong correlations between environmental time series data on ocean conditions and prey 

availability. In the primary analysis described in the main text of the manuscript, we examined 

the effect of Gulf of Alaska sea surface temperature and a proxy for prey abundance that 

combined escapement data from multiple prey species over the summer months from several 

tributaries in Cook Inlet. However, we also conducted an expanded exploratory analysis that 

considered additional predictor variables with greater temporal specificity and present those 

findings here. As noted in the manuscript text, there are caveats and knowledge gaps pertaining 

to many of these covariate variables that we used as proxies for prey availability and 

anthropogenic stressors. Because many of these variables are strongly correlated, we fit the 

model using each as the sole covariate and examined whether there was an improvement in 

model fit compared to the model without covariates according to Watanabe-Akaike information 

criterion (WAIC; Watanabe 2010) values.  

Data 

In addition to yearly Gulf of Alaska sea surface temperature (SST) used as a predictor in the 

primary analysis, we fit models with additional local- and basin-scale indices of oceanographic 

variability. These included the Pacific Decadal Oscillation (PDO), North Pacific Gyre 
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Oscillation (NPGO), and upwelling. Localized summer (June-Oct) upwelling anomalies near 

Seward, AK (60∘N, 149∘W) were obtained from the NOAA Pacific Fisheries Environmental 

Laboratory. Summer sea surface temperatures (SST) in the Gulf of Alaska were obtained from a 

bounding box spanning approximately 54 to 60∘N and -137 to -157∘W using the NOAA GOES 

satellite data accessed from the ERDDAP server (Simons 2020). Basin-scale oceanographic 

covariates included the Pacific Decadal Oscillation (PDO; Zhang et al. 1997, Mantua et al. 1997) 

and the North Pacific Gyre Oscillation (NPGO; Di Lorenzo et al. 2008), both obtained at a 

monthly level from the NOAA National Center for Environmental Information (NOAA NCEI 

2020) and NOAA Physical Science Laboratory (NOAA PSL 2020) and aggregated to seasonal 

values. 

The Susitna River delta area contains many rivers with relatively large runs of multiple 

salmon species, and Cook Inlet beluga whales are known to forage in river mouths and along the 

delta during periods of the summer when salmon are entering these rivers (Castellote et al. 

2021), but also in Turnagain Arm and, in late summer and early fall, in Knik Arm. Data are 

available for many of the largest salmon runs in upper Cook Inlet. Chinook, coho, pink, sockeye, 

and chum salmon escapement data from various tributaries and rivers in known beluga foraging 

áreas were obtained from the Alaska Department of Fish and Game. In addition to the combined-

species metric of salmon abundance that was used in the primary analysis, we also fit models 

using each individual prey species (Chinook, coho, chum, pink, and sockeye salmon and 

eulachon) aggregated over the entire summer season and at a Monthly level where possible.  

We also examined the effects of two proxies for forage fish availability: incidental catch 

of osmerids and eulachon in local commercial fisheries and the reproductive success of black-

legged kittiwake and common murre on East Amatuli Island at the mouth of Cook Inlet (Kettle et 
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al. 2019). Data on hazardous waste spill volume was obtained from the Alaska Department of 

Environmental Conservation PPR Spills Database Search and used as a proxy for contaminants. 

Shipping traffic through the Port of Anchorate was compiled from the U.S. Department of 

Transportation’s Repository and Open Science Access Portal and used as a proxy for underwater 

noise. Data were summed across all spills that occurred in the marine environment within Cook 

Inlet. Though developing a quantitative metric representing cumulative impacts on Cook Inlet 

belugas is challenging, we used the total human population size (based on the State of Alaska 

Department of Labor and Workforce Development) in Anchorage was used as an indirect proxy 

for cumulative impacts.  

Covariate effects and WAIC values 
 
In terms of the effects of local- and basin-scale oceanographic variability, the 95% credible 

intervals representing the effects of annual and season-specific predictors overlapped zero, 

indicating uncertainty about whether the direction of the effect was positive versus negative. 

However, there was weak evidence that adult survival was positively correlated with warmer 

spring and winter sea surface temperatures, stronger summer upwelling, and warm-phase PDO. 

Calf survival and fecundity were also positively correlated with warmer sea surface temperatures 

and stronger summer upwelling (Figure F1). Proxies for anthropogenic stressors were not 

notably correlated with vital rates. In terms of metrics of prey abundance and forage fish 

availability, Chinook salmon escapement was positively correlated with calf survival (in theory 

via lactation as calves do not consume adult salmon) and fecundity (Figure F2). The examination 

of these prey metrics at the monthly level revealed precisely when certain species may have a 

greater effect on demography. For example, Chinook abundance may have a positive effect on 
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calf survival in August while coho salmon may be more important in later summer and early fall 

(Figure F3).  

Results indicated that model fit was improved with the addition of several of the 

covariates relative to when no covariates were included (Figure F4). 

 
Figure F1: Mean and 95% CI of the logit-scale effects of seasonal and annual oceanographic covariate 
variables on beluga fecundity and adult, older calf, and young calf survival. 
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Figure F2: Mean and 95% CI of the logit-scale effects of annual covariate variables pertaining to proxies 
for prey availability, forage fish abundance, cumulative impacts, noise, and contaminants on beluga 
fecundity and adult, older calf, and young calf survival. 
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Figure F3: Mean and 95% CI of the logit-scale effects of seasonal prey-related covariate variables on 
beluga fecundity and adult, older calf, and young calf survival. 
 

 
Figure F4: WAIC values for models where each annual covariate for stressor categories was used alone 
(colored dots) compared to when no covariates were included (interannual random effects only; dotted 
black line). 
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APPENDIX G

Detailed observation process model results for the multi-event subcomponent model 

in the IPM-based PVA for Cook Inlet belugas (Chapter 5) 

Accounting for uncertainty within both the state and ecological processes is fundamental 

to hierarchical state-space mark-resight models. The complex observation process within 

the multi-event mark-resight model included parameters that describe the probabilities of 

detecting individuals given their life history states and the probabilities of correctly 

assigning calf ages given their true ages. 

The mean of the state-specific detection probability intercept was 0.47 (95% 

credible interval: 0.38-0.57) for non-breeders (=N), 0.68 (0.56-0.79) for breeders with 

calves (=BC), and 0.73 (0.6-0.87) for breeders without calves (=BN) (Figure G1). 

Variability in adult detection over the study period was greatest for breeders with calves 

(ranging from 0.33 to 0.92) and non-breeders (ranging from 0.27 to 0.67). Mean detection 

probability for older calves (δC) was approximately 0.55 (0.46-0.65) and that of younger 

calves was (fY) 0.44 (0.3-0.56). 

Calf age assignment probabilities were estimated relatively precisely, as in Himes 

Boor et al. (In revision). The probability of assigning an age category (γ) was 

approximately 0.93 and the probability of assigning calf age with perfect certainty (α) for 

younger and older calves was 0.5 and 0.05, respectively. The probability of assigning an 

uncertain age that matched the true age (ω) for younger and older calves was 0.97 and 

0.6, respectively, and the probability of assigning an uncertain age different than the true 

age by one year (κ) for younger and older calves was 0.98 and 0.58, respectively. 
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Figure G1: Posterior mean and 95% credible intervals for time-varying stage-specific adult and 
calf detection over the study period with median of mean rates represented by the dashed line. 
 


