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Pigeon Guillemots (Cepphus columba) and Rhinoceros Auklets (Cerorhinca monocerata) are
seabirds with a widespread year-round distribution throughout the Salish Sea, where they have a long
history of study. They have been identified as Puget Sound Vital Signs, i.e., indicators, by the Puget
Sound Partnership. The purpose of a Vital Sign is to act as a benchmark measure of the ecological health
of Puget Sound and to guide recovery goals. Despite their status as indicators, major gaps exist in our
knowledge of their relationship to the marine environment, including the relationship between marine
conditions and their demography, and characteristics of their foraging habitat. These knowledge gaps
limit their utility as indicators. In this thesis, | address some of these gaps using data from Protection

Island in the Salish Sea.



In Chapter 1, | developed hierarchical models in a Bayesian framework to understand the
relationships between Pigeon Guillemot reproductive outcomes and oceanographic conditions. |
considered the influence of multiple indicators of oceanographic conditions across different temporal
scales relative to the breeding season to learn how the temporal occurrence of these conditions influences
Pigeon Guillemot breeding outcomes. Pigeon Guillemot reproductive success, defined as the probability
of a nest fledging at least one chick, was positively correlated with the North Pacific Gyre Oscillation
(NPGO) index. Higher NGPO values are indicators of increased upwelling in the northeast Pacific and
higher marine productivity. Guillemot reproductive success did not appear to be related to local marine
conditions, including sea surface temperature or chlorophyll-a concentration, or by the broader conditions
described by the Pacific Decadal Oscillation. The lack of influence of any other covariate that |
considered may be explained by the Pigeon Guillemots’ generalist nature, in particular their ability to
prey switch depending on the abundance or quality of prey species available to them, which may buffer
them against variability in marine conditions. My results provide a better understanding of how the
Pigeon Guillemot population at Protection Island responds to marine conditions and informs their use as a
Puget Sound indicator species.

In Chapter 2, | conducted preliminary analyses of the behavior-specific movements of Pigeon
Guillemots and Rhinoceros Auklets nesting at Protection Island. | tracked individuals during the breeding
seasons of 2022 and 2023 and used these location data to fit discrete-time hidden Markov models to
characterize behavioral states of both species, which have very different foraging and provisioning
strategies during the breeding season. | used step length and turn angle to model movements of tracked
birds across resting, transiting, and foraging states. Fitted models largely conflated movements associated
with resting and foraging states, and predicted that foraging behavior occurred on or near Protection
Island. These findings suggest the importance of fixing the resting state in these models, given that we
know when and where resting, or stationary, behavior is primarily occurring, such that the models are

only distinguishing transit and foraging states. | discuss future directions for this analysis.



The utility of Pigeon Guillemots and Rhinoceros Auklets as indicators of environmental
conditions in the Salish Sea is contingent on our understanding of how they respond to and use their
habitat. Together, these chapters explore aspects of their breeding ecology and behavior and suggest

processes through which we can productively view their relationship with the environment in the Salish

Sea.
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Chapter 1: Estimating the influence of environmental conditions on breeding outcomes in Pigeon

Guillemots (Cepphus columba)

Publication history: This study was co-authored with L Robinson, EL Wagner, SF Pearson, SM Thomas,

and SJ Converse. At the time this thesis was published, this chapter was not in review with a journal.

1.1 ABSTRACT

Seabirds are useful indicators of the marine environment due to their conspicuous nature,
widespread distribution, and long history of study. The Pigeon Guillemot has been identified as an
indicator of conditions in Puget Sound, Washington, USA, and has been monitored in the region for the
past few decades, yet little is known about how they respond to marine conditions in the Salish Sea. In
this study, we investigated the influence of marine conditions on breeding outcomes of Pigeon Guillemots
at Protection Island National Wildlife Refuge, Washington. We used nest boxes to monitor nest
development for two years, adding onto an 18-year historic dataset from the island. We developed a
model to predict breeding outcomes, defined as nest success (the probability that a nest produces at least
one fledgling) and double fledging (the probability that a nest produces two fledglings, given that it
produces at least one), as a function of both local and spatially-broad marine conditions. We explored the
effects of sea surface temperature, chlorophyll-a concentration, and marine conditions described by the
North Pacific Gyre Oscillation and Pacific Decadal Oscillation indices across five temporal windows. We
found a positive correlation between nesting success and the NPGO index, but we found no evidence of a
relationship between other oceanic processes and breeding outcomes. Our findings suggest that
guillemots at Protection Island may be relatively robust in their ability to adjust to less productive
conditions, which may be attributed to their generalist diets. Our findings illustrate this population’s
flexibility in accommodating adverse conditions and better inform the use of this species as an indicator

of conditions in Puget Sound.



1.2 INTRODUCTION

Oceanographic conditions have direct effects on the distribution, quality, and quantity of food
available to seabirds (McGowan et al., 1998; Barbar and Chavez, 2002; Cury et al., 2011), and thereby
have indirect effects on habitat use and demography. Oceanographic processes that cause low-nutrient
conditions leading to decreased prey abundance can result in lower body condition, decreased chick
provisioning rates, and nest failure, ultimately reducing reproductive success and, potentially, abundance
(McGowan et al., 1998; Barber and Chavez, 2002; Sandvik et al., 2012). Due to their reliance on the
marine environment, their global distribution, and the existence of long-term monitoring datasets,
seabirds have been identified as indicators of marine conditions (Piatt et al., 2007; Parsons et al., 2008;
Mallory et al., 2010). Furthermore, they are among the most threatened groups of birds worldwide
(Croxall et al., 2012), highlighting the need to better understand how habitat changes in the oceans, which
are likely to accelerate in a changing climate, may affect their populations (Grémillet and Boulinier,
2009).

Local oceanographic processes have documented relationships with habitat use and demography
in seabirds. Sea surface temperature is frequently used as an indicator of marine productivity (Hayward,
1997). For instance, lower sea surface temperatures positively affect plankton growth and fish movement,
which in turn positively impacts Black-legged Kittiwake (Rissa tridactyla) feeding conditions and
productivity (Carroll et al., 2015). Sea surface temperature is also negatively correlated with breeding
propensity in Cassin’s Auklets (Ptychoramphus aleuticus) (Lee et al., 2007), and survival in Brandt’s
Cormorants (Phalacrocorax penicillatus) (Schmidt et al., 2015). Frederiksen et al. (2007) report a
negative relationship between winter sea surface temperature and Black-legged Kittiwake productivity,
suggesting lagged, or carry-over, effects of marine conditions. Upwelling processes in the northeast
Pacific transport cold, nutrient-rich water to the surface, which increases chlorophyll-a concentration and
results in indirect impacts on organisms at higher trophic levels (McGowan et al., 1998; Arnott and
Ruxton, 2002; Mallory et al., 2007). This chlorophyll-a concentration is commonly used as a proxy for

primary productivity through its indication of phytoplankton abundance (Huot et al., 2007).



Phytoplankton abundance has a bottom-up influence on species at higher trophic levels, such as seabirds,
that rely on the forage fish that feed on phytoplankton (Pinaud and Weimerkirch, 2006). For instance,
Rhinoceros Auklets (Cerorhinca monocerata) experienced reduced chick growth and altered breeding
phenology following prolonged marine warming and subsequent reduction of chlorophyll-a concentration
during the 1997-1998 EI Nifio in Washington State, USA (Wilson, 2005). Consequently, chlorophyll-a
concentration is commonly used to identify breeding seabird foraging habitat and to assess bottom-up
effects on their productivity (Grémillet et al., 2008; Thompson et al., 2012).

Spatially broad indices of oceanographic conditions are also predictors of seabird demography, as
the conditions associated with these indices shape prey assemblages and distributions. The Pacific
Decadal Oscillation (PDO) is a physical phenomenon of climatic variability across the north Pacific. The
PDO consists of warm and cool phases, oscillating on the scale of 20 — 30 years between higher pressure,
warmer waters along the Pacific coast (positive index values) and lower pressure, cooler waters on the
Pacific coast (negative index values) (Zhang et al., 1997; Mantua and Hare, 2002). Seabird abundance in
Hawaii and California is negatively correlated with the PDO index, indicating that seabird populations
benefit during cooler phases associated with greater marine productivity (Vandenbosch, 2000).
Additionally, warm phases of the PDO correlate with lower nutrient density and increased dietary stress
in Rhinoceros Auklets (Cerorhinca monocerata), suggesting the potential for a resulting decrease in
reproductive success (Shimabukuro et al., 2023). The North Pacific Gyre Oscillation (NPGO) is a climate
pattern in the northeast Pacific that indexes fluctuations in key features of the marine system, including
salinity, chlorophyll-a concentration, and other nutrients within the California Current system and the
Gulf of Alaska (Di Lorenzo et al., 2008). The NPGO index describes alternating periods of high and low
pressure over the North Pacific and likewise consists of positive phases, describing stronger upwelling
and increased productivity, and negative phases, which describe weaker upwelling and decreased
productivity. These phases play roles in driving changes in seabird demography. For example, Northern

Fulmar (Fulmarus glacialis) abundance has been linked with oceanic conditions described by positive



NPGO phases two months prior to their presence in a foraging area, indicating lagged effects of the ocean
conditions described by the NPGO (Studwell et al., 2017).

An understanding of the relationships between seabirds and marine conditions is important to
interpret the environmental signals that seabirds provide regarding the health of marine ecosystems.
Pigeon Guillemots (Cepphus columba; hereafter, guillemots) have been identified as ecosystem indicators
in Puget Sound, Washington, USA due to their strong dependence on the marine ecosystem, the
availability of long-term datasets, and the existence of ongoing monitoring programs (Pearson and Hamel,
2013). While diet and breeding phenology of this species have been studied in Puget Sound (Bishop et al.,
2014; Buckner et al., 2022; Warlick, 2022), there has been little effort to understand how marine
conditions influence guillemot populations.

We modeled breeding outcomes of guillemots at Protection Island, Washington as a function of
covariates describing marine conditions at a range of temporal scales. We fit the models to long-term data
on guillemot breeding outcomes in nest boxes at Protection Island, including data from 1996 — 2013 and
2022 — 2023. We evaluated evidence for several hypotheses. We hypothesized a positive relationship
between chlorophyll-a concentration and guillemot breeding success due to the positive relationship
between chlorophyll-a and forage fish abundance. Next, we hypothesized a positive relationship between
breeding success and the North Pacific Gyre Oscillation index due to the increased nutrients linked with
positive values of the index. We hypothesized a negative relationship between sea surface temperature
and guillemot breeding success because of the increased nutrients associated with cooler waters. Finally,
we hypothesized a negative relationship between the Pacific Decadal Oscillation index and guillemot
breeding success due to the greater marine productivity associated with negative values of the PDO.
Finally, we hypothesized that these oceanographic phenomena would be most influential on guillemot
breeding success prior to the onset of the breeding season, due to the time required for bottom-up effects

to propagate through the food web.



1.3 METHODS

1.3.1 Study Species & System
Guillemots are members of the auk family (Alcidae). They are one of the few auk species that

lays 1- to 2-egg clutches, rather than exclusively 1-egg clutches (Emms and Verbeek, 1991; Santo and
Nelson, 1995). They are nearshore foragers and dive in shallow waters to feed on demersal species
(Litzow et al., 2004; Johns and Warzybok, 2022). They typically feed on gunnel (Pholis spp.), sculpin
(Leptocottus spp.) and rockfish (Sebastes spp.), although they have also been observed foraging for
higher-lipid schooling fishes, including Pacific sand lance (Ammodytes hexapterus) and Pacific herring
(Clupea pallasii) (Golet et al., 2000; Litzow and Piatt, 2003; Buckner et al., 2022).

This study took place at Protection Island (48°07'38.2"N, 122°55'45.5"W) in Washington, USA,
in the Strait of Juan de Fuca. The island has a land area of 153 hectares and is closed to the public. The
island is owned primarily by the US Fish and Wildlife Service and is designated as Protection Island
National Wildlife Refuge, though one portion of the island is owned by Washington Department of Fish
and Wildlife and is designated as the Zella M. Schultz Seabird Sanctuary. Protection Island hosts a
breeding population of guillemots previously estimated at 1,200 individuals (S. Thomas, USFWS, 2023,
unpublished data). It includes seabird breeding habitat in the form of steep cliff faces and bluffs, as well
as driftwood-covered beaches. In addition to guillemots, Tufted Puffins (Fratercula cirrhata), Rhinoceros
Auklets (Cerorhinca monocerata), Olympic Gulls (Larus glaucescens x occidentalis), Pelagic
Cormorants (Phalacrocorax pelagicus), and other seabirds breed on Protection Island. No mammalian

nest predators are found on Protection Island, other than river otters (Lontra canadensis).

1.3.2 Data

1.3.2.1 Nest Box Monitoring and Breeding Outcomes
We used wooden nest boxes to monitor guillemots. In 1996 — 2013, nest boxes were located in
the marina and the area just to the southwest of the marina. In 2022, nest boxes were located along the

southern shore of the island to the marina (Figure 1.1). In 2023, nest boxes were located in similar areas



to 2022 except that we also placed boxes on Violet Point to the north of the marina along the north shore
(Figure 1.2). We fitted boxes with secure, removable lids allowing access to box contents and we
weighted lids with rocks or driftwood to exclude nest predators. Boxes were set amongst driftwood along
the shore in the early spring of each year prior to initiation of nesting, except for 13 boxes in the marina,
which were partially buried and permanent.

We visited boxes weekly beginning in late May to track nest status over the course of the
breeding season until approximately mid-September, when nesting activity ceased. At each visit, the
contents of nest boxes were recorded, including the number of eggs, chicks, and adults. We captured
chicks and adults by hand when we encountered them in nest boxes. All adults and any chicks that were
large enough to band (=150 g) received a uniquely numbered metal USGS band and three unique color
bands. Bands were replaced if they showed excessive wear.

We recorded a new nest when we found eggs in a nest box. We summarized breeding outcomes
using a categorical distribution with three potential outcomes. Nests could fail and produce no fledglings,
they could produce one fledgling, or they could produce two fledglings. Because fledging is not directly
observable, we assumed that chicks fledged successfully if they were absent from a nest at the first visit
when they were certain to be old enough to have fledged (>29 days; Ewins, 2020). This assumption
implies that chicks that are old enough to fledge but that die in the nest box will be found in the nest box
(i.e., will not be ejected by an adult nor removed by a scavenger). Given that our nest checks occurred
weekly, we believe this to be a reasonable assumption. In total, we monitored 620 nests. There were five
instances in the 1996 — 2013 data where chicks were recorded with no preceding egg presence, indicating
a potential data entry error, so we removed these nests from the analysis. There were ten instances in
which chicks were present through the final observation of a nest. Because nest fates were inconclusive,
these records were censored and not included in the analysis. From the remaining 605 nests, we
concluded that 473 chicks fledged in total, for an average of 0.78 chicks per nest (Table 1.1).

1.3.2.2 Oceanographic Covariates



We evaluated four potential predictors of nesting outcomes. The first two are local measures of
marine conditions: sea surface temperature (SST) and chlorophyll-a concentration (CHLa). The second
two describe broader marine conditions in the north Pacific Ocean: the Pacific Decadal Oscillation (PDO)
and the North Pacific Gyre Oscillation (NPGO) indices. For all covariates, we obtained available data
from 1995 through 2023. All covariate data were reported monthly, so we averaged these at five
alternative temporal windows for each year, allowing us to explore the timing at which marine conditions
may influence nesting outcomes of guillemots at Protection Island. These scales included (1) YearEarly,
for monthly values averaged over May of year t-1 through April of year t (we symbolize this for a given
covariate as, e.g., SST.YearEarly); (2) YearLate, for monthly values averaged over October of year t-1
through September of year t, e.g., SST.YearLate; (3) Winter, for monthly values averaged over October
of year t-1 through March of year t, e.g., SST.Winter; (4) LateWinter, for monthly values averaged over
January of year t through April of year t, e.g., SST.LateWinter; and (5) Breed, for monthly values
averaged over May of year t through September of year t, e.g., SST.Breed.

We obtained monthly SST data from Race Rocks Lighthouse (Lu, 2023) located on the southern
tip of Vancouver Island, British Columbia, Canada. These data had the fewest missing records of all
available sources within the Strait of Juan de Fuca and nearby Admiralty Inlet. There were several
missing values in the time series (~1%), and we used a random walk model embedded within the breeding
outcomes analysis to estimate the missing values (see below).

We obtained monthly CHLa index values from the NOAA Unified Access Framework ERDDAP
server. We specified the spatial extent of the region around Protection Island as falling between
48.360074°N — 47.993307°N and -123.306315°E — -122.694708°E, which encompasses the entirety of
Sequim Bay, Discovery Bay, Port Townsend Bay, Admiralty Inlet, and a large part of the Strait of Juan
de Fuca to the north of Protection Island. Two datasets were combined to cover the required years. The
first of these was a dataset of monthly observations from 1997 — 2010 (NASA/GSFC OBPG, 2018), and

the second was a dataset of monthly measures spanning 2011 — 2023 (NASA/GSFC OBPG, 2022).



Again, there were several missing values in the time series (~12%), and we used a random walk model
embedded within the breeding outcomes analysis to estimate the missing values (see below).

Finally, we obtained monthly NPGO data from the NOAA/ESRL PSL webpage
http://www.03d.org/npgo/npgo.php (Di Lorenzo et al., 2008) and monthly PDO data from the NOAA
National Centers for Environmental Information (Mantua, 1999). Both of these time series were

complete.

1.3.3 Data Analysis

1.3.3.1 Modeling Missing Covariate Data

There were several missing values in the monthly SST (~1%) and CHLa (~12%) time series. To
estimate these missing values, we used a simple random walk model:

log (X¢=1) ~ Normal(uy, ox)
and, fort=2:T:
log (X;) ~ Normal(log(X¢_1) ,0%)

where X is the time series of values for either SST or CHLa, u; is the estimated expectation of the first
value in the time series, o is the estimated standard deviation of model errors, and T is the length of the
time series, in months. Because the first value in the time series was not missing for SST, we omitted the
equation for log (X;—), but we included it for CHLa, for which the first value was missing. We fit this
model and then summarized the resulting complete time series based on our five temporal scales,

described above.
1.3.3.2 Modeling Breeding Outcomes
We modeled the breeding outcome of nest i, y;, as categorically distributed with probability
vector w;:
y; ~ Categorical (w;)
and we modeled the probability vector as:

w=[1-9¢; dA—-vi)  divil



The parameter ¢; (which we refer to herein as “breeding success”) is the probability that nest i produces
at least one fledgling, while the parameter y; (which we refer to herein as “double fledging”) is the
probability that nest i produces two fledglings, conditional on it having produced at least one. Note that
the probability vector w; (of length 3) sums to one.

We then modeled the parameters ¢; and y; as a function of environmental covariates relevant to
the year t in which nest i occurred. We also included temporal random effects to account for residual
temporal variation:

logit(d;) = BY * Xy + &1
and

logit(y)) = BY * Xy + €y
where 8% is a vector of coefficients (of length equal to the number of covariates plus one for the
intercept) for environmental covariates in the model for ¢;, BY is a vector of coefficients for
environmental covariates in the model for y;, X,(;) is a vector (with length equal to the relevant ) of

environmental covariates in the year t in which nest i occurred (see Oceanographic Covariates, and note

that X,[;) need not be identical in the models of ¢; and y,), E?[i] is the random effect of the year t in which

nest i occurred in the model for ¢;, and SZ[i] is the random effect of the year t in which nest i occurred in
the model for y;. We modeled the random effects as:
E(tb[i] ~ Normal(0, %)

and

51/[1'] ~ Normal(0,0Y).

1.3.3.3 Priors and Model Implementation
We fit models using JAGS (Plummer, 2003) through R (R version 4.1.2). We fit the random walk
and breeding outcome models in an integrated fashion, i.e., within the same Bayesian model (using a 2-

stage model selection process, see below). We ran models for 50,000 iterations in three chains and
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discarded the first 5,000 iterations as burn-in, and 135000 samples from the posterior. We assessed model
convergence based on visual inspection of the trace plots and by assuring that the Gelman-Rubin statistic
for all parameters was < 1.05. We specified priors as follows. For the models of missing covariates, we
specified puy ~ Normal(0, 1) and oy ~ Uniform(0, 30). For the standard deviations of the random effects in

the breeding outcomes models, we specified ¢ and ¥~ Uniform(0,10). For the vector £® and Y we
specified intercepts as ﬁ(‘}’ and ﬁg ~ Normal(0, 1). In the first stage of model selection, we also specified

the priors for coefficients on the environmental covariates as ﬁffK and B, . ~ Normal(0, 1) for K

covariates. In the second stage of model selection, the priors on these coefficients were set dynamically

(see Model Selection).

1.3.3.4 Model Selection

We undertook model selection in two steps. We first fit the nest model with each of the covariates
at each of the five temporal scales one at a time for each parameter (¢ and y) individually, i.e., we fit 40
models, each with just one environmental covariate on either breeding success or double fledging, (we
included the random effects of year in all models). For example, if we were fitting a model to evaluate the
effect of, e.g., SST.Winter on ¢, the model for y would include no environmental covariate, just an
intercept and the random effect of year. We calculated the Widely Applicable Information Criterion
(WAIC; Watanabe, 2013) for each of these models. We then selected the temporal scale (i.e., YearEarly,
YearLate, Winter, LateWinter, Breed) with the lowest WAIC value for each covariate (SST, CHLa, PDO,
NPGO) for each parameter (¢, y) and used this scale in the subsequent modeling.

In the second model selection step, we fit two models, each with the four covariates selected in
the first step (one temporal scale for each of SST, CHLa, PDO, and NPGO for each of the two
parameters) and we used the indicator variable approach, described by Kuo and Mallick (1998; see also
Link and Barker, 2006; Converse et al., 2013), to select the combination of covariates that best predicted

breeding success and double fledging. The model is written as:
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K
logit(d;) = BS + Zk_lwk B Kepip + 8‘3’[1-]

and equivalently for y;, where wy, is the indicator variable for covariate k, with a prior of

wy, ~ Bernoulli(0.5).
Given four possible covariates on ¢; and four on y;, there are 28 possible models in the model set. Link
and Barker (2006) noted that the priors on model parameters can influence the outcome of Bayesian
model selection and recommended that the total prior variance of the linear predictor should remain
constant regardless of the dimensions of the model when using the indicator variable approach for model

1/2
selection. We therefore specified ﬂﬁx[qa] and ﬂ}’:K[y] ~ Normal(0, SD = (@) ) where K[6] is the

number of environmental covariates in the model for ¢ or y (i.e., the number of covariates with w;, = 1),
plus one for the intercept, at a particular model iteration. We then placed a Gamma-distributed prior on
the precision of the linear predictor, V, with parameters 3.29 and 7.8, which produces a marginal
distribution for the response variable that is approximately Uniform(0, 1) (Link and Barker, 2006).

We summarized the posterior samples to determine how often each of the candidate models was
selected (based on the wy,) and treated the proportion of posterior samples in which a given model was
sampled as a model weight (Kuo and Mallick, 1998; Link and Barker, 2006; Smith et al., 2011; Converse
et al., 2013); we report all models with a model weight > 1%. We also report the posterior inclusion
probability, wy qq¢q, fOr each covariate, along with the Bayes Factor (BF) for each covariate, calculated
as:

Wk|data/(1 - Wk|data)
wi /(1 —wy)

BFk =

Note that the denominator of the equation for Bayes Factor equals one (i.e., we placed equal prior odds on
the inclusion of a parameter in the model). We report predicted breeding success and double fledging for
the top two models (those that collectively make up nearly 50% total weight) and we report model-

averaged estimates based on a weighted average of the estimates from these top two models.
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1.4 RESULTS

1.4.1 Covariate Temporal Scales

The correlation was high (> 0.80) amongst the individual time scales for each covariate (Figure
1.3). There were quite small differences in the WAIC scores between these different temporal scales.
Given the high covariance between the values across different temporal scales for a given covariate
(AWAIC < 2.0), and because it was necessary for us to choose just one temporal scale for each before
building further models, we chose the scale with the lowest WAIC score for each covariate. The best
temporal scales for each covariate for breeding success (¢) were SST.Breed, CHLa.LateWinter,
PDO.Breed, and NPGO.YearEarly (Table 1.2). Amongst these covariates, the largest correlation was 0.57
(between SST.Breed and PDO.Breed); the absolute value of all other correlations was < 0.5 (Figure 1.3).
For double fledging (y) the best temporal scales were SST.YearEarly, CHLa.Winter, PDO.Winter, and
NPGO.LateWinter (Table 1.2). Amongst these covariates, the highest correlation was 0.74 (between

SST.YearEarly and PDO.Winter); the absolute value of all other correlations was < 0.5 (Figure 1.3).

1.4.2 Breeding Outcomes

Only two models had weights > 10%, based on the second model selection step (Table 1.3). The
highest-weighted model, with 32% model weight, included NPGO.YearEarly (during the year prior to
breeding) as a predictor of breeding success (¢) and the null model for double fledging (y). Again, we
note that all models included the random effects, so “null” model in this context is the model without any
environmental covariates. The second-best model included the null model for both breeding success and
double fledging, with a weight of 14%. Every model that followed had a weight of less than 9% (Table
1.3).

The covariate with the highest posterior inclusion probability was NPGO.YearEarly in the model
for breeding success (¢; Table 1.4), translating to BF = 2.14. All other covariates, across models for both

breeding success and double fledging (y) had a posterior inclusion probability < 0.2, translating to BF <
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0.25. Jeffreys (1961) proposed that a BF between 2 and 3 indicates weak support, while a BF between 3
and 12 indicates moderate support, and a BF > 12, strong support.

The posterior mean of breeding success (¢; Figure 1.4) and the posterior mean of double fledging
(v; Figure 1.5) from the top model were 0.58 (95% Credible Interval: 0.51 — 0.65) and 0.26 (0.21 — 0.31),
respectively. There was a positive estimated effect of NPGO.YearEarly on ¢, with a mean effect of 0.35
(0.11 - 0.61) from this model. From the second-highest performing (null) model, the estimates were 0.62
(0.54 — 0.69) for breeding success (Figure 1.4) and 0.26 (0.21 — 0.31) for double fledging. The model-
averaged estimate of breeding success was 0.59 (0.52 — 0.67) and double fledging was 0.26 (0.21 —0.31;
Figure 1.5). There was a positive relationship between the NPGO index and breeding success (Figure

1.6).

1.5 DISCUSSION

We identified the NPGO index (in the year preceding the start of a given breeding season) as the
only predictor of guillemot breeding success of the set of potential predictors that we considered. We
estimated a positive relationship between NPGO.YearEarly and breeding success. However, there was
only relatively weak evidence for this effect. Positive NPGO phases are associated with increased
upwelling and greater plankton productivity through the spring and summer (Di Lorenzo et al., 2008;
Chenillat et al., 2012). Guillemots typically provision chicks with gunnel and sculpin (Buckner et al.,
2020), which primarily consume low-trophic organisms, including macrozooplankton that may respond
readily to the effects of shifting NPGO values (De Forest and Busby, 2006; Tokranov, 2007). Cassin’s
Auklets (Ptychoramphus aleuticus) are zooplanktivorous seabirds (Burger and Powell, 1990) that are
known to respond strongly to changes in NPGO due to its effects on their preferred prey. Schmidt et al.
(2014) reported a strong positive relationship between NPGO and Cassin’s Auklet reproductive success at
Farallon National Wildlife Refuge, California, USA. They found the same relationship with Brandt’s
Cormorants (Phalacrocorax penicillatus), though for that species, reproductive success was influenced by

NPGO in winter months. These links are consistent with Studwell et al. (2017), who reported a positive
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association between Northern Fulmar (Fulmarus glacialis) abundance and NPGO. While the oceanic
effects described by the NPGO appear to be drivers of seabird reproductive success in some systems, its
effects on seabirds may vary latitudinally.

No other oceanographic covariates that we considered appeared to be related to guillemot
breeding outcomes, suggesting that the population at Protection Island may be relatively robust to
changing ocean conditions and may not be a sensitive indicator of marine conditions nor how these
conditions influence other seabird species. Litzow et al. (2002) described breeding pairs of guillemots as
being either specialists or generalists, with specialist pairs provisioning their chicks with higher-lipid fish
such as Pacific sandlance (Ammodytes hexapterus) or Pacific herring (Clupea pallasii), increasing their
reproductive success (Golet et al., 2000; Litzow et al., 2004). Guillemots are also known to prey-switch
depending on the abundance of preferred prey species (Litzow et al., 2002). Guillemots on Whidbey
Island, Washington, were observed to primarily forage on demersal species (Kuletz et al., 1983; Buckner
et al., 2022), suggesting selection of a lower quality but more commonly available food source rather than
one that is more variably abundant. There has been no organized study of guillemot food habits at
Protection Island, though we have made anecdotal observations of adults delivering demersal species to
nests.

The extended northeast Pacific marine heatwave of 2014 — 2015, colloquially known as “The
Blob,” resulted in anomalously warm surface water exceeding 2.5°C above mean values. This event had
widespread impacts on marine life, including the die-off of over 9,000 Cassin’s Auklets due to a reduction
in planktonic productivity (Jones et al., 2018), and reduced reproductive success of Rhinoceros Auklets at
Protection Island (Wagner et al., 2023). The heatwave has been linked to a potential interaction between
effects described by the NPGO and the PDO, resulting in prolonged warm marine temperatures, weak
upwelling, and low productivity (Di Lorenzo and Mantua, 2016; Joh and Di Lorenzo, 2017). Given
multiple climatological analyses over the past few decades that suggest shifting frequency of basin-scale
oceanographic phenomena such as the EI Nifio Southern Oscillation (Timmerman et al., 1999; Cai et al.,

2014), and warmer ambient sea surface temperature (Cane et al., 1997; Seager et al., 2019), further
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exploration of how guillemots respond to short and long-term changes in the marine environment may
provide a better understanding of the limits of their robustness to changing marine conditions.
Understanding the relationships between oceanographic conditions and seabird demography is
vital for prediction and comprehension of seabirds’ responses to environmental change. This study
provides insights into the dynamics between oceanographic covariates and the breeding outcomes of
guillemots at Protection Island. By illustrating the relationship between oceanic effects described by the
NPGO and guillemot breeding outcomes, this research contributes to a growing body of literature on the
drivers of seabird population dynamics. The model developed in this study provides a framework for
assessing the impacts of various covariates on two important seabird demographic parameters. However,
our findings also highlight gaps in our knowledge about guillemot ecology that may hinder our ability to
interpret signals that they provide as a Puget Sound indicator species and suggest that guillemots may not
be ideal indicators of how marine conditions impact seabird species. Future research may be focused on
exploring some of these gaps, including the influence of other potential environmental predictors of
reproductive success, or the influence of provisioning behavior of parents, such as provisioning rate or

prey selection.
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1.7 FIGURES AND TABLES

Table 1.1 Summary of Pigeon Guillemot nesting outcomes from nesting boxes located at Protection
Island, Washington, USA, from 1996 — 2013 and 2022 — 2023. Data include the number of nests that
were monitored in nest boxes (excluding five with data entry errors), the number of nests that were
censored from the analysis because monitoring terminated while there were still chicks in the nestboxes,
the number of nests that failed (i.e., fledged no chicks), the number that fledged one chick, and the
number that fledged two chicks. See text for specifics on nest monitoring methods. Note that in all years,
the number of nest boxes available on the island exceeded the number of nests monitored.

Year Nests Nests Nest Failures  Fledged One  Fledged Two
Monitored Censored? Chick Chicks
1996 18 6 3 5 4
1997 29 3 9 13 4
1998 28 0 20 2 6
1999 30 0 9 17 4
2000 36 0 10 19 7
2001 38 0 5 21 12
2002 39 0 10 21 8
2003 36 0 19 13 4
2004 36 0 17 13 6
2005 33 0 15 16 2
2006 35 0 13 19 3
2007 37 0 17 17 3
2008 35 0 14 13 8
2009 38 1 11 19 7
2010 37 0 12 19 6
2011 22 0 7 11 4
2012 25 0 9 12 4
2013 23 0 4 16 3
2022 17 0 9 8 0
2023 23 0 16 5 2
Total 615 10 229 279 97

aNests were censored if guillemot chicks were present in the nest through the final observation, which
prevented determiniation of nest fate.
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Table 1.2 Model selection results for selection of the best temporal scale for each of the four
oceanographic covariates used to predict Pigeon Guillemot breeding outcomes at Protection Island,
Washington, USA. Sea surface temperature (SST), chlorophyll-a concentration (CHLa), the Pacific
Decadal Oscillation (PDO), and the North Pacific Gyre Oscillation (NPGO) were each identified as
potential predictors of breeding success. At the first stage of model selection, we iterated through each
time scale (see text) for each parameter (¢ and y) while keeping a null model structure for the other
parameter, i.e., for each parameter, we fit 20 models (4 covariates by 5 time scales). We retained the time
scale for each covariate that performed best in terms of AWAIC for each of the parameters. Best
performing covariates are bolded.

Parameter  Covariate Time Scale
YearEarly  YearLate Winter LateWinter Breed
SST 0.4 0.1 0.3 0.2 0.0
CHLa 0.5 0.2 0.2 0.0 0.7
¢
NPGO 0.0 0.3 0.4 0.6 13
PDO 0.1 0.4 0.3 0.2 0.0
SST 0.0 0.4 0.4 0.5 0.2
CHLa 0.7 0.3 0.0 0.2 0.7
Y
NPGO 0.3 1.9 0.0 1.4 25
PDO 1.5 0.9 0.2 0.0 2.0
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Table 1.3 Model selection results for the models with at least 1% of the total weight, describing
relationships between oceanographic conditions and Pigeon Guillemot nesting outcomes at Protection
Island, Washington, USA, from 1996 — 2013. Model weights are the proportion of 50,000 Markov chain
Monte Carlo iterations in which a given model was selected using an indicator variable approach (see text
for description of method). Each model consists of a covariate structure on two response variables,
including ¢;, the probability that nest i produces at least one fledgling, and y;, the probability that nest i
produces two fledglings, conditional on producing at least one. Covariates are described in Table 1.2. A

random effect of year is also included, given as ef’[i], which is sampled from a normal distribution.

Model Weight (%)

logit(d;) = Bg’ + B? * NPGO.YearEarly,;; + sctb[i]

. 32.26
logit(y;) = By + SZ[L']

logit(d;) = By +&f; 13.59
logit(y;) = By + SZ[i] |
logit(d;) = Bg’ + 32’ * NPGO. YearEarlyt[i] + S(tb[l-] 8.82
logit(b;) = By + BY * NPGO.YearEarly,; + el 6.82
logit(y;) = B‘O/ + B‘l’ * NPGO. LateWintery;) + SZ[i] .
logit(d;) = Bg’ + B? * CHLa. LateWintert[i] + E(tb[l-] 3.12

logit(y;) = By + &}

logit(d;) = Bg’ + B? * CHLa. LateWintery;) + ﬁ;b * NPGO.YearEarly;
+eh 3.11
logit(y;) = By + &y

logit(d) = BY + b

logit(y;) = By + BY * PDO. Winter;;; + el 3.09

t[i]

logit(p;) = Bg’ + Bil’ * NPGO.YearEarly,; + e

b 2.78
logit(y;) = By + By * CHLa. LateWintery;) + &y |
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logit(dy) = Be + €5,

logit($) = By + BT * NPGO.YearEarlyyy + £fy, 2.07
logit(y;) = Bg + B‘l' * SST.YearEarly; + Sr[i] '
logit(d;) = Bg’ + B? * NPGO.YearEarly, + 8(3)[1-] 1
logit(y;) = By + BY * NPGO. LateWinter,; + BY » PDO. Wintery;) + SZ[i] o
e T 1+ pe )+ e
logit(¢;) = By + By * NPGO.YearEarly,; + B, * PDO. Breed,;) + £, 167
logit(v,) = By + )y |
logit(d) = BY +eiyy 1.07

logit(y)) = By + By * CHLa. LateWintery + ey




26

Table 1.4 Model selection results for the four oceanographic covariates used to predict two parameters of
Pigeon Guillemot breeding outcomes, ¢, the probability that at nest produces at least one fledgling, and y,
the probability that a nest produces two fledglings, conditional on producing at least one. Covariates
include sea surface temperature (SST), chlorophyll-a concentration (CHLa), the North Pacific Gyre
Oscillation (NPGO), and the Pacific Decadal Oscillation (PDO). The posterior inclusion probability is the
probability that the covariate will be included in the model, and the Bayes factor is the posterior odds
ratio in favor of the set of models including the covariate versus the set of models not including the
variable.

Parameter Covariate Posterior Inclusion Bayes Factor
Probability
SST.Breed 0.03 0.04
) CHLa.LateWinter 0.13 0.15
NPGO.YearEarly 0.68 2.14
PDO.Breed 0.05 0.06
SST.YearEarly 0.07 0.07
v CHLa.Winter 0.07 0.08
NPGO.LateWinter 0.17 0.20

PDO.Winter 0.20 0.25




27

Figure 1.1 Locations of occupied nest boxes on Protection Island in 2022. Boxes are marked with a
yellow point. The boxes were placed in three distinct areas: Kanem Point (in the southwest of the island),
mid-shore (on the central-southern coast of the island), and the marina, towards the east of the island.
During the 1996-2013 monitoring period, the nest boxes were in and just to the southwest of the marina.
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Figure 1.2 Locations of monitored nests on Protection Island in 2023. Boxes are marked with a yellow
point. The boxes were placed in four distinct areas: Kanem Point (in the southwest of the island), mid-
shore (on the central-southern coast of the island), the marina, and Violet Point (north of the marina along

the north shore).
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Figure 1.3 Pairwise correlation among all temporal windows for each covariate. Sea surface temperature
(SST), chlorophyll-a concentration (CHLa), the North Pacific Gyre Oscillation (NPGO) index and the
Pacific Decadal Oscillation (PDO) index were all broken into five alternative temporal windows each
(YearEarly, YearLate, Winter, LateWinter, and Breed; see Oceanographic Covariates).
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Figure 1.4 Estimated mean Pigeon Guillemot breeding success (¢; the probability of producing chicks)
including 95% credible intervals of the best fit model, second best fit model, and the average between the
two (see Table 1.3 for descriptions of the top two models).
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Figure 1.5 Estimated mean Pigeon Guillemot double fledging (y) including 95% credible intervals of the
best fit model, second best fit model, and the average between the two (see Table 1.3 for descriptions of

the top two models).
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Figure 1.6 Predicted mean Pigeon Guillemot breeding success (¢) including 95% credible intervals
across possible values of NPGO. Mean and credible intervals obtained from the best fit model (see Table
1.3 for description of the best fit model).

1.00-

0.75-

Mean ¢ (95% Crl)

0.25-

0.00-



33

Chapter 2: Characterizing movements of breeding Pigeon Guillemots (Cepphus columba) and Rhinoceros

Auklets (Cerorhinca monocerata)

Publication history: This study was co-authored with EL Wagner, SF Pearson, SM Thomas, and SJ

Converse. At the time this thesis was published, this chapter was not in review with a journal.

2.1 ABSTRACT

Pigeon Guillemots (Cepphus columba) and Rhinoceros Auklets (Cerorhinca monocerata) are
seabirds that have been identified as indicators of the health of Puget Sound, yet significant gaps still exist
in our knowledge of their foraging behavior during the breeding season. In this study, we used GPS
telemetry to track movements of these seabirds during the breeding season at Protection Island,
Washington, USA, and we used hidden Markov modeling to classify behavioral states and estimate
movement parameters, allowing us to expand on existing evidence for the substantially different foraging
strategies of these two species. Pigeon Guillemots exhibited shorter and more range-limited movements to
provision their young compared to Rhinoceros Auklets. However, foraging and resting states appeared to
be difficult to distinguish in the models. Additional development of hidden Markov modeling is needed to
more clearly distinguish behavioral states for these two species, which will allow for a greater

understanding of their breeding and foraging ecology, along with the identification of key foraging areas.

2.2 INTRODUCTION

Seabirds depend on year-round access to marine foraging habitat, with greater energetic needs
during months when they are provisioning young. Breeding seabirds are central-place foragers, making
trips between foraging sites and breeding colonies to provision nestlings (Orians and Pearson, 1979; Bell,
1990), such that foraging habitat must be adequately close to nesting habitat to meet seabirds’ energetic
needs. Understanding how seabirds exploit distinct foraging and breeding habitat is necessary for
addressing basic ecological questions, and for identifying foraging habitats around breeding colonies that

are critical to protect. Understanding how seabirds meet their foraging habitat needs in particular can be
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challenging, as foraging behavior can be difficult to observe directly, and can vary substantially, given
differences in species physiology (Fromant et al., 2021), time budgets (Cairns et al., 1987; Ropert-
Coudert et al., 2004), prey availability and distribution (Gaston et al., 2007; Elliott et al., 2008), and

environmental conditions (Fromant et al., 2021).

To better understand how birds are using marine habitats to meet their life history needs, we can
study their movements (Evans et al., 2013). In particular, we can use movement data to identify
behavioral states — e.g., traveling, foraging, or nest and chick care. This requires, in addition to fine-scale
movement data, some prior knowledge of the life histories of the target species and appropriate analytical
methods. Methods to infer behavior from tracking data typically involve two steps. First, individuals are
tracked using methods such as satellite telemetry (Stoneburner, 1982; Keating et al., 1991; Godley et al.,
2008), radio-telemetry (Mech, 1967; Lee et al., 1985; Miller et al., 2005), or camera traps (Royle et al.,
2013; Frey et al., 2017). The methods with which animals are tracked requires species-specific
considerations to avoid impacting behavior (Wilson et al., 1997; Tudorache et al., 2014; van der Hoop et
al., 2014). Seabirds are commonly tracked using VHF radio tags (Jodice and Collopy, 1999; Lamb et al.,
2023), light-level geolocator tags (Weimerskirch and Wilson, 2000; Johns and Warzybok, 2022), or
global positioning system (GPS) tags (Grémillet et al., 2004; Chimienti et al., 2017; Critchley et al.,
2020). After obtaining tracking data, models describing the underlying factors that drive these
observations are developed. A variety of modeling frameworks exist, including state-space models (Breed
et al., 2012), change point analyses (Patel et al., 2015), and dynamic time warping (Cleasby et al., 2019).
Hidden Markov models (HMMSs) are a specific type of state-space models that can be particularly useful
for understanding movement states (Zhang et al., 2019; Beumer et al., 2020). In movement ecology,
HMMs are often used to delineate latent behavioral states and state transition probabilities through the
analysis of time series of location data. Using HMMs to identify where specific behaviors (such as
foraging) occur can contribute to animal conservation, as identifying where state-specific behaviors occur

can help inform protection of critical habitat.
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Pigeon Guillemots (Cepphus columba; hereafter, guillemots) and Rhinoceros Auklets
(Cerorhinca monocerata; hereafter, auklets) are two seabirds that have been identified as indicators of
marine ecosystem health in Puget Sound, Washington, USA (Pearson and Hamel, 2013). Both species are
abundant on Protection Island in the Strait of Juan de Fuca, and while aspects of their foraging ecology
have been described (Wilson and Manuwal, 1986; Thompson, 2005; Bishop et al., 2016; Buckner et al.,
2022; Johns and Warzybok, 2022), little work has been done to explore fine-scale foraging behaviors,
limiting our understanding of how they use their habitat and how much time is dedicated to different
behaviors during the breeding season. They are central-place foragers during the breeding season but
exhibit markedly different foraging and provisioning strategies. Breeding guillemots make many foraging
trips throughout the day to provision young, and do not travel very far from their nests, coming back to
land at dusk (Litzow et al., 2004; Johns and Warzybok, 2022). Conversely, auklets spend most of the day
away from the colony and do not return to provision chicks until night, allowing them to travel much
farther while foraging (Wilson, 1977). These patterns are observable when their movements are tracked
and can be used to quantify movement parameters and classify patterns into distinct latent behavioral

states, which can in turn be used to advance conservation and management goals.

In this study, we used HMMs to describe state-specific movements of guillemots and auklets
during the breeding season at Protection Island, Washington, USA. We used GPS tags to track
movements of these species during the breeding seasons of 2022 and 2023. We analyzed these data with
discrete-time HMMs to classify their movement into stationary, transiting, and foraging states. Our results
generally confirmed the substantially different foraging and provisioning strategies of these species, but
models performed poorly for distinguishing stationary and foraging states. With additional development,
models of this kind have the potential to assist with the identification of critical seabird foraging habitat in

the region, and we suggest future steps to improve model performance.
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2.3 METHODS

2.3.1 System and Study Species

This study took place at Protection Island in Jefferson County, Washington, USA (Figure 2.1).
Protection Island is located at the eastern end of the Strait of Juan de Fuca where it meets Puget Sound.
The island has a land area of 153 hectares and is closed to the public, minimizing risk of human
disturbance to the study area. The island is owned primarily by the US Fish and Wildlife Service and is
designated as Protection Island National Wildlife Refuge, though one portion of the island is owned by
Washington Department of Fish and Wildlife and is designated as the Zella M. Schultz Seabird
Sanctuary. Protection Island has an estimated guillemot population size of 1,200 individuals (S. Thomas,
USFWS, 2023, unpublished data), and an estimated auklet population size of 36,152 individuals (Pearson

etal., 2013).

Both guillemots and auklets are members of the auk family (Alcidae). Guillemots typically feed
on demersal, non-schooling fish species such as gunnel (Pholis spp.), sculpin (Leptocottus spp.), and
rockfish (Sebastes spp.), but are also known to selectively forage for higher-lipid schooling species
including Pacific sand lance (Ammodytes hexapterus) and Pacific herring (Clupea pallasii) (Golet et al.,
2000; Litzow and Piatt, 2003; Buckner et al., 2022). They provision young many times throughout the
day, and their provisioning rates are largely determined by the quality and abundance of their prey
(Litzow and Piatt, 2003). Their preference for demersal species and their frequent provisioning suggests
that they forage in nearshore areas and do not travel far from their nests (Litzow et al., 2004; Johns and
Warzybok, 2022). They primarily forage in waters < 20 m deep but can make dives up to 50 m deep

(Kuletz, 1998).

Auklet diets during the breeding season consist primarily of higher-lipid schooling fish including
Pacific sandlance, Pacific herring, and rockfish (Vermeer and Devito, 1986; Beaubier and Hipfner, 2012),

but may also include northern anchovy (Engraulis mordax) and smelt (Osmeridae spp.) (Wagner et al.,
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2023). Auklets spend the majority of their day foraging at sea and only return to their burrows at dusk,
delivering at least one bill load per parent to chicks (Wilson, 1977), though they may increase
provisioning frequency if available prey species are less calorically rich (Watanuki et al., 2022). Auklets
at Protection Island typically forage within 40 km of their colony, with around 30 — 40% foraging within
17 km (Wahl and Speich, 1994). They dive to obtain prey at depths >20 m and frequent areas where tidal
currents concentrate prey, particularly in Admiralty Inlet and the San Juan Channel (Wahl and Speich,

1994).

2.3.2 Data

2.3.2.1 GPS Tagging and Data Retrieval

GPS tags manufactured by PathTrack Ltd. (Otley, UK) were used for tracking guillemots and
auklets. Tags weighed < 5g, which is less than 2% of adult body weight of both guillemots and auklets, a
threshold necessary to minimize negative impacts on birds (Sun et al., 2020). Eight tags were attached to
each species in 2022. In 2023, eight tags were attached to auklets and seven to guillemots. Tags were
attached in mid-June to early July during late incubation and chick provisioning. Guillemots were
captured in nest boxes as part of a larger nest success study. Auklets were captured by hand at burrow
openings as they returned at dusk. Because auklets were caught outside their burrows, they could not be
tracked to a specific burrow, but because they arrived with bill-loads of fish, we inferred that they were

provisioning chicks.

Tags were affixed to feathers on birds’ lower back using waterproof Tesa tape (Wilson et al.,
1997), manufactured by Tesa SE (Hamburg, Germany). Three to four strips of tape, each approximately 3
inches long, were slipped under birds’ feathers with the adhesive side facing up. The tag was placed on
top of the feathers above the tape, and the tape was then wrapped around the tag. Cyanoacrylate glue was

added to the edges of the tape and allowed to dry before the bird was released.
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Base stations were used to collect data from tags via a UHF signal when individuals were in
range of the station. One base station was used in 2022 (Figure 2.2) and an additional base station was
added in 2023 to maximize data reception (Figure 2.3). Tags were programmed to record individuals’
locations every 15 minutes. In 2022 we programmed tags to attempt communication with the base station
every 30 minutes but found this to be too infrequent, so in 2023 we changed this to five minutes. Data

were downloaded from base stations every week.

2.3.2.2 Data Processing and Imputation

Tracking data were obtained from base stations using PathTrack Ltd. software (VV2.35). Temporal
gaps in the data were present and were primarily due to tags being unable to communicate with satellites,
likely while individuals were in nest boxes or burrows. These gaps were too large to be able to
consistently derive movement parameters between each step for the HMM (see Movement Parameters).
We therefore imputed missing values using the multiple imputation procedure in the crawlWrap function
from the momentuHMM package (version 2.0.0; McClintock and Michelot 2018). This procedure
involves two steps (McClintock, 2017). First, the function repeatedly fits a single-state movement model,
specifically a continuous time correlated random walk (Johnson et al. 2008), which can account for
temporal irregularity in the data. Then, it fits an HMM to the n regularized tracks, and pools these
estimates into a final track that accounts for uncertainty (Nakagawa and Freckleton, 2008; McClintock,
2017). We converted our data to UTM coordinates as required by the function, and imputed data at 15-

minute intervals.

2.3.3 Movement Analysis

2.3.3.1 Movement Parameters
We used HMM s to classify movement states of breeding guillemots and auklets on Protection
Island, which relied on movement parameters defined in the observation process. First, we used step

length (the distance between two consecutive points in meters), defined as
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Le =N Xer1 — X)? + Vegq — V)2
where L; is the step length between two consecutive time points, tandt+ 1, and X and Y are location
coordinates. We also used turn angle (the change in direction between two consecutive points), defined as

Yiv1 — Yt)
KXev1 — X

Y, = tan‘1<
where ¥, is the turn angle between two consecutive points at time t. We selected commonly used
distributions to model these parameters. We used a gamma distribution to describe step length (Saldanha

et al., 2023; Pattison et al., 2022), parameterized based on the mean and standard deviation of step length,

and a von Mises distribution for turn angle (Pattison et al., 2022; Zucchini et al., 2017), such that

Ly [ (Se = s) ~ gamma(6s, o5)

Y. | (St = s)~von Mises(us, Kg)
where {S; = s} denotes state s at time t, L, is the step length at time t conditional on the state, 6 is the
mean of the step length distribution given state s, o, is the standard deviation of the step length
distribution given state s, ¥; is the turn angle at time t, p is the mean of the turn angle distribution, and

K is the concentration (precision) of the turn angle distribution.

Initial values were necessary to estimate the parameters of the gamma and von Mises
distributions for each of three states of interest — stationary, transiting, and foraging — for each species.
Therefore, we specified initial values for the mean and standard deviation of the gamma distribution for
each of these three states. We fixed the mean turn angle in the von Mises distribution to 0, implying short-
term directional persistence between steps, and we specified initial values for concentration of turn angle
for each of three states. We plotted a histogram of step lengths to visualize how they were distributed and
to explore values to choose for parameterization (Michelot and Langrock, 2023). Given expectations that
step lengths while resting, transiting, and foraging would be very small, long, and intermediate,

respectively, we iteratively explored sets of initial values, assessed model fit using AIC, and visually



40

inspected plots of state sequences until settling on a final set of initial values. Because we only needed to
specify concentration for turn angle, and because this is less interpretable from a histogram, we used an
intuitive prior belief of how the concentration of turn angles in different states may appear. We used the
same iterative exploration process to find initial values for turn angle, with the assumption that resting,
transiting, and foraging states would yield very high, intermediate, and very low turn angle

concentrations, respectively.

2.3.3.2 Hidden Markov Models
We used HMM s to classify guillemot and auklet movements into resting, transiting, and foraging
states. Switches between states were modeled as a first-order Markov process, with a conditional

distribution assigned to the latent state variable S; such that

Sel(¥,Se—1 =8) ~ Categorical(ys,Rrys,Tfys,F)
where fors, s € {R, T, F} (i.e., resting, transiting, and foraging), y s is the probability of transitioning
from state s at time t-1 to state s’ at time t. The observation process was modeled as a bi-dimensional

series of step lengths and angles, such that

[ X)) = (FLe |Se = ), f(Fe | S¢ = 5))
where each observation X at time t consists of an associated step length and turn angle and is conditional

on the underlying state.
The state process of the HMM is defined by three parameters: (1) r, an initial distribution, defined as

= (P(Sl =X),P(51 =}’);P(51 =Z))

(2) A, a transition probability matrix, defined as

A=1|V21 VY22 V23

Y11 V12 V1,3]
Y31 V32 V33

and (3) an observation probability matrix B, defined as
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fX1 =x18 =R) 0 0
B = 0 fX1=x1] 8¢ =T) 0
0 0 fX1=x1|5 =F)

where each observation X is conditional on its respective state. Finally, the likelihood function (£) of the

HMM is defined as

3
L =P(0|n,AB) = ZaS,T
s=1

where agr represents the probability of the entire observation sequence O ending in state s at time t

given m, A, and B.

We fit our HMM using the fitHMM function in the momentuHMM package (version 2.0.0;
McClintock and Michelot 2018) in R (version 4.3.3). The model was fitted by numerically maximizing
the likelihood using a Newton-type optimization algorithm, and each state was modeled as a correlated
random walk. We used the Viterbi algorithm to decode the most likely state sequence for each model,
given the model fit, and from there calculated the amount of time spent in each state. We assessed model
performance by first visually inspecting behavioral classification relative to known foraging behavior of
the species. This was a useful first step in determining how accurate the models were in differentiating

between behavioral states.

2.4 RESULTS

2.4.1 Tagging Data

Only six of the 15 tags attached to guillemots and seven of the 16 tags attached to auklets in 2022
and 2023 transmitted data of adequate quantity to allow for analysis (Table 2.1). Ten of the tags produced
no data (i.e., may have fallen off immediately, otherwise malfunctioned, or never have come in range of a
base station) and eight of the tags produced data of insufficient quality for analysis. Guillemot tracks

consisted of tpicu = 3,264 locations with 3,179 missing records. Auklet tracks consisted of triau = 1,522
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locations with 2,034 missing records (Table 2.1). In total, guillemot tags failed to capture approximately
46% of the potential data points during the duration tags were active, while auklet tags missed
approximately 56% of potential points (Table 2.1). Most of the gaps in the data likely occurred when
birds were nesting in boxes or burrows, inhibiting tags from communicating with satellites to record
points. Of the 13 usable tracks, two auklet tracks (45653 and 45659) and one guillemot track (44372)
could not be imputed by crawlWrap and were omitted from analysis. Therefore, results are based on five

guillemot tracks and five auklet tracks.

2.4.2 Hidden Markov Model Analysis

2.4.2.1 Guillemots

Guillemot mean step lengths (in meters) for resting, transiting, and foraging states were 93 m (SD
=87 m), 903 m (SD = 1022 m), and 13 m (SD = 16 m), respectively (Table 2.2). Turn angle
concentrations (k) for resting, transiting, and foraging states were 1.53, 1.48, and 0.81, respectively.
Approximately 44% of recorded steps were attributed to resting, 12% to transiting, and 45% to foraging
(Table 2.3; Appendix Figures 2A.1 — 2A.5) as determined by the Viterbi algorithm and subsequent

calculations.

2.4.2.2 Auklets

Auklet mean step lengths (in meters) for resting, transiting, and foraging were 115 m (SD = 119),
839 m (SD = 1028 m), and 508 m (SD = 489 m), respectively (Table 2.4). Turn angle concentrations (k)
for resting, transiting, and foraging were 1.73, 55.89, and 0.58, respectively. Approximately 32% of
recorded steps were attributed to resting, 52% to transiting, and 15% to foraging (Table 2.3; Appendix

Figures 2A.6 — 2A.8).

2.5 DISCUSSION

We used HMM s to estimate movement parameters and behavioral states for two sentinel seabird

species that exhibit very different foraging and provisioning strategies during the breeding season.
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Despite obtaining reasonable parameter estimates for movements in the transiting states, we had difficulty
in producing reasonable estimates for movement parameters in the resting and foraging states. Because of
this, we would like to emphasize that the following discussion acknowledges the limited conclusions that
can be drawn from our estimates. We found average resting step lengths for guillemots and auklets at 94m
and 115m, respectively, which was intended to reflect stationary periods while birds were either roosting
in nest boxes or burrows or were resting on the water. Regardless of the reasons the birds may have been
resting, these estimates far exceeded expected values. One potential reason may be due to the models’
inability to distinguish steps associated with resting and foraging given that both states involve shorter
step lengths. This possibility is supported by predicted state sequences (Figures 2.4 — 2.13), nearly all of
which show foraging occurring at least partially on Protection Island. As seabirds, neither guillemots nor
auklets forage on land. One approach to address this issue would involve setting the resting state based on
the location of birds, and restricting transitions into the resting state otherwise. This would require
developing a rule for setting the resting state, such as when birds are within a certain proximity of the
estimated nest location. Given that guillemots are known to sit on the water just offshore from the island
with bill loads after foraging trips, but also may forage in the same area, setting this rule would require

careful evaluation of its impact on results.

Our models’ conflation of resting and foraging states likewise impacted our estimate of time
spent resting by guillemots (44%). This high value may be attributed in part to two features of their
behavior. First, guillemots are known to roost at nests in their breeding colonies at night (Johns and
Warzybok, 2022), which is when most of the gaps in our tracking data occurred. Multiple imputation may
have played a role in overestimation of step lengths if, for instance, the uncertainty of imputed points that
accounted for periods when birds were resting in nest boxes or burrows caused what would otherwise be
stationary points to oscillate around their “true” location”. Another factor resulting in the high amount of
time spent resting may be the amount of time guillemots spend floating offshore with food before

delivering it to their young. We have observed this in individuals at Protection Island, and this behavior
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has been reported elsewhere (Bishop et al., 2016; 2018; Molina and Cook, 2022). This floating behavior
may be driven by a few different factors. First, guillemots are known to drift with currents and obtain
food in a somewhat passive manner, diving occasionally and then resurfacing without moving
significantly from their original location (Holm and Burger, 2002). Second, predation risk may influence
this behavior. We have observed Bald Eagles (Haliaeetus leucocephalus) harassing and attacking the
birds along the beaches on Protection Island, and potential territorial competition between guillemots and
co-occurring gull species may play a role in influencing this behavior. While resting offshore is common

and well documented, it may be that guillemots return to their nests in groups to minimize risk.

Estimates of transiting behavior appeared reasonable, as indicated by figures 2.4 — 2.13. Directed
movements that appear to reflect travel between foraging sites or between the island and foraging sites are
largely identified as transit. We found the average guillemot transiting step length to be 903 m (Table
2.2), and never observed guillemots traveling more than 10 km from nest sites (Figures 2.4 — 2.8). While
we did not attempt to identify foraging habitat, it clearly exists within this range given that guillemots
generally did not leave the areas immediately surrounding Protection Island (Figures 2.4 — 2.8). Literature
describing frequent daily provisioning (Emms and Verbeek, 1991; Bishop et al., 2016) is supported by
our estimates of proportion of time spent in each behavioral state (Table 2.2). Our model indicated that
breeding guillemots spent about 45% of their time foraging and only 12% transiting (see Appendix
Figures 2A.1 — 2A.5). Our low estimate of time spent transiting, though clearly not fully accurate,
suggests relatively rapid trips between nests and foraging sites. Guillemots, which have been observed to
renest in the same location over many years at Protection Island (Robinson, Pendleton, and Converse;
unpublished data) and elsewhere (Nelson, 1991), return to breeding sites around late February to early

March, and may use previous experience to quickly locate productive foraging areas.

Our estimates of auklet movement parameters were somewhat different than those for guillemots,
though these also featured inaccurate estimates for resting step lengths, and likely turn angle

concentration. We estimated higher step lengths in resting and foraging states (Table 2.3), which were
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about 20 m and 500 m greater than guillemot step lengths, respectively. Longer foraging step lengths
may make sense given the foraging and provisioning strategies of auklets, which are not as spatially
constrained in their foraging movements as guillemots. Similarly, that we can see them traveling much
farther distances during daily activities (Figures 2.9 — 2.13) may be why we estimated such a high

concentration for transiting step lengths (x = 55.89).

Whereas guillemots spent most of their time either resting or foraging, auklets were estimated to
spend 32% of their time resting, 52% transiting, and 15% foraging (Table 2.4; see Appendix Figures 2A.6
—2A.8). Auklets were observed traveling much farther distances to forage (Figures 2.9 — 2.13), passing
southeast through Admiralty Inlet and north to the southern end of the San Juan Islands. These distances
are similar to previous observations of auklets in the Strait of Juan de Fuca (Wahl and Speich, 1994) and
are reflected in the greater estimated proportion of time spent transiting (Table 2.4). Comparing state-
dependent step lengths and time spent in each state in years of contrasting marine productivity may yield
more information about how both species acclimate to adverse conditions. For instance, lower prey
abundance or quality may push birds to travel greater distances to secure reliable food sources, or they
may spend more time overall in transiting or foraging states due to increased foraging effort to meet the

energetic demands of the breeding season.

The tags we attached to birds failed to collect about 52% of the data that could have been
collected across the duration of tag lifespans. Given that these missing data were apparently primarily due
to tags being unable to communicate with satellites while birds were in nest boxes or burrows, it is worth
noting how these species’ time budgets may have resulted in missing such a large amount of data.
Guillemots show an inverse correlation between resting time and foraging activity (Litzow and Piatt,
2003), the latter of which is determined by prey abundance and prey specialization by the foraging
guillemots. This inverse relationship, with specific values varying based on prey access, is true for auklets
as well (Davoren, 2000). While there will always be a portion of missing data due to the inability of tags

to communicate with satellites while birds are roosting, future researchers may find it useful to monitor
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prey deliveries to chicks as a measure of foraging effort. Though the amount of data loss is at least
partially dependent on environmental conditions, and despite existing methods to address spatial or
temporal irregularity in records, minimizing collection error and increasing precision is critical to
obtaining high quality telemetry data. One way to achieve this is to reduce tag loss due to the attachment
method used. We used waterproof, cloth tape to attach tags to monitored birds, which is conventional in
seabird tracking (Wilson et al., 1997; Freeman et al., 2010; Harris et al., 2012). This method allowed tags
to fall off naturally as birds preened their feathers, molted, or due to other mechanical disturbances. While
tags were expected to fall off and were expected to miss data as birds returned to nest boxes or burrows,
methods to increase the length of time that birds carry tags could improve future results from tracking

studies.

Straightforward and reproducible methods to monitor, describe, and classify seabird movement
patterns play a key role in understanding how they operate within their environment. While we had
difficulty in producing accurate estimates of state-dependent movement parameters, we describe next
steps to address these issues. The outcomes of this research emphasize the importance of having some
understanding of a species’ behavior prior to attempting to model movements, and in understanding the
limitations of using HMMs to infer behavioral states. Additionally, this study highlights the potential
benefit of specifying when behavioral states may be explicitly known, such that models are able to
accurately estimate these states. By employing GPS tracking and hidden Markov modeling, our study is
one of the first to attempt to quantify movement parameters of guillemots and auklets in the Salish Sea.
Future work can improve upon our approach to obtain more accurate inferences of these species’

underlying behavioral states and can better inform their use as indicators of the marine environment.
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2.7 FIGURES AND TABLES

Table 2.1 Summary of Pigeon Guillemot (PIGU) and Rhinoceros Auklet (RHAU) tagging data recorded
by GPS tags in 2022 and 2023 at Protection Island, Washington, USA. Featured tags are those that were
able to be processed and used in analysis (except see footnote). Tag 1D, date range of data collected,
number of collected points, and number of missing points are shown. Location coordinates were collected
every 15 minutes. Missing points are calculated by the number of points missed in between observations
where time elapsed is greater than 15 minutes.

52

Species  Tag ID Date Range Collected Points  Missing Points %
Missed

44067 23/06/2022 — 02/07/2022 731 831 53

44072 22/06/2022 — 29/06/2022 499 672 57

PIGU 443722 29/06/2022 — 30/06/2022 160 93 37

44505 22/06/2022 — 05/07/2022 1066 1202 53

45657 13/07/2023 — 21/07/2023 627 115 16

45658 13/07/2023 — 16/07/2023 181 266 60

44149 23/06/2022 — 23/06/2022 32 28 47

45653? 13/07/2023 — 13/07/2023 30 31 51

45659* 13/07/2023 — 14/07/2023 88 105 54

RHAU 45663 13/07/2023 — 22/07/2023 620 858 58
45672 13/07/2023 — 21/07/2023 638 780 55

45695 13/07/2023 —14/07/2023 65 174 73

45701 13/07/2023 — 13/07/2023 49 58 54

aData from these tags were not able to be imputed using the crawlWrap function from the momentuHMM
package (version 2.0.0; McClintock and Michelot, 2018). These tracks were omitted from analysis.



Table 2.2 Summary of hidden Markov model (HMM) outputs for movement parameters of behavioral
state classifications of breeding Pigeon Guillemots tracked in 2022 and 2023 at Protection Island,
Washington, USA. Mean step length and standard deviation (meters) and turn angle concentration
(unitless) are shown for each state.
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State Step Length (meters; 6, o) Turn Angle (k)
Resting 93 +87 1.53
Transiting 903 £ 1022 1.47

Foraging 13+16 0.81
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Table 2.3 Percentage of time spent in each behavioral state (resting, transiting, and foraging) of tracked,
breeding Pigeon Guillemots (PIGU) and Rhinoceros Auklets (RHAU) at Protection Island, Washington,

USA in 2022 and 2023 as estimated by hidden Markov models (HMMs). Percentages were derived from
state sequences as computed by the Viterbi algorithm.

Species Time Resting (%) Time Transiting (%) Time Foraging (%)
PIGU 44 12 45
RHAU 32 52

15




Table 2.4 Summary of hidden Markov model (HMM) outputs for movement parameters of behavioral
state classifications of breeding Rhinoceros Auklet tracked in 2022 and 2023 at Protection Island,
Washington, USA. Mean step length and standard deviation (meters) and turn angle concentration
(unitless) are shown for each state.
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State Step Length (meters; 6, o) Turn Angle (k)
Resting 115+ 119 1.73
Transiting 839 £ 1028 55.89

Foraging 508 + 489 0.58
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Figure 2.1 Protection Island, Jefferson County, Washington, which includes the US Fish and Wildlife
Service’s Protection National Wildlife Refuge and the Washington Department of Fish and Wildlife’s
Zella M. Schultz Seabird Sanctuary. The Seabird Sanctuary is comprised of Kanem Point (on the
southwest end of the island) and the area just to the north of Kanem Point.

lat
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Figure 2.2 Locations of nests of tracked birds and base stations used in analysis from 2022 on Protection
Island, Washington, USA. Yellow diamonds indicate nests where Pigeon Guillemots were tagged, and the
green diamond indicates the bluff where Rhinoceros Auklets were tagged. Because auklets were captured
randomly on the bluff marked by the green diamond and were not tracked to their burrow, one marker is
used. The large blue diamond indicates the location of the base station used to receive GPS data.
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Figure 2.3 Locations of nests of tracked birds and base stations used in analysis from 2023 on Protection
Island, Washington, USA. Yellow diamonds indicate nests where Pigeon Guillemots were tagged, and the
green diamond indicates the bluff where Rhinoceros Auklets were tagged. Because auklets were captured
randomly on the bluff marked by the green diamond and were not tracked to their burrow, one marker is
used. The large blue diamonds indicate the locations of the base stations used to receive GPS data.

48.13

lat

S / Airbus, Landsat

-122.95 -122.94 -122.93 -122.92 -122.91



59

Figure 2.4 Plot of track from Pigeon Guillemot #44067 at Protection Island, Washington, USA (left), plot
of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting, and
foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in

UTMs.
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Figure 2.5 Plot of track from Pigeon Guillemot #44072 at Protection Island, Washington, USA (left), plot
of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting, and
foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in

UTMs.
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Figure 2.6 Plot of track from Pigeon Guillemot #44505 at Protection Island, Washington, USA (top-left),
plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting, and
foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in

UTMs.

r?ﬂig
48,20
—_ ?D%gmgg
4820 -
48.16 - K
48.16 - ¥
® m i
i
48.12- 4217 1 S
43,03 -1 ? X oash - - -
-122.95 -122.90 -122.85
123.00 -12295 -12290 -122.85 -122. lon

lon



62

Figure 2.7 Plot of track from Pigeon Guillemot #45657 at Protection Island, Washington, USA (top-left),
plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting, and
foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in

UTMs.
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Figure 2.8 Plot of track from Pigeon Guillemot #45658 at Protection Island, Washington, USA (top-left),
plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting, and
foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in

UTMs.
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Figure 2.9 Plot of track from Rhinoceros Auklet #44149 at Protection Island, Washington, USA (top-
left), plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting,
and foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in
UTMs.
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Figure 2.10 Plot of track from Rhinoceros Auklet #45663 at Protection Island, Washington, USA (top-
left), plot of the Viterbi-decoded state sequence for the 3-state hidden Markov (resting, transiting, and
foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in
UTMs.
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Figure 2.11 Plot of track from Rhinoceros Auklet #45672 at Protection Island, Washington, USA (top-
left), plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting,
and foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in
UTMs.
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Figure 2.12 Plot of track from Rhinoceros Auklet #45695 at Protection Island, Washington, USA (top-
left), plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting,
and foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in
UTMs.
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Figure 2.13 Plot of track from Rhinoceros Auklet #45701 at Protection Island, Washington, USA (top-
left), plot of the Viterbi-decoded state sequence for the 3-state hidden Markov model (resting, transiting,
and foraging) model (right). Track plot is measured in latitude/longitude, and Viterbi plot is measured in
UTMs.
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2.8 APPENDIX A

Figure 2A.1 Plots of step length (meters; on the log scale), turn angle, and state sequence for Pigeon
Guillemot #44067 descending respectively.
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Figure 2A.2 Plots of step length (meters; on the log scale), turn angle, and state sequence for Pigeon
Guillemot #44072 descending respectively.
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Figure 2A.3 Plots of step length (meters; on the log scale), turn angle, and state sequence for Pigeon

Guillemot #44505 descending respectively.

1e+03

1e+01

—
T

=1
—

Step Length (log scale; meters)

o o il A b 2 % . 48 o )
FEFFFEEEEEEEEE
Date
5,
=
c -2
e
¥ = o A e & ] . 15 4= i
FEFEIF IS
Date
Foraging I m| EmE EEEpEE | oE | O | | —
o
ET[angiting e om e m o 1 FEd
w
Re-sting R e | IEs | mmmm

@“@w&w@@%@wﬁ@@w@@ﬁﬁ@@

Date



Figure 2A.4 Plots of step length (meters; on the log scale), turn angle, and state sequence for Pigeon

Guillemot #45657 descending respectively.
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Figure 2A.5 Plots of step length (meters; on the log scale), turn angle, and state sequence for Pigeon
Guillemot #45658 descending respectively.
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Figure 2A.6 Plots of step length (meters; on the log scale), turn angle, and state sequence for Rhinoceros
Auklet #45663 descending respectively.
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Figure 2A.7 Plots of step length (meters; on the log scale), turn angle, and state sequence for Rhinoceros
Auklet #45672 descending respectively.
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Figure 2A.8 Plots of step length (meters; on the log scale), turn angle, and state sequence for Rhinoceros
Auklet #45695 descending respectively.
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