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Abstract

Migratory animals are declining worldwide, and for many species there are multiple
threats to population stability from throughout the annual cycle. Animals performing long-
distance migrations use stopover sites en route to replenish fat stores, and the congregation of
individuals at migratory stopover sites affords an opportunity to track population health,
particularly for species that are highly mobile and difficult to study at other times of year.
However, analysis of these data presents several challenges due to the flow-through nature of
stopover and uncertainties about how stopover site conditions influence both demographics and
migratory behaviors. Here, | explore the use of quantitative methods and hierarchical modeling
to lend clarity to our understanding of the role of stopover in the annual cycle of migratory birds,
considering both an ecological perspective on the direct and indirect effects of stopover on
demographics and migratory behavior, and a statistical perspective on advancing new and
existing modeling frameworks for analyzing complex mark-recapture datasets. Using counts,
trapping, and mark-resight monitoring data collected for three species of Arctic-breeding
shorebirds in Delaware Bay, USA, | evaluate the ways that stopover site conditions and
phenology of resource availability influence the timing and rate of mass gain during stopover,
variation in site use among years, and population vital rates. Disentangling these responses is
important for understanding how populations respond to changes in stopover conditions, and
how to interpret changes in stopover passage population size. Understanding the relative role of
stopover in the context of the annual cycle is important for informing conservation strategies that

will be most effective at halting declines and promoting population stability.
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Chapter 1: General Introduction

Migratory animals are declining globally, and much research and conservation effort has
been devoted to understanding the myriad threats faced by migratory species and how those
threats interact throughout the annual cycle (Wilcove and Wikelski 2008, Flockhart et al. 2015,
Rushing et al. 2017). The congregation of individuals during migratory stopover presents an
opportunity to track population health (Warnock 2010), especially for species that are highly
mobile and difficult to study at other points of the annual cycle, but there are several challenges
inherent in the analysis of these data. Here, | explore the use of quantitative methods and
hierarchical modeling to lend clarity to our understanding of the role of stopover in the annual
cycle of migratory species, considering both an ecological perspective on the direct and indirect
effects of stopover on demographics and migratory behavior, and a statistical perspective on
advancing new and existing modeling frameworks for analyzing complex mark-recapture

datasets.

The role of stopover in the annual cycle migratory species

Seasonal migrations are among the most studied phenomena in ecology (Milner-Gulland
et al. 2011, Shaw 2016). A longstanding view has been that migration evolved as animals
exploited new breeding areas at higher latitudes that allowed them to escape competition, avoid
predation, and take advantage of resource pulses (Cox 1985, Alerstam et al. 2003, Zink and
Gardner 2017), but a new hypothesis posits that migratory behaviors evolved so that animals

could maintain breeding site fidelity and the many advantages it confers without having to



develop other adaptations for increasingly seasonal environments (Winger et al. 2018). In either
case, this has led to migrations across extreme distances and the need for reliable stopover sites
en route for individuals to stop and refuel before continuing their journeys (Alerstam 2011).
Migratory species move great distances to maintain consistency in their environment and
phenological synchrony and predictability is critical to the success of this strategy (Robinson et
al. 2009, Miller-Rushing et al. 2010, Stutzman and Fontaine 2015).

Global change has been linked to population declines for many migratory species (Kirby
et al. 2008, Pearce-Higgins et al. 2015). Declines may be attributable to conditions at breeding
sites, nonbreeding sites, or during migration and the interactions between different points of the
annual cycle (Morrison et al. 2016, Murray et al. 2017, Rushing et al. 2017). A full annual cycle
perspective aids in identifying the relative influence of conditions experienced at different sites
on changes in population growth rate and the ways in which those conditions interact or carry-
over to influence success in subsequent periods (Hostetler et al. 2015, Marra et al. 2015). This
leads to a fuller picture of the internal and external factors that govern population dynamics
(Woodworth et al. 2017, Coates et al. 2018) and can also guide conservation effort toward sites
where actions would have the greatest impact (Martin et al. 2007, Taylor and Stutchbury 2016).

Stopover and staging sites provide critical habitat for migratory species but are
infrequently considered in full annual cycle studies, which tend to compare mainly breeding and
stationary nonbreeding (wintering) sites (Hostetler et al. 2015). Conditions encountered during
migration and stopover could have both direct effects on the probability of surviving the journey
and indirect carry-over effects on success in subsequent seasons (Newton 2004, 2006; Norris and
Marra 2007). Carry-over effects may be particularly important during pre-breeding migrations

(Newton 2006). Some species rely on stored energetic reserves from previous time periods to



fuel reproduction, and these capital breeders may depend on resources acquired during migration
(Jonsson 1997, Stephens et al. 2009). Resource availability during migration could also influence
the timing of migration and arrival to the breeding site (Forchhammer et al. 2002, Both et al.
2005), and earlier breeding is generally associated with greater reproductive success (Kokko
1999). The relative importance of minimizing time or energy spent migrating are linked to
strategies for maximizing reproductive output (Alerstam 2011).

That stopover sites provide important habitat for long distance migrants is widely
accepted (Cimprich et al. 2006, Skagen 2006, Sawyer et al. 2009). A better understanding of the
relative importance of stopover in the context of the annual cycle will aid in developing effective

conservation strategies for declining species (Sheehy et al. 2011).

Practical considerations for analyzing monitoring data from migratory stopover

Migratory animals present challenges for monitoring because they are highly mobile and
the connectivity among sites is not well established for many species (Webster et al. 2002,
Dhanjal-adams et al. 2016). Remote tracking devices such as satellite tags or geolocators offer
incredible insights to animal movements and site use but typically are limited in sample size due
to cost and logistics of deployment and limited in temporal scope because of device lifespan or
attachment method, although rapid technological advances are changing this (Bridge et al. 2011,
Wilmers et al. 2015). Stable isotope analysis and genetic markers also offer ways to establish
connectivity among breeding and wintering sites (Paxton et al. 2013, Rushing et al. 2014,
Pekarsky et al. 2015), but on their own do not inform our understanding of demographic or
behavioral responses to migratory conditions. One of the oldest methods of tracking individual
animals over time remains one of the most useful—the attachment of individually-identifiable

artificial tags (Silvy et al. 2012). These marks are typically inexpensive, easy to deploy, and last



a long time. When tags are field-readable, it becomes easy to harness citizen scientist or
volunteer effort to collect re-encounters of marked individuals over large spatial and temporal
scales (Gollan et al. 2012, Callaghan and Gawlik 2015). Such datasets may be susceptible to
errors related to observer experience or skill, however, and ensuring data quality is important for
all analyses (Tucker et al. 2019).

Monitoring populations during migratory stopover affords the benefit of having a large
proportion of the population concentrated in a single place on a predictable annual schedule
(Horton et al. 2019). This is a good opportunity to efficiently monitor species that are widely
dispersed during other points of the year. With just a short period of monitoring effort each year,
the resulting datasets can inform changes in migratory phenology (e.g., Salewski and Schaub
2007, Navedo et al. 2010, Kolzsch et al. 2016), population size (e.g., Masero et al. 2011, Lyons
et al. 2015), demographics (e.g., Dinsmore and Collazo 2003, McGowan et al. 2011), or site use
(e.g., Ydenberg et al. 2004, Woodworth et al. 2014).

The many challenges of analyzing stopover monitoring data can largely be attributed to
the lack of population closure within the migratory period (Lyons et al. 2015, Drever and
Hrachowitz 2017). In population ecology, closure refers to a state in which the true number of
individuals present in the study area is fixed, and no changes occur due to births, deaths,
immigration, or emigration (Williams et al. 2002). For many species we can reasonably assume
that no births or deaths occur during the stopover period, which is typically very short relative to
the average lifespan of the animal, but the continued arrival and departure of individuals from the
site is an inherent characteristic of most stopovers. This flow-through nature of stopover sites
precludes the use of many analysis methods that assume population closure. Additionally, use of

the site by the larger population may vary among years, and relative use of different sites in the



flyway may shift directionally in response to conditions at one or more sites, e.g. habitat
availability (Cohen et al. 2014, McCabe and Olsen 2015) or predation pressure (Ydenberg et al.
2004, Smith et al. 2012). Quantitative methods are needed to tease apart the drivers of apparent
changes in counts conducted during stopover.

Hierarchical Bayesian modeling approaches offer flexibility in specifying model
structures, borrowing information across years, and combining multiple sources of information
in unified analyses that propagate estimation uncertainty (Kéry and Schaub 2012, Miller et al.
2019). This framework facilitates identification of ecological signals from datasets with

extraneous noise such as observation error, irregular sampling, or missing data.

Shorebird stopover in Delaware Bay

The work presented in this dissertation focuses on shorebird stopover ecology in
Delaware Bay, USA. Delaware Bay is located on the eastern coast of the United States between
New Jersey and Delaware where the Delaware River outlets into the Atlantic Ocean. The bay
shore is comprised of salt marshes, mudflats, and sandy beaches and supports the largest
congregation of horseshoe crab (Limulus polyphemus) spawning activity in the Atlantic
seaboard, likely due to relatively warmer waters and low wave activity on the bay shore beaches
(Smith et al. 2009, Smith and Robinson 2015). Horseshoe crab spawning in this area occurs from
April to July, with peak spawning activity typically in May and June (Smith et al. 2010). During
this time, hundreds of millions of horseshoe crab eggs are deposited into small depressions on
sandy beaches (Smith et al. 2002). Those eggs are a high-quality prey item for shorebirds
because they are fat- and protein-rich and easily digestible (Tsipoura and Burger 1999, Gillings
et al. 2007, Fraser et al. 2010). Due the large aggregation of this high-quality prey during the

spring migration period, Delaware Bay is a globally important stopover site for migratory



shorebirds; hundreds of thousands of individuals of several species use this region as a stopover
site in mid to late May (Clark et al. 1993).

Horseshoe crabs are commercially harvested, historically for use as fertilizer and
currently for use as bait in other fisheries (Smith et al. 2016). They are also collected and
subsequently released following blood collection, which has important uses in the biomedical
industry (Smith et al. 2009). Increasing and unregulated horseshoe crab harvest in the late 1990s
led to declines in spawning abundance in Delaware Bay, which has been implicated as a key
contributor to concurrent population declines in shorebirds using this site, particularly the red
knot (Calidris canutus rufa) (Baker et al. 2004, Niles et al. 2009). An adaptive management
framework was developed in the late 2000s to determine harvest limits for horseshoe crabs,
using linked population models for horseshoe crabs and red knot to predict the effects of
management actions on the system (Smith et al. 2013, McGowan et al. 2015). Central to this
framework are models that represent competing hypotheses about how horseshoe crab
abundance impacts red knot demographics (McGowan et al. 2011b, a). Improving estimates of
red knot demographic vital rates and refining our understanding of how the abundance and
timing of horseshoe crab spawn impact red knots will be useful to the continued implementation
of the adaptive management plan.

Among shorebirds that use Delaware Bay during stopover, red knot have experienced the
most drastic population declines and are therefore thought to be especially reliant on horseshoe
crab eggs (Baker et al. 2004, Niles et al. 2008). Their particular dependence on horseshoe crabs
could be due to the extreme distance of their spring migration (some overwinter as far south as
Tierra del Fuego, Argentina) or physiological constraints imposed by the shrinkage of digestive

organs during this period to allow for larger flight muscles (van Gils et al. 20054, b). In contrast,



ruddy turnstone (Arenaria interpres) and sanderling (Calidris alba) are similarly sized, have
similar ecological needs, and overlap with red knot for much of their breeding and wintering
ranges, but have not exhibited such a strong decline in numbers seen during spring stopover
(Nettleship 2000, Baker et al. 2001, Macwhirter et al. 2002). Assessing the similarities and
differences among these species in demographic and behavioral responses to stopover conditions
may be instructive for understanding declines of Arctic-breeding shorebirds worldwide (Andres

et al. 2012, Studds et al. 2017).

Here, | explore the use of stopover monitoring data for lending insights to the role of
stopover in the context of the annual cycle, with a focus on migratory shorebirds in Delaware
Bay. The next four chapters were prepared for submission to peer-reviewed journals and written
in collaboration with co-authors; therefore, | use the third person plural throughout the remainder
of this document. The second chapter was published in The Condor: Ornithological Applications
in February 2019 and the third chapter is under review as written at Ecosphere as of March 2019.
In Chapter 2, | investigate the potential for individual misidentification in resighting marked
birds and explore the ways in which those errors could influence ecological inference about
population dynamics. In Chapter 3, | examine interannual variation in arguably the most
important part of migratory stopover: rapid mass gain due to deposition of fat. | explore the ways
in which ecological mismatch with a key prey item influences mass gain dynamics, and how
species traits are related to differences in their response to prey availability. In Chapter 4, |
consider how the events and conditions encountered during stopover can influence both
demographics and migratory behaviors. Disentangling these responses is important for

understanding how populations respond to changes in stopover conditions, and how to interpret



changes in stopover passage population size. In Chapter 5, | take full annual cycle view of the
role of stopover, and present an analysis to estimate both survival and recruitment of new
breeding adults. This modeling framework facilitates addressing the question of whether
stopover site conditions or breeding site conditions have a stronger effect on variation in
population growth rate. Understanding the relative role of stopover is important for informing
conservation strategies that will be most effective at halting declines and promoting population

stability.
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Chapter 2: Effects of individual misidentification on estimates of survival in long-term mark-
resight studies

Abstract

All ecological measurements are subject to error; the effects of missed detection (false
negatives) are well known, but the effects of mistaken detection (false positives) are less
understood. Long term capture-recapture datasets provide valuable ecological insights and
baselines for conservation and management, but where such studies rely on noninvasive re-
encounters, such as field readable color bands, there is the potential to accumulate detection
errors as the length of the study and number of tags deployed increases. We investigated the
prevalence and effects of misreads in a 10-year dataset of Red Knots (Calidris canutus rufa)
marked with field-readable leg flags in Delaware, USA. We quantified the effects of misreads on
survival estimation via a simulation study and evaluated whether removal of individuals only
reported once in a year (potential misreads) influenced survival estimation from both simulated
datasets and our case study data. We found overall apparent error rates of 0.31% (minimum) to
6.6% (maximum). Observer-specific error rates and the variation among observers both
decreased with the number of flags an observer recorded. Our simulation study showed that
misreads lead to spurious negative trends in survival over time, particularly for long-term
studies. Removing all records in which a flag was only recorded once in a sampling occasion
reduced bias and eliminated spurious negative trends in survival but also reduced precision in
survival estimates. Without data filtering, we found a slight decrease in Red Knot annual survival
probability from 2008-2018 (B = -0.043 £ 0.03), but removing all single-observation records
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resulted in no apparent trend ( = -0.0074, + 0.02). Spurious trends in demographic rates could
influence inference about population trajectories and resultant conservation decision-making.
Data filtering could eliminate errors, but researchers should carefully consider the trade-off
between precision obtained by larger sample sizes and potential bias due to misreads in their

data.

Introduction

Observation error is a well-studied problem in ecology. While the effect of missed
detections (false negatives) is largely understood, the effects of incorrect detections (false
positives) are more complex. False positives can occur in different ways depending on the data
type and sampling methods, for example via species misidentification in occupancy surveys
(Miller et al. 2011, Yu et al. 2014) or via genotyping error in noninvasive genetic sampling
(Wright et al. 2009, Yoshizaki et al. 2009). The resulting effects on estimation vary among
different types of errors. This issue is central to capture-recapture analyses, which rely on a core
assumption that individuals are correctly identified when encountered and that there are no false
positive detections (Lebreton et al. 1992, Williams et al. 2002). Many types of individual marks
can be “encountered” without physical recapture, facilitating data collection on large spatial and
temporal scales, including both artificial marks (e.g., dye marks, color bands, leg flags, patagial
or ear tags (Silvy et al. 2012)) and natural marks (e.g., skin or pelage patterns, permanent scars
(Beck et al. 2004) or genetic markers (Yoshizaki 2011)). However, with noninvasive encounters,
also termed mark-resight studies, the risk of misidentifying individuals is greater than with
physical recaptures because there is limited opportunity to confirm individual ID upon

encounter.
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Long-term datasets are valuable to ecology and conservation biology, and often rely on a
large number of observers with varying experience and who spend varying lengths of time with
the project (Bildstein 1998, Newman et al. 2003, Cohn 2008, Magurran et al. 2010, Conrad and
Hilchey 2011, Tulloch et al. 2013). Both observer training and data quality control protocols are
necessary to ensure accurate data collection. In some cases it may be relatively straightforward to
remove impossible observations from the dataset before analysis; however, as both the study
scale (spatial or temporal) and the number of deployed tags available for observation increases,
initial filtering of the data becomes more difficult. Additionally, even if error rate is low and
constant over time, the absolute number of errors may accumulate as the length of the study
increases. These concerns apply particularly to data collected via citizen science, volunteer-based
surveys, or by seasonal interns and field technicians, but even skilled professionals can make
errors. Regardless of data collection protocol, as the number of observers and length of study
increases, the potential for errors to appear in the data set also increases. Determining the
observer-specific attributes that are associated with misreads can inform training protocols and
aid in vetting data collected by observers with varying experience or training.

The potential for misidentifications to occur in mark-resight studies is understood by field
researchers, and many marking protocols are designed to reduce the probability of
misidentifications, such as excluding easily-confused letters from alphanumeric codes (Clark et
al. 2005), or avoiding deployment of similar codes on individuals with nearby territories or home
ranges. Several researchers have also estimated error rates for reading color band combinations
and alphanumeric codes using both experimental methods and double-marking studies (Weiss et
al. 1991, Burton 2000, Milligan et al. 2003, Lavers and Jones 2008, Mitchell and Trinder 2008,

Roche et al. 2014), resulting inestimated error rates from 1-16%. These errors could bias
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demographic estimates if not accounted for during either data processing or analysis (Schwarz
and Stobo 1999, Bearhop et al. 2003, Morrison et al. 2011).

Some modeling approaches have been developed to explicitly account for individual
misidentification during estimation, but most of these models were developed specifically for
data collected via noninvasive genetic sampling or photographs (Link et al. 2010b, Morrison et
al. 2011, Yoshizaki et al. 2011). In this context, misidentification results in the first detection of a
new “ghost” individual that can only appear once in the data because it is not known to the
researchers whether individuals are correctly identified upon first encounter (for example, the
first photograph of a new individual or first sample of a unique genotype). However, with mark-
resight studies it is almost certain that marks are perfectly identified upon first capture but that
subsequent resightings may occur with error. Additionally, reports of non-existent marks are
often easily identified and removed from the database, but false detection of existing marks may
occur multiple times after the initial capture. We note, however, that in migratory stopover
systems individuals marked elsewhere in the flyway are often encountered and it may not be
known to all researchers which marks have and have not been deployed. When misidentification
upon first encounter leads to ghosts, resulting survival estimates are negatively biased by as
much as 25% (Morrison et al. 2011). If misidentification errors result in the false detection of a
real individual that is no longer alive, however, annual survival estimates from earlier in the time
series could be inflated, leading to an apparent negative trend in survival over time. The effects
of these errors—incorrect observations of marks that are valid but may not be truly present
because the individual has since died or permanently emigrated—has not been as thoroughly

explored in the existing literature.
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To address this type of false positive error, we evaluated the effect of misreads on
analysis of long-term mark-resight datasets using a simulation study. Many monitoring programs
that use field readable marks involve systematic searching for marked individuals throughout a
defined sampling period, which often results in multiple observations of the same individuals
within a sampling occasion. Multiple observations allow for more opportunities for misreads to
occur and for the ability to confirm presence of individuals reported more than once. We propose
a simple data filtering protocol that removes individuals recorded only once in a sampling
period, and we evaluate the accuracy and precision of models that estimate survival using a both
the raw and filtered dataset under varying levels of misread error.

We evaluated misread errors in the context of a long-term monitoring program for Red Knot
(Calidris canutus rufa) during migratory stopover. The objectives of this study were first to
estimate flag reading error rate in our dataset and determine whether observer experience was
associated with misread errors. Second, we evaluated the effect of those misreads on estimation
of apparent annual survival probability using a simulation study. Last, we evaluated the effect of
our data filtering protocol, which removes potential misreads, on survival estimates by
comparing estimates from both simulated data and Red Knot mark-resight data with and without

data filtering.

Methods
Flag Deployment and Resighting

We estimated error rate in a mark-resight observations of Red Knot in Delaware, USA
from 2008-2016. The Delaware Shorebird Project is a long-term volunteer-based research
program designed to monitor the population status of migratory shorebirds that use Delaware

Bay during spring stopover. Red Knot are long-distance migratory shorebirds that stop in
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Delaware Bay en route to their Arctic breeding grounds each year (Baker et al. 2001). The mark
recapture monitoring program in Delaware Bay has been an important component of numerous
research and management studies since the 1990s (e.g., Atkinson et al. 2007, Gillings et al. 2009,
McGowan et al. 2015).

Throughout the study, shorebirds were captured in mixed-species foraging flocks using
cannon nets. At the time of capture, we collected biometric data for each individual and applied a
USGS band along with an individually identifiable field-readable flag (Figure 1). Inscribed
plastic leg flags were first deployed in Delaware Bay in 2004 and have been used thereafter.
Flags used in our study were made of lime green Darvic PVC and were laser engraved with a
unique three-character alphanumeric code, filled with black acrylic paint (‘RAL 9005 Avkote KS
Satin’ from AVCO Ltd [www.avko.co.uk]) and varnished. Leg flag design and manufacturing
are described in detail by Clark et al. (2005). With the intent of estimating future rates of
misidentification in this system, before the 2008 field season 20% (280 individual flags) of the
flags manufactured for that year were haphazardly selected and withheld from circulation.

During a three-week monitoring season in May each year (typically May 10 — June 1),
trained observers visit beaches in Delaware to count the numbers of shorebirds and scan flocks
with spotting scopes to record observations of Red Knot with leg flags. Most observers are
volunteers who have widely varying backgrounds and experience with biological fieldwork in
general and flag resighting specifically. Flag resighting occurs throughout the day in 30-minute
time increments that are considered independent observation occasions, allowing for repeated
detections of individuals throughout the day. After returning from the field, observers transcribe
their resightings to a data sheet, which are then entered into a Microsoft Access database. After

entry, resight records are printed from the database and compared to the transcribed data sheets
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to ensure accurate data entry. These protocols minimize transcription errors from field data to
digital data entry, but do not protect from transcription errors from field notebooks to data sheets,

and do not eliminate observation errors that occur in the field.

Quantifying Error Rate

As a subset of alphanumeric codes were randomly withdrawn from use in 2008, for all
analyses described below, we only used resighting data from 2009-2018 to estimate misread
rates. We defined misidentification rate in two ways to establish a possible range of error rates.
First, we determined the proportion of flag resightings from 2009-2018 that were either one of
the withheld combinations or had not yet been deployed (i.e. known false detections). For this
species and many other long-distance migrants, marks are deployed by researchers throughout
the range and therefore the deployment date was not known for all flags resighted. Of the 8,135
unique flags resighted by observers on our project, 4,558 were deployed by our project and
therefore had a known deployment date. The proportion of known false detections in the dataset
served as our minimum error rate since we knew that reports of these flag codes were errors. To
establish a maximum probable error rate we calculated the proportion of flags recorded by
Delaware Shorebird Project volunteers that were only recorded once in a season (i.e. single-
observation events). Because flags are frequently observed more than once in a season, but it is
unlikely that the same incorrect flag is recorded more than once, these single-observation records
were considered as possible misreads. This maximum probable error rate will likely be an
overestimate since some individuals may have been transient during migration and only available
to observe once in that year. However our focus in this study was annual survival probability and

not within-year stopover dynamics. We calculated confirmed (impossible resightings) and
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possible (single-observation) error rates at the population level as the proportion of all
resightings in our resighting database and at the observer level as the proportion of each

observer’s total resightings.

Observer-specific Misread Rates

Identifying flag- and observer-specific attributes associated with flag misreads caninform
data filtering and observer training to minimize errors, therefore, we were interested in observer-
specific factors that might be associated with a greater proportion of potential misreads. We
modeled observer-specific misread rates as an additive effect of a) number of years they had
spent on the project and b) the total number of resightings they have contributed to the database
across the whole study. Although those metrics are correlated within observers (p = 0.63), there
is considerable variation as some volunteers participate for many years, but only for one or two
days (many years, few resightings), while others might be new but join the project for the entire
season (few years, many resightings). We used a beta-binomial generalized linear model to
analyze apparent misread rates while accounting for overdispersion and unequal variance in our
data. Overdispersion and unequal variance in the data are likely caused by observers coming to
the project with widely varying previous background and training. Among-observer variance in
misread rate decreased with observer experience on the project (Figure 2), so we modeled the
variance in the probability of misreads (represented by the overdispersion parameter 0) as a
function of the log-transformed total number of resightings. Beta-binomial models were
specified in R and fit via maximum likelihood estimation using the bbmle package (R Core

Team 2016, Bolker and R Development Core Team 2017).
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We used the beta-binomial model to estimate the logit-linear relationship between
observer-specific misread rate (m) and the logged total number of resightings each observer
contributed to the project.

logit(m) = intercept + f§ = log(total resightings)
Based on this relationship, we were interested in determining the number of resightings after
which we would expect an observer’s misread rate to be equal to the median rate among all
observers, expecting observers with fewer observations than this threshold to have an above-
average misread rate. We used median error rate instead of mean because distributions of
observer-specific error rates were right-skewed, and therefore the median is a better metric of
central tendency. We derived this metric as a data screening tool to define observer experience
with the project. We calculated this threshold by setting m equal to the median error rate and

rearranging the above equation to solve for the total number of resightings.

(logitim) — intercept’)

threshold resightings = e* [ J

Observers below this threshold were considered “inexperienced” and those above this threshold

were considered “experienced” for the purposes of data filtering described below.

Effect of Flag Misreads on Survival Estimation

We used a simulation study to assess the effect of false detections arising from flag
misreads on estimates of annual apparent survival probability. Capture histories were randomly
generated to represent encounters of individual birds over a 5-year, 10-year, or 20-year study.
We assumed all detections after first capture were field resightings and not physical captures,
and that 250 individuals were newly marked each year. We generated capture histories with

annual survival probability of ¢ = 0.8 and detection probability of ¢ = 0.5, which are broadly
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representative of our study system (McGowan et al. 2011, Méndez et al. 2018), by simulating a
series of Bernoulli trials for survival and detection for each individual in each year following
Kéry and Schaub (2012). To represent the Red Knot flag observation process in Delaware Bay,
we allowed each individual to be detected multiple times in a given year. The number of times an
individual was detected in a given year was randomly drawn from a Poisson distribution with a
sampling intensity of A = 0.7, which corresponds to a probability of being detected at least once
in that year of 0.5 (» = 1 — e™*). Misidentification was a Binomial process with the number of
trials equal to the number of detections of each individual in each year with probability of
misidentification of 0, 0.005, 0.01, 0.05, or 0.1. Allowing for multiple detections in a year meant
that misidentifications rarely resulted in non-detections of the real individual, which typically
only occurred if an individual was only seen once and misidentified on that occasion.

There are two types of false positive errors that could result from flag misreads. The first
type of false positive occurs when one flag is incorrectly recorded as another flag that exists in
the database and the second occurs when a flag is incorrectly recorded as a flag that does not
exist. For our simulations, we assumed that the second type of error would be scrubbed from the
database before analysis and only considered the first type of error. We introduced errors in our
simulated capture histories by randomly changing a subset of detections to non-detections and
re-assigning them to individuals that had been marked prior to the year of reassignment but were
not otherwise detected in that year. Therefore only real individuals had the opportunity to be
reported as a result of a misread and additional fake individuals (i.e. marks that have not been
deployed) cannot appear in the data. This approach results in false positive detections of both
individuals that were alive but not detected and those that had died or emigrated from the study

area. Errors were introduced at one of five error rates: 0, 0.005, 0.01, 0.05, or 0.1. These rates
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were chosen to represent a range from low error rate (0.5%) to very high error rate (10%), and
correspond with observed minimum and maximum apparent misread rates in our dataset. We
simulated 1000 data sets under each of 15 scenarios (three possible study lengths, five possible
error rates). We estimated apparent annual survival for each simulated data set using a Cormack-
Jolly-Seber (CJS) model implemented in Program MARK using the RMark package for R
(Laake et al. 2013, R Core Team 2016). For each dataset, we fit a model that estimated a linear
trend in survival probability ( @) over time and a time-constant detection probability ( »). We
quantified the effects of misreads on resulting estimates by calculating the root mean squared
error (RMSE) and relative bias (%) between model estimates and true data-generating values of
¢ and p, and by comparing estimated slope parameters of the trend in survival probability over

time. RMSE was estimated as:

l - 5
RMSE($) = i|25:1£t¢_;; ?)

N
Where ¢, is the survival estimate from a single replicate, ¢ is the true survival probability, and n

is the number of replicates. Relative bias was estimated as:

E?:i Eé - @"j/¢

T

Bias(¢$) =

Data Filtering to Minimize Errors

We evaluated the effect of four proposed data filtering methods on estimates of Red Knot
apparent annual survival and estimates from simulated datasets. We estimated apparent annual
survival for Red Knot first captured from 2008-2017 and resighted from 2009-2018 in Delaware,

USA. All first encounters were physical captures during which the flag was deployed, and all
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subsequent encounters were field resightings. We first filtered the data to remove all resightings
of flags not deployed by researchers in Delaware, which removed all impossible records of
withheld flags and those that were observed before their deployment date. Second, we removed
both impossible flags and all records from inexperienced observers. We determined observers to
be “inexperienced” based on the threshold method described above. Third, we removed both
impossible flags and all observations of flags that were only observed once in a given year.
Lastly, we removed all three types of known or potential errors.

We evaluated the fit of the Red Knot data to the fully time-dependent CJS model using
the R2ucare package for R (Gimenez et al. 2018), which indicated potential transience and trap
response. To account for these, we included two time-varying individual covariates. The first
was a dummy variable that indicated whether each individual was detected in the previous year
(0 = not seen, 1 = seen). This was included as a covariate on detection probability to account for
a type of trap-response likely resulting from nonrandom temporary emigration (individuals
skipping stopover in Delaware in some years). We accounted for transience by assigning each
individual to an age class (first capture = 1, all subsequent captures = 2) and estimating the effect
of this dummy age class on survival probability. This method of estimating survival after first
capture separately from survival after subsequent encounters has been used to account for the
presence of transients (individuals only present for one year) in capture-recapture models (Pradel
et al. 1997).

We used RMark to fit a CJS model that estimated a linear trend and the effect of the
dummy age class on annual apparent survival probability. Detection probability was modeled as
a fixed effect of year and whether the individual was seen in the previous year. We compared the

estimated slope of survival over time among the four data filtering methods to determine whether
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they produced different ecological inferences. To provide some context for interpreting these
results and more objectively evaluate the effects of removing observations from the data, we also
fit the model to simulated datasets with and without data filtering. For each simulated dataset, we
fit the CJS model both without data filtering and after removing all instances in which a flag was
only detected once in a given year. We compared estimated trends in survival over time among
scenarios and calculated RMSE and relative bias of estimates with and without removing single-

observations.

Results
Quantifying Error Rate

Our flag resighting dataset contained 80,880 total recorded observations by 201 observers
of 8,135 individual Red Knot from 2009-2018 (Table 1). The number of observers in a given
year ranged from 36 to 53, with an average of 42 observers per year. The intensive survey effort
results in many flags being observed more than once each year, with the average flag seen 5
times in total by 3 different observers in a year and at maximum seen 58 times by 23 different
observers. There were 136 reports of withheld flags (one of the 280 flags removed from
circulation in 2008) by 46 different observers and 116 reports of flags in a year before they were
deployed by 37 different observers, giving a total of 252 impossible observations (0.31%). There
were 5,374 observations that occurred only once in a given year in the database (6.6%).
Therefore the range of potential misread errors in our resighting data was 0.31% at minimum and

6.6% at maximum.

Observer-specific Misread Rates
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Distributions of observer-specific misread rates were all right-skewed, so we report
among-observer medians and interquartile range (IQR). Withheld and not-yet-deployed flags
were observed rarely. The median observer-specific rate of recording impossible flags was 0%
(IQR: 0%, 0.24%), but the observer mean was 0.62%. The median observer-specific rate of
single-observations was 7.4% of all observations (IQR: 4.2%, 12%).

The total number of resightings made by an observer was a significant predictor of both
minimum and maximum possible misread rate (Figure 2). Both the probability of misreads and
the among-observer variation in misread probability decreased as the number of total resightings

logged increased ( #2222t~ =-0.21 +0.08, Stoal =-0.19 + 0.04), but the number of years

minimum maximum

NVEETSE

minimum

an observer worked on the project was not a significant predictor of misread rates ( £
0.039 £0.04, BZ777"  =0.036 + 0.02). Among-observer variation in rates of single-
observation resightings decreased as the total number of resightings increased, as indicated by a
positive relationship between the overdispersion parameter 6 and the total number of resightings
logged (o0 = 1.9 + 0.53).

Using the predicted relationship between number of observations and apparent misread
rate, we calculated the number of observations after which observers converged on the median
error rate. Predicted maximum error rates for observers in our study converged on the median
after 307 resightings. The median maximum error rate calculated only from experienced
observers above this threshold was 6.4% (IQR: 4.3%, 7.6%) possible misreads per observation,

while inexperienced observers below this threshold had a median single-observation rate of 8.8%

(IQR: 3.1%, 15.3%).

Effect of Flag Misreads on Survival Estimation
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Introducing random flag misreads into our simulated capture histories resulted in
apparent negative trends in survival probabilities over time, particularly when the error rate was
high (> 0.05, Figure 3). The effects of misreads were most pronounced in longer time series, with
the RMSE of survival probability estimates for a 20-year study ranging from 0.007-0.066 and
relative bias 0.5%-7.6%. RMSE and relative bias for all scenarios are listed in Appendix A Table
1. With low misread rates (0, 0.005, 0.01), precision of model estimates increased with study
length, however for the higher error rates (0.05, 0.1), longer study lengths resulted in decreasing

accuracy and precision of model estimates as errors had more chance to accumulate (Figure 4).

Data Filtering to Minimize Errors

We analyzed capture histories of 2,594 individual Red Knot from 2008-2018. Of the
25,226 total recorded resightings of these individuals, 2,850 were from inexperienced observers
(defined for our study as observers with fewer than 300 total resightings) and 941 were single-
observations. When only impossible resightings were removed, we found evidence of a negative
trend in apparent annual survival probability over time ( 5 =-0.043, CI: -0.094, 0.0081; Figure
5). Removing records from inexperienced observers had little effect on estimated trend ( 5 = -
0.034, CI: -0.084, 0.015), but removing single-observations resulted in no evidence of a trend in
annual survival probability over the past 10 years ( 7 =-0.0074, Cl: -0.047, 0.032). Removing
both inexperienced observers and single-observations had a similar effect as removing single-
observations alone ( £ =-0.0059, Cl: -0.046, 0.034). The differences in estimated survival
probability with and without removal of single-observation records is most pronounced when
comparing estimates for the first and last years included in this analysis. Without data filtering,

estimated survival probabilities apparently declined from ¢ = 0.87 (95% CI: 0.84, 0.89) in 2008

31



to ¢ = 0.82 (95% CI: 0.77, 0.86) in 2017. After removing single-observation records, estimated
survival probabilities were lower overall, with ¢ = 0.81 (95% CI: 0.78, 0.84) in 2008 and ¢ =
0.80 (95% ClI: 0.76, 0.84) in 2017.

Removing single-observation records from the simulated datasets eliminated bias caused
by misreads (Figure 4), but also decreased precision of estimates. When data filtering was
applied to simulated data, no annual trend was detected in survival probabilities (Figure 3). For
the 20-year study length, RMSE was reduced to 0.01 and 0.009 for error rates of 0.005 and 0.1,
respectively, and relative bias ranged from -0.02% - 0.05%. However, for the 5-year study
length, removing single-observations decreased the precision of survival estimates, with RMSE

of ~0.09 for all error rate scenarios (Figure 4).

Discussion

We estimated the rate of individual misidentification in 10-year mark-resight dataset and
found a minimum error rate of 0.31% and maximum of 6.6%. Our simulation study showed that
introducing misreads into long-term mark-resight data results in spurious negative trends in
annual survival probability when in reality survival is constant over time, but that those effects
can be mitigated by removing all single-observation records from the data. The bias in survival
estimates caused by misread errors increased with both the simulated error rate and the length of
the study. Longer studies allow for more opportunities for misreads to occur, and individuals
marked early in the study have a greater propensity to be falsely detected after they have died,
inflating estimates of survival from previous years and leading to apparent negative trends.

Without data filtering, analysis of the Red Knot data indicated a slight decline in apparent
annual survival from 2008-2018, but that trend was no longer detected when all single-

observation records were removed. Our post-filtering estimates of Red Knot annual survival
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probability agree with a recent meta-analysis of global shorebird survival rates that synthesized
the existing literature and reported an average Red Knot annual survival probability of 0.801 +
0.011 (Méndez et al. 2018). Along with many Arctic-breeding shorebirds, the rufa Red Knot is a
species of conservation concern; accurate estimates of demographic rates are important both for
understanding the ecological drivers of declines and for implementing effective conservation
actions. Most mortality for long-distance migrants likely occurs during the migratory or
nonbreeding period (Newton 2006). Survival estimation is a core component of full annual cycle
population modeling (e.g., Flockhart et al. 2015, Rushing et al. 2017); positively biased survival
estimates and spurious trends in those estimates could obscure our understanding of relative

importance of each phase of the annual cycle for population stability.

Simulation Study Extensions

Our simulation study indicated that for misread error rates > 0.05, survival estimates were
positively biased for earlier years in the time series, resulting in apparent negative trends in
survival probability over time. Other studies have also demonstrated the potential for errors in
mark-recapture data to bias estimates of survival (Schwarz and Stobo 1999, Morrison et al.
2011), but here we also show that errors could result in spurious ecological inference about
trends or, potentially, drivers of survival probability over time.

The inputs of our simulation could be tailored to the specifics of any study to empirically
evaluate the effect of various levels of misidentification errors on inference about apparent
annual survival. We encourage others to use a simulation approach to compare observed trends
in survival estimates with those that would be expected given high error rates alone. Our

simulation code is freely available online for this purpose. This exploratory analysis could
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assuage concerns about suspected low misread rates, or alert researchers to potential bias in their
estimates if error rates are presumed to be higher.

The way we simulated misreads was simplistic for the purposes of assessing general bias.
In reality misreads are likely nonrandom and occur in several ways that can be difficult to
explicitly model. The simplest type of misread occurs when a single character is misread and
replaced by another, incorrect, character (e.g., AT2 recorded as 4T2, or vice versa). This type of
misread is unlikely to occur randomly, as certain pairs or groups of characters are more likely to
be mistaken for each other (e.g., A and 4, K and X). Another type of misread could occur where
all individual characters are recorded correctly, but transcribed in the wrong order (e.g., AT2
recorded as A2T). This incorrect transcription could affect encounter histories in a more random
way. The goal of our simulation work was not to capture and explore all the specific misread
cases that apply to our system, but rather to generally explore the potential consequences of

misread errors on estimation and ecological inference.

Minimizing Errors during Data Collection and Processing

The first, and most obvious, approach to reduce the effect of misreads is to take measures
to reduce the probability of misreads occurring during data collection (Bearhop et al. 2003).
Observer training and emphasis on data quality over quantity is key to ensuring robust mark-
recapture data. For inscribed flags or bands, several papers have detailed the combinations of
letters and numbers that are more likely to be misread, as well as the field conditions most likely
to lead to errors (Burton 2000, Bearhop et al. 2003, Milligan et al. 2003, Clark et al. 2005,
Mitchell and Trinder 2008). Here we also stress the importance of long-term participants instead

of rapid turnover of new observers (whether they be volunteers or paid interns). In our study, the
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number of resightings recorded in the field, but not necessarily the number of years with the
project, was a good predictor of misread rates. Regardless of background or previous experience,
all observers in our study converged on the median apparent misread rate after ~300 total
observations. However, although estimated error rates from inexperienced observers were higher
(8.8% compared to 6.4% from experienced observers), removing records from inexperienced
observers had little to no effect on estimates of Red Knot survival. This may be a function of the
larger variation in error rates among “inexperienced” observers, who have widely varying
personal background and experience.

A second way to reduce the effect of misreads is through more extensive data filtering, as
demonstrated in this paper. Analyzing observer-specific misread rate as a function of some
metric for experience for any study (number of years, number of observations), as we did here,
could help determine the point at which observers tend to the median, and therefore the
appropriate study-specific threshold of excluding observations. We found that removing records
from “inexperienced” observers had little effect on survival estimates, but estimating survival
with and without those records could be a useful exercise in diagnosing whether observer
experience is an important factor to consider.

Due to intensive resighting effort that occurs in Delaware during spring migration, we
were able to identify instances when a flag was recorded only once in a year as possible
misreads. Because the probability of the same false positive detection occurring more than once
in the same year is low, most false detections will also be single observations. Removing those
from the data will inevitably remove detections of real individuals, but will also remove all or
nearly all false positives. Similar to the ad hoc method of dealing with transients first proposed

by Pradel et al (1997), this is will reduce precision but ensure unbiased estimates of survival. We
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do not propose removing all single-observation records as a rule of thumb, but as a potential data
filtering option that could be considered if the occurrence of misreads is a concern and the
primary goal of the analysis is to estimate annual survival probability. Researchers should
carefully consider the trade-off between precision obtained by larger sample sizes and the

number of potential errors due to misreads in their data.

Modeling Misidentification Errors

The Cormack-Jolly-Seber (CJS) model for estimating annual survival is the basis for a
large suite of extensions to deal with more complex questions and data structures (see Williams
et al. 2002). We investigated the effect of misreads on a simple application of the CJS model,
and expect that biases identified here would carry through to more complex extensions. We only
investigated the effect of misreads on estimation of apparent annual survival, but capture-
recapture data are used to estimate a variety of other demographic parameters. Additionally, we
simulated only one type of misread, where real marks are mistakenly observed, as opposed to the
type of misread that results in the observation of a new, non-existent mark. In most mark-resight
studies, the latter type is likely to be filtered from the data before analysis, and therefore is of less
concern.

The type of misidentification that results in new, non-existent individuals is the type
frequently encountered with noninvasive genetic sampling and photographic capture-recapture,
and several model-based methods have been proposed to deal with these false positives in
genetic and photographic mark-recapture. The M, model, introduced by Lukacs and Burnham
(2005) and extended by Link et al (2010) and Yoshizaki et al (2011), uses a latent multinomial to

determine the probability that a given capture history is real. A key assumption of the M,
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models is that false identifications always create new nonexistent individuals and that these ghost
individuals can only be observed once. To deal with this problem of ghost capture histories,
Morrison et al. (2011) described a method of “conditioning” natural mark capture-recapture data
by removing all first detections of new individuals, which is conceptually similar to the ad hoc
method to remove transients proposed by Pradel et al. (1997) and to our process of removing all
single-observation events. Even though some real observations will be discarded in the process,
it is likely that doing so will also eliminate all false detections, therefore reducing bias. For long-
term mark-resight datasets, it is likely that both possible and impossible marks could be recorded
incorrectly, and may be recorded more than once in the dataset. If filtering impossible marks
from the data is not feasible, for example in a migratory flyway with multiple projects marking
individuals, modeling the misread probability for these types of data becomes incredibly
complex.

By modifying the likelihood of the existing CJS family of models, it could be possible to
design an analysis framework that could directly estimate misread probability. Multievent
models which directly account for uncertainty in state assignment (Pradel 2005, Choquet et al.
2009) could provide a basis for explicitly modeling for the probability of false positive
detections. These complex models add additional parameters and associated variances, however,
which could obfuscate ecological research and management support. Therefore addressing the
problem first through data collection and screening protocols is preferable, and modeling false
positives directly may only be necessary for very long studies with suspected high rates of false

positive detections.
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All human data recording is prone to error, and errors due to individual misidentifications
can accumulate in mark-resight studies as the study length and number of deployed marks
increases. Long-term mark-resight studies may be especially vulnerable to biased estimates of
apparent survival as a result of these errors if misread rates are high. Observer training and
retention protocols may help reduce error during data collection, but ecologists working with
historical mark-resight datasets should also consider potential effects of misread errors when
designing analyses. Exploratory data analyses and simulation studies such as those presented
here can aid in estimating probable error rates in a dataset and evaluating potential bias with the
planned modeling approach. If the potential for misreads is not considered in analysis long-term
datasets collected by many observers, spurious trends caused by errors could influence

ecological inference about population demographics and resulting conservation decision-making.
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Tables

Table 2-1: Summary of red knot flag resightings 2009-2014.
The number of observers is the total number of unique observers that contributed resighting
records in each year. Individual flags is the number of unique flags seen, total resightings is the
total number of flag resightings in the database for that year, and mean resightings per flag is the
total number resightings divided by the number of flagged individuals for each year. Confirmed
misreads are records of withheld or not-yet-deployed flags. Possible misreads are flags that were
only recorded a single time in that year.

Year Number of Individual _Tota}l resi'g;l/firnagseper Co_nfirmed P(_)ssible
observers flags resightings flag misreads misreads
2009 42 1917 10888 5.7 27 (0.25%) 581 (5.3%)
2010 41 1217 4144 3.4 13(0.31%) 445 (10.7%)
2011 41 1897 8261 4.4 38 (0.46%) 634 (7.7%)
2012 39 1409 6781 4.8 26 (0.38%) 517 (7.6%)
2013 36 939 3879 4.1 19 (0.49%) 368 (9.5%)
2014 39 1336 6540 4.9 30 (0.46%) 422 (6.5%)
2015 42 2265 13755 6.1 49 (0.36%) 738 (5.4%)
2016 43 726 2346 3.2 6 (0.26%) 320 (13.6%)
2017 53 1831 11066 6.0 18 (0.16%) 622 (5.6%)
2018 46 2098 13220 6.3 26 (0.19%) 727 (5.5%)
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Figures

Figure 2-1: Picture of a leg flag on a red knot.

Picture of a three-character lime green leg flag on a Red Knot in Delaware, U.S.A.

This flag was deployed in 2014 and the photograph was taken in May 2017. Photograph by Jean
Hall.
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Figure 2-3: Results of simulation study.

Results are given for a 5-year study (A, D), 10-year study (B, E), and 20-year study (C, F).
Misreads led to apparent negative trends in survival probability over time (A-C), particularly for
long-term studies. Removing all single-observation records eliminated bias caused by misreads
but also decreased precision of estimates, especially for short time series (A, D). Lines in D, E,
and F represent median estimates from 1000 replications of each scenario and shaded regions
represent 95% quantiles of estimates.
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Figure 2-4: Effect of misreads on annual survival estimates
Root mean squared error (RMSE) and relative bias (%) of estimates under different study lengths
and error rates. Without data filtering (black), bias induced by misread errors increased with
study length and error rate. Filtering the data by removing all single observations (gray),
effectively reduced bias but resulted in lower precision of estimates, particularly for shorter time

series.
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Figure 2-5: Effects of data filtering methods on estimates of red knots survival.

Effects of data filtering methods to reduce the effect of potential flag misread error on estimated
trends (A) and annual apparent survival probability (B) of Red Knot

Removing only impossible observations or those from inexperienced observers led to an
apparent negative trend in survival probability over the past 10 years, while removing single-
observation records resulted in no trend in survival probability.
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Supporting Information

Table S1: RMSE and bias of CJS model estimates under varying error rates and study lengths.

Survival probability Detection probability
Study length (years Error rate Relative Relative
yengih (years) RMSE bias RMSE bias
No data filtering
5 0 0.025 0.113 0.018 0.231
5 0.005 0.025 0.320 0.019 -0.245
5 0.01 0.025 0.433 0.019 0.216
5 0.05 0.033 2.55 0.021 0.411
5 0.1 0.049 5.00 0.020 0.564
10 0 0.010 -0.006 0.008 0.004
10 0.005 0.010 0.334 0.009 -0.222
10 0.01 0.012 0.723 0.011 -0.950
10 0.05 0.031 3.344 0.022 -4.04
10 0.1 0.054 6.073 0.034 -6.56
20 0 0.005 0.008 0.005 -0.037
20 0.005 0.007 0.547 0.008 -1.40
20 0.01 0.011 1.070 0.016 -3.00
20 0.05 0.040 4.53 0.058 -11.5
20 0.1 0.066 7.63 0.092 -18.3
Remove single-observations
5 0 0.094 0.164 0.425 -84.4
5 0.005 0.093 0.306 0.423 -84.1
5 0.01 0.092 0.086 0.424 -84.3
5 0.05 0.092 0.091 0.425 -84.5
5 0.1 0.091 0.352 0.424 -84.4
10 0 0.027 -0.062 0.425 -84.6
10 0.005 0.028 -0.126 0.425 -84.6
10 0.01 0.027 -0.067 0.426 -84.7
10 0.05 0.027 -0.004 0.426 -84.9
10 0.1 0.027 -0.157 0.425 -84.5
20 0 0.011 -0.006 0.425 -84.6
20 0.005 0.011 -0.006 0.425 -84.6
20 0.01 0.011 -0.070 0.425 -84.6
20 0.05 0.011 0.001 0.426 -84.7
20 0.1 0.011 -0.076 0.425 -84.6
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Chapter 3: Foraging ecology mediates the effect of ecological mismatch on stopover mass gain
dynamics

Abstract

Impacts of ecological mismatches should be most pronounced at points of the annual cycle
when populations depend on a predictable and abundant, but aggregated, food resource. The
degree to which species specialize on a key prey item should determine their sensitivity to
mismatches. We evaluated the hypothesis that the effects of ecological mismatch on migratory
stopover are mediated by a species’ foraging ecology by comparing two similar long-distance
migratory species that differ in their foraging strategies during stopover. We predicted that a
specialist foraging strategy would make species more sensitive to effects of mismatch with a
historically-abundant prey, while an active, generalist foraging strategy should help buffer
against changing local conditions. We estimated arrival times, start of mass gain, and rate of
mass gain during spring stopover in Delaware Bay, USA. At this site shorebirds feed on a
temporally aggregated food resource (horseshoe crab Limulus polyphemus eggs), the timing of
which is linked to water temperature; red knot (Calidris canutus rufa) specializes on these while
the ruddy turnstone (Arenaria interpres) feeds more generally. We used a hierarchical nonlinear
model to estimate the effect of mismatch between shorebird arrivals and timing of crab spawning
on the timing and rate of mass gain over 22 years. In cooler years crabs spawned later, which
was associated with later and faster mass gain for the knots. Turnstones exhibited less inter-

annual variation in the timing and rate of mass gain than knots, and we found no relationship
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between mass gain dynamics and the availability of horseshoe crab eggs for this generalist
species. These results suggest that generalist foraging strategies may buffer migratory species
against phenological mismatch. Less adaptable, specialist species are declining globally, and
measures to mitigate the impact of future mismatch may be more feasible where species depend

on spatially concentrated resources.

Introduction

Temporal shifts in phenology have the potential to cause mismatches between species
needs and resource availability (Walther et al. 2002, Edwards et al. 2004, Petanidou et al. 2014).
Migratory species depend on productive, seasonal habitats and may be susceptible to
phenological mismatches if environmental changes at breeding, nonbreeding, or stopover sites
occur asynchronously (Robinson et al. 2009, Thorup et al. 2017). The negative effects of these
mismatches are most likely to be pronounced at points in the annual cycle when populations
depend on predictable, aggregated food resources. Although theory predicts that mismatches
should have negative population-level effects, empirical studies show mixed evidence for such
effects (Stenseth and Mysterud 2002, Miller-Rushing et al. 2010). Understanding if and how
species can adjust to shifting annual cues and resource availability is critical for predicting
species’ responses to climate change.

One mechanism by which animals may respond to climate change is through plasticity in
the timing of annual events (e.g., migration, breeding). For example, many Neotropical
migratory songbirds have advanced the timing of pre-breeding migration and hence breeding
over the past few decades in response to warming spring temperatures (Winkler et al. 2002) and
migratory ungulates and geese time northward movements to track the onset of spring across the

landscape (Bischof et al. 2012, Si et al. 2015). However, other studies have shown that
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individuals may not always be able to avoid mismatches, leading to insufficient resources during
migration (Post et al. 2008) or the breeding season (Plard et al. 2014, Senner et al. 2016).
Mismatches often occur because heterogeneous patterns of warming and cooling across the
landscape lead to situations in which nonbreeding or migratory conditions are poor indicators of
breeding site conditions (Robinson et al. 2009).

Ecological mismatches have been largely studied during the breeding season, but
seasonal resource availability is critical during migration. Additionally, cues during the
nonbreeding season influence the timing of migration and stopover, and if arrival to the breeding
site is delayed individuals might miss the optimal resource window for reproduction (Kokko
1999). Pre-breeding migration typically occurs in a narrow time frame, and during stopover
individuals have limited time to acquire fuel stores needed to continue migration (Nilsson et al.
2013). This narrow window must coincide with prey availability. Insufficient resources during
migratory stopover could result in either delayed or underweight departure, both of which could
have individual carry-over effects to the breeding season, with potential population-level
demographic impacts (Newton 2006).

The degree to which mismatches negatively affect populations likely depends, in part, on
foraging ecology and breadth of diet. A generalist foraging strategy makes a species less reliant
on the availability of a single key prey item while temporal overlap with prey is critical for
specialist foragers. Generalist species are better able to cope with novel or unpredictable
environments (Mayr 1965, Sol et al. 2002), and therefore should be less sensitive to the
availability of a specific prey item.

Shorebirds are time-constrained during spring migration and rely on plentiful food at

stopover sites to quickly accumulate large fat stores, which are necessary to continue their
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migration. Arctic-breeding shorebirds have some of the longest known migrations and have
experienced widespread declines in the past several decades (Piersma et al. 2014, Pearce-Higgins
et al. 2017, Wauchope et al. 2017). Degradation of stopover sites has been implicated as a key
contributor to observed declines (Baker et al. 2004, Studds et al. 2017). These species rely on
predictable aggregations of abundant prey at stopover sites en route to replenish fat stores needed
to complete their migratory journey, therefore matching of arrival timing and food availability at
those sites may be critical for population stability. In Delaware Bay, USA, a globally-important
stopover site for several migratory shorebirds, the eggs of spawning horseshoe crabs (Limulus
polyphemus) provide a critical, but temporally variable and ephemeral, food resource during
spring migration (Tsipoura and Burger 1999). Declining horseshoe crab abundance due to past
unregulated harvest has been suggested as the cause of observed declines in the numbers of birds
seen in Delaware Bay during stopover (Baker et al. 2004), especially the red knot (Calidris
canutus rufa), which was recently listed as Threatened under the United States Endangered
Species Act (79 FR 73705 73748). As horseshoe crab and red knot populations recover with the
aid of strict harvest regulations (McGowan et al 2015), the ability of birds to reach adequate
departure mass may be important for population stability (Baker et al 2004). In addition to the
overall abundance of eggs, timing of horseshoe crab spawn plays a key role in the availability of
adequate food resources in Delaware Bay. Horseshoe crabs spawn once a year during the spring
high tides in May and early June, coinciding with shorebird stopover in mid- to late-May (Niles
et al. 2008). Timing of spawn is linked to lunar periods and water temperature, with the largest
spawn typically on the full moon high tide when water temperature is > 15°C (Smith et al. 2002,
Smith and Michels 2006). Over the past 20 years, spring water temperatures in Delaware Bay

have become slightly cooler, with an overall change in average May water temperature of -
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0.01°C year™ from 1998-2018. Cooler temperatures have been anecdotally linked to observed
delays in crab spawn and concerns about whether shorebirds are able to gain mass at the
necessary rate.

Here, we evaluate the hypothesis that the effects of mismatch on stopover ecology differ
by species’ foraging strategy. We predicted that, when compared to a specialist, a generalist
forager would show less among-year variation in the timing and rate of mass gain during
stopover, and have no relationship between dynamics mass gain and the availability of a single
prey item. To test our hypothesis we considered two long-distance migratory shorebirds, the red
knot and the ruddy turnstone (Arenaria interpres). Both species breed in the Arctic with
medium- to long- distance migrations and use Delaware Bay as a primary spring stopover. Red
knots are specialist foragers that rely on horseshoe crab eggs during spring migration (Baker et
al. 2001, Niles et al. 2008, Gillings et al. 2009), whereas ruddy turnstones are more active,
generalist foragers that will dig aggressively for food, more readily consume other prey in
addition to horseshoe crab eggs, and exploit rocky areas not typically used by red knot
(Nettleship 2000). We predicted that red knot would show more variation in the timing and rate
of mass gain than ruddy turnstone, and that mass gain dynamics for red knot, but not ruddy
turnstone, would be dependent on the timing of horseshoe crab spawning. The results of this
research will help advance our ability to assess and predict a population’s vulnerability to climate
change-induced mismatches in resource availability with annual cycle timing, especially for

migratory species.

Methods
Study species
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Northward migration for both red knot and ruddy turnstone begins in late April/early
May, with most birds arriving to Delaware Bay in mid- to late-May and staying for 1-2 weeks,
before continuing on to the central Canadian Arctic to begin breeding in early June (Smith et al.
2010). Evidence suggests that most Arctic-breeding shorebirds are income breeders and fuel
stores acquired during migratory stopover are largely depleted during the final flight to the
breeding grounds (Klaassen et al. 2001). The optimal temporal window for breeding in the Arctic
is short and therefore punctual arrival is important (Meltofte et al. 2007).

Both red knot and ruddy turnstone primarily consume horseshoe crab eggs during
stopover in Delaware Bay, but at other points of the annual cycle consume a variety of
invertebrate prey, including crustaceans, mollusks, and insects (Nettleship 2000, Baker et al.
2001). Ruddy turnstone have a more diverse and opportunistic diet than red knot and will also
scavenge carrion and human garbage (Gill 1986). When foraging for horseshoe crab eggs, red
knot consume eggs on the sand surface or upper layer of sand (1-3 cm) while ruddy turnstone
can actively dig for buried eggs increasing the effective resource availability (Nettleship 2000,

Gillings et al. 2007).

Study site and field methods

Birds were captured in mixed foraging flocks using cannon nets during the spring
stopover period between May 1 and June 5 in Delaware, USA from 1997-2018, weighed with a
digital scale accurate to the nearest 0.1 g and marked with Incoloy USGS leg bands and—
beginning in 2004—Darvic leg flags inscribed with unique field-readable alphanumeric codes.

The number and timing of catches varied among years. From 2005-2018, beaches were also
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surveyed to resight individually flagged birds. Trained observers visited study beaches in 3-day

sampling periods to scan flocks for flagged individuals.

Timing of shorebird arrival to stopover site

We used mark-resight data from flagged birds to estimate shorebird arrival probabilities
over the course of the stopover season for each year using Jolly-Seber models (Figure 1A).
Details of model specification and goodness-of-fit tests for these are provided in the Supporting
Information. We estimated sampling period-specific entry probabilities across the season for
each species in each year and derived the cumulative probability of arriving during or before
each sampling period. We assumed that flagged individuals were a representative sample of the
stopover population and used this cumulative probability as an index of the proportion of the
stopover population that had entered the region by each period. To determine the proportion of
horseshoe crab spawn available to shorebirds, we defined a cutoff date for each shorebird species
in each year as the period by which 95% of the population had arrived at the stopover site. To
compare these dates to horseshoe crab spawning activity, and for clarity of presentation, we
converted 3-day shorebird sampling periods to days since May 1 using the middle day of each
sampling period. Resighting data were not available prior to 2005, so we used the median 95%-

cutoff period for each species to assess horseshoe crab spawning availability for 1997-2004.

Availability of horseshoe crab eqgs

Horseshoe crab spawning activity was surveyed across 13 beaches in Delaware each year
from 2003-2017. Observers counted the number of females on the high tide line per one-meter

quadrat during each lunar period’s high tide (from 2 nights prior to the full or new moon to 2
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nights post) totaling ~12 surveys per beach per year. Survey design and methodology are
described in detail by Smith et al. (2002). The statewide average number of females m™ is
reported as an index of female spawning abundance (IFSA), which we use as a proxy for egg
abundance (Zimmerman et al. 2016).

We used survey-specific IFSA from across the season to assess temporal patterns in
spawning. For each year, we determined the proportion of cumulative total annual spawn that
had occurred by each day. Horseshoe crab eggs accumulate on the beach and can remain
available to birds on the mudflats and upper layer of sand, therefore we assumed that spawning
activity that occurred before bird arrival would still be available to foraging birds. We used a
loess smoothing function to estimate the predicted proportion of spawn that occurred by each
date and defined relative horseshoe crab egg availability to shorebirds as the proportion of the
total spawning activity that occurred by the 95%-arrival cutoff date for each species in each year.

Timing of horseshoe crab spawn is dependent on environmental cues, with water
temperatures above 15°C thought necessary for substantial spawning activity to occur (Smith
and Michels 2006). For each year, we determined the number of nights with average water
temperatures above 15°C prior to the date by which 95% of birds had arrived, which we
expected to explain some annual variation in horseshoe crab egg availability (Figure 1B). We
obtained water temperature data collected by an offshore station in Lewes, DE (station 1D
8557380) from the NOAA Center for Operational Oceanographic Products and Services. We
used hourly water temperatures from May 1 — June 15 to estimate daily average water
temperature for those dates from 1998-2018. Temperature data were unavailable from this

station for 1997 or 2017. We estimated the relationship between the number of nights with water
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temperature above 15°C with the relative amount of horseshoe crab spawn available to

shorebirds using a linear model, with both variables scaled and centered for analysis.

Annual variation in stopover mass gain dynamics

We analyzed capture masses of 13,046 red knots and 12,476 ruddy turnstones from 239
catches (114 catches of red knots, 125 catches of ruddy turnstones) over 22 years in Delaware
(Table S1). We only included catches with at least 25 individuals weighed. The number of
individuals weighed on a single occasion ranged from 25-479 for red knot (median = 77) and
from 25-584 for ruddy turnstone (median = 75). The number of catches in a year ranged from 1-9
for red knot and 1-10 for ruddy turnstone; we only estimated year-specific parameters for years
with > 3 catches but all data were used to estimate global mean parameters.

Observed masses increased nonlinearly throughout the stopover period, so we modeled
the mean mass of individuals of each species captured on a given day as a nonlinear effect of day

of the stopover period (May 1 = day 1) using a four-parameter logistic curve:

min, —max,

P

Tﬂﬂ,SSdE}.I:. = Mdax, T+

where mass;,.. . is the mean mass of all birds captured on a given day in year t, mazx, is the
maximum average mass in year t, mizn, is the minimum average mass in year t. The scaling
parameters p, and 7. dictate the shape of the curve; 7. is the maximum rate of mass gain in year t
and p. is the inflection point, i.e. the day on which the maximum rate of mass gain occurred. We
fit the mass gain model separately for each species.

To assess among-year variation in mass gain dynamics, we used a hierarchical annual

random effects model (Figure 1C) analyzed in a Bayesian framework to estimate overall means
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and year-specific deviations for the maximum mass ( max,), minimum mass ( min, ), maximum
rate of mass gain (7:), and inflection point (2.). We estimated year-specific model parameters by
defining a prior distribution for the global average value of each parameter and the variance
around that average, which were used to define the normal distribution from which the year-
specific values were drawn, for example:

Min~Unif (80,150)

o, ~Unif (0,50) @)
min, ~Normal(Min, g, )

where Min is the global average minimum mass, a,,.;,, is the among-year standard deviation in
minimum masses, and min, is the estimated minimum mass in year t. All four mass gain model
parameters were estimated using this general structure. We used weakly informative Uniform
priors for the average minimum and maximum masses based on documented masses for each
species (Nettleship 2000, Baker et al. 2001) to keep posterior sampling within reasonable values
(minimum = 80 g, maximum = 300 g). Weakly informative Uniform priors were also used for
the average rate and inflection point parameters (7.: Unif(0, 20); p.: Unif(0, 40).

We calculated the derivatives of each annual mass gain curve to estimate the mass gain
start day, end day, and average rate of mass gain in that window for each species in each year
(Figure 1C). We defined the start and end day of mass gain as the days with the maximum and
minimum second derivative of the predicted curve, respectively (Figure S1). This method
approximates the dates on which the population experienced the greatest changes in the rate of
mass gain, which we interpret to correspond to the beginning and end of the period of peak

refueling.

59



We assumed individual masses of birds weighed on a given day were normally
distributed around daily predicted means with a catch-specific variance. Observed within-catch
variance varied across the season and among years, due to continued influx of new (lighter)
individuals as the season progressed, so we estimated this variance as a random effect of catch
unconstrained by day or year. We assigned a Uniform (0, 50) prior distribution to the average
and a Gamma (1, 0.01) prior distribution to the among-year variance. To assess our assumption
that within-catch masses were normally distributed, we used posterior predictive checks to
estimate the sum of squared residuals for the observed individual masses and a predicted ideal
data set (Kéry 2010), which indicated that this assumption was reasonable with a Bayesian p-
value of 0.50 for red knot and 0.49 for ruddy turnstone.

Red knot are slightly larger than ruddy turnstone, so to facilitate comparison of annual
mass gain dynamics on a common scale we present the annual variation in model parameters
using the coefficient of variation (CV = 7 fineqn) and report rates of mass gain scaled to average
minimum mass. We evaluated our prediction that red knot (specialist) would exhibit greater
among-year variation in mass gain dynamics than ruddy turnstone (generalist) by assessing the

overlap of the posterior distributions for CV of the inflection point and rate parameters.

Effect of resource availability on mass gain dynamics

We specified covariates on growth model parameters to estimate the effect of the relative
horseshoe crab egg availability on the timing and rate of mass gain by shorebirds. Because year-
specific mass gain model parameters were assumed to be normally distributed around the global
average, the effects of ecological covariates were estimated using linear models with normal

errors and identity links. We simultaneously estimated the relationship between water
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temperature and overall horseshoe crab abundance with the availability of horseshoe crab spawn
and the effect of horseshoe crab egg availability on shorebird mass gain dynamics in an
integrated analysis (Figure 1).

We predicted that both the timing and the rate of mass gain were associated with the
relative amount of horseshoe crab eggs available during the stopover period for red knot
(specialist), but not ruddy turnstone (generalist). We tested for an effect of both overall spawning
abundance and the relative horseshoe crab egg availability on both the year-specific inflection
point and maximum rate of mass gain. We also included an interaction term between abundance
and availability of horseshoe crabs, which we interpret as the relative abundance of eggs
available to the birds. We used indicator variable selection to simultaneously estimate parameter
values and the probability that each covariate was an important predictor. For each covariate, we
estimated a binary indictor variable y. We defined a joint “slab-and-spike” prior on coefficient
(B) estimates, such that the estimate would equal 0 if y was equal to 0, and be drawn from an
uninformative prior distribution otherwise.

¥, ~Bernoulli(0.5)

¥, =0 Normal(0,1071%) (3)

Ay {}fi 1 Normal(0,10%)

The proportion of MCMC iterations in which y = 1 is interpreted as the inclusion probability for
that covariate. We report covariate effects as the posterior means (), the proportion of the

posterior distribution with the same sign as the mean (f), and the inclusion probability ().

MCMC estimation

We fit all models using R 3.5.1, JAGS 4.3, and the jagsUI package (Plummer 2003,

Kellner 2015, R Core Team 2016). We generated 3 MCMC chains of 100,000 iterations each
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with 10,000 iterations in the adaptive phase and discarded the first 50,000 samples as burn-in
values, which was sufficient to ensure convergence for all parameters (R < 1.1). JAGS model

code is provided in the Supporting Information.

Results

Timing of shorebird arrival to stopover site

We found consistent timing of arrival to the stopover site for both species (Figure 2). For
both species, 95% arrival generally occurred during the seventh sampling period (May 26-28),
sometimes occurring as early as the 6 sampling period (May 23-25) for red knot, but no later
than the eighth sampling period for both species (May 29-31). See Supporting Information for

details of all Jolly-Seber model results.

Availability of horseshoe crab eqgs

The amount of horseshoe crab spawn available to the birds varied among years and was
dependent on water temperature. The proportion of horseshoe crab spawn that occurred by peak
shorebird arrival ranged from 0.23 (2003) to 0.74 (2004), with a median of 0.58 for both
shorebird species, but there was not a detectable trend in degree of mismatch between horseshoe
crab spawning and shorebird arrival over the past 20 years (slope = -0.05 (-0.06, 0.03)). Water
temperature was a positive predictor of the proportion of spawn available to shorebirds (f = 0.64

(0.15, 1.16) in red knot model and B = 0.60 (0.12, 1.07) in ruddy turnstone model).

Annual variation in stopover mass gain dynamics

Red knots gained mass more quickly and over a shorter time period than ruddy turnstones

(Table 1, Figure S2). Scaled to the average minimum mass, the maximum rate of mass gain for
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red knot was equal to an increase of 10% of minimum average body mass per day, and that of
ruddy turnstone was equal to an increase of 7.4% per day. Red knot mass gain also typically
happened over fewer days than ruddy turnstone; the median number of days of the peak refueling
period was 6.3 (2.5, 14.5) for red knot and 9.1 (6.5, 14.9) for ruddy turnstone (Table 1, Figure
S2).

As predicted, red knots exhibited more among-year variation in year-specific model
parameters than ruddy turnstones, measured as the among-year coefficient of variation (CV) of
estimates (Table 1, Figure 3). This difference was most pronounced for the year-specific
maximum rate; this parameter varied by 81% among years for red knot (95% CRI: 29%, 220%),
but only 27% for ruddy turnstone (95% CRI: 0.15%, 45%); in only 3% of MCMC iterations was
the maximum slope CV for knot lower than turnstone. Both species had similarly low among-
year variation in the inflection point of the mass gain curve (red knot: CV =0.13 (0.08, 0.20),
ruddy turnstone: 0.12 (0.06, 0.25)).

The average rate of mass gain was positively associated with start day for both species,
indicating faster average refueling rates in years when mass gain started later in the season
(Figure 4). The start day of mass gain was also positively associated with the end day but was
not associated with the predicted maximum average mass, indicating that the maximum average

mass is not dependent on the day on which mass gain begins.

Effect of food availability on mass gain dynamics

In cooler years with later horseshoe crab spawning, red knots gained mass at a faster rate
and the inflection point occurred later in the season (Table 2). The interaction term between

statewide spawning abundance (IFSA) and overlap with shorebirds, i.e. the relative availability
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of horseshoe crab eggs, was the strongest predictor of red knot maximum rate of mass gain,
indicating that red knots gained weight at a slower rate in years with greater relative horseshoe
crab egg availability. Importantly, this interaction was almost three times as likely to be included

as a predictor of mass gain in knots (0.36) than turnstones (0.13).

Discussion

We evaluated the hypothesis that the effects of ecological mismatch on stopover mass
gain dynamics are dependent on foraging strategy by comparing how yearly variation in the
timing of food abundance affected the timing and rate of mass gain for a specialist and generalist
species. We found support for our predictions that both the timing and rate of mass gain were
linked to timing of food abundance for the specialist but not the generalist forager. Additionally,
red knot (the specialist) exhibited more among-year variation in the rate of mass gain, suggesting
more sensitivity to local conditions. Ruddy turnstone mass gain dynamics were more consistent
across years and not associated with abundance or availability of horseshoe crab spawn, which
aligns with our prediction that as generalist foragers they are less sensitive to availability of this
food resource.

The hierarchical modeling approach used here allowed us to evaluate year-specific mass
gain dynamics while borrowing information across years, which helped compensate for uneven
sampling and sparse data in some years. Similarly, the integrated analysis of the effect of water
temperature on the timing of horseshoe crab spawn allowed us to impute some missing data.
However, this modeling approach propagates all uncertainty through each level of the modeling
hierarchy and in years with sparse shorebird mass data this can result in substantial uncertainty in
model parameter estimates. Wide credible intervals around these estimates may have contributed

in part to low inclusion probabilities for the covariates associated with horseshoe crab abundance
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and timing of spawn. Additionally, the horseshoe crab spawning survey used here measures
spawning females, which we use as a proxy for egg abundance, rather than the abundance of
horseshoe crab eggs directly throughout the season. However, we still found evidence of a
relationship between mass gain dynamics—especially the maximum rate of mass gain—and the
relative availability of horseshoe crab eggs for red knot and a much weaker relationship for
ruddy turnstone. This indicates that these two species, similar in many other aspects of their
ecology, are responding differently to changes in local conditions during migration. Ruddy
turnstone seemed unaffected by annual variation in horseshoe crab egg availability, likely
because their generalist foraging strategy allows them to exploit a variety of prey more easily.
Red knot undergo extreme physiological changes during migration, including a reduction in size
of internal organs to maximize rate of fat deposition and reduce other metabolic costs (van Gils
et al. 2005). Red knot consume a variety of marine invertebrates and crustaceans during other
points of the annual cycle (Baker et al 2001), but these physiological constraints during the
migratory period may make them especially reliant on horseshoe crab eggs, an easily-digestible
and fat-rich prey.

Our estimated minimum and maximum average mass correspond with the minimum and
maximum published masses for these species (red knot: 125-205 g (Baker et al. 2001), ruddy
turnstone: 84-190 g (Nettleship 2000)). Birds are arriving to this site close to their minimum
possible mass and, after only a few weeks, departing close to their maximum possible mass. This
underscores the importance of prey availability at this stopover site. Although this analysis
indicated substantial uncertainty in maximum average mass due to sparse data towards the end of
the season in most years, the overall average maximum mass for red knot predicted from this

analysis (178 g) agrees with predictions of optimal red knot departure mass made by Baker et al.
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(2004). That study, based on red knot physiology and optimal fuel load following Kvist et al.
(2001), estimated that a departure mass of 180 g is necessary for sufficient fat stores to reach the
Arctic breeding grounds in a single flight. This threshold mass of 180 g has been used in
conservation management planning to assess flyway population health in Delaware Bay (e.g.,
McGowan et al. 2011), which this study reaffirms. We note, though, that this analysis focuses on
the population while others have investigated departure weight on the individual level (Baker et
al. 2004, McGowan et al. 2011), so a population average departure mass of 180 g will result in
some individuals below that threshold, which could lead to negative individual carry-over
effects. Additionally, for this study we mostly captured shorebirds in foraging flocks, which
inherently biases our sampling to those birds still actively refueling and excludes those that have
reached their departure masses and are preparing to continue migration. For these reasons we are
cautious to interpret estimates of minimum or maximum average mass and focus instead on the
dynamics of the timing and rate of mass gain, which should be unaffected by the above concerns.
In cooler years, when the relative availability of horseshoe crab eggs was below average,
red knot had a later onset of mass gain and gained mass more rapidly. This indicates some
plasticity in the rate of mass gain and suggests that birds may increase the rate of fat deposition
in years with later food availability to avoid delayed departure from the stopover site. Optimal
migration theory predicts strong selective pressure on optimizing fuel deposition rates during
migratory stopover (Hedenstrom and Alerstam 1997), and evidence indicates that Arctic-
breeding shorebirds operate primarily under time constraints during northward migration (Zhao
et al. 2017). Our observation that red knots increased mass gain rates in mismatch years, as
opposed to maintaining a lower rate of mass gain but delaying departure from the stopover site,

aligns with such a time-constrained strategy. In addition to a narrow time window for breeding,
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shorebirds are also constrained by a fixed single clutch size (usually 4 eggs) and have little
flexibility in their breeding strategy to compensate for unfavorable conditions encountered
during migration. The potential impacts of climate-induced changes in phenology for breeding
behavior have been well-documented (e.g., Both et al. 2005; Winkler et al. 2002), but increased
frequency of mismatches, and potential associated physiological costs, may be especially
detrimental to species like shorebirds with limited capacity to compensate at other points of the
annual cycle.

Refueling was slower in years with greater prey abundance, suggesting that a slower
mass gain is preferable and there may be a physiological cost of rapid refueling. Other studies
have shown that individual mass predicts timing of departure from the stopover site and possibly
breeding success, with heavier birds choosing more advantageous tailwinds and having a greater
probability of being observed during the following autumn (Duijns et al. 2017). We found no
evidence for population-level delays or lack of mass gain in mismatch years, but carry-over
effects from mismatches may potentially be acting on individuals to reduce survival probability
or breeding success. Future work investigating individual-level responses to mismatch would
help in assessing potential carry-over effects, but such studies are difficult because within-season
individual recaptures are typically rare in stopover systems. Alternative methods of weighing
birds without physical capture may be needed, such as that used by Delingat et al. (2006).

This work also provides a framework to evaluate population responses to changes in prey
phenology at other stopover sites, such as inland wetlands, which may also be vulnerable to
climatic change (e.g. Steen et al. 2018). Long-distance migrants rely on predictable resources en
route and even when these linkages are simple and predictable, populations can be vulnerable to

change (Runge et al. 2014). When availability of food resources is linked to environmental
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conditions, changing phenology could result in mismatches between migrant stopover and
resource pulses. In this system, cooler spring temperatures were associated with delayed prey
availability, which affected mass gain dynamics for the specialist, but not the generalist species
using the same site. Considering species traits such as foraging ecology is likely to be important
in predicting population responses and understanding species persistence under global change
(Foden et al. 2013, Pacifici et al. 2017). A diverse body of research has shown that species that
specialize on habitat types, prey, or host plants are more vulnerable to changing environmental
conditions, leading to disproportionate population declines (Clavel et al. 2011, Davey et al.
2012) while generalist species have greater adaptive capacity to expand into and cope with novel
environments (Jonsen and Fahrig 1997, Stefanescu et al. 2011). Even with closely related species
that share many ecological and life history traits, differences in degree of specialization may
explain differences in distribution, population trends, and status. As the myriad effects of global
climate change worsen, species traits will be important in predicting which species will persist

and therefore the impacts of such changes on ecological communities.
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Tables

Table 3-1: Mass gain model parameter estimates.
Model estimates for global average and among-year coefficient of variation (CV) in mass gain
model parameters, reported as posterior mean and lower and upper bounds of the 95% credible

interval (CRI).

Among-year average

Among-year CV

Species Model parameter Mean LCRI UCRI Mean LCRI UCRI
Red Minimum average mass (g) 116 109 123 0.097 0.049 0.161
knot Maximum average mass (g) 179 170 189 0.068 0.026 0.115

Inflection point (day) 221 208 236 0.127 0.078 0.195
Maximum slope (g/day) 11.7 40 191 0.811 0.290 2.182

Start day 18.7 127 209 - -- --

End day 244 226 269 - -- --

Average rate of mass gain 6.9 2.9 11.0 -- -- --
Ruddy Minimum averagemass (g) 989 96.3 1016 0.032 0.008 0.064
turnstone  Maximum average mass (g) 160.7 153.8 168.7 0.034 0.002 0.080
Inflection point (day) 240 230 251 0.115 0.055 0.251
Maximum slope (g/day) 7.3 5.3 9.8 0.271 0.148 0.446

Start day 18.7 166 20.3 - -- --

End day 273 259 289 - -- --

Average rate of mass gain 4.1 3.2 5.2 - -- --
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Table 3-2: Effects of horseshoe crab spawning on mass gain model parameters.
Parameter estimates are reported as the means and 95% credible intervals (LCRI, UCRI) of the
posterior distributions. Inclusion probability (y) is the proportion of MCMC iterations in which
that covariate was included as a predictor. f is the proportion of the posterior distribution that is
the same sign as the posterior mean.

Species Model parameter Covariate Mean LCRI UCRI vy f
Red knot Maximum slope abundance 34 -9.6 15 021 0.72
Maximum slope timing -4.1 -15 6.1 0.18 0.80
Maximum slope abupdgnce X -8.1 -22 36 036 0.92
timing

Inflection point abundance -0.35 -2.2 1.5 0.03 0.66
Inflection point timing -1.4 -27 001 0.214 0.97

. . abundance x
Inflection point timing 0.82 -1.2 29 0.04 0.80
Ruddy turnstone  Maximum slope abundance 0.83 -1.7 39 013 0.75
Maximum slope timing 0.34 -1.9 29 0.09 0.63

. abundance x
Maximum slope timing -0.69 -43 25 0.13 0.68
Inflection point abundance -0.06  -1.3 1.2 0.06 0.55
Inflection point timing -052 -1.7 063 0.08 0.83

. . abundance x
Inflection point timing 0.38 -1.2 19 0.08 0.70
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Figure 3-1: Hierarchical mass gain model structure.
This model was used to estimate the relationship between horseshoe crab egg availability and
shorebird mass gain dynamics. Shorebird arrival probabilities were estimated using Jolly-Seber
models (A). The relationship between water temperature and horseshoe crab spawn (B) and
parameters governing shorebird mass gain dynamics (C) were estimated simultaneously in an

integrated analysis.

76




050 0.75

== Red knot = Ruddy turnstone . . 2
Statewide spawning abundance (females per m* )

2003 2004 2005 2006
1.00+
0.75-
0.50-
0.25-
0.00
- 2007 2008 2009 2010
>
= 0.75-
3
g_ 0.50
< 0.25-
<]
€ 0.00-
a 2011 2012 2013 2014
© 1.00-
o
2 0.751
® 050
=
g 0.25- /
IS
0.00-
2015 2016 2017 2018
1.001
0.75-
0.50-
0.25-
0.00, - - - -

0 10 20 30 400 10 20 30 40 0 10 20 30 40
Days since May 1

Figure 3-2; Timing of horseshoe crab spawn and shorebird arrivals.

Green lines show the cumulative proportion of horseshoe crab spawning activity that occurred by
each day. The shade of green represents the total spawning abundance (IFSA) for that year.
Black and gray lines indicate the estimated cumulative proportion of flagged birds arrived by
each day (gray = ruddy turnstone, black = red knot).
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Figure 3-3: Annual variation in mass gain of red knot and ruddy turnstone.

Points and vertical lines show the posterior mean and 95% credible interval for each model
parameter in each year. Dashed horizontal lines and shaded region represent the global average
parameter value and its 95% credible interval. Kernel densities of estimated annual means are
shown on the right (ruddy turnstone: dashed line, light gray, red knot: solid line, dark gray.
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Relationships between the day on which peak refueling began and the day on which it ended (A),
the duration of the peak refueling period (B), the average rate of mass gain (C), and the predicted

maximum average mass (D).
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Chapter 4: Annual variation in use of a spring stopover site by three migratory shorebirds

Abstract

Understanding how resource availability during migration influences both annual
demographic rates and migratory behaviors is critical for interpreting changes in passage
population sizes at stopover sites and predicting population responses to future changes and
conservation. We used an open robust design model to estimate within-year and between-year
parameters related to survival and stopover site use, including temporary emigration and
transience, for migratory birds during stopover and test for an effect of stopover site food
availability on survival probability and the probability of returning in the next year. We analyzed
mark-resight observations of red knot (Calidris canutus rufa), ruddy turnstone (Arenaria
interpres), and sanderling (Calidris alba) using Delaware Bay during spring stopover from 2005-
2018. For ruddy turnstone, the probability of returning to this site if present in the previous year
was positively associated with the availability of a key prey item in the previous year, but annual
survival probability was not associated with prey availability. For red knot, however, both
apparent annual survival probability and the probability of returning to the site were associated
with prey availability. Shorebird use of this site typically peaked during May 26-28, but the
proportion of the population present during this period varied dramatically for red knot (range:
0.07-0.59) but less so for ruddy turnstone (0.24-0.43) and sanderling (0.18-0.54). This
demonstrates that conditions at this site have species-specific effects on demographics and
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migratory behavior, both of which should be considered in analyzing and interpreting monitoring

data.

Introduction

Animals that perform long-distance seasonal migrations congregate at intermediate sites
along the migratory route that provide annually predictable, abundant, and aggregated food
resources (Newton 2006, Alerstam 2011). Such stopover sites are used by many migratory
species including birds (Amano et al. 2010), butterflies (Gibbs et al. 2006), whales (Franklin et
al. 2018), and bats (Mcguire et al. 2012). Many migratory routes consist of relatively connected
habitats of varying quality (Sawyer et al. 2009, Albanese et al. 2012) however, some sites are
especially important because they are the first available habitat after an ecological barrier (Moore
et al. 1990, Buler and Moore 2011) or because they provide especially abundant and aggregated
food resources (Clark et al. 1993). If conditions at key sites deteriorate, the ability of individuals
to shift migratory schedules or use different stopover sites (given that other suitable sites exist)
could be critical to population persistence (Peng et al. 2014, Piersma et al. 2014, Studds et al.
2017).

Migratory populations are declining globally (Wilcove and Wikelski 2008), and
monitoring at stopover sites is important for understanding population responses to past events
and predicting responses to future change or conservation efforts. Climate change and other
human disturbances may alter both the overall abundance and phenology of prey availability
along the migratory route (Thorup et al. 2017), and long-distance migrants may be particularly
susceptible to negative effects of such changes if cues from distant nonbreeding sites become

asynchronous with resource availability at stopover and breeding sites (Gwinner 1996, Robinson
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et al. 2009, Both et al. 2010). Studies using remote tracking devices have shown variation in
individual migratory behaviors for birds (Minton et al. 2011, Burger et al. 2012, Newstead et al.
2013, Verhoeven et al. 2019), suggesting some capacity for flexibility in migratory behaviors
that could facilitate shifts in the proportion of the flyway population using a stopover site from
year to year. The ability to exhibit migratory flexibility could be vital to species viability in
response to changes in resource availability at stopover sites.

Shifts in migratory schedules or site use may be difficult to distinguish from changes in
population size due to the difficulty of monitoring such wide-ranging species (Bart et al. 2007).
For at least one species (semipalmated sandpiper Calidris pusilla) negative population trends
measured during migratory stopover are contradicted by stable trends from the breeding grounds
(Smith et al. 2012). In a given year, some proportion of the population may skip a site or pass
through as transients instead of remaining to refuel (Schaub et al. 2004), and these processes of
temporary emigration and stopover residency could vary due to conditions along the migratory
route as well as prey availability and predation pressure at the stopover site (Ydenberg et al.
2004, Jonker et al. 2010). These factors may be important for understanding both changes in
flyway population size and use of stopover sites in the flyway, as changing use of a stopover site
could be misinterpreted as declining flyway population size (Bart et al. 2007).

The predictable annual aggregations of individuals at migratory stopover sites, sometimes
called “staging areas,” make them useful for monitoring the population status of migratory
species. Data collected during migratory stopover have contributed to decision-making in
contexts including habitat protection (Cimprich et al. 2006, Xia et al. 2017), fisheries harvest

limits (McGowan et al. 2015, Staton et al. 2017), and agriculture practices (Green et al. 2015, Lei

82



et al. 2018). Such decision processes depend on accurate assessments of both within-season and
across-season population trends and site use.

The use of remote tracking devices such as light-level archival geolocators, satellite tags,
GPS tags, and VHF transmitters has contributed greatly to our understanding of migratory
movements and site use (Kranstauber et al. 2011, Bridge et al. 2013, Kays et al. 2015). However,
the number of individuals tracked is often limited by cost of the devices and, for some, the ability
to re-trap an individual to recover data stored on the tag (Bridge et al. 2013). Additionally, many
existing tags have a limited lifespan due to battery capacity or attachment method. Although
rapid advances in these technologies are reducing tag size and cost while increasing lifespan and
data storage capacity (Bridge et al. 2011), use of cheaper methods to monitor individuals
facilitates data collection for more individuals across longer timeframes.

Capture-recapture models provide a suite of tools for estimating demographic rates based
on repeated encounters of individually-marked animals (Williams et al. 2002). More complex
model extensions allow for the estimation of the probabilities of temporary emigration and
transience, although the latter is often treated as a nuisance parameter (Kendall et al. 1997,
Schaub et al. 2004). Several previous analyses of capture-recapture data collected during
migratory stopover have focused either on estimating within-season dynamics for a single year
(e.g., Schaub et al. 2004, Giavi et al. 2014, Lyons et al. 2015) or on estimating annual survival
probabilities or return rates across several years (e.g., McGowan et al. 2011). Here, we present a
modeling framework to simultaneously estimate both within-year and across-year dynamics of
stopover site use (Kendall et al. 1997, Schwarz and Stobo 1997). We use this model to compare
the responses of three long-distance migratory shorebirds to conditions in Delaware Bay, a

spring stopover site that has received significant research and conservation attention in recent
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years (e.g., Niles et al. 2009, McGowan et al. 2015), and we evaluate whether stopover
conditions influenced survival probability or the probability of site use for three long-distance
migrants. To understand the role of stopover sites in limiting population growth rate of migratory
birds, it is important to consider both demographic and behavioral effects of stopover site

conditions.

Methods

Study site and focal species

The Delaware Bay is a globally-important spring stopover site for several species of
shorebirds due to the aggregation of spawning horseshoe crabs (Limulus polyphemus), the eggs
of which provide a fat-rich and easily-digestible prey for shorebirds (Tsipoura and Burger 1999).
An ongoing monitoring program was established in the late 1990s to track population status of
migratory shorebirds and inform harvest regulations for horseshoe crabs (McGowan et al. 2015).
We used monitoring data from three species during spring migration in Delaware Bay: red knot
(Calidris canutus rufa), ruddy turnstone (Arenaria interpres), and sanderling (Calidris alba). All
three of the focal species breed in the Arctic tundra and spend the nonbreeding season at sites
along the coasts of North America, the Caribbean, and South America (Nettleship 2000, Baker et
al. 2001, Macwhirter et al. 2002). Birds were captured during the spring stopover period between
May 5 and June 5 in Delaware, USA from 2005-2018 and marked with Incoloy USGS leg bands
and Darvic leg flags inscribed with unique field-readable alphanumeric codes (Clark et al. 2005).
Beaches in Delaware Bay were surveyed by trained observers throughout the stopover season to

re-sight individually flagged birds.
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Open robust design model

Mark-recapture models use repeated encounters of individually-marked animals to
estimate demographic parameters while accounting for imperfect detection (Williams et al.
2002). The robust design model (Pollock 1981) was developed to produced unbiased estimates of
temporary emigration, which is often confounded with detection probability. The classic robust
design model uses repeated sampling (secondary occasions) of marked individuals within a
closed period (primary occasions) to estimate detection probability, allowing for the estimation
of nonrandom temporary emigration from reencounters across primary periods. During
migratory stopover, however, the assumption of closure is unreasonable, as individuals may
arrive or depart at any point. The open robust design model allows for arrival and departure
between secondary occasions within a year (Schwarz and Stobo 1997, Kendall and Bjorkland
2001). We developed an open robust design model for a migratory stopover system formulated
using the m-array multinomial likelihood (Williams et al. 2002) and written in the BUGS model
language. Use of the multinomial instead of an individual state-space formulation both increases
computational efficiency and facilitates goodness-of-fit tests based on expected cell probabilities.
The model is described below, and all parameters defined in Table 1.

Across years, we estimated apparent annual survival and the probability of temporary
emigration while accounting for imperfect detection. We assumed that individuals only entered
and departed from the stopover site once in a given year (primary periods), but that those entries
or departures could occur during any secondary sampling period with in a year. For the analyses
described in this paper we divided the stopover period into nine 3-day secondary sampling
occasions following the shorebird monitoring data collection protocol, but the model structure

can accommodate any number of primary or secondary periods. The likelihood for this model is
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a product of three processes. Across k years, the likelihood L, describes the process of re-
encountering individuals that were previously encountered (“released”) in year j ( &;), and
depends on the number of individuals last seen during year j and re-encountered in a given year h
(7my;) the apparent annual survival probability of year j (¢;), the probability of being present at
the stopover site if present in the previous year (}»}‘-""r ), the probability of being present at the
stopover site if not present in the previous year ( }-:,-G*'), and the probability of detecting an
individual at least once during the year, if present (p;). We note that other studies have used the
notation ¥," and ¥; where we use ¥ and y?*; in our notation the superscripts | and O indicate

the state of being “in” or “out” of the stopover population, respectively.

Ly =P ((fme} R (0,). 073 677 ()

Within years, the likelihood L, describes the process of newly encountering individuals
in each year during one of I secondary occasions. In most Jolly-Seber models this likelihood
describes new captures of unmarked individuals, but in our formulation this likelihood describes
the first encounter of each marked bird in each year. The parameter «;, is the probability of
entering the study area in year j in a secondary period before t, not being detected, and remaining

in the study area until t.

t=1 5.
., = :
N t=1 c"‘;'_:':'—i [1 _p_;':'—:l }11{};':—1?_,1' T 6_,1':'

The number of individuals newly-encountered in each secondary period ( u;.) depends on the
probability of entering the study area during each secondary period ( &;.), the period-specific
detection probability (z;:), the probability of entering in a previous period but not being detected

(,,)» and the total number of individuals encountered in that year (p ).
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Ly =P ((fwe) IR (8, (). (pse))
The third likelihood describes the process of re-encountering individuals within a year.
The number of individuals encountered in each secondary period t that have been previously
encountered in secondary period h of year j ( ;,.) depends on the year-specific stopover
residency probability (z;), year- and period-specific stopover persistence probability (¥;.), year-
and period-specific detection probability (;.), and the number of individuals encountered in the

secondary sampling occasion h (7).

L;=P {[{ﬂjhr} {T}h }J {Tj}’ {11'[’;'? }J {pj:'})

The joint likelihood is a product of these three. All model code is available online at

https://github.com/annamtucker/open-robust-design. We followed the construction of m-arrays

as described by Kendall and Bjorkland (2001) (details in Supporting Information).

Within-year dynamics (secondary periods)

Transients are common at migratory stopover sites and failing to account for the presence
of transients could negatively bias estimates of within-season stopover persistence (Schaub et al.
2004). We defined transients as individuals that were present in the study area for only a single
secondary period and estimated an additional parameter, T;, the probability of remaining at the
stopover site for at least two sampling periods in year j. To estimate the probability of transience
we treated transients and residents as two age classes and created separate secondary period m-
arrays for each group, one containing all first encounters and, if applicable, second encounters,
and the second m-array containing all subsequent re-encounters within that year (Giavi et al.

2014). We estimated 7; and 10;, directly and derived the stopover persistence probability for the
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first m-array:. %Dj; =P, T;. ybj-; is therefore the probability of remaining at the stopover site after
the first encounter (the product of persistence and residency), and ¥;. is the probability of
remaining at the stopover site after all subsequent encounters.

Arrival probabilities for each secondary occasion in each year were estimated following
an uninformative Dirichlet prior distribution (Table 1). We estimated an overall average
detection probability and allowed for random variation in each secondary period of each year.
We estimated stopover persistence probability (¥;.) as a fixed effect of year and secondary

period.

Between-year dynamics (primary periods)

We estimated apparent annual survival (¢;), temporary emigration probabilities (}5‘-” and
}-«J,!:” ), and stopover residency probability ( ;) as a random effect of year to estimate temporal
variability in realized rates and the effects of stopover site conditions. We included covariates
related to prey availability and weather conditions encountered during stopover in the previous
year. The relative availability of horseshoe crab eggs (a key shorebird prey during stopover at
this site (Fraser et al. 2010)) depends on both the overall spawning abundance and the timing of
horseshoe crab spawn, which is related to water temperature (Chapter 3). For each year, we
estimated the horseshoe crab egg availability (hsc) as the product of the overall spawning
abundance for that year (Zimmerman et al 2016) and the proportion of spawn that occurred by
peak shorebird arrival. Previous analyses have shown that the dynamics of red knot mass gain
during stopover is influenced by the availability of horseshoe crab eggs, with later and faster
mass gain occurring in years when horseshoe crab spawning is delayed (Chapter 3). We were

interested in determining whether there was physiological cost to this rapid refueling, and so also
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included rate of mass gain as a covariate for red knot survival probability. We also estimated the
effects of stochastic weather events on survival probability. During extreme weather events birds
are unable to forage, horseshoe crab spawning is stalled by high wave activity, and egg deposits
already present on beaches may be washed away (Nordstrom et al. 2006, Smith et al. 2011). We
obtained storm data from the National Oceanic and Atmospheric Administration Severe Weather

Inventory and Storm Events Database (https://www.ncdc.noaa.gov/stormevents/) and determined

whether a severe event occurred in Delaware Bay during the stopover period (May 1-30) in each
year. Severe weather events (as defined by NOAA) included coastal flood, hail, heavy rain, high
surf, storm surge, or one of three high wind categories. We used a binary covariate for each year
to indicate whether or not a severe weather event occurred during the stopover period. All
covariates were scaled and centered for analysis.

To facilitate comparisons of environmental effects among species when including
different covariates, we estimated covariate effects using standardized linear regression models
(Mood 2010, Woodworth et al. 2017). For each draw from the posterior distribution, we
standardized estimates of survival, site fidelity, and residency probabilities by subtracting the
mean and dividing by the standard deviation and fit normal linear regression models with the
standardized probabilities as the response variables. The standardized slope coefficients
associated with each covariate are the effect of a 1 standard deviation change in the independent
variable in units of standard deviation of the response variable. For each MCMC iteration we
extracted the estimated slope coefficients and present these estimates as the posterior mean and
the proportion of the posterior distribution that is the same sign as the mean (f). The models for
each model parameter were:

¢.~hse. + storm,; Or ¢ ~rate;+ storm.

4
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vl ~hse,

T.~hsec; + water temp;

Derived parameters

From the parameters described above we derived an estimate of the flyway population-
wide probability of being present at the stopover site in each secondary occasion of each year.
This parameter depends on the annual temporary emigration probabilities ('_ri,fr*r and }f’*’), year-
specific stopover residency probability (z;), year- and period-specific entry probabilities (&;.),
and year- and period-specific stopover persistence probabilities (1. ). The probability of being
present in secondary period t given that an individual is available and a resident in year j is

denoted &, and is a function of the probabilities of entry and persistence in that year.

t=1 '51':
a;, = ’
‘ {1“ =1 5;‘: T ﬂ}-r_-_le:—l

To account for transients that do not remain after the first occasion, the stopover residency
probability is included for each period before the current period t, which can be calculated as:

Zie T Y [ajr o 5}'.‘} B 5}':
In each year, the probability of being available in year j is the sum of the probabilities of being
present given that an individual was unavailable (y},-“) or available (}f‘!) in the previous year. The
probability of being present in secondary occasion t of year j is therefore:

e = vz, + 102,

We can also estimate the probability of departure (¢;.) during each sampling occasion based on

the probabilities of arrival and persistence:

d_,":' = Z;':'El - w_,":'j
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Parameter identifiability and model assumptions

Some model parameters are not identifiable in the fully time-varying formulation of the
open robust design model (Kendall and Bjorkland 2001). The entry probabilities for the first
secondary occasions (d;; and &;,) are confounded with detection probability in the first occasion
( »;1) because new entries cannot be distinguished from newly-detected individuals, so we
constrained p;; = p;; to allow estimation of both entry probabilities. Similarly, persistence
probability for the second to last occasion (i¥/;;— 1) is confounded with entry and detection
probabilities for the last occasion. Departures before the last period are not distinguishable from
missed detections, and without information from subsequent periods the model cannot
distinguish new entries from previous entries that were not detected. We constrained p;;—1 = £
to allow estimation of entry and persistence for the second to last occasion.

There are also constraints on estimation of the temporary emigration parameters, }5‘-” and
y}!f” . These parameters are not identifiable for the first year, because no animals were released
before year 1, or the last year, because they are confounded with apparent survival probability,
i.e., because there are no subsequent years of the study we cannot distinguish between deaths and

temporary emigrants. Additionally, ¥5" is not identifiable because there are no marked animals

present in year 2 that were not present in year 1. We constrained these parameters

O

0 =y = !

or — ..of I I
S e =

=pu¥, and ¥’ =¥i_;,) and only present results from years
with estimable parameters.
In this formulation of the open robust design model, we assume that within years all

entries occur just prior to each sampling occasion and that all individuals that enter the site are

available for detection. Alternatively, the model could be constrained to allow for uniform
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entries, such that individuals could arrive and depart without being available for detection as
described by Schwarz and Stobo (1997), but that formulation requires the assumption that
persistence probabilities (1;.) are constant for all sampling occasions in year j. We also assume
that any temporary emigration from the sampled area within years occurs randomly, and that
there is no individual heterogeneity in estimated parameters. This model has the typical
assumptions of mark recapture models that individuals are correctly identified, tags are not lost,
and individuals are independent with respect to deaths, emigration, and detection. We
additionally assume that no deaths occur during secondary sampling occasions and that survival

probability is the same for all individuals encountered in a given year.

MCMC estimation and goodness of fit

For the primary period likelihood (L1) we pooled capture histories of birds first captured
and marked in Delaware and all subsequent resightings; the first capture in these cases was
physical capture and all subsequent encounters were resightings in the field. To estimate within-
year processes (secondary period likelihoods L2 and L3), we only used resightings of individuals
after the year of first capture, since birds are unobservable via resighting before first capture
(before they are marked with a field-readable tag). Therefore, within-year dynamics were not
estimable for the first year of monitoring (2005). Primary period m-arrays for each species are
provided in the Supporting Information.

There is not a unified goodness-of-fit test for the open robust design model, so we
assessed fit of the time-dependent Cormack-Jolly-Seber (CJS) model for the primary period and
secondary period m-arrays separately using the R2ucare package for R (R Core Team 2016,

Gimenez et al. 2018). Across primary periods (years), this procedure indicated evidence of both
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transience and trap-dependence for red knot and ruddy turnstone, and trap-dependence alone for
sanderling. The test components 2CT and 2CL are typically considered a test of trap-
dependence, but could also result in a significant test statistic due to nonrandom temporary
emigration (Choquet et al. 2009), in which the probability of being available for detection in
period t depends on the availability of the individual in period t-1. For red knot and ruddy
turnstone, we fit a version model that accounted for transients across years by splitting the
primary period m-arrays as described above, however estimates of transience probability were
extremely low (~0) and so we did not include this extra parameter in the models presented here.

We also assessed fit of the CJS model to the secondary period re-encounters within each
year for each species, which indicated evidence of transience and trap-dependence within most
years for red knot and ruddy turnstone but not for sanderling. Although re-encounters are field
resightings and not physical captures, trap-dependence could arise in our data if individuals tend
to remain at or return to feeding sites that receive high observer effort. In Delaware Bay, a small
sheltered harbor has been created at the mouth of the Mispillion River, creating several sandy
foraging beaches with low wave activity and high horseshoe crab spawning activity. This site
consistently has the largest foraging flocks and receives the most observer effort, which could
create a type of trap-dependence in observations. However, initial analyses indicated little
difference in detection probabilities between birds that were or were not detected in the previous
occasion, and so we did not model trap-dependence within years.

We assessed fit of the model as specified separately for each of the three likelihoods for
each species using posterior predictive checks. For each MCMC iteration, we generated replicate
m-arrays based on the parameter estimates and calculated the discrepancies between both the

observed data and these replicated datasets and expected cell frequencies using the Freeman-
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Tukey statistic (Conn et al. 2018). Graphical comparisons of observed and ideal data sets are
provided in the Supporting Information.

The open robust design model was fit separately for each species using R 3.5.1 and
Nimble 0.7.0 (R Core Team 2016, de Valpine et al. 2017). We generated 250,000 iterations of 3
chains, discarded the first 150,000 as burn-in values, and kept every 10" sample, for a total of
10,000 samples from the posterior distribution which was sufficient to ensure convergence for all

parameters (all B < 1.1 and confirmed with visual inspection of traceplots).

Results

Within-year dynamics

Estimates of within-year probabilities of arrival and persistence at the stopover site
showed relatively consistent migration schedules for ruddy turnstone, but more interannual
variation for red knot and sanderling (Figure 4, Figure S1). In most years there was a single
sampling period with peak arrival probability for each species, but in some years red knot had
multiple peaks indicating the delayed arrival of some birds, possibly those overwintering farther
south (Atkinson et al. 2005). Stopover persistence probability was consistently high early in the
season for all three species, and sharply declined in the last few sampling periods (typically after
~25 May) indicating departures to continue migration (Figure S1). The proportion of the
population present typically peaked during the seventh sampling occasion, May 26-28, for all
three species, but there was considerable variation among years (Figure 4). The estimated
proportion present during the seventh sampling period varied most among years for red knot
(range: 0.07 (2016) — 0.59 (2007), less so for sanderling (range: 0.18 (2013) — 0.54 (2015), and

least for ruddy turnstone (range: 0.24 (2012) — 0.43 (2007))
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Effects of stopover site conditions on survival and site use

We estimated high apparent annual survival probability for all three species (Table 1
Figure 2). Average apparent annual survival probability was 0.89 (0.84, 0.92) for red knot, 0.94
(0.89, 0.97) for ruddy turnstone, and 0.82 (0.72, 0.95) for sanderling across the 13 years of this
study (Figure 2). Estimates of temporary emigration indicated nonrandom temporary emigration
for all three species, with the probability of using the site if present last year (irf;r*r) consistently
greater than the probability of using the site if not present last year ('), indicating high
stopover site fidelity (Table 1, Figure 2). On average the probability of using the site in two
consecutive years was ~0.75 for all three species. Residency probability ( z;, the probability of
remaining in the study area for at least two sampling periods) was generally high for most years
for all three species with an average of ~0.65 and variance of ~0.005.

We found a demographic response to stopover site conditions for red knot and a
behavioral response to stopover site conditions for ruddy turnstone. For ruddy turnstone, the
probability of returning to this site if present in the previous year was positively associated with
the availability of horseshoe crabs in the previous year ( 5 =0.27, f = 0.98, Table 3). We found
no evidence of an association between horseshoe crab egg availability and ruddy turnstone
annual survival probability. For red knot, however, apparent annual survival probability was
positively associated with horseshoe crab egg availability ( £ = 0.37, f = 0.95) and negatively
associated with the average rate of mass gain in the previous year (£ =-0.33, f = 0.91). We also
found some evidence that red knot apparent annual survival probability was lower in years

following a severe weather event during stopover (8 = -0.55, f = 0.87). We found no strong
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associations between stopover site conditions and sanderling survival, temporary emigration, or

residency (Table 3).

Discussion

Our application of the open robust design model to a migratory stopover system allows
for integrated estimation of within-year dynamics of arrival and departure and between-year
dynamics of transience, temporary emigration, and survival in a hierarchical Bayesian
framework. We found differences between species in response to stopover site conditions;
unfavorable conditions were associated with decreased survival for red knot but lower
probability of site use for ruddy turnstone. Inter-annual variation in arrival, persistence, and
transience led to variation in the proportion of the population present throughout the season,
especially for red knot. This demonstrates that both the proportion of the flyway population
using this stopover site and the proportion present during a given sampling period both vary
among years, both of which should be considered in analyzing and interpreting monitoring data.

Migratory stopover sites are often treated as discrete islands of habitats, but in reality,
there are usually relatively continuous stretches or connected networks of habitat that birds
utilize along the migratory route, depending on local food and weather conditions in that year
(Parent 1997, Gillespie and Fontaine 2017). This analysis shows that the average probability of
returning to this stopover site in two consecutive years is ~75% for these species, indicating
relatively high site fidelity but a ~25% probability of skipping this particular stopover site.
Results from geolocator studies indicate that individual ruddy turnstone and red knot may skip
Delaware Bay in some years (R. Porter pers. comm.), and that there is substantial intraspecific

variation in migratory routes (Minton et al. 2013, Newstead et al. 2013). Additionally, we found
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that for all species the probability of returning to the stopover site if absent in the previous year
was low, which again indicates relatively fixed migratory behaviors for these species. If
probability of returning to this site after a year of non-use is low, there may be the potential for
shifting migratory behaviors away from of this site and towards use of other sites in the flyway.
This underscores the importance of collaboration for flyway-wide monitoring and conservation
action. In the Atlantic flyway, several shorebird monitoring programs collect similar counts and
resighting data (Watts and Truitt 2015). Integrating the data from those studies in a single
analysis will provide a fuller picture of population health for these species of high conservation
concern.

This analysis provides, to our knowledge, the first estimates of annual survival
probability for ruddy turnstone and sanderling using the Atlantic migratory flyway. A recent
review paper gathered estimates of survival probability from studies of shorebirds worldwide
(Méndez et al. 2018), and presented a meta-analytic average estimate of annual survival
probability of 0.84 + 0.037 for sanderling, 0.81 £ 0.020 for ruddy turnstone, and 0.80 £ 0.011 for
red knot. Our estimate of average sanderling survival probability (0.82) agrees with the studies
included in that review, but our estimates for both ruddy turnstone and red knot average (0.94
and 0.89, respectively), are higher. For ruddy turnstone, the only other available survival
estimates were either from dead recoveries or return rates that do not account for imperfect
detection, which likely underestimate the true survival probability. For red knot, our estimates
agree with the two other available studies from this flyway, which both estimated an average
annual survival probability close to 0.9 (McGowan et al. 2011, Schwarzer et al. 2012).

We estimated relatively high stopover site fidelity for all three species, which agree with

previous studies on these species in other flyways (Metcalfe and Furness 1985, Harrington et al.
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1988, Gudmundsson and Lindstrom 1992, Burton and Evans 1997, Buchanan et al. 2012). The
probability of returning to the site was associated with food availability in the previous year,
especially for ruddy turnstone, a relationship that Minias et al. (2010) also found for inland
shorebird migrants in Europe. Stopover site fidelity is thought to be associated with migration
distance (Alerstam 1979, Catry et al. 2004), and the prevailing thought is that the majority of
rufa red knot use Delaware Bay during northward migration (Niles et al. 2008). However, our
analysis indicates that less than 100% of the population returns to this site each year, presumably
using other coastal sites along the Atlantic coast instead (Watts and Truitt 2015).

Previous work in this system showed that in cooler years when horseshoe crab spawning
was delayed, red knot gained weight later in the season and at a faster rate (Chapter 3). Although
other studies have found a positive association between rate of mass gain and survival
probability for migratory shorebirds (Rakhimberdiev et al. 2018), we speculated that such
extremely rapid weight gain (~13% of lean body mass per day) could have negative
physiological effects, particularly since mass gain was slower in years of high resource
availability. This analysis shows that an increased rate of mass gain was negatively associated
with annual survival probability for red knot, which aligns with those previous predictions.
Additionally, we found that a faster rate of mass gain was negatively associated with the
probability of returning to the site, presumably because increased rates of mass gain occur in
years of lower resource availability. This work provides further evidence that unfavorable
stopover conditions can have negative demographic effects (Baker et al. 2004, McGowan et al.
2011, Piersma et al. 2014) and also highlights species differences in those effects. We found no

evidence that annual survival of ruddy turnstone or sanderling were associated with horseshoe
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crab egg availability, which may be attributable to their more diverse diet and foraging strategy
during spring migration (Gill 1986, Castro and Suazo 2009).

Our analysis of migratory shorebirds during spring stopover showed several species-
specific differences in responses to stopover site conditions. We found that ruddy turnstone were
more likely to shift migratory behaviors away from use of this site when conditions were poor,
but found little evidence that stopover site conditions influence survival probability. For red
knot, we found that survival probability was associated with both horseshoe crab egg availability
and severe weather events during stopover. These species differences align with previous
analyses indicating that red knot are more sensitive to the availability of horseshoe crab eggs
than ruddy turnstone, while the generalist foraging strategy used by ruddy turnstone makes them
more adaptable to changing conditions (Chapter 3, Sol et al. 2002, Davey et al. 2012).

Red knot exhibited more inter-annual variation in timing of stopover than the other two
species. It is unclear whether this variability is an artifact of sampling or indicative of true
variation in migratory behaviors among years. For this study, we only sampled birds using the
Delaware coast (southwest) of Delaware Bay, but shorebirds also forage and roost along the New
Jersey coast (northeast). Anecdotally, red knot seem to exhibit high variability from year to year
in their spatial distribution throughout the region, likely tied to the availability of their preferred
prey, horseshoe crab eggs (Karpanty et al. 2006). It is possible that years with low proportions of
the population present (e.g. 2016, Figure 2) indicate years in which spatial use of the region
favored areas of the Bay that were not sampled by this study. Additionally, with this model we
assume that all emigration from the study area within the season is permanent, i.e. departures to
continue migration, and that any temporary emigration occurs randomly and is therefore

captured by the detection process. If this assumption is violated, it could negatively bias our
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estimates of persistence probability and, therefore, our estimates of the proportion of the
population present (Kendall et al. 1997).

Understanding how stopover site conditions influence both demographic rates and
migratory behaviors is critical for interpreting changes in passage population sizes at stopover
sites and predicting population responses to future changes (Pomeroy et al. 2006, Smith et al.
2012, Piersma et al. 2014). In Delaware Bay, the adaptive resource management plan for
horseshoe crab harvest depends on estimates of red knot passage population size (McGowan et
al. 2015). More generally, predictive models for management decision-making with regards to
stopover site for migratory species would greatly benefit if they accounted for inter-annual
variation in site use as well as demographics. This work provides a framework to account for
these flow-through dynamics while analyzing counts conducted during migration (Gillings et al.
2009, Dickie et al. 2014). This model could be applied to a variety of migratory species to
improve population trend estimation and understand environmental effects on both demographics

and migratory behaviors.
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Tables

Table 4-1: Average and annual variance estimates of survival, transience, and temporary

emigration.

Estimates of the overall average and estimated temporal variance of ¥ (probability of being
available if present in the previous year), ¥“! (probability of being available if not present in the
previous year), ¢ (apparent annual survival probability), and  (residency probability).

. Average Annual variance
Species Parameter “piean 95% CRI Mean  95% CRI
Red knot y 0.76 0.7,0.81 0.006 0, 0.023

y?! 0.15 0.09, 0.26 0.016 0.002, 0.071

o 0.89 0.84, 0.92 0.003 0,0.011

T 0.65 0.61, 0.7 0.004 0,0.013
Ruddy turnstone " 0.76  0.72,0.81 0.004 0.001, 0.013

y? 0.06 0.03,0.11 0.004 0, 0.015

) 0.94 0.89, 0.97 0.001 0, 0.007

T 0.63 0.59, 0.67 0.005 0.001, 0.012
Sanderling ! 0.74 0.64, 0.86 0.012 0, 0.058

y ! 0.13 0.02, 0.46 0.178 0, 2.149

¢ 0.82 0.72,0.95 0.002 0,0.011

T 0.67 0.6, 0.75 0.006 0, 0.029

108



Table 4-2: Effects of stopover site conditions on shorebird demographics and behavior.
Standardized effects of stopover site conditions on demographic rates and migratory behaviors.
For each species, covariate effects are listed in order from strongest to weakest relationship.
Parameter is the model parameter (response variable), covariate is the ecological predictor (rate
of mass gain (red knot only), horseshoe crab egg availability, occurrence of severe weather, or
water temperature), estimate is the posterior mean, LCRI and UCRI are the bounds of the 95%
HPDI, and f is the proportion of the posterior distribution that is the same sign as the mean (f =
0.5 indicates no evidence of a relationship).

Species Parameter Covariate Estimate LCRI UCRI f
Red knot ¢ Hsc availability 0.37 -0.08 0.71 0.95
¢ Rate of mass gain  -0.33 -0.74 012 091
¢ Severe weather -0.55 -1.49 044 0.87
yH Hsc availability -0.10 -0.41 019 0.75
T Hsc availability 0.05 -0.34 045 059
T Water temperature  0.04 -04 046 0.58
Ruddy turnstone " Hsc availability 0.27 0.02 048 0.98
T Hsc availability 0.10 -0.13 033 081
T Water temperature  -0.11 -0.36 016 0.81
¢ Hsc availability 0.08 -046 057 0.63
¢ Severe weather 0.15 -11 118 0.62
Sanderling e Hsc availability -0.16 -0.52 029 0.78
T Hsc availability 0.14 -0.35 058 0.74
o Hsc availability -0.09 -0.64 05 0.63
T Water temperature  0.03 -0.44 052 0.53
@ Severe weather -0.04 -1.35 127 0.52
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Figures

skip stopover site

Figure 4-1. Conceptual diagram of the open robust design model.

Within a year (j, dashed boxes), individuals can arrive during any secondary sampling occasion t
with probability d;., remain as stopover residents with probability 7;, and persist between
sampling occasions with probability ¥;.. Between years (primary periods), the probability of
returning to the site is determined by the apparent annual survival probability ¢; and temporary
emigration parameters }af" and yf‘*’, which describe the probability of returning to the site if

present or not present in the previous year, respectively. The detection process is not depicted in
this diagram, but individuals can be detected during any secondary sampling occasion with
probability »;. and are detected at least once in a year with probability »;, which is derived
based on estimates of p;,, §;,, and ;. (Table 1).
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Figure 4-2. Annual use of the stopover site by three shorebird species.

For temporary emigration probabilities (A), circles represent the probability of using the site if
present in the previous year (‘f@‘-” ) and squares represent the probability of using the site if not
present in the previous year (1»:,-”*’ ). Stopover residency probability (B) is the probability of
remaining at the stopover site for at least 2 sampling occasions (7;). Apparent annual survival
probability (C) is the probability that an individual alive in year j survives to year j+1. Points and
vertical lines indicate the posterior mean and 95% credible interval of each parameter for each
year. Horizontal dashed lines and shaded gray region indicate the posterior mean and 95%
credible interval of the overall average estimate.
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Figure 4-3. Annual variation in the probability of presence at the stopover site.

Estimated probability of being present in sampling period 7 (May 26-28) each year (7;~), which
was on average the sampling period with the greatest probability of presence. The proportion of
the stopover population present was calculated based on the arrival, persistence, and temporary
emigration probabilities for each occasion of each year as described in text. Points represent
posterior means and vertical lines 95% credible intervals.
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S1. The estimated arrival and departure probabilities for each species in each year.

Departure probability is derived for each occasion based on the previous arrival and persistence
probabilities. Shaded regions indicate 95% credible intervals and lines indicate posterior means.
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2006 — 2009 F 2012 H 2015 H 2018
Year 2007 | 2010 | 2013 H 2016

2008 = 2011 = 2014 H 2017

Red knot Ruddy turnstone Sanderling
1.00 1.00- 1.00 1

0.75 1 0.751 0.751

0.501 0.50 1 0.50 1

0.251 0.251 0.251

Proportion of the population present

0.00 & 0.00 ¥ 0.001

Sampling occasion

Figure S2. Estimated probability of being present in each sampling occasion of each year. Lines
indicate posterior means and shaded regions show 95% credible intervals. The probability of
presence ( 7;.) is a derived parameter based on estimated probabilities of arrival, persistence,
transience, and temporary emigration.
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Table S1. Annual parameter estimates, reported as posterior means and 95% credible interval.

Species Year vy ¥ ®; T;

Redknot 2005 B B 0'93_5%89’ 0'65’_7(2')56'

o005 076 (0.63, 0.94 (0.90, 0.69 (0.62,
0.85) - 0.98) 0.78)

007 084 (0.77, 0.23 (0.04, 0.89 (0.84, 0.64 (0.60,
0.91) 0.50) 0.93) 0.67)

o0g 073064, 0.20 (0.07, 0.90 (0.85, 0.60 (0.55,
0.80) 0.35) 0.95) 0.65)

009 078(0.72, 0.19 (0.09, 0.86 (0.80, 0.63 (0.58,
0.85) 0.30) 0.91) 0.68)

010 078070, 0.08 (0.02, 0.87 (0.81, 0.73 (0.64,
0.85) 0.15) 0.93) 0.85)

o1 082075, 0.09 (0.04, 0.86 (0.79, 0.67 (0.62,
0.90) 0.16) 0.92) 0.74)

o012 0-76(0.68, 0.11 (0.08, 0.87 (0.80, 0.65 (0.58,
0.84) 0.17) 0.94) 0.74)

o013 076 (067, 0.07 (0.02, 0.86 (0.79, 0.66 (0.56,
0.85) 0.13) 0.93) 0.77)

o014 0-78(0.68, 0.11 (0.05, 0.88 (0.81, 0.66 (0.58,
0.88) 0.17) 0.94) 0.74)

2015 0.77 (0.69, 0.28 (0.18, 0.85 (0.73, 0.60 (0.55,
0.85) 0.39) 0.94) 0.65)

2016 0.65 (0.52, 0.09 (0.03, 0.87 (0.78, 0.64 (0.54,
0.78) 0.17) 0.95) 0.75)

o017 071(063, 0.22 (0.12, 0.91 (0.84, 0.68 (0.63,
0.79) 0.37) 0.97) 0.73)

0.63 (0.58,
2018 ~ ~ ~ 0.68)

Ruddy 2005 0.95 (0.90, 0.67 (0.61,
turnstone - -- 0.99) 0.74)

005 079(0.73, 0.95 (0.91, 0.67 (0.61,
0.85) - 0.99) 0.74)

007 084078, 0.05 (0.01, 0.93 (0.88, 0.69 (0.63,
0.90) 0.13) 0.98) 0.75)

008 080 (.75, 0.09 (0.02, 0.92 (0.86, 0.59 (0.55,
0.86) 0.20) 0.97) 0.63)

o009 0-75(0.69, 0.05 (0.01, 0.95 (0.90, 0.64 (0.59,
0.81) 0.10) 0.99) 0.69)

2010 0.69 (0.64, 0.04 (0.01, 0.93 (0.85, 0.71 (0.64,
0.75) 0.09) 0.98) 0.78)

2011 0.71 (0.65, 0.03 (0.01, 0.92 (0.84, 0.67 (0.60,
0.78) 0.06) 0.98) 0.74)

2012 0.73 (0.67, 0.04 (0.02, 0.93 (0.85, 0.56 (0.51,
0.81) 0.07) 0.98) 0.62)
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2013 0.75 (0.69, 0.07 (0.04, 0.94 (0.89, 0.66 (0.60,
0.82) 0.11) 0.99) 0.71)

2014 0.73 (0.68, 0.06 (0.03, 0.94 (0.87, 0.60 (0.56,
0.79) 0.09) 0.99) 0.64)

2015 0.78 (0.72, 0.04 (0.02, 0.94 (0.87, 0.58 (0.53,
0.85) 0.06) 0.99) 0.63)

2016 0.81 (0.76, 0.13 (0.08, 0.91 (0.80, 0.55 (0.52,
0.88) 0.21) 0.98) 0.58)

2017 0.76 (0.71, 0.03 (0.02, 0.93 (0.82, 0.56 (0.54,
0.86) 0.06) 0.98) 0.59)

2018 ~ ~ ~ 0.6(()5. §(1).)61,

Sanderling 2005 N . 0'83.5()%)68’ 0'78.§(7)')57’

2006 0.75 (0.60, 0.83 (0.72, 0.64 (0.51,
0.94) - 0.97) 0.76)

2007 0.78 (0.64, 0.80 (0.67, 0.66 (0.56,
0.95) 0.13 (0, 0.61) 0.95) 0.78)

2008 0.65 (0.46, 0.82 (0.71, 0.69 (0.59,
0.81) 0.08 (0, 0.31) 0.96) 0.83)

2009 0.70 (0.54, 0.82 (0.71, 0.66 (0.51,
0.85) 0.11 (0, 0.37) 0.96) 0.81)

2010 0.71 (0.54, 0.82 (0.71, 0.69 (0.57,
0.87) 0.07 (0, 0.21) 0.97) 0.86)

2011 0.73 (0.57, 0.82 (0.70, 0.66 (0.53,
0.90) 0.09 (0, 0.29) 0.96) 0.82)

2012 0.79 (0.64, 0.12 (0.01, 0.80 (0.67, 0.66 (0.58,
0.96) 0.34) 0.96) 0.74)

2013 0.72 (0.58, 0.81 (0.69, 0.62 (0.42,
0.90) 0.06 (0, 0.22) 0.96) 0.76)

2014 0.75 (0.61, 0.21 (0.04, 0.81 (0.68, 0.69 (0.58,
0.93) 0.67) 0.97) 0.85)

2015 0.76 (0.63, 0.81 (0.68, 0.70 (0.60,
0.92) 0.14 (0, 0.52) 0.96) 0.83)

2016 0.75 (0.62, 0.83 (0.71, 0.59 (0.49,
0.91) 0.11 (0, 0.47) 0.97) 0.68)

2017 0.80 (0.66, 0.82 (0.70, 0.66 (0.59,
0.95) 0.04 (0, 0.17) 0.97) 0.73)

0.69 (0.59,
2018 . B B 0.84)
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Table S2. Primary period m-array for red knot

Number Number re-encountered in year k (1)

Release o)0nsed ° N

year (j) ( 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Sggﬁr
2005 746 282 185 38 26 6 5 3 1 1 9 3 10 3 174
2006 848 524 80 33 12 7 6 3 2 4 1 4 6 166
2007 1210 488 183 29 30 18 5 7 22 2 8 9 409
2008 960 468 65 67 15 7 7 17 5 8 3 298
2009 978 333 171 33 12 19 27 2 9 4 368
2010 498 266 34 15 13 11 0 4 3 152
2011 846 319 73 49 51 8 11 12 323
2012 629 195 90 73 3 13 13 242
2013 358 146 64 7 10 6 125
2014 628 330 30 35 18 215
2015 934 211 182 71 470
2016 416 190 50 176
2017 1007 497 510

117



Table S3. Primary period m-array for ruddy turnstone

Release Number Number re-encountered in year K (1)

year (j) released (R;) 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 ng\e/ﬁr

2005 412 237 37 23 6 0 2 2 4 4 2 3 2 0 90

2006 549 349 57 14 4 3 2 3 2 0 5 4 1 105
2007 692 428 39 20 4 3 4 3 2 8 4 0 177
2008 995 512 72 30 13 12 8 5 18 8 0 317
2009 887 394 76 33 21 15 7 20 14 4 303
2010 732 341 71 30 13 6 11 3 0 257
2011 668 329 69 18 6 10 9 1 226
2012 661 351 58 18 18 7 0 209
2013 877 460 76 49 16 3 273
2014 829 446 112 20 3 248
2015 713 480 29 7 197
2016 1308 801 43 464
2017 1322 662 660
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Table S4. Primary period m-array for sanderling

Number Number re-encountered in year k (1)

Release ooased ° N

year (j) ( 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Sggﬁr
2005 50 20 4 1 1 0 0 0 0 0 0 0 0 0 24
2006 99 0 52 1 2 2 0 1 0 1 2 0 0 0 38
2007 108 0 0 31 10 2 1 1 0 2 1 1 1 0 58
2008 107 0 0 0 34 4 6 6 0 2 2 0 0 0 53
2009 95 0 0 0 0 29 6 7 1 2 1 1 0 0 48
2010 68 0 0 0 0 0 17 11 2 1 0 0 1 0 36
2011 129 0 0 0 0 0 0 64 3 3 1 0 0 0 58
2012 206 0 0 0 0 0 0 0 56 24 10 5 0 1 110
2013 82 0 0 0 0 0 0 0 0 31 9 3 0 0 39
2014 134 0 0 0 0 0 0 0 0 0 55 14 3 0 62
2015 136 0 0 0 0 0 0 0 0 0 0 58 12 2 64
2016 186 0 0 0 0 0 0 0 0 0 0 0 100 8 78
2017 313 0 0 0 0 0 0 0 0 0 0 0 0 129 184
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Figure S3. Posterior predictive checks for red knot using the Freeman-Tukey discrepancy

statistic.
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Figure S4. Posterior predictive checks for ruddy turnstone using the Freeman-Tukey discrepancy
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Figure S5. Posterior predictive checks for sanderling using the Freeman-Tukey discrepancy
statistic.
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Simulation study

We conducted a simulation study to confirm parameter identifiability and assess overall
model performance. 100 datasets were stochastically simulated and fit to the open robust design
model. We designed the simulation to be representative of our application to migratory
shorebirds monitored during spring stopover. We simulated datasets for 10 years and 9
secondary occasions per year, with 500 new individuals marked per year. Values of the average
survival probability, temporary emigration probabilities, transience probability, and detection
probability were drawn from a Uniform distribution for each replicate to test model behavior
across a range of possible parameter values (all data-generating values are given in Table 1).
Year-specific probabilities on the logit scale were drawn from a normal distribution. For the
simulation, we assumed that all new individuals marked in year j were first captured and marked
prior to the first secondary occasion. For each simulation, we calculated the cell probabilities for
the m-array of each of the likelihoods described above and used random draws from the
multinomial distributions to generate pooled capture histories.

Simulated datasets were fit to the open robust design model using R 3.5.1 and Nimble
0.7.0 (R Core Team 2016, de Valpine et al. 2017). We generated three MCMC chains of 100,000
iterations each, discarded the first 50,000 as burn-in values, and kept every 5™ sample, for a total
of 10,000 samples from the posterior distribution. This was sufficient to ensure convergence of
all parameters (all & < 1.1 and confirmed with visual inspection of traceplots). To assess model
performance, we calculated the mean relative bias and root mean square error of the posterior

means of each parameter (§.relative to the true data-generating values ( )&or n replicates.

, E_?:l Eé:,‘ - '9_,1:'2/'9_,1
bias =

n
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| =y -
IE?::[ EE_; - E_,":I_
Y n

RMSE =

We also calculated the proportion of replicates in which the true value was within the 95%
credible interval of the estimated posterior distribution. All code to simulate data and fit the

model is available online at https://github.com/annamtucker/open-robust-design.
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Table S5. Open robust design model parameters and parameterization. Weakly informative
priors were provided for estimates of apparent annual survival probability (#;) and detection

probability ( ;.) based on the literature and uninformative priors were provided for all other
parameters.

Notation

Definition

Priors and parameterization

Estimated parameters

¥y

P

Probability of surviving from year j
until year j-1, if alive in year j

Probability of being present in the
study area in year j if present in year j-
1

Probability of being present in the
study area in year j if absent in year j-1

Probability of remaining in the study
area for more than one sampling
occasion in year j

Probability of entering the study area
after occasion t-1 but just before
occasion tin year j

Probability of remaining in the study
area from occasion t until occasion t-1
in year j, if present in occasion t

Probability of detection in occasion t of
year |

Derived parameters

P;

Jt

jt

jt

The probability of being detected at

least once in primary period j, if
present in the study area.

The probability of arriving before
period t in year j and remaining in the
study area undetected until period t
The probability of being present in the
study area in period t of year j, if
available in year j.

The proportion of the flyway
population present in the study area in
period t of year j.

Eagit[rﬁ)}-} =u® + N[ﬂJcr‘i’j
iiagit[§t¢’ } ~Betal(5,2)
a®~Unif (0,10)
logit(y®) = " + N(0,a7)
iﬂagir[_u-"“ } ~Betal(3,3)
oV ~Unif(0,10)

[FIJ. UJI
logit(y?') =u¥ +N(0,07)
iicrgir[_u r? } ~Betal(3,3)

o1
g¥ ~Unif (0,10)
Iagit(’:j} =u"+N(0,07)
ilogit(u®)~Beta(1,1)
o ~Unif(0,10)
d; ,~Gamma(1,1)

d.,
a..= 5/

Iagir[w}-r} = .u;‘b +N(0,6%)
iiagir(ﬂf} ~Beta(1,1)
o¥~Unif(0,10)
Iagit[p}-r} = ;t}f +N(0,0%)
iiagit[gtj.’ } ~Betal(3,3)
gP~Unif(0,10)

A el il ~—1[1 _F';':—i]"i{’ e-1 T 0
i = 5;1
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Table S6. Data-generating input values, average bias and coverage of parameters in simulation
study of 100 stochastically-generated datasets. For each replicate, an average parameter value
was drawn from the Uniform distribution and year-specific values were drawn from a normal
distribution on the logit scale. We assessed model performance by calculating the mean relative
bias, root mean square error (RMSE), and proportion of the replicates in which the 95% credible
interval contained the true value (posterior coverage).

parameter ST R RMSE e
b, Unif(0.6, 0.9) 0.01 0.06 0.95
¥ Unif(0.6, 0.9) 0.04 0.09 0.87
¥ Unif(0.1, 0.5) -0.01 0.12 0.95
T Unif(0.2, 0.5) -0.02 0.06 0.94
;e Gamma(1,1)* -0.01 0.13 0.93
Ve Unif(0.5, 0.95) -0.02 0.31 0.63
P Unif(0.3, 0.7) -0.02 0.15 0.75

*Secondary occasion arrival probabilities (&;,) were simulated and estimated for each year as:

d..
d. ~Gammall,1l), §.= 7/,
@D, 6 ="/5
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Figure S6. Model estimates and data-generating values for parameters describing among-year
dynamics of survival ( ;) and stopover site use (temporary emigration probabilities and
stopover residency probability 7;). The solid line indicates a perfect correlation between model
estimates and true values. Gray points and vertical dashed lines show posterior means and 95%
credible intervals from year-specific estimates from 100 replicated datasets.
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Chapter 5: Estimating population growth rate and latent recruitment at a migratory stopover site
using an integrated population model

Abstract

Consideration of the full annual cycle of migratory species can provide useful insight into
ecological research and conservation efforts. Unfortunately, collecting data needed to statistically
estimate demographic parameters is often logistically difficult. For example, for species that
breed in remote areas monitoring is often conducted during migratory stopover or at nonbreeding
sites and fecundity can be difficult to estimate directly. Integrated population models (IPMs)
provide a method for inferring demographic rates of interest using data collected through
existing monitoring efforts from other points of the annual cycle. Here we present an IPM that
uses mark-resight and count data collected during migratory stopover to estimate population
growth rate and recruitment for two species of Arctic-breeding shorebirds. This IPM includes an
open robust design submodel to account for the flow-through dynamics of migratory stopover
and adjust expected counts. We use this model to estimate adult survival probability, population
growth rate, and recruitment rate using monitoring data collected during spring stopover in
Delaware Bay, USA from 2005-2014. We found red knot and ruddy turnstone populations were
most likely stable from 2005-2014; adult survival probabilities were consistently high (red knot:
0.90 (0.86, 0.93); ruddy turnstone: 0.93 (0.89, 0.96)) and average recruitment rate was 0.34
(0.01, 2.1) for red knot and 0.15 (0.001, 1.2) for ruddy turnstone. We found no strong association
between vital rates and either Arctic conditions or stopover site conditions, but found that

recruitment rate had the stronger effect on variation in population growth rate for both species.
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Our approach demonstrates the utility of IPMs for understanding full annual cycle population

dynamics, even when data are only available from one point of the annual cycle.

Introduction

Full annual cycle models help researchers identify sites or events during the annual cycle
that have the strongest influence on variation in population growth rate (i.e., population
dynamics)(Hostetler et al. 2015, Marra et al. 2015, Robinson et al. 2016). These models are
useful for developing a better understanding of the intrinsic and extrinsic factors that govern
population dynamics, particularly for migratory species. Identifying points that constrain
population dynamics throughout the annual cycle is useful for developing effective conservation
strategies and assessing the relative effects of habitat change or loss at nonbreeding and breeding
sites (Flockhart et al. 2015, Robinson et al. 2016, Rushing et al. 2016, Taylor and Stutchbury
2016). Full annual cycle models can also help estimate carry-over effects between seasons,
which may be important to long-term population stability (Norris et al. 2004, Norris and Marra
2007).

Integrated population models (IPMs) are a statistical method for combining multiple data
sources for a fuller picture of population dynamics (Besbeas et al. 2002, Schaub and Abadi
2011). IPMs are lend themselves to full annual cycle applications because they are anchored on a
description of the life cycle of the species, usually via a population matrix model (Caswell 2001).
Integrating analyses of demographic data allows researchers to identify the demographic rates
that have the strongest contribution to population growth rate, A, (Robinson et al. 2014, Wilson et
al. 2016, 2018) and the environmental covariates from throughout the annual cycle with the

strongest indirect effects on A (Rushing et al. 2017, Woodworth et al. 2017). Due to their
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intrinsic consideration of the full life cycle of the species and flexibility at combining different
sources of demographic information, IPMs are a good tool for supporting conservation decision-
making and prioritization (Robinson et al. 2018, Zipkin and Saunders 2018), especially for
species for which there are competing hypotheses about the most important drivers of observed
declines (Morrison et al. 2016).

Arctic-breeding shorebirds (Charadriiformes: Charadrii) are declining globally and face
many potential threats from throughout their complex annual cycle (Thomas et al. 2006, Andres
et al. 2012, Hua et al. 2015). Population declines have been linked to both habitat loss and
degradation at nonbreeding sites, particularly migratory stopover sites (Baker et al. 2004, Studds
et al. 2017), and rapidly changing conditions on breeding grounds due to climate change
(Wauchope et al. 2017). Some key stopover sites such as Delaware Bay, USA and the Yellow
Sea in Asia are the focus of conservation management actions to ensure abundant food resources
(McGowan et al. 2011b) and reduce habitat loss (Murray et al. 2014), respectively. A better
understanding of the relative importance of stopover site and breeding site conditions will help
predict the effectiveness of those conservation actions.

Conditions encountered at migratory stopover sites likely influence population dynamics
via effects on adult survival, although empirical evidence is mixed. For example, variation in
stopover site food resource availability has been linked to body mass gain during the stopover
period and subsequent survival probability (Baker et al. 2004, Piersma et al. 2014, Duijns et al.
2017, Rakhimberdiev et al. 2018). However, McGowan et al. (2011a) found limited support for
the hypothesis that departure mass at a stopover site strongly influences red knot Calidris
canutus rufa survival and Senner et al. (2014) found that delays in migration of Hudsonian

godwits Limosa haemastica had no negative effect on survival probability. Stopover site
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conditions may also influence A via carry-over effects on breeding success (Newton 2006).
Although these species are mainly income breeders (Klaassen et al. 2001) that do not rely on
stored energetic reserves for breeding, stopover site conditions could influence the timing of
migration (Duijns et al. 2017, Rakhimberdiev et al. 2018) and therefore the timing of arrival to
the breeding grounds. The breeding season in the Arctic is short and earlier breeding is
associated with greater reproductive success (Weiser et al. 2018b).

The Arctic ecosystem and food web are experiencing drastic changes due to climate
change (Legagneux et al. 2012), which may influence shorebird reproductive output due to
changes in habitat availability (Wauchope et al. 2017, Flemming et al. 2019), timing of resource
pulses (McKinnon et al. 2012), and predation pressure (Kubelka et al. 2018). Again, empirical
evidence for an effect of breeding site conditions on reproductive output is mixed, with several
studies finding neutral or positive effects of warmer summer conditions on hatching success and
clutch size (Smith et al. 2010, Aharon-Rotman et al. 2015, Weiser et al. 2018a).However, others
found evidence that warmer years led to asynchrony between nesting and food pulses, leading to
decreased chick growth rates and body size (McKinnon et al. 2012) and negative effects on
juvenile survival (van Gils et al. 2016). More compelling is the evidence that warmer summers
are associated with increased predation pressure, possibly due to the disruption of the population
cycles of lemmings, an alternative prey (Fraser et al. 2012, McKinnon et al. 2014, Aharon-
Rotman et al. 2015, McGowan 2015) or increased predator density (Kubelka et al. 2018, Weiser
et al. 2018a). Empirical estimates of fecundity are difficult to obtain for these species because
they nest in remote area at very low densities and chicks are mobile within a day of hatching

(Meltofte et al. 2008).
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A unified analysis that jointly estimates adult survival probability and recruitment can
identify the relative contribution of each vital rate to temporal variation in A and estimate the
indirect effects of stopover site conditions (e.g., food availability) and breeding site conditions
(e.g., timing of snowmelt, predation pressure) on population growth rate. Here we present an
integrated population model that uses mark-recapture data and counts conducted during
northbound migratory stopover at Delaware Bay. This stopover site has been recognized as a
globally important refueling site for migratory shorebirds. (Clark et al. 1993). Migratory
stopover sites play a critical role in the annual cycle of long-distance migrants (Newton 2004,
Alerstam 2011) and are the focus of many monitoring programs. Analysis of stopover population
monitoring data can be complicated by the occurrence of transients (Salewski et al. 2007) and
high turnover of individuals throughout the season (Lyons et al. 2015, Drever and Hrachowitz
2017). Additionally, the same proportion of the flyway population may not use a given site every
year, which could bias population estimates that are made from counts at that site (Chapter 4,
Bart et al. 2007, Smith et al. 2012).

We developed an IPM that accounts for interannual variation in site use using an open
robust design mark-recapture model (Kendall and Bjorkland 2001, Kendall et al. 2019), which
simultaneously estimates annual variation in survival and dynamics of site use (Chapter 4). We
use a simulation study to assess the performance of our models and the consequences of ignoring
flow-through dynamics when analyzing counts from a migratory stopover site. We apply this
model to evaluate the key drivers of population dynamics for two species of migratory
shorebirds. This modeling framework enables us to use existing long-term monitoring data from

a single site to infer full annual cycle population dynamics for species of conservation concern.
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Methods

Focal species, study site, and data collection

The Delaware Bay, located on the Atlantic coast of the United States between Delaware
and New Jersey, is a globally-important spring stopover site for shorebirds in the Atlantic
flyway, with hundreds of thousands of shorebirds stopping to refuel on beaches in this area
during spring migration (Clark et al. 1993). Migrating birds rely on abundant resources present
on the sandy beaches and mudflats throughout the Bay—and notably on the eggs of spawning
horseshoe crabs Limulus polyphemus (Botton et al. 1994, Tsipoura and Burger 1999, Karpanty et
al. 2006)—to replenish fat necessary to continue migration to their Arctic breeding grounds.

We analyzed population dynamics for red knot and ruddy turnstone (Arenaria interpres).
Both of these species breed in the Arctic tundra and spend the nonbreeding season at sites along
the Gulf Coast of North America, the Caribbean, and the Atlantic and Pacific coasts of South
America and typically do not migrate north or breed until their second year (Nettleship 2000,
Baker et al. 2001). These small- to medium-sized shorebirds feed in mixed flocks on sandy
beaches and intertidal mudflats during the nonbreeding season, but ruddy turnstones also use
rocky shores and manmade structures (e.g. breakwaters, jetties). Their diet during the
nonbreeding season consists of a variety of invertebrates found on the sand surface or by probing
the top layer of sediment (Gillings et al. 2007). Horseshoe crab eggs are a key fat-rich resource
consumed by all three species during spring stopover in Delaware Bay (Botton et al. 1994,
Gillings et al. 2007, Haramis et al. 2007).

Shorebirds were monitored during spring migration in Delaware Bay from 2005-2014.
Monitoring effort consisted of capture and marking, resighting marked individuals, and aerial
surveys to count the number of each species using the region each year. Birds were captured in
mixed species foraging flocks primarily using cannon nets, and a subset of individuals were
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marked with a field-readable Darvic leg flag inscribed with a unique field-readable alphanumeric
code (Clark et al. 2005). Throughout the season in each year, observers visited survey beaches at
least once within predefined 3-day sampling periods to scan flocks with spotting scopes and
record observations of individual birds. We included 55,100 resightings of 4,932 marked red
knot and 66,528 resightings of 5,421 marked ruddy turnstone in this analysis. We filtered the
resighting data by removing all impossible records of flags that were either experimentally

withheld or not yet deployed (Chapter 2).

Integrated population model

Matrix projection model

We used a two-stage matrix model in which the number of juveniles (superscript J) and
adults (superscript A) alive in the spring of year j depends on the number of individuals of each
age class in the previous year (.-"c‘;r and .-‘a";*), the annual survival for each age class (qb;r and qbf),
and fecundity (f;). We developed this model considering a spring stopover site (i.e., a pre-
breeding census), and therefore the fecundity parameter is the product of the average number of
offspring produced per breeding adult and first-winter survival of newly-hatched birds. This pre-

breeding census allowed us to us a two-stage matrix despite delayed maturation and with a 2-

N, [ﬂ f] N/
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We considered a species in which individuals do not reproduce or undergo spring migration until

year immature/juvenile stage.

their second spring, and therefore only animals in the adult age class are observable. We

estimated a recruitment parameter p; as the product of fecundity and juvenile survival:
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p; =1 %8l

For a system in which juveniles migrate in their first year and are distinguishable from adults,
juvenile survival and fecundity could be estimated separately. This recruitment rate operates ona
two-year lag; the expected number of new recruits in year j (i.e., individuals migrating north to
breed for the first time, denoted with superscript R) is equal to the total number of adults in the
population in year j-2 (V; = Nf* + N, NF = N;_;p;_,). The expected number of returning adults
in year j is equal to the total number of adults in j-1 multiplied by the annual survival probability
( N#* = N;_39;_4). To account for demographic stochasticity and other unmeasured variation in
realized survival and recruitment, we assumed the true number of new recruits was drawn froma
Poisson distribution around the expected value, and that the true number of surviving adults was
drawn from a Binomial distribution with number of trials set as the number of individuals alive
at year j-1 and the probability equal to the adult annual survival probability.

.-'".-'f ~Poisson({N;_;* p;_3)

NA~Bin omial(N;_1,@;-1)

Open robust design model for mark-recapture data

During migratory stopover there is a high rate of turnover of individuals and we cannot
assume that the entire passage population is present on any given day. Additionally, temporary
emigration (skipping the stopover site) could make some individuals unavailable in some years.
To account for these dynamics, we explicitly modeled temporary emigration and the entry and
departure of individuals from the stopover site within a year using an open robust design model
(ORD), described in detail in Chapter 4 (Figure 1). Under this model, primary sampling

occasions (years, denoted j) are divided into secondary sampling occasions (denoted t). We
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assume that individuals can arrive and depart only once within a year, but that those arrivals and
departures can occur during any secondary sampling occasion. The ORD model consists of three
likelihoods. The first (L1) describes the process of re-encountering individuals across years,
which is conditioned on the number of individuals released in each year and depends on the
annual probabilities of survival (¢;), temporary emigration (¥;* and ¥/%), and detection (#;). We
estimate two temporary emigration parameters: ¥ is the probability of being present at the site
in year j if present in year j-1 and }r'}'-:” is the probability of presence if absent in year j-1. If
temporary emigration occurs randomly, then this parameter could be collapsed into asingle
parameter ¥; = ’.Vj"' = }f’f"r . The second likelihood (L2) describes the process of encountering
individuals for the first time in secondary period t of year j. It also conditions on the total number
of individuals seen in each year and depends on the probabilities of arrival (&;.), persistence

(¥ ), detection (p;:), and transience (r;). We estimated the probability of remaining at the site for
at least two sampling occasions in year j ( ;) and derived transience probability as 1 — z;. The
third likelihood (L3) describes the process of re-encountering individuals during secondary
occasions of each year. It conditions on the total number of individuals encountered in occasion t
of year j and depends on the year- and period-specific probabilities of persistence, transience,
and detection.

For the primary period likelihood (L1) we pooled capture histories of birds first captured
and marked in Delaware and all subsequent resightings; the first capture in these cases was
physical capture and all subsequent encounters were resightings in the field. To estimate within-
year processes (secondary period likelihoods L2 and L3), we only used resightings of individuals

after the year of first capture, since birds are unobservable via resighting before first capture
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(before they are marked with a field-readable tag). Therefore, within-year dynamics were not

estimable for the first year of monitoring (2005).

State space model for counts
When counting large groups of individuals both undercounting and over-counting can
occur, so we modeled the observed count ( ;) using a Normal distribution centered around the
true number of birds present with an observation error 2%, The magnitude of counting error is
often related to the number of animals being counted, and we assumed that the observation error
was linearly related to the total number of birds available to be counted. We estimated a single
coefficient of variation parameter (CV), and derived the observation error for each count. We
also estimated the probability of being available for detection in secondary period t of year j as
described in Chapter 4 and used this probability to estimate the number of birds available to be
counted during each sampling occasion.
N = Nyeard * Tysar(d.ocs(i)
G:_Dbs =V & N:_ﬂ:ru:'!
C;~Normal(N™a,g25%)
Where m;. is the probability of being present at the stopover site in period t of year j, based on
estimates of arrival, persistence, transience, and temporary emigration from the open robust
design sub-model (Chapter 4).
Each year aerial surveys are conducted in Delaware Bay to count the number of each
species of shorebird present (Niles et al. 2008). Surveys are conducted by the New Jersey
Endangered and Nongame Species Program and typically occur in late May to capture the peak

of spring migration, but timing varies slightly among years due to weather conditions and other
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logistical constraints. In 2009 the survey flight path was expanded to include some areas not
previously sampled (Dey et al. 2011), so we estimated the counting error (CV) separately for
surveys 2005-2008 and those 2009-2014. The number of surveys per season ranged from 1-5.
For each count i, occurring in occasion t of year j, we estimated the number of birds available to
be counted and the count was assumed to have normal error as described above. We assumed
that only breeding adults were available for counting; though some juvenile knots are observed at

this site in some years, they tend arrive late in the season and in very small numbers.

Simulation study

We used simulated data sets to verify that our model produced unbiased results and to
determine the effects of failing to account for stopover flow-through dynamics in the capture-
recapture submodel. We compared estimates from the model described above to those from a
model that used a Cormack-Jolly-Seber (CJS) capture-recapture submodel, in which all
observations of an individual in a given year are collapsed into one detection/non-detection
event. The CJS model estimates apparent annual survival probability conditioned on the first
capture of an individual while accounting for imperfect detection (Cormack 1964, Williams et al.
2002). The open robust design (ORD) formulation requires a high volume of resighting data
throughout the stopover period that may not be available in some systems, while the CJS model
requires less intensive resighting effort. We simulated 100 data sets under the ORD model for a
10-year study with 1000 new individuals marked per year using input parameter values listed in
Table S1. Details of the data simulation and R code are available in the Supporting Information.
We then estimated survival, recruitment, and population growth rate using each model (IPM-CJS

and IPM-ORD). For each model we assessed estimation accuracy and precision by calculating
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the average bias and root mean square error (RMSE) of estimates relative to the true data-
generating value. We also calculated the posterior coverage, which is the proportion of replicates

in which the 95% credible interval of the estimate contained the true data-generating value.

Effects of environmental variables on demographic rates

Stopover site conditions

Stopover sites could play a role in limiting adult survival of long-distance migratory
species (Piersma et al. 2014) and it has also been proposed that carry-over effects from stopover
could influence breeding success (Newton 2006). We included two covariates related to
conditions encountered during stopover: relative horseshoe crab egg availability and the
occurrence of severe storm events. The relative availability of horseshoe crab eggs (key
shorebird prey during stopover at this site) depends on both the overall spawning abundance and
the timing of horseshoe crab spawn, which is related to water temperature (Chapter 3). For each
year, we estimated the horseshoe crab egg availability (hsc) as the product of the overall
spawning abundance for that year (Zimmerman et al 2016) and the proportion of spawn that
occurred by peak shorebird arrival. Even if horseshoe crabs are abundant and spawning is not
delayed, severe weather events before or during stopover could result in delays in shorebird mass
gain and departure. During extreme weather events birds are unable to forage, horseshoe crab
spawning is stalled by high wave activity, and egg deposits already present on beaches may be
washed away (Nordstrom et al. 2006, Smith et al. 2011). We obtained storm data from the
National Oceanic and Atmospheric Administration Severe Weather Inventory and Storm Events

Database (https://www.ncdc.noaa.gov/stormevents/) and determined whether a severe event

occurred in Delaware Bay during the stopover period (May 1-30) in each year. Severe weather
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events (as defined by NOAA) included coastal flood, hail, heavy rain, high surf, storm surge, or
one of three high wind categories. We used a binary covariate for each year to indicate whether

or not a severe weather event occurred during the stopover period.

Breeding site conditions

Environmental conditions in the Arctic, especially the timing of snowmelt, influence the
timing of nesting and availability of food resources (Smith et al. 2010), and may also be
associated with adult survival (McGowan et al. 2011a). We obtained Arctic weather data from
four weather stations within the known breeding ranges of the three focal species from the
Environment Canada Historical Weather Database
(http://climate.weather.gc.ca/historical_data.html). Temperature and snow depth data was
obtained from the Taloyoak, Cambridge Bay, Resolute, and Coral Harbour stations, which were
chosen because they are within the focal species breeding ranges and had records for the length
of our study. We extracted three metrics of breeding season weather conditions for each year:
average temperature during June and July, snowmelt date, and snow depth on 10 June. We
defined date of snow melt as the median first day with snow depth equal to 0 cm across all four
weather stations each year. Snow depth was calculated as the average snow depth across all four
stations on 10 June. Snow depth was assessed on 10 June to correspond with the time when most
of the population is thought to have arrived at the breeding site and are preparing for nesting
(Smith et al. 2010, McGowan et al. 2011a). Snowmelt date and mean temperature were
positively correlated (r = 0.70) so we fit models separately with either snowmelt date or mean
temperature. Snow depth on 10 June was not strongly correlated with either snowmelt date or

mean temperature (r = 0.10 and r = 0.31, respectively).
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We were also interested in ecological variables that could influence recruitment,
specifically predation pressure. Lemmings are small arcivoline rodents that occur throughout the
breeding range of these species and exhibit strong 3-4 yr population cycles (Fauteux et al. 2015).
It has been proposed that lemming population cycles could influence shorebird reproductive
output by saturating predators in years of high abundance, relieving predation pressure on
shorebird nests and young (McKinnon et al. 2014). There is some evidence that these cycles
have been disrupted in the past ~20 yr, which may be linked to concurrent shorebird population
declines (Fraser et al. 2012, Nolet et al. 2013, Aharon-Rotman et al. 2015, McGowan 2015). We
obtained estimates of summer densities of brown and collared lemmings brown (Lemmus
trimucronatus and Dicrostonyx groenlandicus)from long-term study on within the breeding
range of our focal species (Fauteux et al. 2015), and used this as a metric of lemming abundance
in each year (Table S2). Densities from wet and mesic habitats were highly correlated (r = 0.83)
and our focal shorebird species tend to nest in dryer habitats (Nettleship 2000, Macwhirter et al.

2002, Lathrop et al. 2018) so we used lemming densities from mesic habitat only.

Nonbreeding site conditions

Nonbreeding sites for these species include coastal areas as far north as the southern
Atlantic and Gulf coasts of the United States and as far south as Tierra del Fuego in Argentina.
Additionally, spatial and temporal use of these sites, and the relative use of different nonbreeding
sites by migrants that stop in Delaware Bay is not well established (Nettleship 2000, Baker et al.
2001, Atkinson et al. 2006). The EI Nifio Southern Oscillation (ENSO) influences global weather
patterns and coastal productivity; strong ENSO warm phases have been linked to decreased body

mass and overwinter survival of shorebird and seabirds (Duffy 1993, Butler et al. 2001, O’Hara
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et al. 2007). We used the Multivariate ENSO Index (MEI) from the National Oceanic and
Atmospheric Administration’s Earth System Research Laboratory (Wolter and Timlin 1993,

1998), available online at https://www.esrl.noaa.gov/psd/enso/mei/, to estimate the effect of

ENSO events on apparent annual survival probability and recruitment. We assumed that if ENSO
events had a strong effect on survival, such an effect would be detectable across all nonbreeding
sites. We used the MEI historic ranks presented by NOAA to determine whether a moderate or
stronger ENSO warm phase (ranks 56-69) occurred during each bimonthly period from 2004-
2013. We assigned a dummy variable to each year that was equal to 1 if a strong El Nifio event
occurred in the months September-April (roughly corresponding with the nonbreeding season)
following stopover and a 0 otherwise. For example, the year 2005 was considered an ENSO year

because an ENSO event occurred between September 2005-April 2006.

Path analysis

We used path analysis to estimate the effects of environmental covariates on
demographic rates and the direct and indirect effects of each vital rate and covariate on A
(Woodworth et al. 2017). This method involves fitting a series of linear models to the output of
each MCMC iteration after scaling and centering all parameters by subtracting the mean and
dividing by the standard deviation. For annual survival probability, we estimated the effect of
horseshoe crab egg availability (hsc), storm events (storm), Arctic snow depth on 10 June
(snow), and ENSO events (ENSO). For annual recruitment rate, we estimated the effect of
horseshoe crab egg availability, ENSO events, Arctic snow depth, and either mean temperature

(temp) or date of first snowmelt (snowmelt). Initial analyses indicated that snowmelt date had a

142


https://www.esrl.noaa.gov/psd/enso/mei/

stronger relationship with recruitment than mean temperature, so the final models for each
demographic rate were:
¢; ~ hsc; + storm; + snow; + ENSO;
P ~ hsc; + snow; + snowmelt; + lemming; + EN50;44
The standardized regression coefficients from the above models represent the direct effect of
each ecological covariate on each vital rate. Next, we estimated the direct effect of each vital
rate on A using a third linear regression model:
A~ piog
The standardized regression coefficients from this model represent the direct effect of each vital
rate on population growth rate. The indirect effect of covariate X on population growth rate via
vital rate Y was then calculated as the product of the coefficient for the effect of X on Y and the

coefficient for the effect of Y on population growth rate (Woodworth et al. 2017).

MCMC estimation and model fit

Integrated population models for each species were specified and fit using Nimble 0.7.0
and R 3.5.1 (R Core Team 2016, de Valpine et al. 2017). We sampled three MCMC chains of
100,000 iterations each, discarded 50,000 as burn-in values and kept every 5th sample. This
resulted in a total of 10,000 draws from the posterior distribution, which was sufficient to ensure
convergence of all parameters (& > 1.1 and confirmed with visual inspection of traceplots).

Unified goodness-of-fit tests have not been developed for IPMs, so we assessed model fit
for each sub-model independently using posterior predictive checks (Kéry and Schaub 2012),
which involves simulating expected data sets and comparing expected and observed data. The

open robust design sub-model was assessed using the Freeman-Tukey diagnostic and the state-
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space model was assessed using ;. Details of goodness-of-fit for the open robust design
submodel are provided in Chapter 4. Graphical posterior predictive checks are provided in the

Supporting Information.

Results

Simulation study and goodness of fit

The IPM-CJS model produced negatively biased estimates of recruitment rate (average
bias =-0.21, Table 2). Use of the IPM-ORD greatly reduced bias (average bias = -0.06),
although estimates of recruitment were still imprecise (RMSE = 0.52, Table 2). Posterior
predictive checks indicated evidence of overdispersion for the ruddy turnstone mark-resight
model, but adequate model fit for red knot and for the count models for both species (Supporting

Information Figure S5).

Vital rate estimates

Our analysis indicates that both red knot and ruddy turnstone populations were most
likely stable to increasing from 2005-2014, with an average population growth rate over this
period 1.07 (0.94, 1.2) for red knot and 0.99 (0.93, 1.1) for ruddy turnstone. However, year-
specific estimates of lambda were right-skewed for red knot, with most of the posterior mass < 1
(Supporting Information Figure S4). Adult apparent annual survival probabilities were
consistently high for both species (Figure 2), with an average of 0.90 (0.86, 0.93) for red knot
and 0.93 (0.89, 0.96) for ruddy turnstone. On average, recruitment rates were greater for red knot

than ruddy turnstone (red knot: 0.34 (0.01, 2.1); ruddy turnstone: 0.15 (0.001, 1.2)).

Effects of environmental variables
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We found no evidence of a significant effect of any of the environmental covariates
included in this analysis on estimates of adult survival probability or recruitment (Figure 3).
There was some evidence that severe weather events during stopover may be associated with
survival and snowmelt date may be associated with recruitment (Figure 3), but these effects were
not strong. Both adult survival probability and recruitment rate had a significantly positive
association with population growth rate, but the magnitude of this relationship was greater for
recruitment rate, indicating a stronger contribution to temporal variation in population growth
rate (red knot: 5% =0.27 (0, 0.92), £¢ =0.89 (0.14, 1.2); ruddy turnstone: §¢ = 0.54 (0.07, 1.2),

57 = 0.76 (0.04, 1.3)).

Discussion

We developed an integrated population model to estimate latent recruitment and
population growth rate from data collected at a single migratory stopover site. Our simulation
study demonstrated that failing to account for within-year dynamics of arrivals and departures
from the site underestimated recruitment, likely due to unmodeled variation in the proportion of
the population available to be counted in a given year. Our open robust design submodel IPM
returned more precise estimates of latent demographic rates than models without an open robust
design. Application of our open robust design IPM to two migratory shorebirds showed that both
species were most likely stable from 2005-2014 and that variation in recruitment rate had the
stronger effect on variation in population growth rate. This extension presents another use of
integrated population models to infer latent demographic rates, leading to a better understanding
of population dynamics for species of conservation concern.

Previous analyses in this system indicated that food availability during stopover was

positively associated with apparent annual survival probability for red knot, but not ruddy
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turnstone (Chapter 4). We did not find significant evidence of that relationship in this analysis,
possibly because of the additional uncertainty included in estimation of survival in the integrated
model. Other researchers have also found that stopover sites are critical for population stability
of long-distance migrants (Newton 2006, Rakhimberdiev et al. 2018), and in particular that the
availability of horseshoe crab eggs is critical for red knot at this site (Baker et al. 2004, Niles et
al. 2008, McGowan et al. 2011a). Ruddy turnstone are less reliant on horseshoe crab eggs than
red knot because of their diverse diet and generalist foraging strategy (Chapter 3, Gill 1986).
However, both species showed consistently high survival probabilities, and we found that
variation in recruitment rate may be more influential for changes in population growth rate.

We found no evidence of an effect of Arctic conditions on recruitment or adult survival
for either species. We note that our recruitment parameter combines information from two years:
the fecundity from year j and juvenile survival from year j+1. Available data did not permit us to
isolate these events, and by including covariates specific to breeding site conditions in year j we
assumed that any potential relationships with Arctic conditions were driven by a direct effect on
fecundity or carry-over effect on juvenile survival. This model structure may have prevented us
from detecting effects of Arctic weather and snow conditions on annual reproduction. It is also
possible that the spatial or temporal scale of the covariates we included to describe Arctic
conditions did not adequately capture conditions experienced by these birds. Additionally,
estimates of any latent demographic rate are typically imprecise (Kéry and Schaub 2012) and we
may not have had enough precision in our estimates of recruitment to capture an underlying
relationship with covariates.

Our analysis provides some of the first estimates of recruitment for shorebirds in this

flyway. Many current estimates of fecundity for Arctic-breeding shorebirds come from ratios of
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juvenile to adult birds observed at nonbreeding sites. Estimates of the number of juveniles per
adult range from 0-0.4 (Boyd and Piersma 2001, Rogers et al. 2005, Meltofte et al. 2008) but
unknown heterogeneity in spatial and temporal use of those sites and how populations might
segregate by age make interpretation of those ratios difficult (Robinson et al. 2005). McGowan et
al. (2011b) described a three-stage female-based matrix model to project red knot abundance in
Delaware Bay under different horseshoe crab management actions and used published estimates
from European populations to parameterize fecundity as 0.40 female young per female. With
their estimated first-year and juvenile survival at 70% and 90% of adult survival, respectively,
those estimates would result in a recruitment rate of ~0.2 female recruits per female which aligns
our average estimates of recruitment. These parameters and this model play an integral role in
the adaptive management for horseshoe crab harvest in Delaware Bay and our estimates from
these data in this flyway could be important for that adaptive management modeling (McGowan
et al. 2015). There is little to no information in the literature about recruitment rate of ruddy
turnstone in this flyway, and this analysis indicates that although the current rate is low, this
population is likely stable. For both species, however, we note that there is substantial
uncertainty in our estimates of recruitment, with estimates near 0 within the 95% credible
interval for most years.

The recruitment rate estimated here represents new adults joining the population, which
we assume to be local recruits but could also represent immigrants. Our sampling population is
defined by use of Delaware Bay during spring migration. For red knot, it is thought that nearly
all of the Atlantic flyway population (rufa subspecies) uses this site (Niles et al. 2008). For ruddy
turnstone, however, migratory connectivity is not as well-established. This species is common

along the Atlantic coast during migration and the nonbreeding season (Nettleship 2000), and itis
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plausible that our low estimates of recruitment could reflect declining use of this site. Indeed, the
lack of strong relationships between Arctic conditions and estimated recruitment rate suggests
that this parameter may influenced by either nonbreeding season effects on juvenile survival or
usage of Delaware Bay by new adults.

Nonbreeding stationary sites may also play a role in limiting population dynamics
through adult and juvenile survival. We could not determine the nonbreeding origin of
individuals captured in our study, but did not find that ENSO events had a strong effect on either
adult survival or recruitment rate. These species overwinter as far north as the Atlantic coast of
North America and as far south as Tierra del Fuego and drawing generalizations about
nonbreeding conditions is therefore difficult. Studies of ruddy turnstone in other flyways have
found very high overwinter survival for adults (Metcalfe and Furness 1985, Burton and Evans
1997). Many shorebirds make local and regional movements during the nonbreeding season as
food availability changes (Evans 1976, Dondua et al. 2016, Fonseca et al. 2017), a behavior that
may allow them to cope with fluctuations in nonbreeding season conditions.

We formulated this model for a system in which individuals do not breed until their
second year, and so juveniles are not observable during monitoring. If juveniles are observable
and distinguishable from adults during monitoring or if demographic data is available (e.g. nest
monitoring), it may be possible to separately estimate juvenile survival and fecundity. Studies of
migratory songbirds have found that juvenile survival has a large contribution to population
growth rate (Robinson et al. 2014, Rushing et al. 2017). Efforts to include other sources of data
to allow for estimation of juvenile survival will be useful in creating a fuller picture of stage

structure and stage-based variation in vital rates for these species.
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Even when ecological mechanisms cannot be identified, information about which vital
rate (e.g., adult survival, recruitment) has the stronger relationship with population growth rate
can direct future research and conservation efforts. We found that recruitment rate had the
stronger contribution to variation in population growth rate. For long-lived species adult survival
rate is typically the most elastic demographic rate (Caswell 2001); however, survival probability
was high (0.9) and fairly constant over time for both species and there may be limited
opportunity to increase survival rates. If adult survival were to precipitously decline, as has been
observed for similar species in other flyways (Piersma et al. 2014), we would expect even more
drastic population declines. Long-term stopover monitoring programs such as this one are
valuable for tracking population dynamics over time (Robinson et al. 2005), but future
conservation efforts for these species may be more fruitful if directed toward refining estimates
of annual fecundity and juvenile survival and understanding factors contributing to low realized
recruitment.

One of the strengths of data integration models is the ability to combine information-rich
data streams with relatively low-information data streams to obtain a fuller picture of ecological
dynamics (Miller et al. 2019). The use of the open robust design submodel in this IPM allowed
us to use additional information about within-season dynamics from the information-rich mark-
resight dataset to adjust the expected count from aerial surveys. Failing to account for inter-
annual variation in the flow of animals through the site led to negative bias in estimates of
recruitment, but inclusion of information about the probability of presence during counts led to
unbiased, if imprecise, estimates. This extension demonstrates a novel use of stopover site
monitoring data in an IPM framework and could be applied to any system where animals are

counted and marked during migration, including many taxa of birds (Buler and Moore 2011,
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Crewe et al. 2016), migratory fish (Roni et al. 2012), and possibly some insects (Gibbs et al.
2006) and ungulates (Sawyer and Kauffman 2011). For species that are difficult to study
throughout the annual cycle, estimates of many vital rates are lacking in the literature. This
modeling framework demonstrates how integrated models can be used to understand full annual
cycle population dynamics, even when data are only available from a single point of the annual

cycle.
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Tables

Table 5-11. Integrated population model parameter notation and definitions.
We use j to denote years, which are the primary sampling occasions, and t to denote the
secondary 3-day sampling periods within each year.

Notation

Definition

?;
2
T;

I

'}f i

or

Adult apparent annual survival probability — the probability that an adult bird that is
alive in year j will survive until year j+1
Recruitment- the per capita number of new recruits entering the population in year
j+2
Transience probability—the probability that an individual will remain at the
stopover site for more than one secondary sampling period in year j
Temporary emigration probability—the probability that an individual that is alive
and present in year j-1 will stop in Delaware Bay in year j given that it has survived
Temporary emigration probability—the probability that an individual that is alive in
year j and not present in year j-1 will stop in Delaware Bay in year j given that it
has survived
Primary period detection probability — the probability that an individual alive and
present at the site in year j is detected at least once
Stopover persistence probability—the probability that an individual present in
secondary sampling period t will remain in the study area until secondary period
t+1
Entry probability—the probability that an individual that has not yet entered the
stopover site will enter in time t
Secondary period detection probability—the probability that an individual present
in period t of year j is detected
Population growth rate — the proportional change in population size from year j to
year j+1
Proportion of the flyway population present in the study area in period t of year
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Table 5-2. Results of simulation study comparing IPMs.

We compared performance of an IPM using a Cormack-Jolly-Seber mark-recapture model (CJS)
that ignores within-season dynamics with an IPM that uses an open robust design model (ORD)
to estimate the proportion of the population available for counting. ¢* and o+ are the overall
average estimates for survival and recruitment, and parameters with subscript j are year-specific
estimates. Posterior coverage is the proportion of the MCMC estimates in which the 95%
credible interval of the posterior distribution contained the true data-generating value.

Mark-recapture Relative Posterior
submodF:eI Parameter bias RMSE coverage
CJS ¢* -0.07 0.07 0.78

p* -0.54 0.68 0.50
@; 0.06 0.08 0.60
o; -0.21 1.8 0.77
A -0.05 1.1 0.80
ORD p* 0.05 0.06 0.84
o’ 0.05 0.07 1
@; 0.05 0.09 0.78
P; -0.06 0.52 0.94
Ag 0.01 0.45 0.93
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Table 5-3. Estimates of average survival, recruitment, and population growth rate for two species
of migratory shorebirds from 2005-2014.

Average survival probability and recruitment rate were estimated directly. The average and
variance of population growth rate were calculated using the geometric mean and geometric
standard deviation of year-specific estimates for each MCMC iteration.

Species Parameter - Average Annual variance
Mean 95% CRI Mean  95% CRI
Red knot @ 0.90 0.86, 0.93 0.003  0,0.011
P 0.34 0.01,2.1
2 1.07 094,12 1.5 11,25
Rudd
turnsto%e ) 0.93 0.89, 0.96 0.001  0,0.007
P 0.15 0.001, 1.2
2 0.99 093,11 1.2 1.05, 0.7
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Figures

Figure 5-1. Conceptual diagram of the integrated population model.

This model is based on a two-stage life cycle with a pre-breeding census (A) in which
individuals do not breed until their second year. We estimate a recruitment rate, p, which is a
product of fecundity and juvenile survival and assume that new recruits have the same survival
probability as returning adults. The integrated population model (B) uses an open robust design
sub-model to estimate annual survival probability, ¢, while accounting for temporary emigration
and the proportion of the population available to be counted, =, based on estimated within-season
dynamics of arrival and departure. In this diagram, white circles indicate estimated parameters,
gray circles indicate derived parameters, and squares indicate data (C = counts, m1 = m-array for
the primary periods, m2 = m-array for new encounters within secondary periods, and m3 = m-
array for subsequent encounters within secondary periods). The open robust design sub-model
components are in the dashed box and the state-space sub-model for counts is in the solid box.
All parameters are defined in Table 1.
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Figure 5-2. Estimates of survival, fecundity, and lambda over time for red knot and ruddy
turnstone, 2005-2014.

Points represent posterior means and vertical lines represent 95% credible intervals. The
horizontal shaded regions and dashed line represent the 95% credible intervals and posterior
mean of the overall average estimate of each parameter.
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Figure 5-3. Direct and indirect effects of environmental variables on survival, recruitment, and
population growth rate

Estimates are shown for red knot (light gray) and ruddy turnstone (dark gray). Points represent
posterior means of the standardized regression coefficients and vertical lines represent 95%
credible intervals. Direct and indirect effects were estimated using a series of standardized
linear models, described in detail in text.
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Supporting information

Simulation study

We simulated mark-resight and count data of a migratory population to compare
performance of the integrated population models with either a Cormack-Jolly-Seber mark-
recapture submodel or an open robust design submodel. We simulated 100 datasets for a 10-year
study with 9 secondary sampling occasions and 1000 new individuals marked per year. For each
replicate dataset, we drew true parameter values from the distributions described in Table S1. We
first projected the population based on the input values of recruitment and adult survival
probability. For each year, the number of new recruits (R) was drawn from a Poisson distribution
and the number of surviving adults (S) was drawn from a binomial distribution.
R}-wPaz'json'[pj_g * .""l"}'_jj
5; NE’z'no*.rm'af{?'.’j_lj i1 j
N,=R;+5

We calculated the probability of presence in each occasion t of year j based on input
values for entry (d;.), residency (z;), persistence (3;.), and temporary emigration (}@'-:” and }ﬁf"’)
probabilities. The probability of being present in secondary period t given that an individual is
available and a resident in year j is denoted a;: and is a function of the probabilities of entry and

persistence in that year.

t=1 5_,-:.
ﬂf" = - o
. t=1 Cjr + ﬂ_,':_;[l,'.'r‘__f;_;[

To account for transients that do not remain after the first occasion, the stopover residency
probability is included for each period before the current period t, which can be calculated

as:
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Zjp = T}-{ﬂ}-r - Sj-t} + ;.
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In each year, the probability of being available in year j is the sum of the probabilities of being
present given that an individual was unavailable (}ff") or available (}f;-’*’) in the previous year. The
probability of being present in secondary occasion t of year j is therefore:
Tje = ]’jfz:'-‘ + V;QIZJ'-‘

We simulated a single count per year, and the counting occasion was randomly selected fromall
occasions. The number of individuals available to be counted was drawn from a binomial
distribution and the counting error (Gf“) was calculated based on the value of the counting
coefficient of variation (CV) for that replicate.

N et Binomial(N;, 0 ce ()

GO8F = OV « NEvail
Count;~Norm m’{.-".i,-m"ﬂj o 5y
Mark-recapture data was simulated by calculating the cell probabilities for the m-arrays

as described by Kendall and Bjorkland (2001) and simulating draws from the multinomial
distribution. For the primary period m-array, we first constructed three matrices to simplify the
calculation of cell probabilities. The matrix &; describes the probability of being either

unavailable (row 1, column 1) or available but not detected (row 2, column 2) in year j given the

state in the previous year.

11—y yP(1-p)
r; = B ;
N b e s e )

The matrix f; describes the probability of being unavailable (column 1) or available (column 2) if

available in the previous year.

f=[1-v" v/'a—p)]
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The matrix a; describes the probability of being available if either unavailable (row 1) or

v
¥y

4

available (row 2) in the previous year.

;=

Use of these equations and matrix algebra shortens the equations needed to construct cell
probabilities (Table S2). For the first year the number of individuals encountered during each
occasion was drawn from a multinomial distribution with 1000 individuals released. For each
subsequent year, the number released was equal to sum of the number encountered in that
occasion plus 1000 new individuals.

Within years, the probability of encountering an individual for the first time in occasion t
is calculated based on input parameter values. The probability of an individual entering either

entering in occasion t or before period t, not being detected, and remaining in the study area is:

t=1 B2
“ie = t=1 m}'r—l{l - pj:—lj%'-"' e—1T + 6}'.‘

And the probability of first encountering an individual in occasion t is w;.p;.. The number of
individuals first encountered each occasion was drawn from a multinomial distribution with a
probability vector of prL2; = [®@jP;1 - @uPi] for | secondary sampling occasions.
Subsequent reencounters within years were based on the probabilities of persistence and
detection, where the probability of being next encountered in occasion | if last seen in occasion t
equal to prL3,; = Hiiﬁ‘;: * l'[i{'l — pj:) « p;. FOr each year, we iterated over occasions and drew
the number of individuals next encountered in each subsequent sampling occasion from a
multinomial distribution.

We fit two different formulations of the integrated population and were mainly interested

in evaluating estimation of survival probability, recruitment, and population growth rate. The
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two models differed in their mark-recapture submodel. For the first, we used a Cormack-Jolly-
Seber submodel that only used encounters across years, i.e. only the primary period data, to
estimate apparent annual survival probability. For this model we did estimated any within-year
processes of arrival and departure, and therefore did not estimate the probability of presence
during each secondary occasion. Additionally, this model does not account for nonrandom
temporary emigration from the stopover site. In this model the counts for each year were
estimated as:
o7 = CV « N;
Count;~Normal(N;, o7 by

The second model included the full open robust design model as described in text, which
includes adjusted the expected count based on the estimated probability of presence during each
occasion.

Models were specified and fit using Nimble and R. We generated 3 MCMC chains of
700,000 iterations each, discarded the first 200,000 as burnin and kept every 50" sample for a

total of 10,000 samples from the posterior distribution. We calculated the relative bias, root mean

square error, and posterior coverage of estimates relative to the true data-generating value.
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Table S1. Simulation study input values

Parameter Notation Input
Initial population size Ny Unif(1000,
10000)
Adult annual survival probability ¢"4 Unif(0.6, 0.9)
Annual recruitment of new adults Pj Unif(0.5, 2)
Transience probability T; Unif(0.2, 0.5)
Temporary emigration probability — I .
PO rerﬂainingp g Y Unif(0.6, 0.9)
Temporary eTé?J?rt:ﬁg probability H@; Unif(0.1, 0.5)
Stopover persistence probability Yis Unif(0.2, 0.9)
Arrival probability 8jp Gamma(1,1)*
Detection probability Pz Unif(0.3, 0.7)
CV of counts cv 0.1o0r0.5

*Secondary occasion arrival probabilities (&;.) were simulated for each year as:

_ 4/

."'E;a_,“'

d;.~Gammal(l,1), &;,
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Table S2. Multinomial cell probabilities for primary period m-array, using the matrices described

above. Modified from Kendall and Bjorkland (2001).

Release Number Number re-encountered in year K (m;y)

year (j) released 2 3 4 5
1 Ry ®1¥1P: $1f2drasps $1f20:G3%aasp  1f2026303GaPaasps
2 R, - Pa¥s b3 P2 f3daasp, ¢ f3030s 0002
3 Rs - - bavsvi b3 fidaasDs
4 R, . : - ba¥s 13
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Figure S1. Aerial counts and estimated abundance indices for red knot and ruddy turnstone,
2005-2014. The solid line represents the model estimated overall abundance, which is an index
of the total number of birds in the flyway population. The gray shaded region represents the 95%
credible interval around this estimate. Points represent aerial survey counts conducted in each
year, and the color of the points indicates the estimated probability of presence (i.e. estimated
proportion of the population available) at the time of the count.
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Figure S2. Estimated probability of presence during each sampling occasion of each year for red
knot (gray) and ruddy turnstone (black). Points are highlighted in yellow for occasions during
which an aerial count was conducted.
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Figure S3. Estimated coefficient of variation (CV), used to estimate counting error in each year.
The aerial survey flight path and main observer changed in 2009, so we estimated a separate CV
for years 2005-2008 and 2009-2014. The CV was used to define the expected counting error,

Fobs = 1 & yavail
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Figure S4. Estimated population growth rate for each year. The color of each plot indicates the
probability that the population is increasing.
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Figure S5. Discrepancy between expected values and observed data and a replicate ideal data set,
used as a posterior predictive model check for state-space count model.
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Figure S6. Discrepancy between expected values and observed data and a replicate ideal data set,
used as a posterior predictive model check for the primary period likelihood of the open robust
design submodel.
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