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Producing reliable estimates of demographic rates is critical to our understanding of wildlife 

population dynamics and can provide valuable information for prioritizing conservation and 

management efforts. Precise and unbiased estimates are challenging to obtain when monitoring 

data are sparse, knowledge gaps are pervasive, or model assumptions are violated. This is often 

the case for species of conservation concern, which may be poorly understood and difficult to 

monitor. Bayesian hierarchical models are particularly useful for estimating demographic rates 

because they separate imperfect observation processes from the underlying biological processes, 

especially when combined in an integrated framework that leverages multiple data sources for 

increased precision and parameter identifiability.  

Here I present three case studies using Bayesian hierarchical models to better understand the 

demography of threatened birds, with particular contributions to mark-resight and integrated 



 

population modeling. In Chapter 2, I addressed a common but poorly understood problem in 

mark-resight studies of open populations: partial mark loss and degradation. I present a novel 

approach to sampling latent states in a Markov Chain Monte Carlo framework using a 

backtracking algorithm, and I apply this approach in the context of a multi-event model to the 

Oregon Vesper Sparrow (Pooecetes gramineus affinis) in South Puget Sound, Washington, USA. 

The results from this model constitute some of the first estimates of age-specific survival and 

dispersal rates for this species of conservation concern. In Chapter 3, I developed a novel multi-

site integrated population model (IPM) to better understand the population dynamics of Streaked 

Horned Larks (Eremophila alpestris strigata) in South Puget Sound, Washington. These 

estimates will inform future habitat management and a planned reintroduction effort, and the 

multi-site framework addresses a critical gap in modeling small populations monitored over 

fragmented landscapes. In Chapter 4, I developed an IPM to examine the impact of a cryptic 

threat, bycatch in commercial fisheries, on the population dynamics of Atlantic Yellow-nosed 

Albatross (Thalassarche chlororhynchos). Results from this model will motivate ongoing 

monitoring of Atlantic Yellow-nosed Albatross and seabird bycatch in the South Atlantic and 

inform fisheries regulation decisions. Broadly, the work I present here makes contributions to the 

development of complex demographic models with the goal of supporting conservation and 

management decisions by quantifying and reducing key uncertainties in the population dynamics 

of threatened species.  
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Chapter 1. INTRODUCTION  

1.1 BACKGROUND 

Understanding population dynamics and drivers of population trends can support the 

conservation of threatened species. However, estimating demographic rates and their variation 

over space and time is challenging for small, declining, fragmented, or otherwise difficult-to-

monitor populations. Knowledge gaps may impede decision making when data are sparse. 

Population modelers aim to leverage available data to close these knowledge gaps and identify 

key uncertainties for future study.  

One approach to population modeling is integrated population modeling, where multiple 

data sources with shared underlying parameters are combined in a joint analysis. Integrated 

population models (IPMs; Besbeas et al., 2002; Brooks et al., 2004; Schaub & Abadi, 2011; 

Zipkin & Saunders, 2018) have become popular in part because they leverage all available data 

to provide information about both demographic states (i.e., abundance) and rates (e.g., survival, 

productivity). Crucially, IPMs can improve precision (Abadi et al., 2010a; Schaub et al., 2007) 

and produce estimates of demographic rates that are unobservable (e.g., Oppel et al., 2022) or 

may otherwise be unidentifiable (Abadi et al., 2010b). Though much of the preliminary work 

demonstrating the utility of IPMs focused on taxa with simple life histories (e.g., herons; 

Besbeas et al., 2002), as available computing power increases, IPMs for species with complex 

life histories (e.g., apex predators; Regehr et al., 2018) are becoming more common. Like other 

hierarchical model types, IPMs can facilitate estimation of the effects of environmental 

conditions or anthropogenic stressors on demographic rates (e.g., Oppel et al., 2014), which is of 

useful when trying to identify causes of decline for threatened or indicator species.  
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To be a true integrated model, IPMs need to include a dataset relevant to the estimation 

of abundance and at least one additional dataset that allows for the estimation of one or more 

demographic parameters; commonly this is a mark-recapture or mark-resight dataset. Studies of 

marked populations can lend insights about a number of demographic parameters, including 

survival (e.g., Lebreton et al., 1992), recruitment (e.g., Tucker et al., 2023), movement (e.g., 

Sollmann et al., 2013), and productivity (e.g., Lahoz‐Monfort et al., 2013). Often these 

parameters are strongly correlated with population trend and therefore it is valuable to estimate 

these parameters precisely and to identify their drivers to inform conservation decision-making. 

Mark-resight models vary widely in complexity, from Cormack-Jolly-Seber models (Cormack, 

1964; Jolly, 1965; Seber, 1965), to multi-state models (Nichols & Kendall, 1995), to multi-event 

models (Pradel, 2005) and can therefore accommodate many sampling situations, provided that 

model assumptions are met.  

While the development of complex models and integrated models can help resolve some 

uncertainty in our understanding of demography, there is no substitute for a well-designed 

monitoring program. Underpinning all models are assumptions about the underlying observation 

and biological processes and when those assumptions are violated it may render results invalid. 

Some assumptions may matter relatively little (e.g., independence of datasets in integrated 

population models; Abadi et al., 2010a), where others can matter more (e.g., mark loss in mark-

resight models; Chapter 2). Given that we rely on long-term monitoring programs to inform 

conservation decisions for endangered wildlife (Nichols & Williams, 2006), great care should be 

taken at the outset to design a monitoring program that has the power to produce accurate and 

precise estimates of demographic rates, and that are more likely to detect changes in population 
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trends. Similarly, monitoring programs should be regularly reevaluated to ensure they are being 

implemented correctly and functioning as intended (Lindenmayer & Likens, 2009).  

1.2 RESEARCH OBJECTIVES 

The objectives of my research were twofold, including (1) advancing Bayesian hierarchical 

modeling of mark-resight data in the context of integrated population models, and (2) estimating 

vital rates for three poorly understood species of conservation concern. To this end, I developed 

a novel multi-state model for mark-resight data in the presence of mark loss for Oregon Vesper 

Sparrow (Pooecetes gramineus affinis) in Washington State, and IPMs for Streaked Horned 

Larks (Eremophila alpestris strigata) and Atlantic Yellow-nosed Albatross (Thalassarche 

chlororhynchos) in Washington State and on Gough Island in the South Atlantic.  

The methodological advancements made here were motivated by challenges presented in 

the available data. For Oregon Vesper Sparrow and Streaked Horned Larks, partial mark loss is 

pervasive and has hindered our understanding of survival and dispersal rates for these species. 

Thus, in Chapter 2 I developed a novel model and approach for sampling latent states for multi-

state models of mark-resight data in the presence of partial mark loss and degradation. Streaked 

Horned Larks are intensively monitored at numerous sites, but the region-wide population 

dynamics are not well understood. Thus, in Chapter 3 I built a multi-site IPM, using mark-resight 

data to inform movement and survival across a fragmented landscape. Atlantic Yellow-nosed 

Albatross are vulnerable to cryptic threats but are difficult to monitor and only observable during 

some life history stages. Therefore, in Chapter 4 I built an IPM around a multi-event model of 

mark-resight data with several unobservable states. Each challenge that I have addressed here is 

not unique to the case-study species. Consequently, the methodology I present is applicable to 
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many endangered species which are monitored with through marking and resighting, over 

fragmented landscapes, or only during portions of their life-history.  

1.3 BROADER IMPACTS 

Collectively, the developed in these studies contribute new approaches for developing models of 

complex ecological processes and the specific case studies make contributions that will inform 

species conservation decisions. Ecologically, the Oregon Vesper Sparrow is a species of great 

conservation interest throughout the Pacific Northwest, including in Washington State, where it 

is listed as endangered. I present some of the first robust estimates of age-specific survival and 

dispersal probabilities for this subspecies, which will inform future population modeling efforts 

and influence conservation action. The Streaked Horned Lark is state and federally listed and is 

intensively monitored throughout South Puget Sound, where the model and demographic 

estimates I produced will be used to inform a reintroduction effort. Atlantic Yellow-nosed 

Albatross is endangered per the IUCN and is vulnerable to cryptic threats such as environmental 

change and anthropogenic stressors in the South Atlantic. Bycatch in commercial fisheries is a 

known threat to seabirds but the degree to which it impacts population dynamics of this species 

is not well understood. My work on this species identifies knowledge gaps for future study. 

Methodologically, I present novel model frameworks that facilitate robust estimation of vital 

rates in the face of common challenges with the integration of mark-resight data: mark loss or 

degradation, dispersal over fragmented landscapes, and multiple unobservable states.  
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Chapter 2. AN UNBIASED SURVIVAL ESTIMATOR BASED ON 

MARK-RESIGHT DATA IN THE PRESENCE OF 

MARK DEGRADATION 

Publication history: This study was co-authored with Nathan J. Hostetter, Gary L. Slater, and 

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

with a journal.  

Abstract: Mark-resight methods are a popular alternative to mark-recapture methods for 

estimation of demographic parameters in animal populations because individuals do not need to 

be physically recaptured. Investigators using mark-resight methods typically deploy uniquely 

identifiable marks to a subset of a population of interest, and subsequently collect resighting data 

non-invasively. However, it is common for artificial marks to degrade over time (e.g., individual 

colored bands may fall off), resulting in observations that may not be attributable to unique 

individuals. Existing approaches to mitigate this problem include omitting these data or 

assigning uncertain observations to individuals in a post-hoc manner, potentially introducing bias 

in estimates of survival and leading to underestimation of uncertainty. To address the challenge 

of mark degradation, we present a novel multi-event model linking observed marks to 

individuals.  For the individuals with missing bands, individual encounter histories, individual 

mark status, and individual state are unknown. We use a backtracking algorithm to construct all 

individual potential matches of band-loss individuals with known individuals across sampling 

occasions, which forms the basis of a custom-designed Markov Chain Monte Carlo sampler. We 

compare our approach with the data omission approach using a simulation and we also present a 

case study from a population of Oregon Vesper Sparrow (Pooecetes gramineus affinis) in 
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Washington, USA. We found our approach produced unbiased results, while the data omission 

approach resulted in negatively biased survival estimates. However, high computational costs are 

a barrier to the application of our model to marked populations that are large or have a high rate 

of mark degradation. Improved algorithms for identifying valid matches offer promise for 

expanding the applicability of our approach. Partial mark loss or degradation is a frequent and 

likely underreported source of bias in mark-resight studies, and we provide recommendations for 

researchers employing study designs to minimize both the rate of mark degradation and 

uncertainty in identity when mark degradation does occur.  

Keywords: Backtracking, capture-recapture, mark degradation, mark loss, mark-resight, multi-

event model, partial identification, Oregon Vesper Sparrow, Pooecetes gramineus affinis  

2.1 INTRODUCTION 

The estimation of demographic rates is frequently critical to the conservation and management of 

threatened species (e.g., Williams et al., 2002). Survival, recruitment, and dispersal rates are 

commonly estimated from studies of marked populations (Baillie & Schaub, 2009). In mark-

resight studies, both artificial marks (e.g., dye marks, color bands, leg flags, patagial tags) and 

natural marks (e.g., stripe patterns, permanent scars, genetic markers) can be used to identify re-

encountered individuals via sight, camera trap, or DNA barcoding in the absence of physical 

recapture (Silvy et al., 2012).  

However, without physical recaptures, there is an increased risk of being unable to 

accurately identify individuals due to either imperfect observation or the loss or degradation of 

marks, thus violating key assumptions of traditional mark-resight models. Traditional mark-

recapture and mark-resight models assume that no marks are lost, that individuals are correctly 

classified as marked, and that marked individuals are correctly and completely identified 
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(Lindberg, 2012; Williams et al., 2002). Violations of some of these marking assumptions have 

been investigated and solutions have been proposed. For example, in the case of complete mark 

loss, a common solution is to double-mark a subset of the marked population to estimate a rate of 

complete mark loss and correct for bias in survival estimates (e.g., Cowen & Schwarz, 2006; 

Diefenbach & Alt, 1998). 

In cases when individuals are misidentified, two types of error are possible: 1) the 

misidentification may confuse one individual within the dataset for another (e.g., Tucker et al., 

2019); or 2) the misidentification may produce a new “ghost” individual in the dataset (i.e., a 

false individual; Link et al., 2010; Lukacs & Burnham, 2005; Wright et al., 2009; Yoshizaki et 

al., 2009). In contrast, when partial identifications occur, observations will allow only for the 

identification of a set of previously marked individuals that may correspond to the observed 

partial identity, e.g., a bird observed with only a blue color band on the left leg could be any of 

the set of birds that received a blue color band on the left leg.  

Partial identifications can result from either observation error (i.e., only part of the mark 

was visible to an observer) or process error (i.e., only part of the mark remains or is identifiable). 

We consider the latter, which we term mark degradation. Mark degradation may occur from 

researcher-deployed marks degrading over time, where examples include the loss of color bands 

on passerines (e.g., Lovell, 1948), degradation of alphanumeric leg flags on shorebirds (e.g., 

Roche et al., 2014), movement of fluorescent elastomer tags within the body cavity of 

amphibians (e.g., Brannelly et al., 2013), the fading of lip tattoos on polar bears (e.g., Larsen, 

1971), or the stretching of brands on sea lions (e.g., Schwarz & Stobo, 1999).  

The result of mark degradation/partial loss is that some observations are not attributable 

to unique individuals. By reducing the observer’s ability to uniquely identify individuals, mark 
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degradation complicates the way in which the resight process must be modeled. Existing 

approaches include 1) discarding observations, which artificially deflates both detection and, 

crucially, survival probabilities because the mark degradation becomes indistinguishable from an 

apparent mortality; or 2) assignment of marks to individuals post hoc without accounting for 

uncertainty in the assignment process, which results in potentially serious biases if marks are 

attributed to the wrong individuals. This phenomenon has been well-studied in closed 

populations (e.g., Augustine et al., 2019, 2020; Jiménez et al., 2019, 2021; McClintock et al., 

2014) but mark degradation has received little attention in the literature in open populations, 

where the solutions used for closed populations are not applicable due to additional uncertainty 

about the true state (e.g., alive or dead) of each individual on each occasion when they are not 

perfectly detected.  

Here we propose a solution for unbiased estimation of survival and dispersal rates in the 

case of uncertain individual identities due to mark degradation. We developed a novel 

hierarchical model linking observed marks to a discrete set of true individuals. This link could be 

used to develop a relatively simple extension to a Cormack-Jolly-Seber model (i.e., a mark-

resight model where the only states are live and dead; Cormack, 1964; Jolly, 1965; Seber, 1965) 

in which mark uncertainty is accounted for. Here, we present a more complex application to 

multistate mark-resight models, where the true states include residence in different spatial units 

in addition to a dead state. In doing so, we leverage the information contained in the spatial 

location of observations to inform individual identity. In our model representation, true 

individual encounter histories, individual mark status, and individual state are latent variables. 

This latent hierarchy allows for process error as marks degrade. We use a backtracking algorithm 

(e.g., Rossi et al., 2006) to construct all valid matchings of marks to individuals. This allows us 
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to reconstruct all possible multi-state encounter histories. In contrast to conventional mark-

resight models, this allows for marks to be only partially retained while assuming that the 

retained mark components are completely and correctly observed. We then develop a Markov-

Chain Monte Carlo (MCMC) approach to sampling these possible histories, in addition to the 

underlying states.  

We describe the model and develop a simulation study with a territorial passerine in 

mind, though the model is generalizable to alternative mark types and taxa. In mark-resight 

studies, passerines are commonly given a permanent mark that is not field-readable (e.g., a 

USGS metal band), along with field-readable auxiliary marks (e.g., a combination of colored leg 

bands; Calvo & Furness, 1992; Marion & Shamis, 1977). In these situations, individuals are 

recognizable as marked even if they lose all auxiliary marks, but they may not be individually 

identifiable.  

We explore the properties of the estimates from this model relative to estimates obtained 

by omitting degraded marks. We demonstrate that this model produces unbiased estimates of 

survival while omitting observations of degraded marks leads to underestimation of survival. We 

then apply the model to a small, threatened population of Oregon Vesper Sparrows (OVSP; 

Pooecetes gramineus affinis) in Washington, USA. Our proposed approach is well suited to 

studies of threatened populations because it leverages all available data, which are often 

expensive to obtain, and without which estimates of demographic parameters may be biased or 

highly uncertain. We make several recommendations for practitioners to consider when 

designing mark-resight studies with the goals of minimizing the rate of mark degradation and 

minimizing uncertainty in identity when mark degradation does occur.  
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2.2 MATERIALS AND METHODS 

2.2.1 Overview 

We present a multi-state model for estimating apparent survival and movement in a population 

with mark degradation. Our proposed model, while generalizable, functions best for species with 

some level of site fidelity, because location is used to inform individual identity. We developed 

the model for application to a passerine, though it is applicable to many other taxa that receive 

degradable marks (e.g., colored bands, leg flags, fluorescent elastomer tags, tattoos, brands, 

paint). We assume the population has been monitored at several sites across its breeding range. A 

subset of this population is marked at each site through the application of a unique combination 

of colored bands and one metal band on the legs. In subsequent years, researchers perform 

resight surveys at the same study locations to construct multi-state encounter histories for each 

individual (𝑖) over time (𝑡). We begin by describing the model using a state-space multi-state 

mark-resight model (Kery & Schaub, 2011; Arnason, 1973), before describing how we expand it 

to handle mark degradation.  

2.2.2 Example 

Consider three marked birds with the following color band combinations: Blue Green (𝐵𝐺), Red 

Green (𝑅𝐺), and Blue Purple (𝐵𝑃). Actual band combinations may be more complex than this, 

with multiple color bands per leg, but this example is illustrative. Each individual is also given a 

metal band that has a unique number imprinted on the tag but requires a physical recapture to 

read.  Birds 𝐵𝐺, 𝑅𝐺, and 𝐵𝑃 were marked at sites 1, 2, and 3, respectively and were then 

monitored over 𝑇 =  4 occasions at 𝑆 =  3 sites. The latent state of each bird on each occasion 
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(𝑍𝑖,𝑡) is then the site (𝑠) at which each bird occurs, where 𝑠 ∈ {1,… , 𝑆 + 1} and (𝑆 +  1) 

represents the dead state. In this example, the true states are  

𝒁 =
𝐵𝐺
𝑅𝐺
𝐵𝑃

(
1 1 1 2
2 1 2 4
3 3 3 3

) .  

That is, bird 𝐵𝐺 remained at site 1 until moving to site 2 before the last occasion, bird 𝑅𝐺 

moved from site 2 to site 1 and then back to site 2 before dying, and bird 𝐵𝑃 remained at site 3 

over the course of the study. This true but latent Z matrix is modeled as arising from survival and 

movement processes, where the state of individual 𝑖 at time 𝑡, 𝑍𝑖,𝑡, is a function of the state of the 

individual at the previous time period, i.e.,  

𝑍𝑖,𝑡|𝑍𝑖,𝑡−1 ~ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚿𝑍𝑖,𝑡−1
), 

where 𝚿𝑍𝑖,𝑡−1
 is a vector composed of apparent survival (𝜙) and site-specific movement 

probabilities (𝝍) for an individual in state 𝑍𝑖,𝑡−1. An individual’s transition probability is equal 

to the product of apparent survival, 𝜙, and the probability of moving from site 𝑠 to site 𝑟, 𝜓𝑠,𝑟 

where, for 𝑠 =  𝑟, an individual remains at the same site. Individuals transition to the absorbing 

dead state with probability 1 − 𝜙.  

Given the true 𝒁 shown above, one possible encounter history matrix is  

𝒀 =
𝐵𝐺
𝑅𝐺
𝐵𝑃

(
1 1 1 4
2 1 2 4
3 3 3 4

), 

where 𝒀𝑖  represents the multi-state encounter history for individual 𝑖. Similarly, 𝑌𝑖,𝑡 = 𝑠, where 

𝑠 ∈ {1,… , 𝑆 + 1} and (𝑆 + 1) indicates that the individual was unobserved. This is just one of 

the many possible encounter history matrices. We model the observations conditional on the true 

state,  
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𝑌𝑖,𝑡|𝑍𝑖,𝑡 ∼ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚷𝑍𝑖,𝑡
), 

where 𝚷𝑍𝑖,𝑡  
represents the multi-state detection probability. Individuals are detected at their 

location with probability 𝑝 and not detected with probability 1 − 𝑝. That is, living individuals 

cannot be detected at any site besides the one at which they are located, and dead individuals 

cannot be detected. Assuming no mark loss or degradation, we observe the encounter history 

matrix 𝒀 directly and can use these data to estimate the parameters using a standard multi-state 

mark-resight model.  

When auxiliary marks degrade, however, the true but latent mark state (𝑀𝑖,𝑡) of each bird 

on each occasion may only be partially observed. Consider an example mark loss process,  

𝑴 =
𝐵𝐺
𝑅𝐺
𝐵𝑃

(
𝐵𝐺 𝐵 𝐵 𝐵
𝑅𝐺 𝑅𝐺 𝐺 𝐺
𝐵𝑃 𝐵 𝐵 𝐵

), 

where 𝑀𝑖,𝑡 = 𝑘 is an individual’s mark at time t, where 𝑘 ∈ 𝑲, the set of all observable marks. 

Bird 𝐵𝐺 lost its green band after occasion 1, bird 𝑅𝐺 lost its red band after occasion 2, and bird 

𝐵𝑃 lost its yellow band after occasion 1. Here, 𝑲 = {𝐵𝐺, 𝑅𝐺, 𝐵𝑃, 𝐺, 𝑃, 𝐵, 𝑅, 𝐴} where 𝐴 

corresponds to total loss of auxiliary, but not permanent, bands. We assume that the metal band 

is never lost such that marked individuals may always be distinguished from unmarked 

individuals. 

When mark loss occurs, the individual encounter history matrix, 𝒀, is latent because 

observed marks may not always be attributable to unique individuals. Since multiple individuals 

may now have the same mark, we instead record 𝑌𝑘,𝑠,𝑡
𝑜𝑏𝑠 , counts of mark 𝑘 at site 𝑠 at time 𝑡. 𝒀𝑜𝑏𝑠 

is then 
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𝒀,𝟏,
𝑜𝑏𝑠 =

𝐵𝐺
𝑅𝐺
𝐵𝑃
𝐺
𝑃
𝐵
𝑅
𝐴 (

 
 
 
 
 

1 0 0 0
0 1 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 1 1 0
0 0 0 0
0 0 0 0)

 
 
 
 
 

, 𝒀,𝟐,
𝑜𝑏𝑠 =

𝐵𝐺
𝑅𝐺
𝐵𝑃
𝐺
𝑃
𝐵
𝑅
𝐴 (

 
 
 
 
 

0 0 0 0
1 0 0 0
0 0 0 0
0 0 1 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0)

 
 
 
 
 

, 𝒀,𝟑,
𝑜𝑏𝑠 =

𝐵𝐺
𝑅𝐺
𝐵𝑃
𝐺
𝑃
𝐵
𝑅
𝐴 (

 
 
 
 
 

0 0 0 0
0 0 0 0
1 0 0 0
0 0 0 0
0 0 0 0
0 1 1 0
0 0 0 0
0 0 0 0)

 
 
 
 
 

.  

That is, at 𝑠 = 1, mark 𝐵𝐺 was observed on occasion 1, mark 𝑅𝐺 on occasion 2, and 

mark 𝐵 on occasions 2 and 3. At 𝑠 = 2, mark 𝑅𝐺 was observed on occasion 1, and mark 𝐺 on 

occasion 3. Finally, at 𝑠 = 3, mark 𝐵𝑃 was observed on occasion 1, and mark 𝐵 on occasions 2 

and 3. This is represented visually in Figure 2.1. Though it does not occur in this simple 

example, it is possible to observe more than one count of mark 𝑘 at site 𝑠 on occasion 𝑡.  

2.2.3 Model Description 

Because of the uncertainty in matching marks to individuals, each hierarchical process indexed 

by individual identity is partially latent. As with most standard multi-state models, the true states 

of individuals, represented by matrix Z, are partially latent. Here we have two additional latent 

processes, the first being the individual encounter histories, represented by matrix 𝒀, and the 

second being the mark status, 𝑴, where 𝑀𝑖,𝑡 is conditional on the mark with which individual 𝑖 

was observed at 𝑡 −1. That is,  

𝑀𝑖,𝑡|𝑀𝑖,𝑡−1 ∼ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝜽𝑀𝑖,𝑡−1
), 

where the likelihood of individual 𝑖 having mark 𝑑 at time 𝑡, conditional on having mark 𝑐 at 

time 𝑡 − 1, assuming 𝑐, 𝑑 ∈ 𝑲, follows a categorical distribution where the probability of 

transitioning between marks 𝑐 and 𝑑 is described by θ𝑐,𝑑 (see Generating the Mark Transition 

Matrix).  
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The observed counts of mark 𝑘 at site 𝑠 at time 𝑡 (𝑌𝑘,𝑠,𝑡
𝑜𝑏𝑠) are related to the latent encounter 

histories through the introduction of latent array, 𝒀𝑚𝑢𝑙𝑡𝑖, which links counts of marks to 

individual encounter histories. Specifically, 

𝑌𝑖,𝑘,𝑠,𝑡
𝑚𝑢𝑙𝑡𝑖 = 𝐼(𝑌𝑖,𝑡 = 𝑠)𝐼(𝑀𝑖,𝑡 = 𝑘), 

where 𝐼 represents the indicator function. That is, 𝑌𝑖,𝑘,𝑠,𝑡
𝑚𝑢𝑙𝑡𝑖 = 1 when individual 𝑖 had mark 𝑘 at 

site 𝑠 at time 𝑡 and 0 otherwise. The observed data are then  

𝑌𝑘,𝑠,𝑡
𝑜𝑏𝑠 = ∑𝑌𝑖,𝑘,𝑠,𝑡

𝑚𝑢𝑙𝑡𝑖 ,

𝑁

𝑖=1

 

i.e., our observations are a sum over individuals of this latent array. The model parameters, 

constants, and latent states are given in Table 2.1. 

This novel model links observations of partially degraded marks, 𝒀𝑜𝑏𝑠, to the latent 

matrices 𝑴 and 𝒀 through the introduction of 𝒀𝑚𝑢𝑙𝑡𝑖, where encounter history matrix 𝒀 is 

conditional on state matrix 𝒁 just as it is in a standard multi-state model. We can use MCMC to 

sample each latent state and estimate the underlying survival, movement, and detection 

parameters. We can also estimate a new parameter, 𝛽, to model the mark degradation process. In 

our case, this parameter represents the probability of auxiliary mark degradation, as described 

below. 

2.2.4 Generating the Mark Transition Matrix 

Given the set of marks deployed, we can generate the mark transition matrix, 𝛉. We first 

generate all possible subsets of the original marks. Using the example above, given the original 

marks {𝐵𝐺, 𝑅𝐺,𝐵𝑌}, the set of all observable marks is 𝑲 = {𝐵𝐺, 𝑅𝐺, 𝐵𝑌, 𝐺, 𝑌, 𝐵, 𝑅, 𝐴}. The 

transition matrix is thus of dimension |𝑲|x|𝑲|.  We then generate a matrix (𝑴) representing the 
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number of ways to transition from mark 𝑐 to mark 𝑑, where 𝑐, 𝑑 ∈ 𝑲, and mark 𝑑 is at least as 

degraded as mark 𝑐. For example, there is one way to transition from mark 𝑐 = 𝐵𝐺 to mark 𝑑 =

𝐵 (i.e., by losing the green 𝐺 band; thus 𝑀𝑐,𝑑 = 1). In a more complex example, an individual 

with mark 𝑐 = 𝐵𝐵 has two ways to transition to mark 𝑑 = 𝐵 (i.e., by losing either of its blue 𝐵 

bands; thus 𝑀𝑐,𝑑 = 2). Let 𝛽 be the probability of losing a single band, 𝑏𝑐  be the number of 

bands associated with mark 𝑐, and 𝑏𝑑 be the number of bands associated with mark 𝑑. If 𝑐 ≠ 𝑑 

and there is at least one way to transition from mark 𝑐 to mark 𝑑 (i.e., 𝑀𝑐,𝑑 ≥ 1) or 𝑐 = 𝑑 (i.e., 

𝑀𝑐,𝑑 = 1), the probability of transitioning from mark 𝑐 to mark 𝑑 is 

𝜃𝑐,𝑑 = 𝑀𝑐,𝑑  ⋅  β𝑏𝑐−𝑏𝑑 ⋅ (1 − 𝛽)𝑏𝑑 , 

and zero otherwise. For example, using the same example population as above, the transition 

matrix is 

𝜽 =

             

𝐵𝐺
𝑅𝐺
𝐵𝑌
𝐺
𝑌
𝐵
𝑅
𝐴 (

 
 
 
 
 
 

(1 − 𝛽)2 0 0 𝛽(1 − 𝛽) 0 𝛽(1 − 𝛽) 0 𝛽2

0 (1 − 𝛽)2 0 𝛽(1 − 𝛽) 0 0 𝛽(1 − 𝛽) 𝛽2

0 0 (1 − 𝛽)2 0 𝛽(1 − 𝛽) 𝛽(1 − 𝛽) 0 𝛽2

0 0 0 1 − 𝛽 0 0 0 𝛽
0 0 0 0 1 − 𝛽 0 0 𝛽
0 0 0 0 0 1 − 𝛽 0 𝛽
0 0 0 0 0 0 1 − 𝛽 𝛽
0 0 0 0 0 0 0 1 )

 
 
 
 
 
 

. 

2.2.5 Backtracking Algorithm 

In general, backtracking algorithms are used to enumerate all solutions to a constraint 

satisfaction problem. Here, we use a backtracking algorithm to enumerate all possible encounter 

histories 𝒀, conditional on the marks observed, 𝒀𝑜𝑏𝑠. We represent the problem as a graph that 

maps marks observed at a given time to the individuals whose original marks could have 

degraded to produce the observed marks (i.e., 𝑀𝑐,𝑑 ≥ 1 for original mark 𝑐 and observed mark 

𝑑).  



 

 

33 

The algorithm begins by creating an empty search tree which represents the set of all 

observed marks prior to their assignment to individuals. We then iterate over any unassigned 

observations in ascending order of the number of individuals to which an observation could be 

assigned (e.g., if we observe the complete mark 𝐵𝐺, that uniquely identifies individual 𝐵𝐺, but if 

we observe B, any bird that received a blue band on the correct leg could be eligible, so we 

would assign 𝐵𝐺 first, and 𝐵 second). We make assignments of individuals to marks as the 

algorithm proceeds, incrementing one assignment at a time and assuming that individuals can be 

detected at most once per occasion. Each assignment creates a new node on the search tree, 

which forms the root of a unique branch. Each branch is explored recursively until it ultimately 

produces a terminal node that either represents a valid solution (i.e., all observed marks are 

mapped successfully to individuals), or fails to produce a solution (i.e., at least one observed 

mark has no valid individual to which it can be assigned, conditional on the other assignments of 

marks to individuals). Making the more constrained assignments first minimizes the 

computational time spent exploring branches of the tree that ultimately produce invalid solutions. 

For example, running the backtracking algorithm on the simple example described above for 

each occasion 𝑡 ∈ {1,2,3} produces the trees in Figure 2.2, respectively, where the terminal 

nodes indicate valid solutions. No individuals were observed at 𝑡 =  4 so the backtracking 

algorithm is not run on this occasion.  

The results of the backtracking algorithm run on each occasion 𝑡 ∈ 1,… , 𝑇 are used to 

reconstruct all possible encounter history matrices, 𝒀𝟏, … , 𝒀𝒏. We do this by creating a graph 

(𝑮), where each node is a valid terminal node produced by the backtracking algorithm run on a 

single occasion 𝑡 for all 𝑡 ∈ 1, … , 𝑇. That is, each node of graph 𝑮 represents a valid matching of 

all observed marks on a given occasion to marked individuals. Each valid matching from 
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occasion 𝑡 was connected to each valid matching from occasion 𝑡 + 1, for all 𝑡 ∈ 1,… , 𝑇 − 1. 

For example, the results of the backtracking algorithm run on the example population (Figure 

2.2), produces the graph shown in Figure 2.3. Each unique path through 𝑮 therefore represents a 

unique encounter history 𝒀. However, it is possible at this point that a subset of these encounter 

histories 𝒀 are internally inconsistent. An internal inconsistency would occur when an 

incomplete mark was mapped to an individual on an occasion, but that individual was resighted 

with its complete mark on a subsequent occasion. This violates the assumption that mark 

degradation is degenerative (i.e., once marks are lost they cannot be regained), and we therefore 

check all paths through 𝑮 for internal consistency. The valid encounter history matrices, 

𝒀𝟏, … , 𝒀𝒏, were the 𝑛 unique paths through 𝑮 that produced internally consistent matches of 

observed marks to individuals.  

2.2.6 Initialization and Sampling 

We fit this model in a Bayesian framework using a custom MCMC sampler. A custom MCMC 

sampler was necessary to increase sampling efficiency for the latent encounter history matrix, 𝒀, 

because the mark transition matrix 𝛉 imposed constraints on which individuals can be associated 

with which marks. Thus, generating valid proposals for 𝒀 given 𝒀𝑜𝑏𝑠  was technically 

challenging. We used the backtracking algorithm described above to generate all valid encounter 

histories Y. The MCMC sampler took the set of all possible encounter history matrices, 

{𝒀𝟏, … , 𝒀𝒏}, and performed a block update of the latent 𝒀, conditional on 𝒁, using a Metropolis-

Hastings step.  
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2.2.7 Confusion Index 

We introduce the concept of the “confusion index” for mark degradation. We define the 

confusion index as the average number of individuals to which each observed mark could be 

assigned. In a marked population with no mark degradation, the confusion index is 1 (i.e., every 

observation uniquely identifies an individual). If batch marks (i.e., multiple individuals receiving 

the same mark) are used, the confusion index is equal to the number of individuals assigned a 

batch mark, averaged across all batch marks used (i.e., every observation maps to a discrete set 

of individuals). In uniquely marked populations that experience mark degradation, the confusion 

index, 𝐶, is between 1 and 𝑁, where 𝑁 is the number of individuals that have been marked (i.e., 

every observation could uniquely identify an individual, or in the case of complete auxiliary 

mark loss every observation could map to every individual, or somewhere in between). The 

confusion index is therefore a relative measure of the complexity of a mark-resight dataset with 

respect to mark degradation.  

2.2.8 Simulation Study 

We simulated two approaches for using mark-resight data to estimate survival in an open 

population with mark degradation: 1) omitting observations of degraded marks; and 2) the novel 

model presented here. We simulated mark-resight data under a range of demographic parameter 

values and observation scenarios and estimated apparent survival (𝜙), site-specific dispersal (𝜓), 

and detection (𝑝) using a standard multistate mark-resight model in case (1) and the model 

presented here in case (2). In case (2) we were also able to estimate the annual rate of mark loss 

(𝛽).  

For N = 50 individuals monitored at 𝑆 =  3 sites for 𝑇 =  5 years, we tested 𝜙 ∈

{0.4,0.8}, 𝑝 ∈ {0.3, 0.7} to represent low and high survival and detection, respectively. We 
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varied 𝛽 ∈ {0, 0.01,0.02… , 0.1}. Movement probabilities were simulated and modeled as a 

function of site-specific attractiveness and distance (𝑫) between sites. Simpler movement models 

could be substituted here, but the model presented here is identical to the model used in our case 

study, below, in which we were interested in dispersal rates relative to site spacing and quality. If 

𝑠 represents an individual’s site at time 𝑡 − 1 and 𝑟 is an individual’s site at time 𝑡, then 

ψ𝑠,𝑟 = {

(𝑙𝑜𝑔𝑖𝑡−1(𝜇𝜓 + 𝜖𝑠
𝜓
) )if 𝑠 = 𝑟

(1 − 𝑙𝑜𝑔𝑖𝑡−1(𝜇𝜓 + 𝜖𝑠
𝜓
)) ⋅

exp(𝛼𝐷 ⋅ 𝐷𝑠,𝑟 + 𝜖𝑟
𝜓
)

∑ exp(𝛼𝐷 ⋅ 𝐷𝑠,𝑟 + 𝜖𝑟
𝜓
)𝑠≠𝑟

if 𝑠 ≠ 𝑟
. 

That is, an individual remained at their current site, s, with probability modeled as a 

function of mean site fidelity, 𝜇𝜓, and random site-specific attractiveness, 𝜖𝑠
𝜓

. An individual 

moved to a different site with probability equal to the product of the complement of the 

probability of staying at site 𝑠, and conditional on leaving site s, the probability of moving to site 

𝑟 modeled as a function of the distance between the two sites, 𝐷𝑠,𝑟, and the attractiveness of site 

𝑟. To simulate the data, we assumed 𝜇𝜓 = 2, which corresponds to a site fidelity of 

approximately 0.8 on the probability scale. The random effects, 𝝐𝝍, were normally distributed 

with mean 0 and standard deviation, 𝜎𝜓 = 1. We assumed that the distance, 𝐷, between sites 1 

and 2 was 1 unit, between sites 1 and 3 was 2 units, and between sites 2 and 3 was 3 units. 

Finally, we assumed that 𝛼𝐷 = −1, which represented a moderately strong reduction in dispersal 

relative to increasing distance between sites.  

In addition, we compared two mark-deployment schemes: 1) random mark deployment; 

and 2) sequential mark deployment. In random mark deployment, the marks deployed are 

randomly generated. In sequential mark deployment, researchers deploy similar marks 

throughout a site and/or season (e.g., all nestlings marked in the same site-year share at least 1 
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band). With sequential mark deployment, individuals that lose auxiliary marks are more likely to 

be confusable (e.g., both individuals 𝐵𝐺 and 𝐵𝑃 lose their second band, and therefore mark 𝐵 

does not uniquely identify an individual). In contrast, using random mark deployment, 

individuals could lose auxiliary marks and remain uniquely identifiable with higher probability. 

That is, data generated from a random mark deployment scheme is more likely to have a lower 

confusion index than data generated from a sequential mark deployment scheme, under 

conditions when fewer than the total possible marks are deployed.  

For each combination of these parameters and deployment schemes, we simulated 100 

datasets. We evaluated model performance based on relative bias (RB; calculated as 
𝜃̂−𝜃

𝜃
, where 

𝜃̂ is the parameter value as estimated by the model, and 𝜃 is the true parameter value as used to 

simulate that data) and root mean square error (RMSE; calculated as √𝐸((𝜃̂ − 𝜃)
2
) , where 𝐸 

represents the expected value). 

2.2.9 Case Study 

The OVSP is an endangered subspecies of Vesper Sparrow in Washington, USA (Altman, 2011). 

Like many small passerines, OVSP have high reproductive potential, early maturity, and short 

lifespans. OVSP are territorial and seasonally monogamous. Studies of other subspecies in the 

midwestern United States have shown that breeding site fidelity is high for adults (Best & 

Rodenhouse, 1984). However, there have been few recorded returns of marked nestlings to their 

natal site or elsewhere (Altman et al., 2020) which could be indicative of low site fidelity and/or 

low survival of hatch-year birds (Weatherhead & Forbes, 1994). Robust survival estimates for 

both adult (AHY) and hatch-year (HY) birds are lacking.  
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We analyzed mark-resight data of an intensively monitored population of OVSP on Joint 

Base Lewis-McChord, Washington, a US Department of Defense facility. We ran analyses both 

with and without observations of marks that did not uniquely identify individuals. Between 2016 

and 2020, n = 134 individuals were marked across 5 sites. Of these, 78 were nestlings (L) hand-

captured in the nest, while 14 were hatch-year (HY) and 42 were after-hatch year (AHY) 

individuals that were captured with mist-nets. Individuals were marked with between 0 and 3 

colored acrylic bands (Avinet Research Supplies, 2.8 mm interior diameter) in one of 10 distinct 

colors as well as an aluminum USGS band. Individuals marked with 0 colored bands would be in 

mark state 𝐴; that is, lacking any uniquely identifying auxiliary marks but identifiable as marked. 

Two individuals received 0 colored bands, 1 individual received 1 colored band, and the 

remaining 131 individuals received 3 colored bands. Marks were deployed in an order akin to 

sequential deployment, as opposed to random deployment.  

In the same period, there were 62 resights of individuals, including three observations of 

individuals that had experienced mark degradation and two sets of two individuals that received 

the same band combination and thus were not uniquely identifiable. Resights were obtained 

opportunistically during territory mapping or nest monitoring surveys at five sites monitored 

throughout the breeding season Figure 2.4. Resighting effort was not constant across sites and 

years, with two sites – Lower Weir prairie and Upper Weir prairie – being the most consistently 

and intensively monitored; other sites were usually visited at least three times during each 

breeding season.  

We fit the model structure described for the simulation study to this dataset, with two 

small modifications. We modeled survival probabilities, 𝝓, and the parameters controlling site-

specific dispersal probabilities, 𝝁𝝍, 𝝐𝝍, and 𝜶𝑫, as age-specific, with ages L, HY, and AHY. We 
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also estimated three detection probabilities to correct for the variable monitoring effort. Annual 

site-specific effort levels represented were 1) no effort (p = 0); 2) low effort (1-3 visits in a 

breeding season); and 3) high effort (consistent and intensive monitoring). 

2.2.10 Implementation 

Models were written using NIMBLE (de Valpine et al., 2017), accessed through R (R Core 

Team, 2022). Uninformative priors were used for all parameters in both the simulation and case 

studies. For the simulation study, models were fit with 3 chains, 10,000 burn-in, and 10,000 

iterations per chain. Samples were thinned at a rate of 10 to reduce data storage requirements. 

For the case study, the model was fit with 3 chains, 10,000 burn-in, and 90,000 iterations per 

chain with no thinning. Convergence was tested for each model using the Gelman-Rubin 

convergence diagnostic, where a Gelman-Rubin statistic of 𝑅̂ < 1.1 indicated convergence.  

2.3 RESULTS 

2.3.1 Simulation Study 

We present relative bias (RB) and root-mean-square error (RMSE) of survival estimates in which 

degraded marks were either omitted or were modeled using our mark degradation model. 

Parameter estimates are reported as medians with 95% credible intervals (CI). 

2.3.1.1 Novel Model: Mark Degradation Data Included 

When marks were deployed sequentially, a relatively small subset of simulations ran to 

completion (Figure 2.5). Of the simulations that failed, all failed due to the high RAM 

requirements of the backtracking algorithm used to generate candidate encounter history 

matrices, 𝒀𝟏, … , 𝒀𝒏. If simulations failed at this step, we could not run the model. As the mark 

degradation rate increases, the average confusion index also increases, and the number of 
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candidate encounter history matrices grows nonlinearly. Therefore, as the confusion index 

increases, the frequency at which the backtracking algorithm runs to completion decreases. For 

simulated datasets with probability of auxiliary mark degradation of 𝛽 = 0.01,  the median 

confusion index was 1 (95% CI: 1, 1.7) across both levels of survival and detection. We ran 

analyses on a computer with 512 GB of available RAM, and when 𝛽 = 0.01, the percentage of 

time the simulation failed was 17.8%. For simulated datasets with 𝛽 = 0.10, the median 

confusion index across both levels of survival and detection was 1.933 (1, 11.050) and 73.5% of 

simulations failed. 

Though not all simulations successfully ran, the results of those that did were unbiased on 

average (Figure 2.5). Because patterns are largely invariant to levels of survival, detection, and 

partial mark degradation probability, we present results marginalized over these parameters. The 

median RB in survival estimates was -0.016 (-0.09, 0.022) and the median RMSE was 0.093 

(0.053, 0.157) (Figure 2.5). The median RB in detection rate estimates was 0.019 (-0.041, 0.304) 

and the median RMSE was 0.158 (0.072, 0.22). Because only models with relatively low 

confusion indexes were able to run given available computing power, and lower confusion 

indexes would indicate lower rates of mark degradation than may be expected given the true 𝛽, 

estimates of the mark degradation probability, 𝛽, showed the highest rates of RB, with a median 

of -0.54 (-0.749, 0.278). The median RMSE was 0.031 (0.007, 0.062). 

In contrast, when marks were deployed randomly, a larger subset of simulations ran to 

completion (Figure 2.5). For simulated datasets with probability of auxiliary mark degradation of 

𝛽 = 0.01, the median confusion index was 1 (1, 1.144) across both levels of survival and 

detection, and 12.5% of simulations failed. For simulated datasets with 𝛽 = 0.10, the median 

confusion index across both levels of survival and detection was 1.121 (1, 3.551) and 67.2% of 
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simulations failed, though note that the trend in the rate of simulation failure was nonlinear with 

respect to the probability of partial mark degradation, 𝛽. 

Consistent with sequential deployment models, random deployment models resulted in 

unbiased estimates of survival. Marginalizing over survival probability, detection probability, 

and mark degradation probability, the median RB in survival estimates was -0.01 (-0.1, 0.03) and 

the median RMSE was 0.093 (0.052, 0.156) (Figure 2.5). The median RB in detection estimates 

was 0.021 (-0.032, 0.333) and median RMSE was 0.127 (0.071, 0.224) Estimates of the mark 

degradation probability showed the highest rates of RB, with a median of -0.52 (-0.668, 0.231), 

and RMSE of 0.031 (0.007, 0.062). 

2.3.1.2 Traditional Model; Mark Degradation Data Omitted 

Given that only a subset of simulations using the novel model ran to completion, we only report 

results from the traditional model for those same simulations to eliminate any potential biases.  

When marks were deployed sequentially (i.e., individuals marked closely in time and 

space received very similar marks) and observations of degraded marks were omitted from the 

survival analysis, survival was underestimated, with the effect becoming more pronounced as the 

probability of mark degradation, 𝛽, increased (Figure 2.6). The median RB in survival across all 

levels of auxiliary mark degradation, 𝛽 ∈ {0, 0.01,… , 0.10}, both levels of survival, 𝜙 ∈

{0.4,0.8}, and both levels of detection, 𝑝 ∈ {0.3, 0.7}, was -0.066 (-0.163, -0.001). When 𝛽 =

0.01, the median RB across both levels of survival and detection was -0.018 (-0.077, 0.007). The 

median RB in survival across both levels of survival and detection when 𝛽 = 0.10 was -0.119 (-

0.143, -0.077). This increase in RB was more pronounced when both survival rate and detection 

were high (Figure 2.6). RMSE was invariant to 𝛽. Across all levels of 𝛽, RMSE was lowest 

when both survival rate and detection were high (i.e., 0.8 and 0.7, respectively; 0.066 (0.055, 
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0.105)) and highest when survival rate and detection were low (i.e., 0.4 and 0.3, respectively; 

0.158 (0.148, 0.166)) (Figure 2.6). The median RB in detection rate estimates was 0.016 (-0.043, 

0.348) and the median RMSE was 0.135 (0.076, 0.234).  

These same patterns were present when marks were deployed randomly (i.e., individuals 

received a mark at random from all marks deployed) and observations of degraded marks were 

omitted from the survival analysis. That is, survival also tended to be underestimated, with the 

effect becoming more pronounced as the probability of mark degradation, 𝛽, increased (Figure 

2.6). The median RB in survival across all levels of auxiliary mark degradation, both levels of 

survival, and both levels of detection, was -0.066 (-0.173, 0.007). In this case, the median RB 

across both levels of survival and detection was -0.016 (-0.072, -0.002) when 𝛽 = 0.01 and -

0.121 (-0.178, -0.091) when 𝛽 = 0.10. This increase in RB was once again more pronounced 

when both survival rate and detection were high (Figure 2.6). As before, RMSE was invariant 

to 𝛽. Across all levels of 𝛽, RMSE was lowest when both survival rate and detection were high 

(i.e., 0.8 and 0.7, respectively; 0.065 (0.054, 0.107)) and highest when survival rate and detection 

were low (i.e., 0.4 and 0.3, respectively; 0.156 (0.15, 0.16)) (Figure 2.6). The median RB in 

detection rate estimates was 0.019 (-0.042, 0.313) and the median RMSE was 0.132 (0.073, 

0.228). 

2.3.2 Case Study 

Using the model presented here, we generated 𝑛 = 891 candidate encounter history matrices, 𝒀, 

given the data. The confusion index for this dataset was 1.177. We found that the median 

probability of survival was 0.184 (0.081, 0.338) for L birds, 0.539 (0.284, 0.761) for HY birds 

and 0.72 (0.578, 0.863) for AHY birds (Figure 2.7). We found that AHY exhibited high site 

fidelity across all sites, with the median dispersal probability being 0.025 (0.003, 0.103) (Figure 
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2.8). In first-year birds (both L and HY), the dispersal probability was 0.43 (0.238, 0.497). 

Conditional on dispersing, we did not find strong evidence that any sites were particularly 

attractive or unattractive as credible intervals for the site-level random effects, 𝝐𝜓, all overlapped 

zero. All age-classes showed similar declines in dispersal probability as the distance between 

sites increased. The median estimate for 𝛼𝐷 was -0.341 (-1.103, -0.02) for AHY birds and -0.477 

(-1.182, -0.09) for L and HY birds. The estimated rate of auxiliary mark degradation, 𝛽, was 0.02 

(0.007, 0.046). When monitoring effort was low, the probability of detection was 0.4 (0.02, 

0.837), and 0.82 (0.619, 0.953) when monitoring effort was high. 

When observations of degraded marks were excluded, we found that the probability of 

survival was lower for all age classes at 0.157 (0.064, 0.304) for L birds, 0.439 (0.202, 0.69) for 

HY birds, and 0.681 (0.538, 0.822) for AHY birds (Figure 2.7). Estimates of dispersal were 

slightly lower for first year birds (0.405 (0.185, 0.496)), and approximately the same for AHY 

birds (0.026 (0.003, 0.11)) (Figure 2.8). As above, we did not find strong evidence that any sites 

were particularly attractive or unattractive. Declines in dispersal relative to distance between 

sites were similar (-0.341 (-1.109, -0.02) for AHY birds and -0.549 (-1.332, -0.081) for L and 

HY birds). Detection probabilities were also similar, with 0.405 (0.02, 0.843) when monitoring 

effort was low, and 0.832 (0.635, 0.956) when monitoring effort was high. 

2.4 DISCUSSION 

We developed a novel hierarchical model that leverages all available mark-resight data, 

including observations of individuals with partially degraded marks, to produce unbiased 

estimates of survival while accounting for uncertainty in individual identity. Our approach 

resolves the common and often ignored challenge of mark degradation in mark-resight studies. 

We demonstrate both the impacts of omitting mark degradation data from survival analyses and 
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showcase benefits of using a model allowing for the inclusion of these data. Moreover, we 

present evidence that a random deployment of artificial marks reduces the impact of partial mark 

degradation on survival estimates. For small or threatened populations of high conservation 

concern, it is critical to obtain unbiased estimates of population parameters. For instance, in a 

typical passerine marking scheme, as presented here (i.e., 3 colored bands and an aluminum 

band), assuming an average lifespan of 3 years, the probability of an individual losing at least 

one band over the course of their life is approximately 9% at 𝛽 = 0.01. At 𝛽 = 0.1, this 

probability jumps to over 60%. Therefore, we suspect that mark degradation is likely a greater 

problem in mark-resight studies than has previously been acknowledged and that these biases 

could result in biases in estimates of population abundance and underestimates of viability in 

population-viability analyses. 

In addition to the model presented here, we developed an MCMC sampler for the latent 

encounter histories, 𝑌, that assigns observations to individuals conditional on both mark 

degradation and the latent state, 𝑍, of each individual. This model is generalizable to study-

specific needs (e.g., Poisson observation process, individual covariates on movement and/or 

detection, additional spatial information, etc.). We were primarily concerned with degradation of 

artificially deployed or duplicate marks, for which it is relatively simple to generate the mark 

transition matrix and the set of possible encounter histories. However, our approach could be 

extended to any marked population where partial identifications occur (i.e., partial mark 

observation or mark degradation observed via capture or resight) so long as researchers can 

enumerate all possible individuals to which uncertain observations could be assigned and specify 

a model for the mark degradation process.  
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We assumed that individuals cannot experience total mark loss. While prior work (e.g., 

Conn et al., 2004; Nichols & Hines, 1993) has shown that total mark loss can cause substantial 

bias, our study included field-readable auxiliary marks combined with a permanent metal tag, 

which is unlikely to be lost. In practice, it is possible that the probability of losing the permanent 

mark is non-zero and this may be more likely for long-lived, migratory, or marine species whose 

marks experience substantial abrasion. In all cases, we recommend that researchers stress-test 

both their permanent and auxiliary marks prior to deployment to ensure that the true probabilities 

of auxiliary and permanent mark degradation are as near to zero as possible. Double marking 

with a relatively hardy mark (e.g., two metal bands) is a design solution if complete mark loss 

remains a risk (Arnason & Mills, 1981; Juillet et al., 2011; Schreven & Voslamber, 2022).  

An unresolved challenge with both our approach and double-marking approaches in general is 

the assumption that the probability of losing one mark component (e.g., leg band) is independent 

of losing the other(s). Schwarz et al. (2012) demonstrated that the assumption of independent 

mark degradation is often not valid; it is typically more likely for multiple mark components to 

degrade at once, in which case the assumption of independent mark degradation leads to 

underestimates of survival rates. For instance, some individuals may be more likely to remove 

their colored leg bands than others. Alternatively, some studies use both alphanumeric leg flags 

and colored leg bands and often these are made of different materials. As such, it may be more 

likely for an individual to lose their colored leg bands than their alphanumeric leg flag. The 

model presented here could be adapted to include heterogenous loss probabilities, 𝛽, for either 

specific marks, individuals, or both. However, this heterogeneity would greatly increase the 

complexity in generating the mark transition matrix and may not be feasible for large populations 
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of marked individuals, or in cases where each individual has a large number of mark 

components. 

We also emphasize that, as presented, our model does not address the problem of 

incorrectly identified individuals (i.e., partial identifications as a result of observation error as 

opposed to process error). Imperfect identification would likely introduce serious biases if the 

problem was pervasive, but has been addressed by others (Morrison et al., 2011; Rakhimberdiev 

et al., 2022; Roche et al., 2014; Zhang et al., 2017). We recommend training observers to be 

conservative when identifying marked individuals. When in doubt, observers should record a 

sighting as incomplete, rather than risking an incorrectly read mark or assuming an individual’s 

identity. If imperfect identification is unavoidable, our model could be extended to a multi-event 

framework, presuming it was feasible to generate a valid observation matrix.  

The principal constraint on the wider applicability of our model is computing power. For 

large, marked populations and/or populations with high rates of mark degradation, it is very 

memory-intensive to run the backtracking algorithm and thus generate all valid encounter 

histories conditional on marks observed. In some cases, the number of possible encounter history 

matrices is in the millions. The backtracking algorithm is one relatively efficient, but certainly 

not the only, algorithm suited to solving complex constraint satisfaction problems. Other 

algorithms may provide less memory intensive ways to generate the encounter histories we feed 

into the MCMC sampler. However, it is worth noting that the more valid encounter histories 

there are, the longer MCMC chains will need to be run in order to adequately explore the 

parameter space.  

We presented a case study demonstrating our model on a small but intensively monitored 

population of Oregon Vesper Sparrows in Washington, USA. In small or threatened populations, 
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data are often expensive or otherwise challenging to obtain. Therefore, in small datasets such as 

this one, leveraging all available data can improve estimates both in terms of bias and precision, 

as our simulation results demonstrate. Existing analyses of breeding site fidelity in other Vesper 

Sparrow subspecies generally conflate site fidelity with survival, in part due to few recorded 

returns of marked nestlings either at their natal site or elsewhere (Altman et al., 2020; Best & 

Rodenhouse, 1984). These analyses find that about 65% of adult (i.e., AHY) birds are resighted 

at the same site in subsequent years, while few estimates of natal site fidelity currently exist, 

which could indicate either low natal site fidelity and/or low first-year survival. In this analysis, 

we found that first year (i.e., L and HY) site fidelity was quite high. However, we found that 

while adult survival rates were high, survival was relatively low for birds banded in the nest 

when compared to older hatch-year birds. This suggests that post-fledging is a particularly 

vulnerable time for OVSP, and that this stage along with low nest success may be contributing to 

overall population declines. 

Data from the Breeding Bird Survey (BBS) indicate a significant range-wide decline of 

Vesper Sparrows of 2.97% per year (Sauer et al., 2014). In Washington state, management of 

OVSP primary habitat, prairie-oak savannah, is a priority. However, a lack of information on 

OVSP vital rates has prevented an analysis of whether these actions have been effective in 

conserving OVSP. Because we were able to harness all available data, our results will contribute 

to a more robust understanding of OVSP demography. Presumably, partial mark loss will 

continue to be a problem in this population, and this model will be a useful tool for estimating 

changes in demography in response to habitat management. 

Our work suggests design approaches for improving results from mark-resight studies in 

which mark degradation is a concern. First, when choosing marking methods, careful 
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consideration of mark longevity, including field tests, can help to determine which marks last 

longest and have the lowest risk of degrading in a way that interferes with individual 

identification. A random band deployment scheme can reduce the confusion index and reduce 

the chance of observation errors in the field, because individuals would be more likely to be 

uniquely identifiable even in the event of partial mark degradation. While this assumes that many 

mark combinations are unused, that assumption is likely to be met in many marking schemes. 

For instance, if 11 different band colors are used in a passerine study, with two colored bands on 

the left leg and 1 metal band and 1 colored band on the right leg, there are 2,662 unique band 

combinations. More combinations could be generated if the metal band could also go on the left 

leg, while combinations might be reduced to eliminate those that are difficult to distinguish in the 

field (e.g., two bands of the same color on the same leg). Moreover, band combinations can be 

reused if an individual previously assigned that combination is confirmed dead. If mark 

degradation remains a problem, our proposed model works well for relatively small populations 

with low rates of mark degradation. If the dataset is sufficiently large and multiple datasets are 

available, one option would be to perform an integrated demographic analysis and estimate a true 

survival probability, which is the survival as estimated from a mark-resight model omitting mark 

degradation data multiplied by a latent inflation factor (e.g., Abadi et al., 2010, Chapter 3).  If 

neither of those are feasible, we recommend reporting the confusion index for the dataset in 

addition to a description and justification of what was done with the observations of degraded 

marks in order to address any potential biases.  

In conclusion, we present a model for estimating apparent survival, detection, and mark 

degradation probabilities in marked populations that undergo mark loss/degradation. For multi-

state models where states represent discrete sites, we also leverage the information contained in 
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the spatial information of mark detections. The inclusion of a mark-degradation submodel 

reduced biases that arise from standard models that ignore the possibility of mark loss. We 

emphasize that while both the proposed model and the described MCMC sampler work well, a 

current limitation to our approach is the computational power required to produce the candidate 

encounter history matrices, 𝒀𝟏, … , 𝒀𝒏, that the MCMC sampler uses to update the latent 

individual encounter histories. Future work could continue to improve the efficiency of the 

algorithm used to map observed marks to individuals such that we may tackle larger datasets 

with higher rates of mark degradation in the future.  
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2.6 FIGURES & TABLES 

Table 2.1: Model parameters, latent states, and data for described multi-state model including 

observations of degraded marks.  

Parameter Definition 

𝜙 Apparent survival probability 

𝜇𝜓 Mean probability of site fidelity, conditional on survival 

𝜎𝜓 Scale parameter for site-specific random effect on movement probability 

𝜖𝑠
𝜓

 Site-specific random effect on movement probability 

𝛼𝐷 Effect of distance on movement probability 

𝛽 Probability of losing a single auxiliary mark 

𝑝 Probability of detection 

𝜃𝑐,𝑑 Probability of transitioning from mark 𝑐 to mark 𝑑 

𝒁𝑖, State history for individual 𝑖  

𝑴𝑖, Mark history for individual 𝑖 

𝒀𝒊, Multi-state encounter history for individual 𝑖 

𝒀𝒊,𝒌,𝒔,
𝑚𝑢𝑙𝑡𝑖 Individual 𝑖’s encounter history at site 𝑠 in mark 𝑘 

𝒀𝑘,𝑠,
𝑜𝑏𝑠  Observed detection history of mark 𝑘 at site 𝑠 

𝑁 Number of marked individuals, 𝑖 ∈ {1,… ,𝑁} 

𝑇 Number of occasions, 𝑡 ∈ {1,… , 𝑇} 

𝑆 Number of sites, 𝑠 ∈ {1,… , 𝑆} 

𝑲 Set of observable marks, where |𝑲| is the number of observable marks 

𝑫 Distance matrix 

𝑀𝑐,𝑑 Matrix delineating number of possible transitions from mark 𝑐 to mark 𝑑, 𝑐, 𝑑 ∈ 𝑲 



 

 

51 

 

Figure 2.1: Example spatial representation of marks observed in each year for three individual passerines, each marked with two 

colored auxiliary marks and one metal permanent band. Individuals were marked with auxiliary marks in colors Blue and Green (BG), 

Red and Green (RG), and Blue and Purple (BP). Marks were observed without error in Year 1 when individuals were captured at one 

of three sites. The same three sites were monitored for the remaining three years of study during which resight surveys were 

conducted. During this period, individuals could move throughout the study area and undergo partial loss of auxiliary marks, as 

demonstrated in years two and three. No marked individuals were observed in the study area in year four.   
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Figure 2.2: Visualization of how the backtracking algorithm assigns individuals to observed 

marks, using the described example. The algorithm is run separately on years 1-3 (top-bottom). 

Within each year, the algorithm begins with the set of observed marks, where observed marks 

are not yet assigned to any individuals. Each node of the search tree increments the previous 

partial solution by assigning one more observed mark to an individual (green check marks). 

Green boxes around nodes indicate that each observed mark has been successfully matched to an 

individual. Red boxes around nodes indicate that not all observed marks can be successfully 

matched to individuals and therefore this branch of the search tree has not resulted in a valid 

solution.   
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Figure 2.3: Graph constructed using the valid terminal nodes constructed by the backtracking 

algorithm for each of Years 1-3 (Figure 2.2). Each terminal node from Year 1 is connected to 

each terminal node from Year 2, and each terminal node from Year 2 is connected to each 

terminal node from Year 3. No marks were observed in Year 4 so it is omitted from the graph. 

The path through this graph indicated by the darker arrows results in the true encounter history 

described within the in-text example.  
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Figure 2.4: Map of Oregon Vesper Sparrow monitoring sites in western Washington, USA, 

where the shaded blue area represents Joint Base Lewis-McChord. Sites A-D are native prairie 

sites, while site E is a municipal airport. Site A is Lower Weir prairie, B is Upper Weir prairie, C 

is Range 76, D is Tenalquot prairie, and E is Sanderson Airport.  
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Figure 2.5: Median (points) and 95% confidence intervals (line ranges) of log-scale confusion indices across all 100 simulated datasets 

relative to the probability of partial mark degradation, assuming sequential mark deployment (A), or random mark deployment (B). 

The color of the points and line ranges are scaled to the percent of models successfully run, with darker blues indicating more models 

run. Also shown are median RB (C, D) and RMSE (E, F) in survival estimates when observations of degraded marks are included in 

the analysis, using the model described here. RB and RMSE are presented with respect to survival probability, detection probability, 

and the probability of partial mark degradation when marks deployed either sequentially (A, C, E), or randomly (B, D, F). 
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Figure 2.6: Median relative bias (RB; A, B) and root mean square error (RMSE; C, D) in survival estimates when observations of 

degraded marks are omitted from the analysis, and when marks are deployed either sequentially (A, C), or randomly (B, D). RB and 

RMSE are presented with respect to survival probability, detection probability, and the probability of partial mark degradation.
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Figure 2.7: Age-specific survival estimates for western Washington Oregon Vesper Sparrows 

from model omitting observations of partially degraded marks (blue) compared to estimates from 

model including degraded marks (yellow). Posterior distributions are shown, as well as medians 

(points), and 95% credible intervals (line ranges). Inclusion of degraded marks leads to slightly 

higher and more precise estimates of survival across all age-classes. 
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Figure 2.8: Median site- and age-specific probabilities of site fidelity for Oregon Vesper Sparrow in western Washington, USA (A, B) 

from model omitting observations of degraded marks (A) compared to model including observations of degraded marks (B). Also 

shown are site- and age-specific dispersal probabilities (C, D) from model omitting observations of degraded marks (C) compared to 

model including observations of degraded marks (D). L and HY birds are shown on the left, compared to AHY birds on the right. 

Omitting degraded marks results in slightly higher estimates of site fidelity and lower estimates of dispersal.
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Chapter 3. POPULATION DYNAMICS AND VIABILITY OF AN 

ENDANGERED GRASSLAND BIRD ON A 

FRAGMENTED LANDSCAPE 

Publication history: This study was co-authored with Gary Slater, Ilai Keren, Scott Pearson, and 

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

journal. 

Abstract: Understanding the dynamics of small, declining, or threatened populations in 

fragmented landscapes is critical for understanding population viability and identifying optimal 

management actions. On fragmented landscapes, population trends can vary widely between 

sites and estimating movement between sites can reveal source-sink dynamics that may be 

missed at broader spatial scales but have large impacts on site-specific extirpation risk and 

population viability. Streaked Horned Larks (Eremophila alpestris strigata; SHLA) are native to 

lowland prairies in the Cascadia bioregion and have since been extirpated from much of their 

historical range due to habitat loss and degradation and human activities. In Washington State’s 

South Puget Sound region, SHLA now exist on a highly fragmented landscape. SHLA have been 

monitored to varying degrees at nine occupied sites in this region since 2010. We developed a 

multi-site integrated population model integrating nest monitoring, mark-resight, and count data 

for SHLA. Our results show that range-wide abundance decreased by approximately 1.2% per 

year since 2010, though this rate was sensitive to assumptions about initial population size and 

was highly variable across occupied sites, with the sub-populations at some sites showing 

significant growth during this period, and the sub-populations at other sites declining to near 0. 

Overall population growth rate was strongly correlated with survival for all age-classes and nest 
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survival at all nest stages, providing two key avenues for potential conservation action. Results 

from this work will inform ongoing habitat monitoring and management, as well as a planned 

reintroduction of SHLA to currently unoccupied sites in western Washington. 

Keywords: Integrated population model, Bayesian hierarchical model, endangered species, 

population viability, Streaked Horned Lark, Eremophila alpestris strigata 

3.1 INTRODUCTION 

The widespread decline of grassland birds in North America over the last six decades or more 

has been called a conservation crisis (Brennan & Kuvlesky Jr., 2005). The causes of these 

declines are complex, including forest encroachment (Coppedge et al., 2001), habitat loss and 

fragmentation (Stanton et al., 2018), the introduction of invasive plants (Hamman et al., 2011), 

and agricultural development (Mahony et al., 2022), among others. Among grassland birds, 

Horned Larks (Eremophila alpestris) are widespread throughout North America. While Horned 

Larks generally have exhibited population declines, Streaked Horned Larks (Eremophila 

alpestris strigata; SHLA), are a subspecies of particular conservation concern. SHLA are the 

only subspecies of Horned Lark to be recognized as threatened in the US and are endangered in 

Washington State. SHLA historic range spanned prairie habitats throughout western Oregon, 

Washington, and British Columbia (Altman, 2011), although they have since been extirpated 

from southern Oregon and British Columbia. Like other grassland birds, SHLA have experienced 

habitat loss, fragmentation, and degradation in the face of the spread of invasive plants and rapid 

urban development in the Pacific Northwest (Dunwiddie & Bakker, 2011). SHLA are considered 

a sentinel species for prairie systems in western Washington, as they exhibit high site fidelity and 

have limited ability to withstand perturbations such as habitat loss (Camfield et al., 2011). But 
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despite their ecological importance, little is known about the factors driving SHLA population 

dynamics.  

Information about drivers of population dynamics across large spatial and temporal scales 

can inform conservation measures for endangered species. However, developing such an 

understanding is generally challenging due to limited data availability. While individual data 

streams, such as count data, can give insights about population trends, they cannot give insights 

into the mechanisms driving population change. In recent years, integrated population models 

(IPMs) have become a valuable tool in wildlife management because they combine data from 

several sources to estimate both demographic rates and states (Schaub & Abadi, 2011). Because 

multiple data sources provide information on the same demographic rates (e.g., survival affects 

both mark-resight data as well as population counts), these rates can be estimated with increased 

precision in an integrated analysis (Schaub et al., 2007). Moreover, IPMs can estimate 

parameters that would otherwise be unidentifiable, such as recruitment or immigration (Abadi et 

al., 2010). These advances have practical benefits for resource managers who must make 

conservation management decisions based on limited information, particularly for populations 

that are small, declining, or otherwise difficult to monitor. 

Despite the proliferation of IPMs in wildlife ecology, there are relatively few examples of 

multi-site IPMs (though see McCrea et al., 2010). Developing multi-site IPMs at any spatial 

scale is often made challenging by spatial and temporal mismatches in datasets, as well as 

variable sampling effort and observation error between sites and observers (Ahrestani et al., 

2017). Some IPMs, while technically multi-site, model local populations independently, without 

accounting for potential between-site interactions (Weegman et al., 2017). There are notable 

exceptions, and recent work has demonstrated the utility of multi-site IPMs for understanding 
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spatial dynamics (Chandler & Clark, 2014), detecting source-sink dynamics (Weegman et al., 

2016), and describing the dynamics of abundant and widely distributed species monitored across 

large-scale monitoring programs (Saracco & Rubenstein, 2020). However, multi-site IPMs for 

rare species in fragmented landscapes are underexplored.  

We developed a multi-site IPM for SHLA in western Washington using 10 years of 

population monitoring data to estimate demographic rates and site- and region-wide abundance. 

We integrated nest-monitoring, mark-resight, and population count data from 9 sites in western 

Washington collected between 2010 and 2020. Our model provides a tool for exploring the 

population dynamics of SHLA on a fragmented landscape, an improved understanding of which 

will facilitate future management directions and priorities, including providing important 

information for reintroduction planning (Sipe et al. in prep). The model also provides a tool for 

estimating the effects of environmental and management covariates on vital rates when 

additional data become available in the future. Our modeling framework extends existing 

methods for the estimation of daily nest survival, annual survival in populations that undergo 

mark degradation, and abundance for species with unequal detectability across demographic 

groups. These characteristics make our modeling framework broadly applicable to other avian 

species, especially those inhabiting fragmented landscapes.  

3.2 METHODS 

3.2.1 Study System and Species 

While SHLA are endemic to lowland habitats west of the Pacific Northwest’s Cascade 

Mountains (Altman, 2011), their current range in Washington is largely restricted to a discrete 

set of sites in the South Puget Lowlands. SHLA are also found on Washington’s outer coast, on 

Columbia River islands, and in Oregon’s Willamette Valley (Altman, 2011). Within SPL there 
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are nine currently or recently occupied sites that are monitored to varying degrees during the 

breeding season. Of these sites, five are native prairies and four are airfields (Figure 3.1). Six of 

the sites are located on the U.S. military installation Joint Base Lewis-McChord (JBLM). These 

six sites include two airfields and all known occupied prairie sites. While vegetation composition 

is different between native prairie and airfield sites, all sites are located on former or current 

prairies and characterized by glacial outwash soils that can support grassland vegetation (e.g., 

short grasses and perennial forbs) and a high percentage of bare ground, a habitat characteristic 

preferred by SHLA.  

SHLA are partially migratory with nearly all birds leaving the Puget Lowland sites while 

birds in Oregon overwinter in similar habitat on or near their breeding locations. They over-

winter in large, mixed flocks in southwestern Washington State and in Oregon’s Willamette 

Valley between late August and early April. Males typically arrive at the breeding sites in early 

April and establish territories in mid- to late April when pairing and nest site selection occurs 

(Altman, 2011). SHLA are territorial and generally monogamous throughout the May – August 

breeding season, during which pairs can renest 2-3 times. SHLA typically exhibit high site 

fidelity, though dispersal between sites has been observed and, when it does occur, is more 

common in first-year individuals (Wolf et al., 2020). Like many passerines, individuals reach 

sexual maturity in their first year of life.  

3.2.2 Population Monitoring Data 

Our model combined three demographic data sources collected over the 2010 to 2020 breeding 

seasons. Nest-monitoring data were collected at three intensively monitored sites, capture-mark-

resight data were collected at all nine of the occupied SPL sites (though all marking and the 
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majority of resighting were done at the three nest-monitoring sites), and count data were 

collected during repeated annual surveys at the nine occupied sites. 

3.2.2.1 Nest Monitoring Data 

Nest-monitoring data were obtained primarily from three sites on JBLM where observers had 

regular access (D, G, and E; Figure 3.1), with additional data from one site (H; Figure 3.1) where 

observer access was more limited due to military operations. Nests were located using systematic 

search methods and behavioral cues as described by Martin and Geupel (1993). Once located, 

nests were revisited every few days to assess their status. For successful nests, the number of 

fledglings was recorded. Because a large proportion of SHLA at these sites were individually 

marked, there was a subset of nests for which observers could uniquely identify parentage. For 

nests with known parentage, the number of renesting attempts per year was approximated by the 

number of nests found within a pair’s territory. However, these data are likely biased given that 

all nesting attempts per pair may not be located.  

3.2.2.2 Capture-mark-resight Data 

Most (99%) marked individuals were marked as fledglings in the nest (hereafter, age class L) just 

prior to their expected fledge date. Individuals were marked with a unique combination of three 

colored bands (Avinet Research Supplies, 2.8mm interior diameter) which are field-readable at a 

distance, and a unique aluminum USGS band, which is not field-readable. A smaller percentage 

of birds were marked as post-fledglings (HY) or birds of age 1 or greater (AHY; 0.5 and 0.1%, 

respectively) following capture in mist-nests deployed at the end of the breeding season at nest-

monitoring sites. All individuals were marked at the same sites at which nest monitoring 

occurred. Resight data were collected opportunistically by observers throughout the breeding 

season. Most (98%) of resights were obtained at the three sites where intensive nest monitoring 
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occurred (D, G, and E; Figure 3.1). These opportunistic resights were processed into annual 

detection histories.  

3.2.2.3 Count Data 

Finally, counts were conducted multiple (typically 3-4) times per site per year following the 

protocol of Pearson et al. (2016). Per the protocol, multiple trained observers walked line 

transects and recorded all birds detected either aurally or visually up to 75m on either side of the 

transects. When possible, birds were aged and sexed upon detection. Surveys were conducted 

after initial pairing but early in the breeding season to maintain an assumption of population 

closure. However, not all transects were surveyed in all years. We account for variable effort in 

the model described below by including a correction factor for the proportion of suitable habitat 

surveyed in each site-year.  

3.2.3 Statistical Modeling 

To estimate key demographic rates (i.e., productivity and survival) and states (i.e., age- and site-

specific abundance) we developed a two-sex IPM that integrated the nest monitoring, count, and 

mark-resight data from 2010-2020. We describe models for each of these datasets below.  

3.2.3.1 Productivity Model 

We developed a multi-part model to estimate overall productivity (i.e., number of fledglings per 

female per year). The first component of this model is a multi-state daily nest survival model for 

estimating probability of nest success (i.e., probability that a nest produces at least one fledgling) 

while accounting for uncertainty in nest age and state. The nest states were laying (𝐺 = 1), 

incubating (𝐺 = 2), nestling (𝐺 = 3), fledged (𝐺 = 4), and failed (𝐺 = 5). This model is a 

simplification of the multi-event Jolly-Seber model described by Warlick et al. (2022), which 
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conditions on first observation and assumes that nest state can be observed perfectly when 

checked. Critically, the model allows transitions between nest states to be described as a function 

of latent nest age. For each nest 𝑛, its state 𝑮 𝒏,⋅ was modeled on a daily scale between the day it 

was first observed, 𝑓𝑖𝑟𝑠𝑡𝑛, and the day it was first observed in a fledged or failed state, 𝑙𝑎𝑠𝑡𝑛. 

Nests began in the state in which they were first observed and on subsequent days, nest state was 

categorically distributed based on the state in the previous day, where state transition 

probabilities are described by the matrix 𝚷. Specifically,  

𝐺𝑛,𝑑|𝐺𝑛,𝑑−1~𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚷 𝐺𝑛,𝑑−1,𝑥𝑛,𝑑−1
) 

where  

𝚷 =

[
 
 
 
 
 
 

𝐿𝑎𝑦𝑖𝑛𝑔 𝐼𝑛𝑐𝑢𝑏𝑎𝑡𝑖𝑛𝑔 𝑁𝑒𝑠𝑡𝑙𝑖𝑛𝑔 𝐹𝑙𝑒𝑑𝑔𝑒𝑑 𝐹𝑎𝑖𝑙𝑒𝑑

𝑆𝑛,𝑑
𝑙𝑎𝑦

(𝜂𝑥𝑛,𝑑

𝑙𝑎𝑦
) 𝑆𝑛,𝑑

𝑙𝑎𝑦
(1 − 𝜂𝑥𝑛,𝑑

𝑙𝑎𝑦
) 0 0 1 − 𝑆𝑛,𝑑

𝑙𝑎𝑦

0 𝑆(𝜂𝑥𝑛,𝑑
𝑖𝑛𝑐 ) 𝑆𝑛,𝑑

𝑖𝑛𝑐(1 − 𝜂𝑥𝑛,𝑑
𝑖𝑛𝑐 ) 0 1 − 𝑆𝑛,𝑑

𝑖𝑛𝑐

0 0 𝑆𝑛,𝑑
𝑛𝑒𝑠(𝜂𝑥𝑛,𝑑

𝑛𝑒𝑠 ) 𝑆𝑛,𝑑
𝑛𝑒𝑠(1 − 𝜂𝑥𝑛,𝑑

𝑛𝑒𝑠 ) 1 − 𝑆𝑛,𝑑
𝑛𝑒𝑠

0 0 0 1 0
0 0 0 0 1 ]

 
 
 
 
 
 

. 

The matrix Π formulates state transitions based on the underlying state-specific survival 

(𝑆𝑛,𝑑
𝑠𝑡𝑎𝑡𝑒) and transition probabilities (𝜼𝑠𝑡𝑎𝑡𝑒) that depend on age-in-state 𝑥𝑛,𝑑 on day 𝑑. In the 

laying state, nests can survive (𝑆𝑛,𝑑
𝑙𝑎𝑦

) and remain in the laying state (𝜂𝑥𝑛,𝑑

𝑙𝑎𝑦
) or transition to the 

incubating state (1 − 𝜂𝑥𝑛,𝑑

𝑙𝑎𝑦
). In the incubating state, nests can survive (𝑆𝑛,𝑑

𝑙𝑎𝑦
) and remain in the 

incubating state (𝜂𝑥𝑛,𝑑
𝑖𝑛𝑐 ) or transition to the nestling state (1 − 𝜂𝑥𝑛,𝑑

𝑖𝑛𝑐 ). In the nestling state, nests 

can survive (𝑆𝑛,𝑑
𝑙𝑎𝑦

) and remain in the nestling state (𝜂𝑥𝑛,𝑑
𝑛𝑒𝑠 ) or fledge (1 − 𝜂𝑥𝑛,𝑑

𝑛𝑒𝑠 ). In any state prior 

to fledging, nests can also fail with probability 1 − 𝑆𝑛,𝑑
𝑠𝑡𝑎𝑡𝑒 .  

Transitions between states were modeled as categorical processes that were non-zero 

during biologically plausible ages-in-state and zero otherwise. That is, nests could be in the 
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laying state from 1-6 days, in the incubating state from 10-13 days, and in the nestling state from 

4-14 days. Between these ages-in-state, transition probabilities, 𝜂𝜃
𝑠𝑡𝑎𝑡𝑒 , were non-zero and 

represented the probability of transitioning at age-in-state 𝑥𝑛,𝑑 conditional on having not yet 

transitioned, per Royle & Dorazio (2008).  

Finally, daily nest survival is modeled as 

𝑙𝑜𝑔𝑖𝑡(𝑆𝑛,𝑑,𝑠,𝑡
𝑠𝑡𝑎𝑡𝑒 ) = 𝜇𝑠𝑡𝑎𝑡𝑒

𝑆 + 𝜖𝑠
𝑆 + 𝜖𝑡

𝑆 

where 𝜇𝑠𝑡𝑎𝑡𝑒
𝑆  is a state-specific intercept, and 𝜖𝑠

𝑆and 𝜖𝑡
𝑆 are site- and year-specific random effects, 

respectively, where nest site and year are known given 𝑛. All random effects were drawn from 

normal distributions with mean 0 and unique standard deviations 𝝈. Shrinkage priors (Simpson 

et al., 2017) were used for 𝝈. Overall, the multi-state daily nest survival model provides 

estimates of the probability of nest success while accounting for nests that failed before they 

were observed, per Mayfield (1961). 

The second component of overall productivity was nest productivity, defined as the 

number of fledglings produced conditional on nest success (i.e., conditional on fledging at least 

one chick). We model observations of the number of fledged chicks per successful nest, 𝒇𝒍, as 

𝑓𝑙𝑛,𝑠,𝑡 ~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑛,𝑠,𝑡
𝑓𝑙

) 

where 

log(𝜆𝑛,𝑠,𝑡
𝑓𝑙

) = 𝜇𝑓𝑙 + 𝜖𝑠
𝑓𝑙

+ 𝜖𝑡
𝑓𝑙

 

where 𝜇𝑓𝑙 is an intercept, and random effects are analogous to above.  

The third component of overall productivity was renesting rate. For nests in territories 

where parentage was observed and where those territories were intensively monitored such that 

all nest attempts were likely located, the number of renesting attempts per pair per season (𝒓) 

was modeled as 
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𝑟𝑡 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑠,𝑦
𝑟 ) 

where 𝑡 indexes unique territories and where  

log(𝜆𝑠,𝑦
𝑟 ) = 𝜇𝑟  

where again 𝜇𝑟  is an intercept.  

Overall productivity of females is then the product of these three components, 

𝑓𝑠,𝑡̂ =
1

2
⋅ ( 𝑆 𝑠,𝑡

𝑙𝑎𝑦̅̅ ̅̅ ̅̂̅
 )

𝜃𝑚𝑖𝑑
𝑙𝑎𝑦

( 𝑆𝑠,𝑡
𝑖𝑛𝑐̅̅ ̅̅ ̅̂ )

𝜃𝑚𝑖𝑑
𝑖𝑛𝑐

( 𝑆⋅𝑠,𝑡
𝑛𝑒𝑠̅̅ ̅̅ ̅̂̅  )

𝜃𝑚𝑖𝑑
𝑛𝑒𝑠

⋅ 𝜆̅⋅,𝑠,𝑡
𝑓𝑙̂

⋅ 𝜆𝑠,𝑡
𝑟̂  

where the first three terms represent the overall probability of nest success at site 𝑠 in year 𝑡, 

given an estimated average age-in-state, 𝜃𝑚𝑖𝑑
𝑠𝑡𝑎𝑡𝑒 , at all nest state transitions. The overall 

probability of nest success is multiplied by site- and year-specific nest productivity and site- and 

year-specific renesting rate. The quantity is also multiplied by one half, assuming an equal sex 

ratio upon fledging. 

3.2.3.2 Survival and Dispersal Model 

We developed a hierarchical multi-state model of survival and dispersal that facilitates the 

estimation of annual apparent survival, 𝝓, and site-specific movement probabilities, 𝝍, for both 

age classes. The state process model is 

𝑍𝑖,𝑡|𝑍𝑖,𝑡−1 ~ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚿𝑍𝑖,𝑡−1
) 

where the states 𝒁 correspond to sites 𝑠 ∈ {1,… 𝑆}, plus an additional dead state. The vector 

𝚿𝑍𝑖,𝑡−1
 describes the state-transition probabilities for an individual in state 𝑍𝑖,𝑡−1, which are a 

product of apparent survival and a vector of site-specific movement probabilities, 𝝍, with 

elements equal to the probability of moving from site 𝑠 to site 𝑟, 𝜓𝑠,𝑟 where, for 𝑠 =  𝑟, an 

individual remains at the same site.  
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Apparent survival (𝜙𝑎,𝑠,𝑡) was modeled as 

𝑙𝑜𝑔𝑖𝑡(𝜙𝑎,𝑠,𝑡) =  𝜇𝑎
𝜙

+ 𝜖𝑠
𝜙

+ 𝜖𝑡
𝜙

 

where 𝜇𝑎
𝜙

 is an age specific intercept, and 𝜖𝑠
𝜙

 and 𝜖𝑡
𝜙

 are site- and year-specific random effects, 

respectively. Ages represented were fledglings, post-fledglings, and adults (L, HY, and AHY, 

respectively). Shrinkage priors were used for the variances of all random effects (Table 3.1).  

Movement probabilities were modeled as a function of site-specific attractiveness and 

distance (𝑫) between sites. If 𝑠 represents an individual’s site at time 𝑡 − 1 and 𝑟 is an 

individual’s site at time 𝑡, then 

ψ𝑎,𝑠,𝑟 =  {

(𝑙𝑜𝑔𝑖𝑡−1(𝜇𝑎
𝜓

+ 𝜖𝑠
𝜙
) )     if 𝑠 = 𝑟

(1 − 𝑙𝑜𝑔𝑖𝑡−1(𝜇𝑎
𝜓

+ 𝜖𝑠
𝜙
)) ⋅

exp(𝛼𝐷 ⋅ 𝐷𝑠,𝑟 + 𝜖𝑟
𝜙
)

∑ exp(𝛼𝐷 ⋅ 𝐷𝑠,𝑟 + 𝜖𝑟
𝜙
)𝑠≠𝑟

     if 𝑠 ≠ 𝑟
 

That is, an individual remained at their current site, s, with probability modeled as a function of 

age-specific mean site fidelity, 𝜇𝜓, and random site-specific attractiveness, 𝜖𝑠
𝜙

, assuming that 

more attractive sites are those with higher annual survival. An individual moved to a different 

site with probability equal to the product of the complement of the probability of staying at site 

𝑠, and a conditional probability of moving from site 𝑠 to site 𝑟 modeled as a function of the 

distance between the two sites, 𝐷𝑠,𝑟, and the site-specific attractiveness of site 𝑟. Finally, 

individuals transition to the dead state with probability 1 − 𝜙, and remain in the dead state with 

probability 1. 

The observation model is that of a standard multi-state model,  

𝑌𝑖,𝑡|𝑍𝑖,𝑡 ∼ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚸𝑍𝑖,𝑡
), 
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where 𝚸𝑍𝑖,𝑡, 
represents the multi-state detection probability. Individuals are detected at their 

location with site- and year-specific probability 𝑝𝑠,𝑡 and not detected with probability 1 − 𝑝𝑠,𝑡. 

That is, living individuals cannot be detected at any site besides the one at which they are 

located, and dead individuals cannot be detected. Detection probability was modeled as 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑠,𝑡) = 𝜇𝑒𝑓𝑓𝑜𝑟𝑡𝑠,𝑡

𝑝 + 𝜖𝑡𝑦𝑝𝑒𝑠

𝑝
 

where 𝜇𝑝 is an effort-specific intercept and 𝜖𝑝 is a site-type-specific random effect. Site-types 

represented were airfields and native prairies. Site- and year-specific effort levels were 

categorized as high (intensive nest monitoring occurred, with more than 20 individuals banded), 

medium (some nest monitoring occurred, with 0-20 individuals banded), low (only count surveys 

occurred), and zero (site not monitored). Abundance Model 

We fit a hierarchical N-mixture model (e.g., Royle, 2004) to estimate sex- and site-

specific abundance trends from spatially replicated counts. A challenge in estimating sex-specific 

abundance is the inclusion of data on individuals that are not sexed or aged in the field. To 

account for these individuals, we follow the method of Keren & Pearson (2019), where  

𝑌𝑔,𝑠,𝑡,𝑣~𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝜌𝑠,𝑡 (𝑁1𝑔,𝑠,𝑡
+ 𝑁𝐴𝐷𝑔,𝑠,𝑡

) − 𝑈𝑔,𝑠,𝑡,𝑣,  𝜃𝑔,𝑠,𝑡,𝑣, ). 

In this model, 𝑌𝑔,𝑠,𝑡,𝑣 represents the count of individuals of sex 𝑔 at site 𝑠 in year 𝑡 at visit 

𝑣;  𝜌𝑠,𝑡 (𝑁1𝑔,𝑠,𝑡
+ 𝑁𝐴𝐷𝑔,𝑠,𝑡

) represents the number of individuals available to be detected given the 

proportion of suitable habitat surveyed in a site-year, 𝜌𝑠,𝑡 , and age-specific abundances 𝑁1𝑔,𝑠,𝑡
 

and 𝑁𝐴𝐷𝑔,𝑠,𝑡
 for first-year birds and adults, respectively; 𝑈𝑔,𝑠,𝑡,𝑣 represents the unclassified birds 

that are probabilistically assigned to be adults of sex 𝑔 in a particular site-year-visit combination, 

and  𝜃𝑔,𝑠,𝑡,𝑣 represents the detection probability for a particular sex at a particular survey.  



 

 77 

Unclassified birds are probabilistically assigned to an age and sex depending on how they 

were detected, with the consideration that different sexes and ages are not equally likely to be 

detected visually versus aurally. For instance, males tend to be both more vocal and more 

visually detectable. We refer readers to Keren & Pearson (2019) for details.  

Sex and survey-specific detection rates are modeled as 

logit(𝜃) = 𝜇𝑐  

where 𝜇𝑐  is an intercept. 

3.2.3.3 Population Process 

A challenge in producing reliable estimates of SHLA abundance in survival is pervasive partial 

mark loss. Because of the population size, length of the time series, and probability of mark loss, 

the scale of the problem is greater than could be addressed by the approach developed in Chapter 

2. Here, we leverage all available data in the context of an IPM to estimate an additional 

parameter, 𝛾, which represents an inflation factor relating apparent survival, 𝝓, to true survival, 

𝝓𝒕𝒓𝒖𝒆. 

The demographic parameters modeled above are linked to the age-, sex-, and site-specific 

population size via the stochastic relationship,  

𝑁1𝑔,𝑠,𝑡
′  ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑓𝑠,𝑡−1 ⋅ (𝑁12,𝑠,𝑡−1

+ 𝑁𝐴𝐷2,𝑠,𝑡−1
) ⋅ 𝜙𝐿

𝑡𝑟𝑢𝑒) 

𝑁𝐴𝐷𝑔,𝑠,𝑡

′  ~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝑁1𝑔,𝑠,𝑡−1
+ 𝑁𝐴𝐷𝑔,𝑠,𝑡−1

, 𝜙𝐴𝐻𝑌
𝑡𝑟𝑢𝑒) 

where 𝑁1𝑔,𝑠,𝑡
′  and 𝑁𝐴𝐷𝑔,𝑠,𝑡

′  represents the sex-, site-, and year-level abundance of 1-year-olds and 

adults, respectively, prior to movement; 𝑓𝑠,𝑡−1 represents overall productivity as estimated by the 

productivity model, assuming that productivity is female-limited; and 𝜙1
𝑡𝑟𝑢𝑒 represents the true 
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survival probability. Note that 𝜙𝑎
𝑡𝑟𝑢𝑒 > 𝜙𝑎, for both age-classes, given that marked individuals 

can lose their field-readable bands and that mark degradation leads to an underestimation of 

apparent survival (Chapter 2). The relationship between these two parameters is modeled as 

𝑙𝑜𝑔𝑖𝑡(𝜙𝑎
𝑡𝑟𝑢𝑒) = 𝑙𝑜𝑔𝑖𝑡−1(𝜙𝑎) + 𝛾 

where 𝛾 is a positive correction factor.  

Movement is modeled according to  

𝑵𝟏𝒈,𝒔,𝒕,⋅

𝒎𝒐𝒗𝒆~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁1𝑔,𝑠,𝑡

′ , 𝛙𝟏𝑠,⋅
) 

𝑵𝑨𝑫𝒈,𝒔,𝒕,⋅

𝒎𝒐𝒗𝒆 ~𝑀𝑢𝑙𝑡𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁𝐴𝐷𝑔,𝑠,𝑡

′ , 𝛙𝐀𝐃𝑠,⋅
) 

where 𝛙𝟏𝑠,⋅
 is estimated by the dispersal model. True abundance at site 𝑠 is then computed by 

summing all individuals that either remain at or move to site 𝑠 according to 

𝑁1𝑔,𝑠,𝑡
= ∑ 𝑁1𝑔,𝑘,𝑡,𝑠

𝑚𝑜𝑣𝑒
𝑆

𝑘=1
 

𝑁𝐴𝐷𝑔,𝑠,𝑡
= ∑ 𝑁𝐴𝐷𝑔,𝑘,𝑡,𝑠

𝑚𝑜𝑣𝑒
𝑆

𝑘=1
 

where 𝑁1𝑔,𝑠,𝑡
 and 𝑁𝐴𝐷𝑔,𝑠,𝑡

 represent the number of sex 𝑔 ∈ {1,2} individuals at site 𝑠 at time 𝑡, for 

1-year-olds and adults, respectively, and sexes correspond to males and females, respectively.  

3.2.3.4 Model Fitting 

The model was fitted in NIMBLE (de Valpine et al., 2017) accessed from program R (R Core 

Team, 2022). Within NIMBLE, we used a custom distribution modified from the nimbleEcology 

package (Turek et al., 2016) to avoid directly sampling the latent state histories 𝒁. We used 

discrete filtering of the multi-event likelihood to remove the latent states, and we reduced the 
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dataset to only include unique detection histories, weighting the likelihood by the frequency with 

which each detection history appears in the full dataset. In combination, these changes decreased 

a prohibitively long runtime by over an order of magnitude.  

Uninformative priors were used for all parameters. Uninformative priors were also used 

to initialize the initial population size by age, sex, and site, where upper bounds were drawn from 

Keren & Pearson (2019). In particular, initial site-specific population sizes were drawn from a 

uniform categorical distribution with lower bound of 0 individuals per sex and age class and 

upper bound equal to 100, which is approximately equal to the upper bound of the 95% credible 

interval for males at the region’s most populous site (site A) as reported by Keren & Pearson 

(2019). Because not all sites were surveyed in the first years of the time series, we also explored 

the sensitivity of estimated population trend to an alternative initialization structure. In particular, 

sites C, F, and I were infrequently surveyed and were not surveyed until the latter half of the time 

series, in large part because abundance was presumed to be low at these sites. Therefore, we also 

explored the effects of using somewhat restricted priors for initial population size, where upper 

bounds were again drawn from Keren & Pearson, (2019), but where upper bounds were site-, 

age, and sex-specific. That is, the population size at each site was initialized between 0 and the 

maximum upper bound of the site- and sex-specific 95% credible intervals across years where 

the site was monitored. This approach led to much lower initial abundances for sites C, F, and I.  

We also explored the effects of numerous environmental covariates on demographic rates 

(Appendix A). However, we ultimately did not detect any meaningful effects and therefore did 

not include any covariates in our IPM.  

Models were fit with 3 chains of 100,000 iterations with an adaptation interval of 200. 

The first 50,000 samples were discarded as burn-in, and the remaining samples were thinned at a 
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rate of 10 to reduce storage requirements. We evaluated model convergence using visual 

inspection of traceplots, and we ensured that the Gelman-Rubin statistic ( 𝑅̂; Gelman & Rubin, 

1992) was less than 1.1 for all parameters.  

3.2.4 Population Sensitivity 

We examined the sensitivity of site-specific population growth to fecundity, age-specific 

survival, and state-specific nest survival by computing the correlation coefficient (r) between the 

posteriors for annual growth rate, 𝜆𝑡 =
𝑁𝑡+1

𝑡𝑜𝑡

𝑁𝑡
𝑡𝑜𝑡, and the posteriors for the key demographic rates 

with annual variation.  

3.3 RESULTS 

3.3.1 Demographic Rates 

Results reported here correspond to the population model using uninformative initial site-specific 

population abundance, unless otherwise noted. Estimates of demographic rates were largely 

invariant to initialization. 

3.3.1.1 Productivity 

Mean overall nest success (( 𝑆 𝑠,𝑡
𝑙𝑎𝑦̅̅ ̅̅ ̅̂̅

 )
𝜃𝑚𝑖𝑑

𝑙𝑎𝑦

( 𝑆𝑠,𝑡
𝑖𝑛𝑐̅̅ ̅̅ ̅̂  )

𝜃𝑚𝑖𝑑
𝑖𝑛𝑐

( 𝑆⋅𝑠,𝑡
𝑛𝑒𝑠̅̅ ̅̅ ̅̂̅  )

𝜃𝑚𝑖𝑑
𝑛𝑒𝑠

) was 0.394 (95% credible 

interval: 0.203, 0.573). Overall nest success ranged from 0.357 (0.174-0.502) to 0.416 (0.252-

0.604), though variance between sites was generally low (0.102; 0.019, 0.377) (Figure 3.3). 

Variance between years was higher (𝜖𝑡
𝑆 = 0.198; 0.064, 0.387) than between sites, with overall 

nest success highest in 2014 (0.472; 0.332, 0.636) and lowest in 2011 (0.363; 0.143, 0.528) 

(Figure 3.4). Daily nest survival probabilities (𝜙𝑠𝑡𝑎𝑡𝑒
𝑆 ) were lowest during the incubation stage, 
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0.965 (0.955, 0.973), and highest during the laying stage, 0.969 (0.946, 0.984). The mean 

number of fledglings per successful nest (𝜆𝑓𝑙) was 2.846 (2.43, 3.187), and estimates were 

largely invariant with respect to site and year. The mean number of renesting attempts per pair 

per year (𝜆𝑟) was 1.927 (1.802, 2.059). These three components (i.e., probability of nest success, 

nest productivity, and number of renesting attempts) make up annual fecundity (female 

fledglings per female per year) which averaged 1.115 (0.556, 1.734) fledglings per female per 

year. Variation in annual fecundity between sites and years was primarily driven by variation in 

overall nest success.  

3.3.1.2 Survival and Dispersal 

Mean apparent survival from fledging to one year of age (𝜙𝐿) was 0.226 (0.182, 0.294) versus 

0.401 (0.236, 0.546) from post-fledging to one year of age (𝜙𝐻𝑌). Mean apparent survival for 

adults (𝜙𝐴𝐻𝑌) was 0.498 (0.420, 0.596) (Figure 3.5). After correcting for partial mark-loss with 

inflation factor, 𝛾, true survival rates (𝜙𝑎
𝑡𝑟𝑢𝑒) were between 20 and 40% higher for all age 

classes. There was moderate variance between sites (𝜎𝑠
𝜙

 = 0.334; 0.197, 0.554), but no obvious 

differences between site types (i.e., airfields vs. prairies) or locations (i.e., on- or off-JBLM; 

Figure 3.6). Variance between years was low (𝜎𝑡
𝜙

 = 0.271; 0.161, 0.442), though 2018 was a 

particularly low-survival year followed by a particularly high-survival year in 2019 (Figure 3.7).  

Adults displayed high breeding site fidelity (Ψ𝐴𝐻𝑌,𝑠,𝑠 = 0.921; 0.884, 0.959), whereas site 

fidelity for first-year birds was lower (Ψ𝐿,𝑠,𝑠 = 0.746; 0.732, 0.791) (Figure 3.8). When dispersal 

did occur, the probability of moving between sites was somewhat influenced by the distance 

between sites, with posterior median of 𝛼𝐷 = -0.017 (-0.045, -0.001).  
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When resight monitoring effort was high, the mean annual detection probability of 

marked birds, 𝑝, was 0.977 (0.959, 0.988) and was lower at prairie sites than airfield sites. When 

monitoring effort was low, annual detection probability tended to be under 0.5.  

3.3.2 Abundance 

Abundance trends differed depending on the population initialization strategy. When non-

informative priors were used for initial abundance, results suggest that the region-wide 

population was in decline over the study period. Specifically, the abundance across all occupied 

sites decreased from 600 (410, 784) in 2010 to 539 (409, 696) in 2020, which represents an 

average annual growth rate (𝜆) of 0.989 (0.988, 0.999). However, abundance trends varied 

between sites (Figure 3.9).  

 In contrast, when informative priors were used for initial abundance, the population 

appeared more stable over the time series. Specifically, the abundance across all occupied sites 

decreased from 437 (330, 533) in 2010 to 539 (389, 725) in 2020, which represents an average 

annual growth rate (𝜆) of 1.021 (0.988, 1.052), with the 2019 season being particularly 

successful. The difference in estimated trend between initialization strategies was driven 

primarily by the three least-frequently monitored sites (C, F, and I; Figure 3.10), where initial 

population size was most uncertain.  

3.3.3 Population Sensitivity 

Of the demographic rates, apparent survival (𝜙) was most strongly correlated with 𝜆, with r = 

0.94 (0.75, 0.99) for both fledglings (L) and adults (AHY) and the correlation with respect to 

post-fledgling (HY) survival was not meaningfully different (Figure 3.11). Daily nest survival 
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probability 𝑆𝑠𝑡𝑎𝑡𝑒  was also moderately correlated with 𝜆, with r = 0.77 (0.28, 0.94) for all nest 

states.  

3.4 DISCUSSION 

We combined nest monitoring, mark-resight, and count data from 2010 to 2020 in a multi-site 

IPM to better understand the population dynamics of an endangered grassland bird in the South 

Puget Sound region of Washington State. Our analysis suggests that region-wide abundance has 

decreased slightly over the study period, though this result is sensitive to initial population 

structure. This sensitivity is driven by uncertainty in the initial population size at three 

infrequently monitored sites, and therefore our results highlight the importance of continued and 

regular monitoring at occupied sites throughout the region. Regardless of initialization strategy, 

we found that site-specific trends are asynchronous and highly variable year over year. We did 

not observe any systematic differences in population trends between site type or site location 

(i.e., airfields vs. prairie sites or on- or off-JBLM). Population growth rates were sensitive to 

both survival and nest survival for all ages and states, respectively, which is consistent with other 

short-lived passerines (Cox et al., 2014; Sæther et al., 2016). The sensitivity of SHLA growth 

rates to underlying vital rates suggests that these vital rates could be effective targets for 

conservation action. These results will inform future research and management priorities, 

including a plan to reintroduce birds to currently unoccupied sites in South Puget Sound.  

Relative to previous estimates of SHLA vital rates, our results are broadly similar, but we 

find the population to be more stable today than in the early 2000s, when rapid declines were 

observed (Camfield et al., 2011). Camfield et al. (2011) reported adult site fidelity to be roughly 

90%, similar to our estimate. They estimated apparent survival to be approximately 55% for 

adult males and 47% for females, which is similar to our estimate of apparent survival, though 
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we did not account for differences in sex. However, given high rates of partial mark loss, our 

estimate for true survival (i.e., after correcting for partial mark loss) is higher, approximately 

60%. We consider this to be true survival because we account for emigration to other sites within 

the study region, and because observed emigration outside of the study region is near zero (Wolf 

et al., 2020). A weakness of our model is the fact that we did not account for any differences in 

survival between sexes, as biased sex-ratios have been observed in other grassland passerines. 

However, female survival can be challenging to estimate given their lower detection rates 

compared to males. Our estimate of mean apparent juvenile survival was similar to previous 

reports (Camfield et al., 2011), though again our estimate of true survival was higher. Fecundity 

was consistent with previous estimates (Camfield et al., 2011; Pearson & Knapp, 2016). Given 

population sensitivity to survival rates, it therefore follows that our estimates of population 

growth rates are greater than previously reported, regardless of initialization strategy. They are 

also consistent with recent population count data, which show generally stable populations 

region-wide, though site-specific trends are variable. Taken together, these results support the 

hypothesis that both demography and population trend have changed (i.e., become more stable) 

since the last population assessment for this species. However, the future viability of the species 

remains uncertain, and the isolated subpopulations remain a concern due to their vulnerability to 

demographic and environmental stochasticity. 

A limiting factor for population growth that we have not addressed here is the effect of 

density-dependence. As population sizes increase, territory size, dispersal, or survival 

probabilities could change as site-specific carrying capacities are approached. Therefore, the 

upper bounds of our population projections should be interpreted with caution. Each individual 

site in the region is small, with sizes ranging from 56 to 309 ha. Over the data collection period, 
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population sizes were small enough that density-dependent effects were likely negligible (i.e., 

not all viable habitat was occupied and territories were larger than might otherwise be expected, 

suggesting that site-specific carrying capacities had not been reached), and these effects, when 

present, are uncertain. Future work could address this uncertainty, which would be particularly 

useful in informing an ongoing reintroduction effort. Given the fragmentation of suitable habitat 

in the region, there are currently few places to establish new breeding sites, though 

reintroductions are being considered at several currently unoccupied sites that could present 

more opportunities for region-wide population growth, and it will be important to understand 

both the carrying capacities of these new sites as well as the potential for dispersal between sites 

as carrying capacities are reached.  

Results from our model suggest several opportunities for population and environmental 

monitoring that could reduce key uncertainties in drivers of SHLA population dynamics. First, 

the number of renesting attempts per female per year is not well informed by data. It is difficult 

to locate all nests per pair per year, so this parameter is likely underestimated in our model. 

Using telemetry methods on a subset of females over the course of an entire breeding season 

would provide richer information about this parameter. Second, the overwinter dynamics of 

SHLA are not well understood (though see Pearson et al., 2005). Many overwintering sites are 

unknown, as is what constitutes quality wintering habitat and the drivers of mortality during the 

nonbreeding season. One way to identify overwintering sites would be to use telemetry, and once 

sites were identified, on-the-ground surveys could better inform risks to SHLA over the entire 

annual cycle. Finally, habitat management and monitoring throughout the breeding range is very 

sparse, mainly occurring at one site. Recording habitat characteristics (e.g., % vegetation cover) 

and other types of management actions (e.g., predator control) more systematically across 
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monitoring sites and years could facilitate analyses of these as potential predictors of SHLA 

demographic rates. Information about links between habitat characteristics, management, and 

demographic rates has tremendous potential to inform future management, the effectiveness of 

which has been previously demonstrated for SHLA (Pearson & Knapp, 2016).   

The widespread decline of grassland birds has been a major cause of conservation 

concern (Brennan & Kuvlesky Jr., 2005; Pavlacky Jr. et al., 2022), with reductions to habitat 

availability and quality resulting in small populations on fragmented landscapes. Populations on 

fragmented landscapes face a unique set of threats, including heightened vulnerability to 

environmental perturbation and low genetic variation, especially when birds are highly 

philopatric, as we observed in this study. We introduced a multi-site IPM that facilitates 

understanding of the dynamics of populations existing on fragmented landscapes. Several 

additional characteristics, including the ability to deal with complex reproduction data, render 

this framework broadly useful for a variety of avian species existing in fragmented landscapes.  
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3.6 FIGURES & TABLES 

 

 
Figure 3.1: Map of study sites in the South Puget Sound region of Washington State, USA. Blue 

sites are native prairies and red sites are airfields. The purple shaded area represents Joint Base 

Lewis-McChord.  
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Figure 3.2: Life-cycle diagram for Streaked Horned Larks. Age-classes represented are near one-

year-olds (𝑁1) and older adults (𝑁𝑎𝑑). Both age-classes survive with rate 𝜙𝑎𝑑. Both age-classes 

produce chicks with rate 𝑓, who then survive to become near one-year-olds with rate 𝜙1.  
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Figure 3.3: Site-specific nest survival probabilities by nest state. Site labels correspond to the site 

labels in Figure 1. Shown are age-specific medians (points), and 95% credible intervals (line 

ranges). The vertical lines represent the stage-specific means.  
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Figure 3.4: Annual nest survival probabilities by nest stage. Posterior distributions are shown 

along with medians (points), and 95% credible intervals (line ranges). The horizontal lines 

represent the stage-specific means.  
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Figure 3.5: Apparent and true survival probabilities by age. Shown are age-specific medians 

(points), and 95% credible intervals (line ranges).  
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Figure 3.6: Site-specific survival probabilities by age. Site labels correspond to the site labels in 

Figure 1. Shown are age-specific medians (points), and 95% credible intervals (line ranges). The 

vertical lines represent the age-specific means.  
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Figure 3.7: Annual nest survival probabilities by age. Posterior distributions are shown along 

with medians (points), and 95% credible intervals (line ranges). The horizontal lines represent 

the age-specific means. 
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Figure 3.8: Median site- and age-specific probabilities of site fidelity (top) and site- and age 

specific dispersal probabilities (right) for Streaked Horned Larks in South Puget Sound. 

Fledglings (L) are shown on the left, compared to adult (AHY) birds on the right. Site labels 

correspond to the site labels in Figure 1. Post-fledglings (HY) are assumed to disperse at the 

same rate as fledglings and are therefore omitted from this figure.  
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Figure 3.9: Estimated region-wide (left) and site-specific (right) abundance of Streaked Horned Larks at occupied sites in South Puget 

Sound over the data period, using non-informative priors for site-specific initial abundances. Medians are represented by the bold 

lines, while 95% credible intervals are represented by the shaded areas. Site labels correspond to the site labels in Figure 1. There is 

substantial variation in trend between years, and limited synchrony between sites. The resulting trend is substantially different than in 

Figure 3.10, revealing model sensitivity to initial population size at infrequently monitored sites (i.e., C, F, I).  
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Figure 3.10: Estimated region-wide (left) and site-specific (right) abundance of Streaked Horned Larks at occupied sites in South 

Puget Sound over the data period, using informative priors for site-specific initial abundances. Medians are represented by the bold 

lines, while 95% credible intervals are represented by the shaded areas. Site labels correspond to the site labels in Figure 1. There is 

substantial variation in trend between years, and limited synchrony between sites. The resulting trend is substantially different than in 

Figure 3.9, revealing model sensitivity to initial population size at infrequently monitored sites (i.e., C, F, I). 
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Figure 3.11: Estimated annual population growth rates relative to estimated demographic rates 

over the data period. Posterior medians are shown (points), with 95% credible intervals (line 

ranges) for stage-specific nest survival probabilities (top row) and age-specific survival 

probabilities (bottom row). All parameters show strong correlation with population growth rate, 

though the correlation is stronger for survival probabilities. There is no substantial difference in 

correlation between classes for stage-specific or age-specific survival probabilities.  
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Table 3.1: Model parameters and their priors, with references when informative priors were used. 

Parameter Description Prior 

𝜇𝑠𝑡𝑎𝑡𝑒
𝑆  Mean state-specific daily nest survival N(3.5, 0.5) 

𝜎𝑠
𝑆 Scale of site effect on daily nest survival Exp(1) 

𝜎𝑡
𝑆 Scale of annual effect on daily nest survival Exp(1) 

𝜆𝑓𝑙  Mean number of fledglings per successful nests N(1, 0.5) 

𝜎𝑠 
𝑓𝑙

 Scale of site effect on fledgling rate Exp(1) 

𝜎𝑡 
𝑓𝑙

 Scale of annual effect on fledgling rate Exp(1) 

𝜆𝑟 Mean number of renesting attempts per female N(0, 0.5) 

𝜇𝑎
𝜙

 Age-specific mean annual survival N(0, 1.5) 

𝜎𝑠
𝜙

 Scale of site effect on annual survival Exp(1) 

𝜎𝑡
𝜙

 Scale of annual effect on annual survival Exp(1) 

𝛼𝐷 Rate of decay in dispersal probability with distance N(0, 0.5) 

𝜇𝑎
𝜓

 Age-specific mean dispersal probability N(0, 2) 

𝜇𝑒𝑓
𝑝

 Effort-specific mean mark-resight detection 

probability 

N(0, 1.5) 

𝛾 Annual survival inflation factor Exp(10) 

𝜃𝑔 Sex-specific detection probability on count surveys N(0, 1.5) 
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Chapter 4. QUANTIFYING THE EFFECT OF BYCATCH 

MITIGATION EFFORTS ON THE POPULATION 

DYNAMICS OF A LONG-LIVED SEABIRD 

Publication history: This study was co-authored with Steffen Oppel, Sarah Converse, Oliver 

Yates, Catharine Horswill, Alexander Bond, Richard Cuthbert, John Cooper, and Peter Ryan. At 

the time this dissertation was published, this chapter was not in review with a journal.  

Abstract: Bycatch in commercial fisheries is widely considered to be one of the greatest threats 

to seabird populations globally and considerable efforts have been made to reduce bycatch 

through implementation of mitigation measures. However, given the challenges of monitoring 

seabirds, the effect of bycatch on survival probabilities is unknown for many species, as is the 

extent to which mitigation actions mediate this effect. Atlantic Yellow-nosed Albatross 

(Thalassarche chlororhynchos), which are listed as Endangered on the IUCN Red List, are 

frequently bycaught in longline and demersal trawl fisheries in the South Atlantic. A portion of 

the species’ second-largest breeding colony, located on Gough Island in the Tristan da Cunha 

archipelago, has been monitored since 1982. In this analysis, we integrated mark-resight data 

from 1985-2020 with nest and population count data from 2008-2020. We used a Bayesian 

integrated population model to improve our understanding of demography and estimate the 

effects of bycatch mitigation rates in four key fisheries on adult and juvenile survival. Our results 

suggest that mean juvenile and adult survival are both high (0.89 and 0.92, respectively) and that 

population growth rate was not as strongly correlated with survival as it was with fecundity. We 

found that after a period of decline, the total population has been increasing since 2014 while the 

breeding population has remained relatively stable over the time series. We did not detect an 
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effect of bycatch mitigation in any fishery on the survival of either age class. We caution against 

interpreting this result as suggesting that there is no effect of bycatch or mitigation on population 

dynamics, but rather that the data are currently insufficient to detect any effect or the effect is 

small. We also conducted a population viability analysis under a status-quo scenario, and we 

predicted that the population will gradually increase. The predicted extinction risk in 2070 was 

near 0. The results from this analysis can inform future improvements to population monitoring, 

bycatch tracking, and mitigation regulations. More generally, the model we introduced can be 

used in the future to reevaluate recovery for this species, and this framework can be applied more 

broadly for difficult-to-monitor species vulnerable to cryptic threats.  

Keywords: Integrated population model, Bayesian hierarchical model, hidden Markov model, 

population viability, seabird bycatch, bycatch mitigation, Atlantic Yellow-nosed Albatross, 

Thalassarche chlororhynchos 

4.1 INTRODUCTION 

Understanding the effects of environmental and anthropogenic stressors on population dynamics 

can inform the development of effective wildlife conservation efforts. However, knowledge of 

population dynamics is often difficult to obtain, particularly for populations that are declining, 

distributed over large areas, or are otherwise difficult to survey (Zipkin & Saunders, 2018). 

Procellariforms (albatrosses, petrels, and shearwaters) exemplify each of these difficulties. Of 

147 procellariform species, 86 are listed as near threatened, vulnerable, endangered, or critically 

endangered on the IUCN Red List (IUCN 2022). These species spend most of their lives at sea 

and generally can be monitored only on their often-remote breeding islands.  
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Albatrosses, the largest of the procellariforms, are also the most threatened. All but 1 of 

the 22 albatross species are listed as near threatened, vulnerable, endangered, or critically 

endangered (IUCN 2022). Because of their life-history, albatrosses are vulnerable to cryptic 

threats such as broad-scale environmental change and anthropogenic stressors. Changes to prey 

distribution and phenology (e.g., Croxall et al., 2012), ocean warming (Ventura et al., 2021), 

plastic ingestion (Roman et al., 2021), introduced mammalian predators (Davies et al., 2015), 

and bycatch in commercial fisheries (Véran et al., 2007) have all been demonstrated to have 

negative effects on albatross vital rates. However, the effects of these threats can be challenging 

to estimate because of uncertainty in the underlying population dynamics and because the threats 

themselves are poorly understood.  

Atlantic Yellow-nosed Albatross (AYNA; Thalassarche chlororhynchos) breed only on 

the Tristan da Cunha archipelago, including on Gough Island, which is centrally located in the 

South Atlantic Ocean. On Gough Island, AYNA have been intensively monitored since 1982 

(Figure 4.1; Cuthbert & Sommer 2004). Though the current population abundance and trend are 

uncertain, previous population modeling efforts found that the Gough Island population has 

declined at about 1% per year since 1982 (Cuthbert et al. 2003). The same study found that 

observed decreases were most likely caused by low adult and juvenile survival, one possible 

driver of which is bycatch in commercial fisheries.  

AYNA face a number of threats, some of which are specific to Gough and some of which 

occur range-wide. On Gough, introduced house mice (Mus musculus) are a significant source of 

chick and even adult mortality for many of the island’s seabirds (Cuthbert & Hilton, 2004). 

Fortunately, AYNA appear to be less affected by mouse predation than other congeners (e.g., 

Tristan Albatross), possibly because they breed in the austral summer when other food sources 
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are more plentiful (Cuthbert et al., 2013). Of greater concern is the effect of AYNA bycatch in 

commercial fisheries (Cuthbert et al., 2013). In longline fisheries, birds are attracted to baited 

hooks, where they may be hooked and then drown (Bugoni et al., 2008; Tuck et al., 2003; Yeh et 

al., 2013; Zhou et al., 2019). In trawl fisheries, birds may strike the cables supporting nets, which 

can lead to injury and death (da Rocha et al., 2021; Watkins et al., 2008). Observer data from the 

South Atlantic suggest that AYNA, and particularly juvenile AYNA, are frequently bycaught 

(Yeh et al., 2013). However, the degree to which bycatch has impacted overall AYNA survival 

probabilities or population trend remains unknown.  

Outside of seasonal and spatial fishing restrictions, vessel-level bycatch mitigation 

measures include night-setting, using bird-scaring lines, and weighting or shielding hooks 

(Gilman et al., 2022; Kroodsma et al., 2023; Paterson et al., 2019). These measures can decrease 

seabird bycatch by up to 98% (da Rocha et al., 2021). Recently, there has been considerable 

effort from a group of international seabird experts, the Albatross Task Force (BirdLife 

International, Royal Society for the Protection of Birds), to substantially reduce bycatch by 

working with fishing fleets to encourage use of mitigation measures and with governing bodies 

to change gear regulations. These efforts have resulted in large reductions in albatross bycatch in 

some fleets, including one fleet of significance to AYNA, the Namibian fleet (da Rocha et al., 

2021), though it is not well understood how reductions in individual mortality have translated to 

the population-level.  

Quantifying the effects of seabird bycatch as well as bycatch mitigation on AYNA 

populations is challenging for several reasons. First, our knowledge of AYNA demography is 

relatively poor given the logistical difficulties associated with accessing and monitoring AYNA 

in the Tristan da Cunha archipelago, including on Gough (R. Cuthbert et al., 2003). Second, the 
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at-sea distributions of AYNA, and therefore the fisheries with which they interact, are not well 

understood (though see Dias et al., 2017). Third, fishery-specific estimates of bycatch are 

generally not available. Observer coverage on vessels in the South Atlantic is sparse, and even 

when observers are present, bycaught seabirds may not be identified to species (Zhou et al., 

2019b). In the absence of observer data, bycatch is sometimes estimated as a function of fishing 

effort (e.g., birds/millions of hooks; da Rocha et al., 2021; Paterson et al., 2019; Robertson et al., 

2018), but metrics of fishing effort have not been consistently reported for all fisheries in the 

South Atlantic (Tuck et al., 2003). Finally, no data are available with respect to the use of 

mitigation measures in fisheries where use is opt-in (i.e., international waters) or where 

compliance rates are unknown.  

Integrated population modeling is a useful framework for getting the most out of all 

available demographic data. Integrated population models (IPMs) are a class of hierarchical 

population models that leverage multiple data sources to produce estimates of demographic rates 

and states (Besbeas et al., 2002; Brooks et al., 2004; Schaub & Abadi, 2011; Zipkin & Saunders, 

2018). IPMs allow key demographic rates and states to be jointly estimated, offering numerous 

benefits. First, IPMs can produce more precise and less biased estimates of demographic rates 

than possible from disparate analyses of the same data (Schaub et al., 2007). Second, it is 

possible to estimate parameters that would otherwise be unidentifiable (e.g., recruitment or 

immigration; Abadi et al., 2010). And third, Bayesian IPMs allow for the seamless propagation 

of uncertainty. IPMs are particularly useful for understanding the population dynamics of species 

with complex life-histories that are otherwise challenging to monitor (Lawson et al., 2022). IPMs 

often form the bases of population viability analyses (PVAs; Oppel et al., 2022; Rosenblatt et al., 

2021; Saunders et al., 2018), with the goal of quantifying the degree of threat faced by a 
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population, given the current state of knowledge of that population. Given that they make the 

most of all available information and appropriately represent uncertainty, IPM-based PVAs can 

be useful for managers who need to make robust decisions to manage populations of at-risk 

species. 

Here, we evaluate the impacts of fishing bycatch on AYNA at Gough Island. We 

hypothesized that bycatch mitigation has a positive effect on AYNA survival and population 

trends. Of the four fisheries considered (i.e., International Commission for the Conservation of 

Atlantic Tunas (ICCAT), Namibia, South Africa, Uruguay), we hypothesized that mitigation in 

the ICCAT and Namibian fleets have the greatest effect, based on the relative size of these 

fisheries and the degree of spatial overlap with AYNA foraging ranges (Dias et al., 2017). We 

also hypothesized that bycatch avoidance is a learned skill and that the benefits of mitigation are 

therefore larger for juveniles than for adults (Gianuca et al., 2017). We evaluated our hypotheses 

by modeling the effect of estimated rates of mitigation implementation within key fisheries on 

AYNA survival within an IPM. We then built an IPM-based PVA to project the AYNA 

population into the future. Our results suggest that the AYNA population is stable to slightly 

increasing. Overall, our analysis introduces a model that can be used to reevaluate population 

trends in the future, and a framework that can be broadly applied to species with complex life-

histories that are difficult to monitor and vulnerable to cryptic threats.  

4.2 METHODS 

4.2.1 Study System and Species 

Gough Island is part of the UK Overseas Territory of Tristan da Cunha and is located in the 

south-central Atlantic Ocean (Figure 4.1). It is an approximately 65 km2 volcanic island with 
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steep, mountainous terrain. Across its varied habitats, Gough supports approximately 20 

breeding seabird species and is considered one of world’s most important islands for seabirds 

(Caravaggi et al., 2019; R. J. Cuthbert & Sommer, 2004; Holmes et al., 2019; Wanless et al., 

2007) and it hosts the second largest breeding population of AYNA. Because of its remoteness 

and difficult terrain, seabird population monitoring on Gough is challenging. The study area on 

the southeastern portion of the island is relatively flat and open, a preferred habitat for AYNA. 

This area constitutes approximately 10% of the suitable breeding habitat for AYNA on Gough 

and has been monitored since 1982, with more consistent effort applied since 2008 (Cuthbert & 

Sommer, 2004).  

AYNA are colonial breeders, nesting on islands in the mid-Atlantic; the largest breeding 

island is Tristan da Cunha, which hosts approximately 50% of the global breeding population, 

while Gough is the second largest, with 10% of the global breeding population (Cuthbert et al., 

2003). Unlike many albatrosses, particularly the larger species, AYNA can breed annually, with 

pairs producing a single egg at each breeding attempt. While breeding, AYNA generally forage 

close to the colony within international waters, or off the southwestern coast of Africa. 

Nonbreeding birds may forage further from the colony, as far as southeastern South America, 

though nonbreeding distributions demonstrate significant overlap with estimated breeding 

distributions (da Rocha et al., 2021).  

4.2.2 Population Monitoring Data 

AYNA monitoring on Gough consists of counting and marking individuals within the study area 

over the course of the breeding season and, when possible, recording breeding status. These 

monitoring data are summarized in three different datasets, described below.  
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4.2.2.1 Nest Monitoring Data 

Breeding success has been recorded for nests within the Gough Island study area for several 

decades. We model data from 2008 onward, which represent a period with greater survey effort 

and data quality. Monitoring was conducted per the recommendations of Cuthbert and Sommer 

(2004). In this protocol, surveys of AYNA consisted of weekly visits to a subset of the study area 

during the early breeding season (mid-September thru mid-October) to mark and identify active 

nests. After egg-laying was completed, nests were visited roughly biweekly to determine status 

(i.e., egg, chick, or empty), and visits continued until all nest fates (i.e., fledged or failed) could 

be determined.  

Data were summarized at the season level to nest and fledgling counts within the study 

area. Because breeding females are monogamous and produce one egg in one nest per year, we 

define fecundity as the average number of chicks produced per female per year. Previous 

analyses (e.g., Cuthbert et al., 2003) have modeled overall fecundity as the product of hatching 

success and, conditional on hatching, fledging success, where these rates are estimated 

separately. Here, we favor a simpler model due to interannual variability in nest-check frequency 

and inconsistent assignment of nestlings and fledglings to nests.  

4.2.2.2 Mark-resight Data 

AYNA have been marked within the study area and resighted opportunistically on nest-

monitoring and abundance surveys since 1982. During the egg-laying season (i.e., Sept-Oct), the 

study area was visited approximately once a week to mark or identify both individuals in each 

breeding pair. After eggs were laid, the study area was visited approximately biweekly until nests 

either fledged or failed. In March, chicks within the study area were marked just prior to 

fledging. Individuals were banded with metal Monel bands (Mechaniska, Bankyerd, Sweden and 
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Lambournes, Leominster, UK), and, prior to 2001, unique combinations of field-readable colored 

bands. After 2001, the colored bands were replaced by field-readable alpha-numeric Darvic 

bands (ProTouch, Saskatoon, Saskatchewan, Canada). In the rare event of band loss, individuals 

could be identified by the unique number on their metal bands and these individuals were 

targeted for recapture to replace their field-readable bands.  

Ideally, records of resighted birds would also include their annual breeding state, where 

observable states of interest are 1) immature (i.e., pre-breeder); 2) breeding; and 3) loafing. In 

practice, it is difficult to distinguish between these states on a single visit unless the resighted 

individual is actively incubating or tending a chick, and inconsistency in data recording practices 

over the time series make breeding state difficult to resolve even at the season-level. For the 

majority of the time-series, resights of individuals are summarized to detected and non-detected 

events at the season-level, though breeding state has been recorded with greater accuracy since 

2019, with the considered states listed above. Given the frequency of visits to the study area 

throughout the breeding season, we assume that annual detection of marked individuals is near 1, 

given that movements outside of the study area were rare (Cuthbert et al., 2003).  

4.2.2.3 Population Count Data 

Count surveys have been conducted within 11 sub-areas of the Gough Island study area since 

1982. However, not all sub-areas of the study area have been surveyed in all years, nor were the 

boundaries of the sub-areas consistently defined. Therefore, we restricted the count time series 

considered here to 2008 onward, when count surveys have been conducted over the entire study 

area. During this period, count surveys were conducted multiple times per breeding season, each 

capturing different components of the population. In mid-October breeding birds were counted, 

in early January chicks were counted, and in mid-March fledglings were counted. Here, we focus 
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on the mid-October counts of breeding birds aggregated over the entire study area (i.e., all 11 

sub-areas).  

4.2.3 Bycatch Mitigation Data 

To evaluate the effects of bycatch mitigation efforts, we focused on four key longline and 

demersal trawl fisheries in the South Atlantic that target areas also used by foraging AYNA 

(Dias et al., 2017): 1) the Namibian fleet; 2) the South African fleet; 3) the Uruguayan fleet; and 

4) the international South Atlantic tuna fleet (ICCAT). Most metrics related to bycatch 

mitigation are at the fishery level (e.g., birds killed per unit effort, across all bycaught species) 

but we were interested in determining the effect of region-wide bycatch mitigation on AYNA 

survival probabilities. Unfortunately, metrics of bycatch mitigation effort are not currently 

available from regional fisheries themselves, nor are fishing effort metrics available for all 

fisheries of interest over the time series. Instead, we elicited annual estimates of the proportion of 

the four key fleets that have implemented bycatch mitigation measures from subject-matter 

experts at the Albatross Task Force (Figure 4.3). For each fishery of interest, experts reported 

annual estimates of the mean proportion of the fleet that had used bycatch mitigation measures 

(e.g., night fishing, bird-scaring lines, line weighting) that year.  

4.2.4 Statistical Modeling 

We developed a female-based IPM that integrated the nest monitoring data (i.e., nest and 

fledgling counts) and population counts from 2008 to 2020 with mark-resight data from 1985-

2020. Using the longer time series for the mark-resight data allowed for more precise estimates 

of annual survival probabilities and the age-at-recruitment curve. The other two datasets were 
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restricted to 2008-2020 to ensure a greater degree of reliability in the data, given historically 

variable monitoring effort and data recording practices.  

4.2.4.1 Productivity Model 

To estimate AYNA productivity, annual fledgling counts, 𝐹𝑡, were modeled as 

𝐹𝑡 ~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝐵𝑡 , 𝑓𝑡)  

where 𝐵𝑡 represents annual nest counts, and 𝑓𝑡 represents the annual fecundity probability. Annual 

fecundity was modeled as 

𝑙𝑜𝑔𝑖𝑡(𝑓𝑡) = 𝜇𝑓 + 𝜖𝑡
𝑓
 

where 𝜇𝑓 is the average fecundity rate and 𝜖𝑡
𝑓
 is an annual random effect drawn from a normal 

distribution with mean 0 and standard deviation 𝜎𝑓. A shrinkage prior (Simpson et al., 2017) was 

used for 𝜎𝑓(Table 4.1), both to prevent overfitting and to shrink insignificant effects to near zero 

while maintaining true large effects.  

4.2.4.2 Mark-resight Model 

To estimate age-specific survival, and transitions between breeding states, we implemented a 

multi-event model for the mark-resight data. Given inconsistencies in the accuracy and 

specificity with which breeding state was recorded over time, the multi-event framework is 

preferred because the observed events are not always equivalent to the true state. The true state 

process was modeled as 

𝑍𝑖,𝑡 ~ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚿𝑍𝑖,𝑡−1,𝑖,𝑡) 

where the state of individual 𝑖 in year 𝑡 was conditional on the individual’s state in the previous 

year and was categorically distributed according to the transition matrix 𝚿. States were immature 



 

 117 

(i.e., pre-breeding), at-sea non-breeder, non-breeding loafer (i.e., on the breeding colony but not 

breeding), breeding, and dead. For individual 𝑖 in year 𝑡, the matrix 𝚿 was 

𝚿𝑖,𝑡 =  

𝐼𝑚𝑚𝑎𝑡𝑢𝑟𝑒
𝐴𝑡 𝑠𝑒𝑎
𝐿𝑜𝑎𝑓𝑒𝑟
𝐵𝑟𝑒𝑒𝑑𝑒𝑟
𝐷𝑒𝑎𝑑 (

 
 

𝜙𝑖,𝑡(1 − 𝜌𝑖,𝑡) 0 0 𝜙𝑖,𝑡𝜌𝑖,𝑡 1 − 𝜙𝑖,𝑡

0 𝜙𝑖,𝑡𝛼 𝜙𝑖,𝑡(1 − 𝛼)(1 − 𝛾) 𝜙𝑖,𝑡(1 − 𝛼)𝛾 1 − 𝜙𝑖,𝑡

0 𝜙𝑖,𝑡𝛼 𝜙𝑖,𝑡(1 − 𝛼)(1 − 𝛾) 𝜙𝑖,𝑡(1 − 𝛼)𝛾 1 − 𝜙𝑖,𝑡

0 𝜙𝑖,𝑡𝛼 𝜙𝑖,𝑡(1 − 𝛼)(1 − 𝛾) 𝜙𝑖,𝑡(1 − 𝛼)𝛾 1 − 𝜙𝑖,𝑡

0 0 0 0 1 )

 
 

 

where 𝜙𝑖,𝑡 represents the apparent survival probability, 𝜌𝑖,𝑡  represents the recruitment 

probability, 𝛼 represents the probability of being at sea, and 𝛾 represents the probability of 

breeding, conditional on being in the colony. Age-specific apparent annual survival probabilities 

were modeled as: 

𝑙𝑜𝑔𝑖𝑡(𝜙𝑖,𝑡) =  𝜇𝑎𝑖,𝑡

𝜙
+ 𝜖𝑡

𝜙
+ 𝛽𝑎′𝑖,𝑡

𝜙
𝑋𝑡 

where 𝜇𝜙 represents the mean survival probability and is equal to 𝜇𝑗𝑢𝑣
𝜙

 when age class 𝑎′𝑖,𝑡 = 1 

and 𝜇𝑎𝑑
𝜙

 otherwise, 𝜖𝑡
𝜙

is an annual random effect drawn from a normal distribution with mean 0 

and standard deviation 𝜎𝜙, and 𝛽𝜙 is the effect of bycatch mitigation index (𝑋𝑡) that is equal to 

𝛽𝑗𝑢𝑣
𝜙

 when 𝑎′𝑖,𝑡 = 1 and 𝛽𝑎𝑑
𝜙

 otherwise. Given the presence of multicollinearity amongst the 

fleet-specific bycatch mitigation rates (Figure 4.3), we modeled survival as a function of a linear 

combination of them, 𝑋𝑡. However, the relative influence of individual fisheries on survival was 

also of interest, so we modeled 𝑋𝑡 as  

𝑋𝑡 = ∑ 𝑤𝑚𝑥𝑚,𝑡

4

𝑚=1
 

where 𝑚 indexes the fisheries and the vector 𝒘 represents the relative influence of mitigation 

rates in each fishery (𝒙) on survival and was sampled via a Dirichlet process (Table 4.1). The 

covariate effects 𝜷𝝓 were drawn from a normal distribution with mean 0 and standard deviation 

𝜎𝛽 and shrinkage priors were used for both 𝜎𝜙 and 𝜎𝛽. We emphasize that 𝝓 represents 
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apparent survival, given that neither permanent nor temporary breeding emigration (i.e., breeding 

outside of the study area) are estimable under the current monitoring program. The sigmoidal 

age-at-recruitment curve (𝝆) was modeled as 

𝑙𝑜𝑔𝑖𝑡(𝜌𝑖,𝑡) =  𝜇𝜌 + 𝛽𝜌(𝑎𝑖,𝑡 − 1) 

where 𝑒𝑥𝑝𝑖𝑡(𝜇𝑝) represents the probability of recruiting into the breeding population at age 

𝑎𝑖,𝑡 = 1, and 𝛽𝜌 represents the slope of recruitment probability with age, on the logit scale.  

In practice, breeding states were not always recorded completely or accurately, so we 

modeled the observation process as 

𝑌𝑖,𝑡 ~ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙(𝚷𝑍𝑖,𝑡,𝑡) 

where the observed event 𝑌 for individual 𝑖 at time 𝑡 was conditional on the true state 𝑍𝑖,𝑡 and 

was categorically distributed according to observation matrix 𝚷. The events were: 1) observed 

breeding; 2) observed loafing, had bred before; 3) observed with uncertain breeding state; and 4) 

not observed. Events 1 and 2 only occurred in the last 3 years of the time series when data 

recording consistency was adequate; including these data is useful for estimating 𝛾, which 

separates breeders from loafers. For the majority of the time-series, the only events in the 

detection histories are 3 and 4. Moreover, some states were unobservable (i.e., immature, at sea, 

dead). Thus, individuals were only observed when their true states were either loafing or 

breeding, but whether or not these events were recorded varied over the time series. We assume 

that annual detection probabilities are 1 provided that an individual is in the study area, that at-

sea adults and dead individuals are not observable, and that immature birds are first observable in 

the year they recruit. 

4.2.4.3 Count Model 

Annual counts of breeders, 𝐶𝑡, were modeled as 
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𝐶𝑡 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(2 ⋅ 𝑁𝑡
𝑏𝑟𝑒𝑒𝑑) 

where 𝑁𝑡
𝑏𝑟𝑒𝑒𝑑  represents the number of breeding females within the study area, which are 

multiplied by 2 as counts include both males and females. Because individuals are not always 

identified to sex during population counts, we assume that there is an equal sex ratio within the 

population, for simplicity. We also assume that both under- and over-counts are possible. A 

Poisson distribution is used under the assumption that annual variation in counts was large, 

though it is likely that data are underdispersed. We explored an alternative model using a Normal 

distribution (i.e.,  𝐶𝑡 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(2 ⋅ 𝑁𝑡
𝑏𝑟𝑒𝑒𝑑 , 𝜎𝑜𝑏𝑠) with observation error 𝜎𝑜𝑏𝑠estimated as an 

additional parameter. Preliminary results yielded similar estimates of abundance, but MCMC 

mixing was poor. Therefore, we chose the Poisson model.  

4.2.4.4 Population Process 

Age- and state-specific abundances were estimated for immature and adult birds, respectively, as 

stochastic functions of estimated prior abundance and the demographic rates described above. As 

this is a female-only model, all estimates of abundance refer to females.  

The annual abundance of juveniles (i.e., fledglings) was modeled as 

𝑁𝑡
𝑗𝑢𝑣

~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(
1

2
𝑓 ⋅ 𝑁𝑡

𝑟𝑒𝑏𝑟𝑒𝑒𝑑 +
1

2
𝑓 ⋅ 𝑁𝑡

𝑟𝑒𝑐𝑟𝑢𝑖𝑡) 

where 𝑁𝑡
𝑟𝑒𝑏𝑟𝑒𝑒𝑑 represents adult females who have bred at least once, and 𝑁𝑡

𝑟𝑒𝑐𝑟𝑢𝑖𝑡 represents 

females who are breeding for the first time. Assuming an equal sex ratio at fledging, the 

productivity of females is 
1

2
𝑓. For years 2009 (i.e., one year after the model start) to the end of 

the time series, the number of immature (i.e., pre-breeding) females that are one year old was 

modeled as 

𝐼𝑀1,𝑡+1 ~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁𝑡
𝑗𝑢𝑣

, 𝜙𝑗𝑢𝑣,𝑡) 
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and number of surviving immature females that are ages 1 and greater was modeled as 

𝐼𝑀𝑎+1,𝑡+1
′  ~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝐼𝑀𝑎,𝑡 , 𝜙𝑎𝑑,𝑡) 

while the number of recruits of age 𝑎 was 

𝑁𝑎,𝑡
𝑟𝑒𝑐𝑟𝑢𝑖𝑡~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝐼𝑀𝑎,𝑡

′ , 𝜌𝑎) 

and the individuals that do not recruit was thus 

𝐼𝑀𝑎,𝑡 = 𝐼𝑀𝑎,𝑡
′ − 𝑁𝑎,𝑡

𝑟𝑒𝑐𝑟𝑢𝑖𝑡 . 

For years 2009 to the end of the time series, the number of surviving adult (i.e., previously 

recruited) females was modeled as  

𝑁𝑡+1 
𝑎𝑑𝑢𝑙𝑡~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁𝑡

𝑏𝑟𝑒𝑒𝑑 + 𝑁𝑡
𝑠𝑒𝑎 + 𝑁𝑡

𝑙𝑜𝑎𝑓
, 𝜙𝑎𝑑,𝑡) 

where the adults are partitioned into three states: 1) breeders; 2) individuals at sea; and 3) loafers. 

The number of individuals at sea was modeled as 

𝑁𝑡
𝑠𝑒𝑎~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁𝑡

𝑎𝑑𝑢𝑙𝑡 , 𝛼). 

Of the surviving individuals who return to the colony and have bred before, the number of those 

who make a breeding attempt was modeled as 

𝑁𝑡
𝑟𝑒𝑏𝑟𝑒𝑒𝑑~ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑁𝑡

𝑎𝑑𝑢𝑙𝑡 − 𝑁𝑡
𝑠𝑒𝑎 , 𝛾) 

and all remaining adults are presumed to be loafers. That is,  

𝑁𝑡
𝑙𝑜𝑎𝑓

=  𝑁𝑡
𝑎𝑑𝑢𝑙𝑡 − 𝑁𝑡

𝑠𝑒𝑎 − 𝑁𝑡
𝑟𝑒𝑏𝑟𝑒𝑒𝑑 . 

In any year, the total number of breeders is the number of established breeders, plus recruits of 

all ages. That is,  

𝑁𝑡
𝑏𝑟𝑒𝑒𝑑 =  𝑁𝑡

𝑟𝑒𝑏𝑟𝑒𝑒𝑑 + ∑ 𝑁𝑎,𝑡
𝑟𝑒𝑐𝑟𝑢𝑖𝑡

𝑎
. 

We consider the total population size in any given year to be the total number of individuals that 

are at least one year of age (i.e., omitting 𝑁𝑡
𝑗𝑢𝑣

) such that  
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𝑁𝑡
𝑡𝑜𝑡 =  𝑁𝑡

𝑏𝑟𝑒𝑒𝑑 + 𝑁𝑡
𝑠𝑒𝑎 + 𝑁𝑡

𝑙𝑜𝑎𝑓
+ ∑ 𝐼𝑀𝑎,𝑡

𝑎
. 

4.2.5 Model Fitting 

The model was fitted in NIMBLE (de Valpine et al., 2017) accessed from program R (R Core 

Team 2022). Within NIMBLE, we used a custom distribution modified from the nimbleEcology 

package (Turek et al., 2016) to avoid directly sampling the latent state histories 𝒁. We used 

discrete filtering of the multi-event likelihood to remove the latent states, and we reduced the 

dataset to only include unique detection histories, weighting the likelihood by the frequency with 

which each detection history appears in the full dataset. In combination, these changes decreased 

a prohibitively long runtime by over an order of magnitude.  

Informative priors were used for some parameters, drawn from the literature on AYNA 

where available (Table 4.1). Informative priors were also used for the initial population size, 

where the initial age- and stage-specific abundances were based both on previous literature and 

monitoring data prior to the model start. In particular, age- and state-specific initial population 

sizes were drawn from Poisson distributions with rates equal to the age- and state-specific counts 

from years prior to 2008 (i.e., the start of the count surveys) multiplied by mean prior 

probabilities for age-class-specific survival, colony return, and breeding propensity probabilities. 

Models were fit with 3 chains of 100,000 iterations with an adaptation interval of 200. 

The first 50,000 samples were discarded as burn-in, and the remaining samples were thinned at a 

rate of 10 to reduce storage requirements. We evaluated model convergence based on visual 

inspection of traceplots and ensuring that the Gelman-Rubin statistic (𝑅̂; Gelman & Rubin, 1992) 

was less than 1.1 for all parameters.   
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4.2.6 Population Sensitivity and Viability 

We examined the sensitivity of population growth to annual fecundity and juvenile and adult 

survival by computing the correlation coefficient (r) between the posteriors for annual growth 

rate, 𝜆𝑡 =
𝑁𝑡+1

𝑡𝑜𝑡

𝑁𝑡
𝑡𝑜𝑡, and the posteriors for the demographic rates with annual variation.  

To examine future viability, we projected the population 50 years into the future under 

current levels of bycatch mitigation (i.e., status quo). We simulated 10,000 trajectories using the 

model structure described above along with the estimated posterior distributions for key 

demographic rates and abundances. We summarized predictions to the average population 

growth rates, probability of extinction, and predicted future abundance.  

4.3 RESULTS 

4.3.1 Demographic Rates 

Posterior mean fecundity (𝜇 𝑓̂) was 0.501 (95% credible interval: 0.452, 0.551) (Figure 4.5). 

There was some interannual variability, with the posterior mean variance of the annual random 

effect (𝜎𝑓̂) equal to 0.335 (0.228, 0.503). The sigmoidal age-at-recruitment curve had intercept 

𝜇𝜌 ̂ = -4.357 (-4.511, -4.206) and slope 𝛽𝜌  ̂ = 1.033 (0.941, 1.136) (Figure 4.6). Once individuals 

recruited into the breeding population, the probability of returning to the colony, and conditional 

on returning, the probability of making a breeding attempt, are both high. That is, 𝛼 ̂= 0.259 

(0.248, 0.271) and 𝛾̂= 0.804 (0.77, 0.836). Posterior mean apparent juvenile survival (𝜇𝑗𝑢𝑣
𝜙

 
̂

) was 

0.881 (0.847, 0.909). Adult survival (𝜇𝑎𝑑
𝜙

 
̂

) was estimated with less uncertainty, with posterior 

mean 0.923 (0.908, 0.935). Survival was markedly lower in some years, with recent examples 

being 2010, 2014, and 2018 (Figure 4.4). The standard deviation of the annual random effect 
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(𝜎𝜙̂) equal to 0.662 (0.493, 0.907), with annual deviates being larger since 2009, relative to the 

rest of the time series (i.e., 1985-2008).  

We did not detect an effect of region-wide bycatch mitigation on annual survival 

probability for either age class, nor did we detect a meaningful difference in the effect of bycatch 

mitigation in any individual fishery. That is, the posterior mean for the effect of bycatch 

mitigation (𝛽𝜙̂) was 0.001 (-0.25, 0.296) for juveniles and 0 (-0.237, 0.229) for adults. The 

posterior probability that the effect on survival was positive was 0.513 for juveniles and 0.494 

for adults. The posterior weights for the relative impact of each fishery (𝒘̂) were all roughly 

equal, with mean 0.25 (0.074, 0.466).   

4.3.2 Abundance and Population Viability 

During the data period (i.e., 2008-2020), the average population growth rate (𝜆̂) was 0.99 (0.983, 

0.998). The decline was more severe between 2008 and 2014, with the population declining at a 

rate of 0.957 (0.944, 0.97) (Figure 4.7). Since 2014, the population has been increasing at a rate 

of 1.025 (1.009, 1.041), but as of 2020 it had not reached the estimated abundance in 2008. Over 

the same period the breeding population was estimated to be stable, with an average growth rate 

of 1.001 (0.994, 1.008). In 2020, the posterior means for the total number of females associated 

with the study area (i.e., loafers, breeders, and females at sea), and the number of females 

observed breeding in the study area were 700 (646, 759) and 309 (289, 329), respectively.  

In 50-year population projections under the status-quo scenario (i.e., no further increases 

to bycatch mitigation measures in the region past 2020) the population increased on average, 

with mean growth rate 1.007 (0.957, 1.044) (Figure 4.9). The probability of extinction under this 

scenario was 0. However, the uncertainty on estimates is large, with credible intervals for 

abundance at the end of the projection period of 969 (76, 6017). In particular, the upper bounds 
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should be interpreted with caution, as density-dependent effects would likely mediate the true 

carrying capacity within the study area.  

Of the demographic rates, fecundity had the strongest correlation with  𝜆̂, with r = 0.17 (-

0.179, 0.785). Neither survival probability had a meaningful correlation with population growth 

rate with r = 0.021, (-0.54, 0.57) and r = 0.02 (-0.54, 0.56) for adults and juveniles, respectively 

(Figure 4.8).  

4.4 DISCUSSION 

We developed an IPM to improve understanding of AYNA population dynamics and estimate 

the effects of bycatch mitigation rates in four key South Atlantic fisheries on survival rates. This 

analysis represents an updated population assessment and is the first to show the population is 

stable to recovering, with a low probability of extinction in the next 50 years. However, the 

degree of uncertainty in our predictions are largely driven by variation in data quality prior to 

2008, underscoring the need for continued study of this species. This analysis also constitutes 

one of the first attempts to demonstrate a population-level effect of bycatch mitigation on seabird 

survival. While we did not detect a strong effect of bycatch mitigation on AYNA survival, our 

ability to detect an effect was sharply limited by the quality of data on bycatch and bycatch 

mitigation. Our results therefore underscore the importance of continued research into AYNA 

population dynamics and drivers, including additional study of bycatch and bycatch mitigation in 

the South Atlantic. 

We emphasize that our results do not rule out an effect of bycatch or bycatch mitigation 

on AYNA survival. Rather, population and fisheries data are currently insufficient to detect an 

effect. In practice, mitigation rates are unknown, but likely are quite low on the high seas where 

most mortalities likely occur (Dias et al., 2017; Michael et al., 2021; Paterson et al., 2019). 
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National fisheries tend to have stronger regulations around use of mitigation measures (da Rocha 

et al., 2021), though compliance rates are unknown. Moreover, current observer coverage is 

sparse in the South Atlantic and when observers are present, bycaught seabirds are generally not 

identified to species (Zhou et al., 2019a, 2019b). Instead, most existing estimates of bycatch rates 

are reported as number of birds per unit effort (e.g., number of hooks in a longline fishery, or set 

hours in a trawl fishery). Because rates are not species-specific and historic effort data are not 

available for all fisheries in the South Atlantic, it is difficult to estimate the total number of 

AYNA that are bycaught annually. Despite this, there is substantial evidence at the vessel-level 

that AYNA are frequently bycaught in the absence of mitigation, and that mitigation can nearly 

eliminate bycatch (da Rocha et al., 2021). Presumably, there should be a negative effect of 

fishing effort on AYNA survival rates and this effect should be mediated by introducing 

mitigation measures throughout the fleet. In this analysis, we used expert-elicited estimates of 

fleet-specific bycatch mitigation rates for key fisheries in the South Atlantic and these estimates 

may not accurately represent trends in bycatch mitigation, and they do not capture the relative 

influence of each fishery.  

It is possible that some aspects of AYNA life history and fishing trends are masking the 

effects of bycatch on survival. One possibility is that the fishing effort is lower on vessels that 

use mitigation measures relative to vessels that do not, in which case the proportion of fleets 

using mitigation measures would not be an appropriate metric for estimating the effect of 

mitigation on AYNA survival. Alternatively, true fishing effort could be higher than expected, 

and if effort increases were outpacing mitigation increases, any effect could be masked. Ideally, 

fishery-specific effort data would be available, but in this case they are not available for all 

fisheries of interest over the time series. A potential weakness of our model is that we assume 
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that the dynamics of both sexes are the same and that females are representative of the entire 

population. This is not always the case, and previous work has demonstrated the long-term 

impacts of sex-biased mortality (Mills & Ryan, 2005). These impacts can be difficult to detect 

before the biased sex-ratio is extreme. We also assumed that individuals survive at the adult rate 

from age 2 onward. However, it is likely that survival gradually increases during immaturity, and 

if younger birds are more susceptible to bycatch, the changes to the underlying age-structure can 

be difficult to detect but yield large impacts on long-term population trend (Oppel et al., 2022).  

Finally, it is possible that the Gough Island colony is not representative of AYNA population and 

bycatch trends globally. Gough is the second largest breeding colony and has been most 

consistently monitored, but is much smaller than the colony on Tristan da Cunha, hosting 

approximately 10% of the global AYNA population. Previous estimates of population trends 

have varied throughout the region, with steeper population declines observed on Tristan da 

Cunha and Inaccessible Island than on Gough (Cuthbert et al., 2003).   

An additional challenge in estimating the effects of bycatch on survival is uncertainty 

surrounding the survival rates themselves. Though AYNA have been monitored on Gough since 

1982, the reliability of some aspects of the data (e.g., breeding state of marked birds), has 

improved dramatically since 2019. Prior to then, we modeled only where individuals were or 

were not detected, and because transitions between states were not directly observed, the 

parameters governing transitions (i.e., age-specific survival, age-specific recruitment, probability 

of remaining at sea, and breeding probability) are more challenging to estimate. In this analysis, 

we used a simplified model of the true biological process with relatively few parameters to 

ensure parameter identifiability. Simplifying assumptions included perfect detection of 

individuals within the study area, and that temporary breeding emigration was negligible for both 
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age classes. Both assumptions are likely satisfied for adults, where breeding counts are 

considered near censuses and fidelity is near 1 (Cuthbert & Sommer, 2004). These assumptions 

may be less appropriate for prebreeders as they exhibit lower rates of fidelity (approximately 

80%; Cuthbert et al., 2003). Moreover, due to limitations with the data, we were not able to 

subcategorize loafers as prebreeders or experienced breeders. We therefore make the simplifying 

assumption that individuals are breeding in the first year they are resighted. Consequently, 

survival may be slightly underestimated for both age classes, and the age-at-recruitment curve 

may skew young.  

In 2003, an analysis was conducted to predict the power of the current monitoring 

protocol to detect different rates of population decline and this study found that a 1% annual 

decline would take over 30 years to detect with 80% power (Cuthbert et al. 2003). Here, 

population trend estimates were based on only 12 years of data. Provided that improvements to 

the data (i.e., consistently recording breeding state) and monitoring protocol (i.e., searching for 

marked birds in a “buffer zone” surrounding the primary study area to account for movement out 

of the study area; Kendall et al., 2009) continue, future analyses may produce more precise 

estimates of parameters, bolstering our ability to identify population trends.  

Our results deviate from previous analyses of AYNA demography for a few key 

parameters. The most recent population assessment was in 2003, at which time the population 

was reportedly trending downwards by approximately 1.2% per year, with breeders declining 

more rapidly at 2.3% per year (Cuthbert et al. 2003). In contrast, we estimated an initial 

population decline, with the negative trend reversing after 2014 indicating a relatively stable 

breeding population. Our estimate of mean fecundity was substantially lower (~ 50% vs. ~ 67%), 

though our estimate of breeding probability was higher (~80% vs ~66%), which is more 
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consistent with breeding rates of the other small albatrosses known as mollymawks 

(Thalassarche spp.; Converse et al., 2009; Kendall et al., 2009; Ponchon et al., 2019; Ryan et al., 

2007). Our estimates of mean juvenile and adult survival were nearly identical (0.88 and 0.92, 

respectively) to previous estimates. Cuthbert et al. (2003) speculated, based on comparisons with 

congener species, that population decreases were most likely caused by low adult and juvenile 

survival, but we found that population growth rates were more strongly correlated with annual 

fecundity than survival, which may suggest a need for additional conservation action at the 

breeding colony in addition to bycatch mitigation at-sea.  

We did not address the potential impact of another cryptic threat to AYNA: nest 

predation by introduced mice. In response to research demonstrating large effects of mouse 

predation on Gough’s nesting seabirds (Caravaggi et al., 2019; Cuthbert & Hilton, 2004; Jones et 

al., 2021; Oppel et al., 2022; Wanless et al., 2007, 2009), an eradication was attempted in 2021 

but failed (Samaniego et al., 2022). While a smaller proportion of AYNA nests have been 

predated than other species on the island (e.g., Tristan Albatross; Oppel et al., 2022), it is 

possible that mouse predation is having a greater impact on AYNA than previously thought. This 

is a key uncertainty that should be resolved as the mouse population approaches pre-eradication 

levels.  

The results from this analysis will support future improvements to AYNA population 

monitoring as well as bycatch tracking and mitigation regulations in the South Atlantic. Though 

uncertainty remains, these results fill a need for updated estimates of AYNA vital rates, 

abundance, and population trend. In particular, our results identify key areas of remaining 

uncertainty and demonstrate a need for continued and consistent population monitoring and 

better data on both fishing effort, seabird bycatch, and mitigation rates in the South Atlantic. The 
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model we introduce can be used in the future to reevaluate recovery for this species, and this 

framework can be applied more broadly for difficult-to-monitor species vulnerable to cryptic 

threats. 
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4.6 FIGURES & TABLES 

 

 
Figure 4.1: Location of Gough Island which is centrally located in the South Atlantic Ocean, 

surrounded by the red box. Atlantic Yellow-nosed Albatross (AYNA) foraging ranges span the 

Southern Atlantic between South America and Africa. On Gough, the AYNA study area is 

located on the southern tip of the island, which is a lowland plateau. 
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Figure 4.2: Life-cycle diagram for Atlantic Yellow-nosed Albatross as described by the 

population model. For adults, represented states are 1) breeding; 2) loafing within the breeding 

colony; and 3) at sea. Conditional on surviving, adults may cycle between these three states 

according to the transition probabilities described in the text. If breeding, adults produce 

juveniles, which may then survive to become immature individuals of age 1. Conditional on 

surviving, immature birds may recruit into the breeding population with an age-specific 

transition probability. Note that this is a female-based model and thus fecundity is halved, 

assuming an equal sex-ratio at fledging.  
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Figure 4.3: Proportion of international (International Commission for the Conservation of 

Atlantic Tuna; ICCAT) and national (Namibia, South Africa, and Uruguay) longline and 

demersal trawl fishing fleets that have implemented seabird bycatch mitigation measures by 

year, as elicited from experts from the Albatross Task Force. The large discontinuities amongst 

the national fleets reflect changes to mitigation mandates, whereas mitigation is still “opt-in” for 

the ICCAT fleet.  
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Figure 4.4: Annual survival probability for juvenile (yellow) and adult (blue) Atlantic Yellow-

nosed Albatross, where any bird over 1 year old is assumed to survive at the adult rate. Posterior 

distributions are shown along with medians (points), and 95% credible intervals (line ranges). 

Horizontal lines represent age-specific means, noting that y-axis begins at 0.6.  
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Figure 4.5: Annual fecundity estimates. Fecundity represents the probability of successfully 

fledging a chick of either sex. Posterior distributions are shown along with medians (points), and 

95% credible intervals (line ranges). The horizontal line represents the inter-annual mean.  
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Figure 4.6: Estimated age-at-recruitment curve. The curve takes a sigmoidal shape, where 

average age at recruitment is around 9. Recruitment probability is low prior to this, and increases 

steeply as individuals age, with an asymptote of 1. Shown are age-specific medians (points), and 

95% credible intervals (line ranges). 
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Figure 4.7: Estimated abundance of breeding (yellow) and all (blue) females associated with the 

Gough Island study area over the data period. Posterior distributions are shown along with 

medians (points), and 95% credible intervals (line ranges). Despite some interannual variation, 

both groups appear relatively stable over this period. There is more variability present amongst 

all females, which includes loafers, adults at sea, and immature birds in addition to breeding 

individuals. There is some asynchrony between breeding and total abundance.  
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Figure 4.8: Estimated annual population growth rates relative to estimated demographic rates 

over the data period. Posterior medians are shown (points), with 95% credible intervals (line 

ranges) for fecundity, adult survival, and juvenile survival. 
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Figure 4.9: Projected total abundance of females within the Gough Island study area. Medians 

are represented by the bold lines, while 95% credible intervals are represented by the shaded 

areas. Projections are 50 years long, with blue representing the data period prior to 2020 and the 

“status quo” projection.  
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Table 4.1: Model parameters and their priors, with references when informative priors were used.  

Parameter Description Prior Prior reference 

𝜇𝑓 Mean fecundity Beta(1,1) -- 

𝜎𝑓 Scale of annual fecundity effect Exp(1) Simpson et al. 2017 

𝛼 Probability of breeder remaining at sea Beta(1,1) -- 

𝛾 Probability of breeding, conditional on returning to 

colony 

Beta(1,1) -- 

𝜇𝜌 Probability of recruitment at age 1 (logit scale) Normal(-6, 1) Cuthbert et al. 2003 

𝛽𝜌 Effect of age on recruitment probability Normal(0.75, 0.25) Cuthbert et al. 2003 

𝜇𝑗𝑢𝑣
𝜙

 Mean juvenile survival probability Beta(20,5) Cuthbert et al. 2003 

𝜇𝑎𝑑
𝜙

 Mean adult survival probability Beta(60,5) Cuthbert et al. 2003 

𝜎𝜙 Scale of annual survival effect  Exp(1) -- 

𝜹 Scale of variance for relative weights Poisson(10) -- 

𝒘 Relative weight of effective of mitigation in each fishery Dirichlet(𝜹) -- 

𝜎𝛽 Shrinkage for mitigation effect Exp(1) Simpson et al. 2017 

𝑝 Probability of prebreeder returning to colony Normal(0,2) -- 
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APPENDIX A 

Model selection and evaluation (Chapter 2) 

Climate-related covariates 

We examined the effect of climatic conditions on SHLA at two spatial and temporal scales. First, 

we examined the effect of localized climate conditions at breeding sites during the breeding season 

on fecundity rates. Second, we examined the effect of region-wide overwinter climate conditions 

on annual survival rates. We assumed these climate-related covariates affected survival and 

productivity both directly and indirectly through several ecological mechanisms.   

Localized climate conditions included the average daily temperature across the breeding 

season, the number of days in which the average temperature was under 10 degrees Celsius, the 

number of days in which the average temperature was under 5 degrees Celsius, the number of days 

in which the average temperature was over 30 degrees Celsius, the number of precipitation days, 

and the number of storm days, where a precipitation day was defined as a day with > 1mm of 

rainfall and a storm day was defined as a day with > 10mm of rainfall. Each of these metrics has 

been negatively associated with nest development and success in other Horned Larks (de Zwaan 

et al., 2019, 2022). We therefore hypothesized that for sites and years in which conditions are 

extreme (i.e., particularly hot, cold, or stormy), overall productivity is lower.   

Region-wide climate conditions included the average daily temperature across the 

nonbreeding season, the number of days in which temperatures dipped below freezing, the number 

of precipitation days, and the number of storm days. Based on studies of other horned larks (e.g., 

de Zwaan et al., 2019, 2022), we hypothesized that colder, stormier conditions would be associated 

with lower annual survival.  
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All climate-related covariates were obtained from PRISM (PRISM 2014), accessed from 

the Google Earth Engine (GEE) using R package rgee (Aybar 2023). All localized climate 

variables were obtained at daily levels for each site, aggregated to the level of breeding season, 

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

respective time series. Because little is known about where SHLA overwinter, region-wide climate 

variables were obtained at daily levels for areas where we assumed larks were likely to be. In 

winter surveys of SHLA, Pearson et al. (2005), detected SHLA in 10 counties in Oregon and 

Washington state (WA: Pierce, Thurston, Grays Harbor, Pacific, Wahkiakum; OR: Clatsop, 

Multnomah, Polk, Linn, Benton). Approximately 70% of SHLA detected on these surveys were in 

Willamette Valley (i.e., Polk, Linn, and Benton counties), 20% on Columbia River Islands (i.e., 

Wahkiakum, Clatsop, and Multnomah counties), and 10% elsewhere in western Washington state 

(Pierce, Thurston, Grays Harbor, and Pacific counties). Given that a small percentage of land cover 

in each county represents suitable habitat for SHLA, we obtained daily climate variables only for 

areas in which we assumed larks could be overwintering according to land-cover type. Land-cover 

types within each county were obtained from MODIS, also accessed from GEE using rgee. 

Categories assumed to represent suitable habitat for SHLA were Croplands, Grasslands, Savannas, 

Open Shrublands, and Barren land cover types. Daily- and county-level climate metrics were first 

aggregated across counties using a weighted average, where weights were equal to the proportion 

of SHLA detected in each county. Then, daily region-wide metrics were aggregated to the 

nonbreeding season and converted to Z-scores.  

Habitat-related covariates 

We examined the effect of habitat characteristics on SHLA nest survival during the breeding 

season. In particular, we included site-level covariates, including site size and interior-to-edge 
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ratio, and a nest-level covariate, distance to site edge. These covariates are related to predation 

risk, where nests in smaller sites, sites with smaller interior to edge ratios, and nests nearer to site 

edge tend to have greater predation risk.  

Seasonality-related covariates 

We also examined the effect of seasonality on SHLA nest survival during the breeding season. In 

particular, we included an effect of day of season and day of season squared to account for 

seasonality in daily nest survival, which we hypothesized is lower at the beginning and end of the 

season.  

Management-related covariates 

Given variable monitoring and management effort throughout the region, management-related 

covariates of interest (i.e., buffered areas around active nests, predator control, and habitat quality) 

were not available for all sites or all years and therefore any potential effects were not estimable 

in our model.  

Variable and Model Selection 

In order to reduce the number of covariates used in the full IPM, where penalized complexity 

priors were used, we first eliminated covariates that showed limited support. To identify which 

covariates were well supported, we used Reversible Jump Markov Chain Monte Carlo (RJMCMC; 

Link & Barker, 2006) on each component of the IPM (i.e., the productivity and mark-resight 

models alone). Each variable had a prior probability of inclusion of 0.5 in the RJMCMC. The 

posterior probability distributions for each covariate’s inclusion in the model are computed from 

the proportion of posterior samples in which the regression coefficient was equal to zero. When 

the 95% credible interval for the posterior probability of covariate inclusion excluded zero, the 

covariate was presumed to have strong support. Covariates with strong support were generally 
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included in the IPM, although we eliminated some covariates that were strongly correlated (e.g., 

number of storm days was highly correlated with number of precipitation days) and any covariates 

measured at a temporal resolution finer then breeding season (i.e., day of year).  

Selecting covariates in this manner resulted in a full model that included no covariates. 

That is, no covariates showed strong support.  
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