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Abstract
Individual Behavioral Variation in a Highly-Mobile Marine Predator: Plasticity, Experience, and

Fitness Outcomes

Erik W. Johansson

Chair of the Supervisory Committee:
Briana Abrahms

Department of Biology

In this dissertation, I examine variation in the foraging and breeding behavior of a marine
predator. 1 describe patterns underlying this variation, measure fitness consequences of
alternative behavioral strategies, and highlight the role of previous experience as a driver of
behavioral decisions. First, I conduct the first test of correlated behavioral plasticities in a wild
population and show that expressions of plasticity are coupled; not only does behavioral
plasticity vary across a population, but the level of behavioral plasticity expressed by an
individual is correlated across distinct behaviors. Second, I find that the fitness consequences of
coordinated reproductive plasticity are mediated by environmental conditions. While plasticity
improves reproductive success in the context of highly productive ocean conditions, it does not
buffer against the negative reproductive impacts of highly unproductive conditions. Third, I use
metrics of foraging success derived from high-resolution biologging data to reveal that previous
success impacts broad-scale movement decisions and fine-scale foraging activity allocation. I
highlight this state-behavior feedback as a mechanism that can produce and maintain
interindividual behavioral variation. Together, this dissertation advances our understanding of

behavioral variation by drawing connections across movement, foraging, and cognitive ecology.
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Introduction

The diversity and flexibility of animal behavioral expressions has drawn scientific
interest for centuries, and carries consequences for individual fitness, population resilience, and
ecological processes (Dall et al., 2012; Gross et al., 2010; Réale et al., 2010). While traditional
approaches in behavioral ecology averaged behavior across individuals and contexts, interest in
the variation around these averages has grown over the past two decades (Wolf and Weissing,
2012), enabled by advances in data collection technology, computing power, and ecological
theory (Hertel et al., 2020; Nathan et al., 2008; Sih et al., 2004b). Empirical work documenting
patterns in this behavioral variation has been conducted across taxa and behaviors, with
examples in mammals, fish, birds, reptiles, amphibians, and invertebrates (Bolnick et al., 2003),
spanning behaviors involved in movement, foraging, and reproduction. This work has revealed
that the variation around average behavioral expression is more than noise. The expression of a
behavior can vary consistently across individuals (inter-individual behavioral variation; Stamps,
2016), or within an individual across time or contexts (intra-individual behavioral variation;
Beever et al., 2017), and expression can be correlated across behaviors (Sih et al., 2004a).
Despite a growing interest in animal behavioral variation, gaps remain in our understanding of
the patterns underlying behavioral variation, the ecological and evolutionary consequences of
behavioral variation, and the mechanisms that produce and sustain behavioral variation.

Attempts to describe patterns in animal behavioral variation has led to a framework that
partitions the variation into behavioral type (mean expression), behavioral plasticity (change in
expression across a gradient), and behavioral predictability (residual variation in expression)
(Dingemanse et al., 2010; Hertel et al., 2020). There can be consistent inter-individual
differences across any of these partitions — individuals can vary in their average behavior (Bell,
2004), their levels of behavioral plasticity (Stamps and Biro, 2016), and their levels of behavioral
predictability (Hertel et al., 2021) — and a key development in animal behavior was the
realization that these differences can be correlated across behaviors (Sih et al., 2004b). Early
work on these behavioral correlations focused on correlated average behaviors, such as average
individual aggressiveness towards conspecifics and average individual boldness in response to
predators (Bell, 2004). Higher resolution data on behavioral expression and environmental

context, alongside a growing statistical toolkit aimed at describing these behavioral correlations,
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has opened the door to exploring correlations in behavioral plasticity and predictability as well
(O’Dea et al., 2022). Correlated behavioral plasticities are of particular interest because of the
crucial role of plasticity in responding to rapid environmental change (Beever et al., 2017).
Correlated behavioral plasticities in wild populations remain untested, despite a growing
recognition of their importance (Sheehy and Laskowski, 2023).

The drivers and consequences of animal behavioral variation are another frontier of
behavioral ecology (Dingemanse and Wolf, 2013). Empirical work has documented individual
fitness consequences of interindividual variation in behavioral type (Dingemanse et al., 2004;
Smith and Blumstein, 2008) as well as interindividual variation in behavioral plasticity (Nussey
et al., 2007). Beyond individual consequences, behavioral variation also plays an important role
in population persistence; variation within a population provides a portfolio effect, in which
some individuals persist in environmental contexts that are catastrophic for other individuals,
enabling population persistence across a range of conditions (Schindler et al., 2010). Given the
important consequences of behavioral variation, there is growing interest in the mechanisms that
produce and sustain the patterns of variation that we observe in wild populations (Dingemanse et
al., 2010; Sih et al., 2015). One of these mechanisms that remains underexplored is the feedback
between behavioral decisions and the outcomes of those decisions; this coupling can lead to
divergence in interindividual behavioral expression (Sih et al., 2015). This feedback also hints at
a broader challenge to describing the drivers and consequences of behavioral variation: a
comprehensive approach requires high-resolution, longitudinal data on animal behavior, the
contexts in which the behavior is expressed, and the outcomes of behavioral choices. Reflecting
a universal challenge in ecological research (Levin, 1992), both the contextual drivers of
behavior and the consequences of behavior can operate across multiple scales. This makes
research on drivers and consequences of behavioral variation especially challenging for
long-lived, highly mobile vertebrate species that are among the taxa most threatened by global
change (Runge et al., 2014).

With this dissertation, I address three topics at the frontier of behavioral ecology using a
dataset on the movement, foraging, and reproductive behavior of Magellanic penguins
(Spheniscus magellanicus) from the Punto Tombo colony in Chubut, Argentina. In Chapter 1, I
conduct the first test of correlated behavioral plasticities in a wild population across four

behaviors. Specifically, I test whether individuals that display high plasticity in one behavior are
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more likely to also display high plasticity in other behaviors, suggesting a generalized plasticity,
or whether those individuals are more likely to display low plasticity in other behaviors,
suggesting an allocation of plasticity. In Chapter 2, I use the dataset of individual behavioral
plasticity estimates from Chapter 1 to examine the reproductive consequences of generalized
behavioral plasticity across environmental contexts. By comparing the reproductive success of
individuals that display varying plasticity across a range of environmental conditions, I test
whether plasticity confers a reproductive advantage by buffering disadvantageous environments.
In Chapter 3, I turn to drivers of behavioral variation by exploring the role of previous decision
outcomes on subsequent decision-making. Using high-resolution biologging data collected over
the previous two breeding seasons, I test the effect of foraging success on broad-scale movement
decisions and fine-scale activity allocation, and discuss the implications of my findings on the

maintenance of interindividual behavioral variation.



Chapter 1: Patterns of Individual Variation in Plasticity Across
Multiple Behaviors in Wild Vertebrates

Authors: Erik Johansson, P. Dee Boersma, Timothy Jones, Briana Abrahms

Note: This chapter was published jointly with Chapter 2:

Johansson, E., Boersma, P. D., Jones, T., Abrahms, B. 2024. Plasticity syndromes in wild
vertebrates: Patterns and consequences of individual variation in plasticity across multiple
behaviours. Ecol. Lett. 27, e14473. https://doi.org/10.1111/ele.14473

1.1 Abstract

Behavioral plasticity is an important mechanism allowing animals to cope with changing
environments. Theory has hypothesized the existence of ‘plasticity syndromes’ — positive
correlations in plasticity across multiple behaviors within an individual — affording a generalized
ability to respond to environmental change. However, the occurrence of correlated plasticities in
natural populations remains untested. Using a 40-year dataset on free-ranging Magellanic
penguins, we find evidence of both positively and negatively correlated behavioral plasticities.
Plasticity was positively correlated between two foraging behaviors and between two
reproductive behaviors, but negatively correlated across foraging and reproductive behaviors;
these findings suggest shared mechanisms underlying plasticity in certain behaviors. Such results

highlight the complex patterns of plasticity across behaviors, individuals, and environments.



1.2 Introduction

As animals confront increasingly variable environments, understanding the ecological
processes that promote their resilience is critical. One important mechanism for species
responding to environmental change is the capacity to vary behavioral expression across
contexts, i.e., ‘behavioral plasticity’ (Pigliucci et al., 2006). Behavioral plasticity occurs in
diverse taxa, and across functional behavioral categories (e.g., reproduction, foraging, dispersal;
Beever et al., 2017). Because many behaviors are highly sensitive to the environment
(Snell-Rood, 2013) and can be expressed quickly, they can serve as a fast-acting coping
mechanism for individuals experiencing anomalous environmental conditions.

Behavioral plasticity is expected to confer fitness benefits in rapidly changing
environments (Beever et al., 2017). However, behavioral plasticity might also exact costs under
non-anomalous, or average, conditions (Piper, 2011; West-Eberhard, 2003); highly plastic
individuals may be less able to take advantage of predictable resources due to a lack of
familiarity (Switzer, 1993; Wolf et al., 2009), and may experience costs in the form of time and
energy dedicated to maintaining cognitive and sensory apparatuses and sampling for
environmental cues (Dingemanse and Wolf, 2013). Assessing the performance trade-offs of
behavioral plasticity in wild populations under variable environmental conditions remains
challenging because it requires repeatedly sampling individual behavior over a range of
environments. Moreover, the population consequences of plasticity can be particularly difficult
to determine because behavioral plasticity can vary substantially across individuals within a
population.

Consistent variation in behavior among individuals within a population is increasingly
recognized in animal ecology (Dall et al., 2012; Réale et al., 2010; Wolf and Weissing, 2012),
and can drive variation in survival, reproduction, and dispersal (Cote et al., 2010; Dingemanse
and Réale, 2005; Schuett et al., 2011). While previous research has highlighted variation in
average behavioral expression across individuals, such as individual variation in aggression or
exploratory behavior (Bell et al., 2009), there is growing interest in patterns and consequences of
interindividual variation in behavioral plasticity (Stamps, 2016). However, studies of
interindividual behavioral variation are complicated by the range of behaviors animals express.
Quantifying behavioral syndromes — i.e., suites of behaviors with correlated expression (Sih et

al., 2004b) — allows us to consider the drivers and consequences of multiple behaviors
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simultaneously. For example, evidence of a positive correlation between aggression and
exploration in the great tit (Parus major) enabled researchers to identify fluctuating selection
pressures on avian behavioral strategies more holistically (Dingemanse et al., 2004). Such
syndromes have been identified in many taxa (Sih et al., 2004a), and both theoretical and
empirical work have shown behavioral syndromes can be important predictors for observed
ecological patterns (Sih et al., 2012).

While both behavioral plasticity and behavioral syndromes can shape ecological and
evolutionary patterns, little attention has been paid to the integration of these phenomena. Recent
theory has hypothesized the existence of ‘plasticity syndromes’ — positive correlations of
plasticity across multiple behaviors within an individual (Fig. 1.1a-c) — which may afford a
generalized ability to respond plastically to environmental change (Hertel et al., 2020; Sheehy
and Laskowski, 2023; Westneat et al., 2019). Alternatively, populations could exhibit ‘plasticity
allocation’ — negative correlations of plasticity across behaviors (Fig. 1.1d-f) — indicating a
tradeoff in plasticity expression among behaviors. As plasticity is generally described as the
slope of a behavioral response across an environmental gradient, these hypotheses concern
correlations in the magnitude, i.e. the absolute slope, of behavioral plasticities. Determining
whether and how the absolute magnitude of plasticity is correlated across multiple behaviors is
critical to understanding a population’s adaptive capacity to environmental change and the
selective pressures on the evolution of behavioral plasticity (Dingemanse and Wolf, 2013;
Sheehy and Laskowski, 2023).

These hypotheses remain largely untested in natural systems due to a lack of sufficient
repeated measurements of multiple behaviors across individuals and environmental contexts.
Despite recent efforts to investigate plasticity syndromes in natural animal populations (Hertel et
al., 2021; Laforge et al., 2023), the only existing evidence of correlations in plasticity across
behaviors comes from a laboratory population of zebrafish (O’Dea et al., 2022). In addition,
understanding the fitness consequences of behavioral plasticity in long-lived species, and how
such consequences may vary across environmental contexts, requires very long-term data to
track both environmentally- and behaviorally-driven variation in fitness outcomes. This is
especially challenging to observe for long-lived, highly mobile vertebrate species that are among

the taxa most threatened by global change (Runge et al., 2014).
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Here, we employ a 40-year dataset, including repeated behavioral observations on more
than 1800 Magellanic penguins (Spheniscus magellanicus) from a colony experiencing
environmentally-driven population decline, to examine the patterns and consequences of
correlations in plasticity across multiple behaviors. We considered three alternative hypotheses:
1) a ‘plasticity syndrome hypothesis’, in which a positive correlation in plasticity across
behaviors would indicate a shared driver or mechanism of plasticity (O’Dea et al., 2022; Sheehy
and Laskowski, 2023); 2) a ‘plasticity allocation hypothesis’, in which a negative correlation
would reflect a trade-off such that plasticity in one behavior constrains the plasticity of another
behavior (Sheehy and Laskowski, 2023); and 3) a null hypothesis in which the absence of a
correlation across behaviors would indicate that the plasticity of those behaviors are not coupled

and instead respond independently.
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Figure 1.1 Conceptual figure demonstrating individual behavioral plasticity trends (A, B, D, E),
estimated from repeated measures of individual behavior (here, breeding phenology and activity level as
hypothetical examples) across environmental gradients (e.g., temperature, rainfall). Behavioral plasticity
is variation in behavior across contexts, and its magnitude can be quantified as the slope of the lines
shown in (A, B, D, E). Slope values are plotted against each other in the bottom graphs (C, F), which
show the relationships between individual plasticity across two behaviors. Slope values are positively
correlated in the plasticity syndrome hypothesis (A-C) and negatively correlated in the plasticity

allocation hypothesis (D-F).
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1.3 Methods
1.3.1 Study System

This study was carried out at the Punta Tombo Magellanic penguin colony in Chubut,
Argentina (44°03’ S, 65°13" W; Fig. 1.2a-b), where we have been following marked individuals
since 1982 (Boersma et al., 1990) and satellite-tracking foraging adults since 1996 (Rebstock et
al., 2022). Due to environmental change and human impacts, this colony has declined from
~400,000 breeding pairs in the 1980s to less than 200,000 breeding pairs in 2023
(Garcia-Borboroglu et al., 2006; Holt and Boersma, 2022; Rebstock et al., 2016).

Males arrive at the colony following their migration season in mid-September. Breeding
adults frequently mate with the same partner for multiple years (Wagner et al., 2022). Females
arrive shortly after males; eggs are typically laid in early October, but laying date is variable and
has become later over time (Cappello and Boersma, 2021). During the nestling period in
November-February, both parents provision chicks with food collected on multi-day foraging
trips (lasting 2.9 + 1.8 days). During these trips, penguins swim dozens of kilometers to at-sea
foraging grounds and exhibit high inter-individual variation in their fidelity to previous foraging
sites (Boersma and Rebstock, 2009; Wilson et al., 2005). Starvation is the primary cause of chick
mortality (Boersma and Rebstock, 2014), making efficient foraging vital to reproductive success

(Boersma and Rebstock, 2009; Boersma et al., 2015; Rebstock et al., 2022).

1.3.2  Behavioral Data

We identified four behaviors known to be important for individual fitness: egg laying date
(Cappello and Boersma, 2021), mate switching (Wagner et al., 2022), foraging trip distance
(Boersma and Rebstock, 2009), and foraging site fidelity (Rebstock et al., 2022). To ensure
sufficient sample sizes for estimating individual plasticity, we constrained our datasets on all
behaviors to individuals for whom we had at least four observations of the given behavior.

We determined egg laying date — the Julian day the first egg of a clutch was laid — by
regularly checking nests of marked individuals (Cappello and Boersma, 2021). Records were
restricted to those known within two days of confidence, resulting in 6102 records on 810
individuals (Table S1.2). We recorded mate switching as a binary behavior, dependent on

whether the individual mated with the same breeding partner as the previous year or switched to
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a new partner. We only considered cases where both mates from the previous year were seen,
resulting in 9657 records on 1330 individuals (Table S1.2).

Foraging trip data were collected using Argos satellite and Global Positioning System
(GPS) tags deployed on breeding adults during chick rearing (Table S1.1; see Rebstock et al.,
2022 for tagging procedures). All trip data were regularized to a 30-minute fix interval using the
state-space model Crawl (Johnson et al., 2008), and only multi-day trips were included, as the
biological drivers are expected to differ for shorter excursions (Rebstock et al., 2022). This
resulted in 1414 trip distance records on 163 individuals and 875 site fidelity records on 106
individuals (Table S1.2). We defined foraging trip distance as the maximum distance from the
colony reached during a trip, and foraging site fidelity as the distance between the endpoints of

consecutive foraging trips (Rebstock et al., 2022).

1.3.3  Environmental Data

We extracted environmental data known to influence each of the four behaviors. We
matched egg laying dates with measurements of the Southern Annular Mode (SAM) (Fig. 1.2¢),
as laying date is significantly influenced by ocean conditions(Rebstock and Boersma, 2018).
SAM describes the strength of the westerly winds surrounding Antarctica, which determine the
latitude of currents carrying cold and nutrient-rich water to the Patagonian Shelf Marine
Ecosystem. Negative SAM values are associated with high oceanic productivity in this region
(Lovenduski and Gruber, 2005), and have a positive effect on adult survival of other seabirds; the
inverse is true during positive SAM phases (Ventura et al., 2021). SAM is also correlated with
penguin reproductive phenology in other regions (Hindell et al., 2012).

We matched mate switching data with rainfall measurements, as penguins are more likely
to switch mates following early reproductive failure (Wagner et al., 2022), which is most
frequently caused by high rainfall events (Boersma and Rebstock, 2014). We recorded
precipitation (+/- 0.1mm) daily at the study site using a rain gauge (Boersma and Rebstock,
2014), and calculated an annual metric of rainfall as the log-transformed average amount of rain
per day during the egg-laying and early nestling period, from October-December (Fig. 1.2d).

As foraging trips occurred on a daily, rather than annual scale, we matched trip metrics
(distance and site fidelity) with daily oceanographic measurements. We extracted daily, 4 km

resolution sea surface temperature values from the ‘nceiPHS53sstdlday’ dataset using the
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‘rerddapXtracto’ package in R (Mendelssohn, 2023). These values were averaged over the
foraging area, defined as the 99% minimum convex polygon of trip endpoints, to obtain a single
value representing daily oceanographic conditions (Fig. 1.2¢). Although the relationship between
sea surface temperature and prey availability is complex and variable (Silva et al., 2016),
previous research has found that Magellanic penguin chicks grow larger under low sea surface

temperature conditions (Barrionuevo et al., 2018).
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Figure 1.2 (A) Breeding adults have been satellite tracked since 1996 to quantify foraging trip metrics
during chick rearing. (B) The location of the Punta Tombo Magellanic penguin colony (gold star).
Foraging area in January-February — defined by the 99% minimum convex polygon of foraging trip
endpoints — is outlined in black. Select foraging tracks are shown in gray, as well as sea surface
temperature values from January 4, 2020. (C) Southern Annular Mode (SAM) indices from 1983-2020,
with positive phases in red and negative phases in blue. The SAM index is used as a broad-scale proxy of
ocean productivity in this region. (D) Rainfall measurements during the early stages of chick rearing from
1983-2020. (E) Average Sea Surface Temperature (SST) measurements in the foraging area through the
fledging season of 2020.
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1.3.4 Single-Behavior Models

To identify important factors driving each behavior, we ran model selection on four sets
of generalized linear mixed effects models (GLMMs). Each model had the same basic structure,
with behavior as the response, an environmental variable as a fixed effect, a random intercept for
each individual, and a random slope for individual variation in the effect of the environmental
variable. We considered additional fixed and random effects, including year, sex, previous mate,
and previous fledging success, to control for potential sources of variation. All model fitting was
performed using the ‘Ime4’ package (Bates et al., 2015) in R version 4.3.1 (R Core Team, 2023);
see Appendix S1.1 for details on model selection procedure. To investigate correlations across
behaviors, the selected single-behavior model structures were incorporated into double-behavior

models.

1.3.5 Double Hierarchical Generalized Linear Models

Individual behavioral plasticity can be estimated from mixed-effects models using best
linear unbiased predictor estimates (Betini and Norris, 2012; Carter et al., 2012), but using these
estimates in further analyses ignores their uncertainty (Houslay and Wilson, 2017). Double
hierarchical generalized linear models (DHGLMs) are able to include the estimation of
individual plasticity in multiple behaviors, as well as their correlation, in a single model (Hertel
et al., 2020). As a result, despite requiring very large amounts of data, DHGLMs are considered
the best tool available for identifying plasticity correlations given their ability to fully propagate
uncertainty from the base data into estimates of behavioral correlation (Hertel et al., 2021; O’Dea
et al., 2022; Sheehy and Laskowski, 2023). We fit three bivariate DHGLMs to estimate
correlations in plasticity (Appendix S1.2): one model compared two breeding behaviors (egg
laying date and mate choice); one model compared two foraging behaviors (foraging distance
and foraging site fidelity); and one model compared a breeding behavior with a foraging
behavior (egg laying date and foraging distance).

Each DHGLM was fitted as a Bayesian model using the statistical software Stan
connected to R via the RStan interface (Carpenter et al., 2017; Stan Development Team, 2023).
By using a Bayesian framework, we were able to include all individuals with data for a given
behavior in the parameter estimations specific to that behavior, while estimating correlations

across two behaviors using only individuals with data on both behaviors. To allow the data to
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dominate parameter estimation, all parameters were defined via vague prior distributions
(Lambert et al., 2005; see Table S1.12). Models were estimated using Markov chain Monte Carlo
via 4 chains, with a minimum warm-up period of 2000 iterations, or until convergence (based on
trace plots of among chain mixing and convergence criteria (R-hat < 1.05); (Vehtari et al.,
2021)). Following convergence a minimum of 2000 iterations were performed to estimate
posterior distributions of model parameters (Vehtari et al., 2021). Because we were interested in
the absolute magnitude of plasticity (Sheehy and Laskowski, 2023), we transformed individual
plasticity estimates post-hoc by multiplying all plasticity estimates of individuals with negative
mean plasticity values by -1. This enables a direct comparison of the magnitude of plasticity
across individuals and behaviors, while preserving the posterior distribution shape and the
uncertainty of the plasticity estimate.

To interpret the strength of plasticity correlations, we used the metrics of probability of
direction (pd) and highest density interval (HDI) to characterize the certainty in the posterior
distributions of our Bayesian models. pd ranges from 0.5-1.0 and measures the probability with
which an effect has a particular sign (Makowski et al., 2019). pd values should be interpreted as
the existence, rather than the significance, of an effect (Makowski et al., 2019), with higher
values indicative of greater certainty of a relationship in either a positive or negative direction.
Following Weller et al. (2022) and Murphy et al. (2023), we considered pd values >0.75 as
evidence that a correlation likely exists. The HDI is the range of values where the probability of
a parameter lying between those points equals a set amount, but placed so that all points within
this interval have a higher probability density than points outside this interval (Makowski et al.,
2019). We report the 89% HDI here, as recommended for Bayesian analyses (Kruschke, 2014;
McElreath, 2016).

1.4 Results
1.4.1 Single-Behavior Models

For mate switching, with the response as probability of staying with the same mate,
model selection supported rainfall (estimate: -0.17; 95% CI: [-0.28, -0.06]), previous fledging
success (estimate: 1.32; 95% CI: [1.16, 1.48]), and previous mate (estimate: 0.98; 95% CI: [0.82,
1.14]) as fixed effects. Individuals were more likely to switch mates following years of high

rainfall, as nest failure was higher in these years (Wagner et al., 2022). For lay date, model
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selection supported the inclusion of SAM (estimate: 1.15; 95% CI: [0.32, 1.98]) and year
(estimate: 0.29; 95% CI: [0.20, 1.36]) as fixed effects; egg laying is later following years with
lower productivity as measured by SAM values.

For foraging behaviors, model selection supported the inclusion of sea surface
temperature (distance: estimate: 3.18; 95% CI: [1.07, 5.32]; site fidelity: estimate: 1.64; 95% CI:
[-0.25, 3.49]), and sex (distance: estimate: -5.36; 95% CI: [-16.32, 5.93]; site fidelity: estimate:
-1.52; 95% CI: [-12.85, 9.69]) as fixed effects for both models, with females as the reference
group. Under higher sea surface temperature conditions, foraging trip distance increased and
foraging site fidelity decreased.

For all behavioral categories, model selection supported random individual slopes with
respect to the environmental predictor, indicating interindividual variation in behavioral
plasticity. Inclusion of a random intercept for year was also supported in all models, indicating
substantial inter-annual variability in behavior beyond any trend captured by the fixed effect year

terms.

1.4.2 DHGLMs

Parameter estimates from the DHGLMs broadly agreed with the estimates from the
single-behavior models (Tables S11-12); mate switching increased with higher rainfall (Fig.
1.3a) and egg laying was delayed following higher SAM conditions (Fig. 1.3b), while trip
distance increased and site fidelity decreased with higher sea surface temperature conditions
(Fig. 1.3c-d). Interindividual variation in plasticity was found for each behavior (Appendix
S1.4).

Plasticity in lay date and plasticity in mate switching were positively correlated (DHGLM
posterior distribution median = 0.24; pd = 0.84; HDI = [-.14, 0.60]; Fig. 1.3e). Plasticity
estimates were also positively correlated between foraging trip distance and foraging site fidelity
behaviors (median = 0.28; pd = 0.84; HDI = [-0.12, 0.68]; Fig. 1.3g). Plasticity in lay date and
foraging trip distance behaviors were negatively correlated (median = -0.28; pd = 0.77; HDI =
[-0.75, 0.26]; Fig. 1.3f). Metrics for all model parameters are reported in Table S1.12.
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Figure 1.3 (A-D) Individual behavioral plasticity magnitude estimates from double-hierarchical
generalized linear models (DHGLMs) for four behaviors (A-mate switching, B-egg laying date,
C-foraging distance, and D-foraging site fidelity). Each line represents a single individual, with the slope
of that line representing the magnitude of individual plasticity. Six individuals are highlighted in color for
demonstration. Correlations of plasticity estimates across behaviors for each DHGLM are shown in
(E-G), with each individual represented as a point and lines representing the line of best fit drawn from a
Deming regression (Appendix S1.3). The probability of direction (pd) metric ranges from 0.5 to 1; here

we consider pd > 0.75 as support of a correlation.

1.5 Discussion

By leveraging long-term data, our results provide empirical support for correlated
plasticities in a free-ranging animal population for the first time. We paired 40 years of field data
on reproductive and foraging behaviors with environmental data to reveal patterns of individual
plasticity across behaviors in a long-lived vertebrate species, and found that individual plasticity
was positively correlated across certain key behaviors and negatively correlated across others.
These findings provide empirical support for both the plasticity syndrome and plasticity
allocation hypotheses (Dingemanse and Wolf, 2013; Sheehy and Laskowski, 2023), highlighting
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the complexity of coupled plasticity patterns. Our study underscores the importance of very
long-term data for revealing the diversity of plasticity across behaviors, individuals, and
environments, which is critical for predicting how populations will respond to ongoing
environmental change.

Individuals in this population differed in both their average behavior and their plasticity
across four behaviors, which adds to a growing literature documenting interindividual variation
in behavioral plasticity in wild populations (Araya-Ajoy and Dingemanse, 2017; Brommer et al.,
2008; Nakayama et al., 2016). The ecological importance and adaptive role of interindividual
behavioral variation in variable environments is well documented (Bolnick et al., 2011).
Variation within a population provides a portfolio effect, in which some individuals persist in
environmental contexts that are catastrophic for other individuals, enabling population
persistence across a range of conditions (Schindler et al., 2010). The maintenance of this
interindividual behavioral variation is therefore an important biological process to examine as the
environment continues to change (Dingemanse and Wolf, 2013).

Our study did not directly test for the proximate mechanisms maintaining individual
variation in behavioral plasticity in this population, but existing theory provides potential
explanations. Individual variation in demographic or internal states could facilitate this diversity;
we tested for these effects where our data allowed, but there could be unaccounted-for variations
that make it more or less beneficial for individuals to be plastic (e.g. disease, hunger state).
Additionally, this variation could be maintained through a combination of spatiotemporal
resource heterogeneity and intraspecific competition, where the benefits of individual plasticity
depend on the plasticity of other individuals (Dall et al., 2004; Wolf, 2009; Wolf et al., 2011).
Lastly, correlated behavioral plasticities may impose constraints on behavior that contribute to
interindividual variation (Sheehy and Laskowski, 2023). Specifically, if the plasticity of two
behaviors is tightly coupled, the observation of interindividual variation in one behavior may be
driven by a plastic response in a coupled behavior. It is therefore crucial to consider individual
plasticity across multiple behaviors at once.

The direction and strength of evidence for correlated plasticities varied among pairs of
behaviors, indicating that plasticity correlations are behavior-specific. In addition, although the
posterior distributions and pd metrics for all models lent evidence of plasticity correlations, high

levels of uncertainty are evident in the model results. We found support for a plasticity syndrome
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between two breeding behaviors (mate switching and egg laying date; Fig. 3e), which indicates
that when environmental conditions change, plastic individuals respond in a coordinated way by
adjusting multiple features of their breeding behavior. We also found support for a plasticity
syndrome between two foraging behaviors (foraging distance and site fidelity; Fig. 3g).
Similarly, this suggests that when oceanographic conditions change in the foraging area, plastic
individuals tend to adjust multiple features of their foraging.

Positive correlations in plasticity across multiple behaviors may reflect common
behavioral or physiological mechanisms underlying distinct expressions of plasticity (Sheehy
and Laskowski, 2023). These correlations may be maintained by positive feedbacks: behaving
plastically in one context may lessen the cost of behaving plastically in another context, either
through the development of a shared physiological pathway or simply through gaining
experience with responding plastically (Wolf et al., 2008). For example, the coordinated
plasticities across foraging behaviors described here are in response to a single environmental
variable and could therefore share sensory pathways. It is also plausible that responding
plastically in one behavior necessitates more flexibility in another behavior if the two behaviors
are tightly linked ecologically, for example as in territoriality and singing to attract mates
(Sheehy and Laskowski, 2023). In Magellanic penguins, coordinated breeding routines are
essential to successfully raising chicks; switching mates could necessitate flexibility in those
routines as the new pair learn to coordinate the timing of their breeding behaviors. There could
also be adaptive pressure for correlated behavioral plasticities, driven by the benefit of
responding to multi-faceted environmental change with a suite of behavioral responses (Hossie et
al., 2017).

In contrast, we found support of a plasticity allocation between a breeding behavior and
a foraging behavior (egg laying date and trip distance; Fig 3f), suggesting that behaving
plastically in one functional behavioral category may actually constrain the ability of an
individual to behave plastically in another behavioral category. Negatively correlated plasticities
indicate a tradeoff between expressing plasticity among behaviors. Some costs (e.g., developing
and maintaining physiological pathways, exploring new environments) may have to be paid, at
least in part, for each expression of plasticity (O’Dea et al., 2022; Snell-Rood, 2013). These costs
may well overlap for some pairs of plasticity expressions more than for others. For example,

developing responsiveness to sea temperature may aid in multiple expressions of plasticity in
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foraging behavior. This could explain why we find plasticity syndromes among some behaviors
and plasticity allocation among other behaviors in this system; the mechanisms underlying these
expressions of plasticity could be shared among some behaviors and not shared among others.
The occurrence of correlated plasticities has far-reaching consequences for ecology and
evolution (O’Dea et al., 2022; Sheehy and Laskowski, 2023), but our understanding of these
consequences has been limited by a lack of empirical work (Dingemanse and Wolf, 2013). Our
study provides a first look at correlated plasticities and their fitness consequences in a wild
population. Future work should explore the context-dependency of correlated plasticities:
whether correlated behavioral plasticity patterns are more common in certain populations, under
certain external circumstances, or in individuals of a specific demographic class is crucial to
understanding the implications of these correlations. Correlated individual plasticities have the
potential to either facilitate or constrain adaptive change in populations, depending on whether
selection favors plasticity in both behaviors or selects for plasticity in one behavior and against
plasticity in another behavior (Bell and Sih, 2007; Dingemanse and Dochtermann, 2013). Similar
empirical work in other natural systems will allow us to determine how widespread correlated
plasticities syndromes are, in what circumstances they are most likely to occur, and their impact

on individual fitness, population resilience, and ecological patterns.
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1.6 Supplementary Material

Table S1.1  Models of satellite tags used for tracking Magellanic penguin foraging trips.

Model Years Manufacturer
Argos PTTs

ST10 1996-2004, 2008 Telonics+

ST20 2003-2010, 2012-2015 Telonics+
SPOT-275C 2017-2019 Wildlife Computers
GPS tags

F2G 134A 2012-2018 PathTrack

F5G 334A/434A 2017-2019 SirTrack
nanoFix-GEO 2019, 2021-2022 PathTrack

Table S1.2  Sample size and error distributions for four behaviors used in modeling.

Behavior Observations Individuals Error Distribution
Egg laying date 6102 810 Normal

Mate switching 9657 1330 Bernoulli
Foraging trip distance 1414 163 Normal
Foraging site fidelity 875 106 Normal

Appendix S1.1 Single-behavior model selection procedure.

For each behavior, we first constructed models that contained all potential fixed effects
for that behavior, but varied in the specification of random effects. We selected the random
effects structure by fitting all permutations of random effects and choosing the model with the
lowest small sample size-corrected Akaike’s Information Criterion (AICc; Zuur et al., 2009). We
then selected among all permutations of fixed effects based on AICc, holding the random effects
structure constant (Zuur et al.,, 2009). Full model selection results are reported in Tables

S1.3-1.10, and parameter estimates for the selected models are reported in Table S1.11.

Table S1.3  Model selection: random effects for lay day model

Formula delta AICc

SAM + year + (1]year) + (SAM]|id) 0.00
SAM + year + (SAM[id) 1747.18
SAM + year 2502.81
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Table S1.4  Model selection: fixed effects for lay day model

Formula delta AICc
SAM + year + (1]year) + (SAM]|id) 0.00
year + (1]year) + (SAM|id) 4.68
SAM + (1]year) + (SAM]Jid) 23.79
1 + (1]year) + (SAMIid) 27.93
Table S1.5  Model selection: random effects for mate switch model
Formula delta AICc
rain + year + prev_mate + prev_fledge + (1|year) + (rainlid) 0.00
rain + year + prev_mate + prev_fledge + (rainlid) 20.83
rain + year + prev_mate + prev fledge 102.37
Table S1.6  Model selection: fixed effects for mate switch model
Formula delta AICc
rain + prev_mate + prev_fledge + (1|year) + (rainjid) 0.00
rain + year + prev_mate + prev_fledge + (1|year) + (rain|id) 1.12
year + prev_mate + prev_fledge + (1|year) + (rain|id) 5.33
prev_mate + prev_fledge + (1|year) + (rainfid) 7.27
rain + year + prev_fledge + (1[year) + (rain|id) 139.02
rain + prev_fledge + (1|year) + (rain|id) 139.26
year + prev_fledge + (1|year) + (rain|id) 139.26
prev_fledge + (1]year) + (rain|id) 152.04
rain + prev_mate + (1|year) + (rain|id) 288.45
rain + year + prev_mate + (1|year) + (rain|id) 289.16
year + prev_mate + (1[year) + (rain|id) 294.55
prev_mate + (1|year) + (rain|id) 297.72
rain + year + (1|year) + (rain|id) 425.59
rain + (l[year) + (rainid) 426.04
year + (1|year) + (rainjid) 434.21
1 + (1]year) + (rainlid) 440.53
Table S1.7  Model selection: random effects for trip distance model
Formula delta AICc
SST + year + sex + (1|year) + (SST|id) 0.00
SST + year + sex + (SST|id) 49.45
SST + year + sex 238.29
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Table S1.8  Model selection: fixed effects for trip distance model

Formula delta AICc
SST + sex + (1]year) + (SSTlid) 0.00
SST + year + sex + (1|year) + (SSTJid) 1.72
sex + (1jyear) + (SSTJid) 5.07
SST + (1|year) + (SST|id) 5.25
year + sex + (1]year) + (SST|id) 6.82
SST + year + (1|year) + (SST|id) 7.00
1 + (lyear) + (SSTJid) 10.49
year + (1lyear) + (SSTlid) 12.27
Table S1.9  Model selection: random effects for site fidelity model
Formula delta AICc
SST + year + sex + (1|year) + (SST|id) 0.00
SST + year + sex + (SST|id) 22.81
SST + year + sex 46.31
Table S1.10  Model selection: fixed effects for site fidelity model
Formula delta AICc
SST + sex + (1]year) + (SSTlid) 0.00
SST + year + sex + (1|year) + (SSTlid) 0.45
sex + (1l]year) + (SSTJid) 2.58
year + sex + (1|year) + (SSTid) 3.10
SST + year + (1]year) + (SSTJid) 3.83
1 + (lyear) + (SSTJid) 5.87
year + (1|year) + (SSTJid) 6.43
SST + (1lyear) + (SSTJid) 9.96
Table S1.11  Parameter estimates from single-behavior models
Model Parameter Parameter Estimate 95% CI
Lay date SAM 1.151 [0.317,1.982]
Year 0.285 [0.205, 0.364]
Mate switch Rain -0.169 [-0.275, -0.006]
Previous mate 0.978 [0.818, 1.140]
Previous fledge 1.321 [1.163, 1.484]
Trip distance SST 3.180 [1.070, 5.320]
Sex -5.355 [-16.324, 5.933]
Site fidelity SST 1.640 [-0.250, 3.486]
Sex -1.524 [-12.845, 9.669]

Mate switch = probability of mating with same individual as previous breeding season
Previous mate = whether the previous-season’s mate was the same individual as two seasons ago
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Previous fledge = whether individual successfully fledged any chick in the prior breeding season
Site fidelity = distance between endpoints of sequential foraging trips

Appendix S1.2 Specification of double-hierarchical generalized linear models (DHGLMs).
The general structure of each DHGLM had the following core components. Each
behavioral response variable, y’and )7, and associated environmental correlates, x’ and x’ (note

that superscripts denote behavior, not powers) were related to each other according to
g(uij) = B +ai) + (Bf + 61)xi;
9(ut;) = (B + ai) + (B + 6))xi;
Vi ~D (i 6"
yj~D Wz, 6%)
where i denotes individual, j denotes observation within individual, M, is the expected value for

individual i at observation j, g() is the GLMM link function (identity for foraging trip distance,
site fidelity, and egg laying date responses, logit for mate switching), S, and f, are the

population-level intercept and slopes, a and 6L, are the individual (random) level differences in

intercept and slope, respectively, and D is the assumed observation level distribution (normal for
foraging trip distance, site fidelity, and egg laying date responses, bernoulli for mate fidelity),
with additional parameter © controlling variation in response (normal: ¢, Bernoulli is not
needed). Additional parameters identified as important predictors for each behavior from the
single-behavior models were included as predictors of that behavior in the DHGLMs.

We define a model for the individual random effects (slope and intercept) such that they

are not-independent, but rather co-vary according to a multivariate normal distribution centered

on zCro:
2
ag' 0 (O-al)
2
a? 0 Pl q20q10,2 (0,2)
' ~MVN|p=_32= )
o; 0 PalsiOaqi0s1  Pg2 51042051 (o51)
512 0 Pals2041052 P2 52042052 Pg1 52051052 (0’62)2

The variance-covariance matrix of this distribution consists of diagonal elements that

control the variation among individual level responses within each behavior, and off-diagonal
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elements that control the degree of covariation between individual level factors via the inclusion
of correlation parameters, p. The correlation parameters affect the degree to which intercepts and

slopes are correlated within behavioral responses (i.e., p 1 1 Tepresents the correlation between
a,
intercepts and slopes of behavior 1) but also between behaviors (i.e., Py 2 represents the

correlation between slopes of behavior 1 and slopes of behavior 2). If correlated plasticities
existed between two behavioral responses, we would expect a non-zero correlation between the

slopes of behavior 1 and 2 (i.e., Pyt s = 0).

Models were estimated using Markov chain Monte Carlo via 4 chains, with a minimum
warm-up period of 2000 iterations, or until convergence (based on trace plots of among chain
mixing and convergence criteria (R-hat < 1.05); (Vehtari et al., 2021)). Following convergence, a
minimum of 2000 iterations were performed to estimate posterior distributions of model

parameters (Vehtari et al., 2021).

Appendix S1.3 Deming regression of plasticity correlation estimates.
Deming regression was used to draw best-fit lines for Figures 3e-g, which allowed us to

take into account uncertainty in both the predictor and the response for these models. Models

. [ 2 2 : L . .
were weighted by de + sdy, where de is the standard deviation of the plasticity estimate

along the x axis and 1is the standard deviation of the plasticity estimate along the y axis.

Appendix S1.4 Magnitude of variation in individual plasticity.

For each DHGLM, we defined the magnitude of variation in individual plasticity for each
behavior as the coefficient of variation in the slope estimates of that behavior, defined as:
CV = o/u, where o is the vector of MCMC standard deviation values from the model and p is the
vector of MCMC slope estimates from the model. Here, we report the median and 89% highest
density interval for each coefficient of variation in plasticity from each model. For the lay date
and mate switch model, CV,; g = 0.57 [0.26, 1.13] and CV ¢ switen = 2.31 [0.97, 4.54]. For the
lay date and trip distance model, CV\,y 4= 0.61 [0.27, 1.17] and CV ;; gistance = 2.24 [0.51, 5.65].
For the trip distance and site fidelity model, CV i, gistance = 1.67 [0.60, 3.13] and CV g ety = 1.47
[0.00, 3.84].
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Table S1.12 Parameter estimates from DHGLMs

Model Parameter Prior Distribution Median Estimate pd 89% HDI
Lay date (LD) - Mate switch (MS) LD Intercept Normal (mean=0, sd=100) 286.36 1.00 [285.56, 287.13]

SAM (LD predictor) Normal (0, 100) 1.185 1.00  [0.48, 1.89]

MS Intercept Normal (0, 100) 1.031 1.00  [0.89, 1.19]
Rainfall (MS predictor) Normal (0, 100) -0.161 1.00  [-0.25, -0.07]

Year (LD predictor) Normal (0, 100) 0.287 1.00  [0.22,0.35]

Prev_Fledge (MS predictor) Normal (0, 100) 1.323 1.00  [L.19, 1.46]

Prev_Mate (MS predictor) Normal (0, 100) 0.991 1.00  [087,1.13]

cor(LD int, LD slope) LKJ(eta=1) 0.074 079  [-0.07, 0.23]
cor(LD int, MS int) LKJ(1) -0.201 098 [-0.36, -0.05]

cor(LD int, MS slope) LKI(1) -0.106 0.75  [-0.37,0.16]

cor(LD slope, MS int) LKJ(1) 0.069 0.64 [-0.23,0.36]

cor(LD slope, MS slope) LKJ(1) 0.241 0.84  [-0.14, 0.60]

cor(MS int, MS slope) LKJ(1) 0.484 1.00  [0.22,0.78]

Trip distance (TD) - Site fidelity (SF) TD Intercept Normal (0, 100) 0.079 079  [-0.09, 0.24]
SST (TD predictor) Normal (0, 100) 0.092 1.00  [0.04,0.14]

SF Intercept Normal (0, 100) -0.170 0.76  [-0.56, 0.20]

SST (SF predictor) Normal (0, 100) 0.083 099  [0.02,0.14]

Sex (TD predictor) Normal (0, 100) -0.119 077 [-0.38,0.15]

Sex (SF predictor) Normal (0, 100) -0.196 0.82  [-0.53,0.15]

cor(TD int, TD slope) LKJ(1) 0.587 099  [0.27,091]

cor(TD int, SF int) LKJ(1) 0.212 0.84  [-0.13, 0.54]

cor(TD int, SF slope) LKI(1) 0.165 0.69  [-0.36, 0.69]

cor(TD slope, SF int) LKJ(1) 0.081 0.59  [-0.46, 0.59]

cor(TD slope, SF slope) LKJ(1) 0.279 0.84 [-0.12, 0.68]

cor(SF int, SF slope) LKJ(1) 0.403 0.85  [-0.11,0.91]

Lay date (LD) -Trip distance (TD) LD Intercept Normal (0, 100) -0.015 0.57 [-0.15, 0.12]
SAM (LD predictor) Normal (0, 100) 0.198 099  [0.08,0.31]

TD Intercept Normal (0, 100) 0.279 0.94  [-0.01, 0.58]

SST (TD predictor) Normal (0, 100) 0.070 098  [0.02,0.12]

Year (LD predictor) Normal (0, 100) 0.048 1.00  [0.04, 0.06]

Sex (TD predictor) Normal (0, 100) -0.249 093  [-0.51,0.02]

cor(LD int, LD slope) LKJ(1) 0.071 077  [-0.08, 0.22]

cor(LD int, TD inf) LKJ(1) -0.053 0.60  [-0.38, 0.28]

cor(LD int, TD slope) LKJ(1) -0.245 0.73  [-0.80, 0.31]

cor(LD slope, TD int) LKI(1) -0.497 0.89  [-0.96, 0.03]

cor(LD slope, TD slope) LKI(1) -0.281 0.77  [-0.75, 0.26]

cor(TD int, TD slope) LKJI(1) 0.492 0.97  [0.14,0.84]

LKJ = Lewandowski-Kurowicka-Joe; distribution used for positive definite symmetric matrices
with unit diagonals (uniform: eta = 1; small correlations favored: eta > 1; large correlations

favored: eta < 1).
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Chapter 2: Consequences of Individual Variation in Plasticity in
Wild Vertebrates

Authors: Erik Johansson, P. Dee Boersma, Timothy Jones, Briana Abrahms
Note: This chapter was published jointly with Chapter 1:

Johansson, E., Boersma, P. D., Jones, T., Abrahms, B. 2024. Plasticity syndromes in wild
vertebrates: Patterns and consequences of individual variation in plasticity across multiple
behaviours. Ecol. Lett. 27, e14473. https://doi.org/10.1111/ele.14473

2.1 Abstract

Behavioral plasticity is an important mechanism allowing animals to cope with changing
environments. The precise fitness consequences of this strategy under various environmental
regimes varies. Plasticity i1s thought to buffer individuals from the negative effects of
anomalously poor environments, but support for this hypothesis in wild populations is mixed.
Using a 40-year dataset on free-ranging Magellanic penguins, we find that coordinated plasticity
across reproductive behaviors did not strongly affect lifetime reproductive success, but its effect
on interannual performance varied significantly by environmental context: plasticity reduced
success in average oceanic conditions, increased success in anomalously productive conditions
and, contrary to expectation, did not buffer against anomalously unproductive conditions. Such
results highlight the interactive consequences of plasticity across behaviors, individuals, and
environments, and the context-dependent role that correlated plasticities play in the adaptive

capacity of populations to environmental change.
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2.2 Introduction

As animals confront increasingly variable environments, understanding the ecological
processes that promote their resilience is critical. One important mechanism for species
responding to environmental change is the capacity to vary behavioral expression across
contexts, i.e., ‘behavioral plasticity’ (Pigliucci et al., 2006). Behavioral plasticity occurs in
diverse taxa, and across functional behavioral categories (e.g., reproduction, foraging, dispersal;
Beever et al., 2017). Because many behaviors are highly sensitive to the environment
(Snell-Rood, 2013) and can be expressed quickly, they can serve as a fast-acting response
mechanism for individuals experiencing anomalous environmental conditions.

Behavioral plasticity is expected to confer fitness benefits in rapidly changing
environments (Beever et al., 2017). However, behavioral plasticity might also exact costs under
non-anomalous, or average, conditions (Piper, 2011; West-Eberhard, 2003); highly plastic
individuals may be less able to take advantage of predictable resources due to a lack of
familiarity (Switzer, 1993; Wolf et al., 2009), and may experience costs in the form of time and
energy dedicated to maintaining cognitive and sensory apparatuses and sampling for
environmental cues (Dingemanse and Wolf 2013). Assessing the performance trade-offs of
behavioral plasticity in wild populations under variable environmental conditions remains
challenging because it requires repeatedly sampling individual behavior over a range of
environments. Moreover, the population-level consequences of plasticity can be particularly
difficult to determine because behavioral plasticity can vary substantially across individuals
within a population.

Consistent variation in behavior among individuals within a population is increasingly
recognized in animal ecology (Dall et al., 2012; Réale et al., 2010; Wolf and Weissing, 2012),
and can drive variation in survival, reproduction, and dispersal (Cote et al., 2010; Dingemanse
and Réale, 2005; Schuett et al., 2011). While previous research has highlighted variation in
average behavioral expression across individuals, such as individual variation in aggression or
exploratory behavior (Bell et al., 2009), there is growing interest in patterns and consequences of
interindividual variation in behavioral plasticity (Stamps, 2016). However, studies of
interindividual behavioral variation are complicated by the range of behaviors animals express.
Quantifying behavioral syndromes — i.e., suites of behaviors with correlated expression (Sih et

al., 2004a) — allows us to consider the drivers and consequences of multiple behaviors
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simultaneously. For example, evidence of a positive correlation between aggression and
exploration in the great tit (Parus major) enabled researchers to identify fluctuating selection
pressures on avian behavioral strategies more holistically (Dingemanse et al., 2004). Such
syndromes have been identified in many taxa (Sih et al., 2004b), and both theoretical and
empirical work have shown behavioral syndromes can be important predictors for observed
ecological patterns (Sih et al., 2012).

While both behavioral plasticity and behavioral syndromes can shape ecological and
evolutionary patterns, little attention has been paid to the integration of these phenomena. Recent
theory has hypothesized the existence of ‘plasticity syndromes’ — positive correlations of
plasticity across multiple behaviors within an individual — which may afford a generalized ability
to respond plastically to environmental change (Hertel et al., 2020; Sheehy and Laskowski, 2023;
Westneat et al., 2019). Alternatively, populations could exhibit ‘plasticity allocation” — negative
correlations of plasticity across behaviors — indicating a tradeoff in plasticity expression among
behaviors. As plasticity is generally described as the slope of a behavioral response across an
environmental gradient, these hypotheses concern correlations in the magnitude, i.e. the absolute
slope, of behavioral plasticities. Determining whether and how the absolute magnitude of
plasticity is correlated across multiple behaviors is critical to understanding a population’s
adaptive capacity to environmental change and the selective pressures on the evolution of
behavioral plasticity (Dingemanse and Wolf, 2013; Sheehy and Laskowski, 2023).

These hypotheses remain largely untested in natural systems due to a lack of sufficient
repeated measurements of multiple behaviors across individuals and environmental contexts. In
addition, understanding the fitness consequences of behavioral plasticity in long-lived species,
and how such consequences may vary across environmental contexts, requires very long-term
data to track both environmentally- and behaviorally-driven variation in fitness outcomes. This is
especially challenging to observe for long-lived, highly mobile vertebrate species that are among
the taxa most threatened by global change (Runge et al., 2014).

Here, we employ a 40-year dataset, including repeated behavioral observations on more
than 1800 Magellanic penguins (Spheniscus magellanicus) from a colony experiencing
environmentally-driven population decline, to examine the consequences of plasticity across
multiple behaviors. Specifically, we examined the relationship between behavioral plasticity and

reproductive performance across varied environmental conditions to test the hypothesis that
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behavioral plasticity and environment have an interactive effect on fitness. We predicted that
behavioral plasticity would be positively correlated with reproductive success under anomalous
environmental conditions and negatively correlated with reproductive success under average

environmental conditions.

2.3  Methods
2.3.1 Study System

This study was carried out at the Punta Tombo Magellanic penguin colony in Chubut,
Argentina (44°03" S, 65°13" W), where we have been following marked individuals since 1982
(Boersma et al., 1990). Due to environmental change and human impacts, this colony has
declined from ~400,000 breeding pairs in the 1980s to less than 200,000 breeding pairs in 2023
(Garcia-Borboroglu et al., 2006; Holt and Boersma, 2022; Rebstock et al., 2016).

Males arrive at the colony following their migration season in mid-September. Breeding
adults frequently mate with the same partner for multiple years (Wagner et al., 2022). Females
arrive shortly after males; eggs are typically laid in early October, but laying date is variable and

has become later over time (Cappello and Boersma, 2021).

2.3.2 Behavioral and Reproductive Success Data

We identified two reproductive behaviors known to impact penguin fitness: egg laying
date (Cappello and Boersma, 2021) and mate switching (Wagner et al., 2022). To ensure
sufficient sample sizes for estimating individual plasticity, we constrained our datasets on all
behaviors to individuals for whom we had at least four observations of the given behavior.
We determined egg laying date — the Julian day the first egg of a clutch was laid — by regularly
checking nests of marked individuals (Cappello and Boersma, 2021). Records were restricted to
those known within two days of confidence, resulting in 6102 records on 810 individuals (Table
S1). We recorded mate switching as a binary behavior, dependent on whether the individual
mated with the same breeding partner as the previous year or switched to a new partner. We only
considered cases where both mates from the previous year were seen, resulting in 9657 records
on 1330 individuals (Table S1).

Our metric of reproductive success was fledging success (Boersma and Rebstock, 2009;

Wagner et al., 2022), defined annually for each individual as whether they had any chicks that
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fledged that year (Rebstock et al., 2022), which we determined by regularly checking the nests of
marked individuals throughout the breeding season. Chicks start to fledge in January (Cappello
and Boersma, 2021); any chick weighing at least 1800g after January 10 and not found dead was
considered fledged (Boersma and Rebstock, 2014; Rebstock et al., 2022).

2.3.3 Environmental Data

We extracted environmental data known to influence each of the behaviors. We matched
egg laying dates with measurements of the Southern Annular Mode (SAM), as laying date is
significantly influenced by ocean conditions (Rebstock and Boersma, 2018). SAM describes the
strength of the westerly winds surrounding Antarctica, which determine the latitude of currents
carrying cold and nutrient-rich water to the Patagonian Shelf Marine Ecosystem. Negative SAM
values are associated with high oceanic productivity in this region (Lovenduski and Gruber,
2005), and have a positive effect on adult survival of other seabirds; the inverse is true during
positive SAM phases (Ventura et al., 2021). SAM is also correlated with penguin reproductive
phenology in other regions (Hindell et al., 2012).

We matched mate switching data with rainfall measurements, as penguins are more likely
to switch mates following early reproductive failure (Wagner et al., 2022), which is most
frequently caused by high rainfall events (Boersma and Rebstock, 2014). We recorded
precipitation (+/- 0.1mm) daily at the study site using a rain gauge (Boersma and Rebstock,
2014), and calculated an annual metric of rainfall as the log-transformed average amount of rain

per day during the egg-laying and early nestling period, from October-December.

2.3.4 Behavioral Plasticity Modeling

Individual behavioral plasticity can be estimated from mixed-effects models using best
linear unbiased predictor estimates (Betini and Norris, 2012; Carter et al., 2012), but using these
estimates in further analyses ignores their uncertainty (Houslay and Wilson, 2017). Double
hierarchical generalized linear models (DHGLMs) are able to include the estimation of
individual plasticity in multiple behaviors, as well as their correlation, in a single model (Hertel
et al., 2020). As a result, despite requiring very large amounts of data, DHGLMs are considered
the best tool available for identifying plasticity correlations given their ability to fully propagate

uncertainty from the base data into estimates of behavioral correlation (Hertel et al., 2021; O’Dea
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et al., 2022; Sheehy and Laskowski, 2023). We fit a bivariate DHGLM to estimate correlations in
plasticity (Appendix S1.2) between two breeding behaviors (egg laying date and mate choice).

The DHGLM was fitted as a Bayesian model using the statistical software Stan
connected to R via the RStan interface (Carpenter et al., 2017; Stan Development Team, 2023).
By using a Bayesian framework, we were able to include all individuals with data for a given
behavior in the parameter estimations specific to that behavior, while estimating correlations
across two behaviors using only individuals with data on both behaviors. To allow the data to
dominate parameter estimation, all parameters were defined via vague prior distributions
(Lambert et al., 2005; see Supplementary Material). Models were estimated using Markov chain
Monte Carlo via 4 chains, with a minimum warm-up period of 2000 iterations, or until
convergence (based on trace plots of among chain mixing and convergence criteria (R-hat <
1.05); (Vehtari et al., 2021)). Following convergence a minimum of 2000 iterations were
performed to estimate posterior distributions of model parameters (Vehtari et al., 2021). Because
we were interested in the absolute magnitude of plasticity (Sheehy and Laskowski, 2023), we
transformed individual plasticity estimates post-hoc by multiplying all plasticity estimates of
individuals with negative mean plasticity values by -1. This enables a direct comparison of the
magnitude of plasticity across individuals and behaviors, while preserving the posterior
distribution shape and the uncertainty of the plasticity estimate.

To interpret the strength of plasticity correlations, we used the metrics of probability of
direction (pd) and highest density interval (HDI) to characterize the certainty in the posterior
distributions of our Bayesian models. pd ranges from 0.5-1.0 and measures the probability with
which an effect has a particular sign (Makowski et al., 2019). pd values should be interpreted as
the existence, rather than the significance, of an effect (Makowski et al., 2019), with higher
values indicative of greater certainty of a relationship in either a positive or negative direction.
Following Weller et al. (2022) and Murphy et al. (2023), we considered pd values >0.75 as
evidence that a correlation likely exists. The HDI is the range of values where the probability of
a parameter lying between those points equals a set amount, but placed so that all points within
this interval have a higher probability density than points outside this interval (Makowski et al.,
2019). We report the 89% HDI here, as recommended for Bayesian analyses (Kruschke, 2014;
McElreath, 2016).
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2.3.5 Reproductive Success Modeling

To first establish whether broad-scale environmental conditions influence
population-level reproductive success, we fit a logistic generalized linear mixed-effect model
with SAM as a continuous predictor and fledging success as a binary response, including random
intercepts for individual and year. Next, to examine the potential fitness consequences of
behavioral plasticity, we paired individual behavioral plasticity estimates extracted from the
DHGLM with annual individual reproductive success measurements. To consider the effects of
divergent environmental conditions on the relationship between plasticity and reproductive
success, we considered an interaction between plasticity and discrete environmental phases based
on SAM indices. Specifically, we compared performance under ‘average’ conditions versus
extremely anomalous conditions, defined as being above or below the 95th or 5th percentiles of
SAM values, respectively (Clark-Wolf et al., 2023; Pardo et al., 2017). We accordingly separated
records from years when SAM was above the 95th percentile (>2.44), below the 5th percentile (<
-1.96), and between the 45th-55th percentiles, (i.e., average conditions, >0.32, <0.57). Using
these groupings, we fit a logistic mixed-effect generalized linear model with fledging success as
a binary response, an interaction between SAM as a categorical predictor and plasticity as a
continuous predictor, and random intercepts for individual and year.

To describe the consequences of plasticity in more than one behavior, rather than in a
single behavior, we used a joint metric for the continuous predictor of plasticity (see
Supplementary Material). Specifically, we used a joint metric for laying date plasticity and mate
switching plasticity,. Finally, to identify any effect of plasticity on long-term (rather than
interannual) reproductive success, we ran a weighted least squares regression using the ‘stats’
package in R (R Core Team, 2023), with joint plasticity as the sole predictor, total fledglings per
years-monitored as the response, and weighted by years-monitored (min=7, max=32,

mean=13.7).

2.4 Results

2.4.1 Behavioral Plasticity
Parameter estimates from the DHGLMs (Tables S11-12) reveal that mate switching
increased with higher rainfall (Fig. 2.1a) and egg laying was delayed following higher SAM

conditions (Fig. 2.1b). Interindividual variation in plasticity was found for each behavior
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(Appendix S1.4). Plasticity in lay date and plasticity in mate switching were positively correlated
(DHGLM posterior distribution median = 0.24; pd = 0.84; HDI = [-.14, 0.60]; Fig. 2.1¢). Metrics

for all model parameters are reported in Table S1.12.
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2.4.2 Reproductive Success

At a population level, annual reproductive success was negatively correlated with SAM;
fledging success was lower following less productive phases of SAM (estimate: -0.34; 95% CI:
[-0.39, -0.30]; conditional R*: 0.31; Fig. 2.2). Plasticity weakly affected long-term reproductive
success, with a very small effect size (estimate: -0.04; 95% CI: [-0.09, 0.00]; R* 0.01; Fig. 2.2).
However, there was a significant interaction between plasticity in reproductive behaviors and
SAM on annual reproductive success (conditional R%: 0.32). Following phases of anomalously
high oceanic productivity, plasticity was positively correlated with fledging success (estimate:
1.46; 95% CI: [0.12, 2.89]; Fig. 2.2). Under average conditions, plasticity was negatively
correlated with fledging success (estimate: -0.96; 95% CI: [-1.59, -0.33]; Fig. 2.2). In contrast,

under anomalously low oceanic productivity, this relationship was not significant (estimate:
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-0.11; 95% CI: [-1.74, 1.44]) and fledging success was very low across the population (Fig. 2.2).

Full parameter estimates are reported in Supplementary Material.
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Figure 2.2 (A) Reproductive success is negatively correlated with the Southern Annular Mode (SAM),
indicating that high phases of SAM result in bad reproductive conditions and low phases of SAM provide
good reproductive conditions. (B) Plasticity has a weakly negative effect on long-term reproductive
success. (C-E) The effect of plasticity on annual reproductive success is mediated by environmental
context. Under extremely low phases of SAM (C), more plastic individuals perform better than less
plastic individuals. Under normal SAM conditions (D), more plastic individuals perform worse than less
plastic individuals. Under extremely high phases of SAM (E), no individuals perform well regardless of

plasticity.
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2.5 Discussion

By leveraging long-term behavioral data, our results indicate that the fitness-related
benefits of behavioral plasticity are mediated by environmental context. We paired 40 years of
field data on reproductive and foraging behaviors with environmental data to reveal that
individual plasticity was positively correlated across distinct reproductive behaviors. We also
found that environmental conditions mediated the relationship between individual plasticity and
reproductive success. Plasticity was positively correlated with reproductive success in years with
anomalously productive ocean conditions, but during years of normal ocean productivity this
trend was reversed, indicating that plasticity may allow individuals to take advantage of good
conditions rather than buffer against bad ones. Our study underscores the importance of very
long-term data for revealing the consequences of plasticity across behaviors, individuals, and
environments, which is critical for predicting how populations will respond to ongoing
environmental change.

Individuals in this population varied in both their average behavior and their plasticity
across behaviors, which adds to a growing literature documenting interindividual variation in
behavioral plasticity in wild populations (Araya-Ajoy and Dingemanse, 2017; Brommer et al.,
2008; Nakayama et al., 2016). The ecological importance and adaptive role of interindividual
behavioral variation in variable environments is well documented (Bolnick et al., 2011).
Variation within a population provides a portfolio effect, in which some individuals persist in
environmental contexts that are catastrophic for other individuals, enabling population
persistence across a range of conditions (Schindler et al., 2010). The maintenance of this
interindividual behavioral variation is therefore an important biological process to examine as the
environment continues to change (Dingemanse and Wolf, 2013).

Our study did not directly test for the proximate mechanisms maintaining individual
variation in behavioral plasticity in this population, but existing theory provides potential
explanations. Individual variation in demographic or internal states could facilitate this diversity;
we tested for these effects where our data allowed, but there could be unaccounted-for variations
that make it more or less beneficial for individuals to be plastic (e.g. disease, hunger state).
Additionally, this variation could be maintained through a combination of spatiotemporal

resource heterogeneity and intraspecific competition, where the benefits of individual plasticity
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depend on the plasticity of other individuals (Dall et al., 2004; Wolf, 2009; Wolf et al., 2011).
Lastly, correlated behavioral plasticities may impose constraints on behavior that contribute to
interindividual variation (Sheehy and Laskowski, 2023). Specifically, if the plasticity of two
behaviors is tightly coupled, the observation of interindividual variation in one behavior may be
driven by a plastic response in a coupled behavior. It is therefore crucial to consider individual
plasticity across multiple behaviors at once.

We found support for a plasticity syndrome between two breeding behaviors (mate
switching and egg laying date), which indicates that when environmental conditions change,
plastic individuals respond in a coordinated way by adjusting multiple features of their breeding
behavior. Positive correlations in plasticity across multiple behaviors may reflect common
behavioral or physiological mechanisms underlying distinct expressions of plasticity (Sheehy
and Laskowski, 2023). These correlations may be maintained by positive feedbacks: behaving
plastically in one context may lessen the cost of behaving plastically in another context, either
through the development of a shared physiological pathway or simply through gaining
experience with responding plastically (Wolf et al., 2008). In Magellanic penguins, coordinated
breeding routines are essential to successfully raising chicks; switching mates could necessitate
flexibility in those routines as the new pair learn to coordinate the timing of their breeding
behaviors. There could also be adaptive pressure for correlated behavioral plasticities, driven by
the benefit of responding to multi-faceted environmental change with a suite of behavioral
responses (Hossie et al., 2017).

We found that the reproductive consequences of behavioral plasticity were mediated by
environmental conditions. As predicted, individuals that were more plastic performed better
under anomalously productive ocean conditions, successfully fledging chicks significantly more
frequently than their less plastic counterparts (Fig. 4c). We found the opposite relationship under
normal conditions, in which plasticity was negatively correlated with reproductive success (Fig.
4d). This supports our expectation that more plastic individuals should perform worse than less
plastic individuals under normal environmental conditions because less plastic individuals have
optimized their behavior to average conditions (Abrahms et al., 2018). Contrary to our
predictions, however, reproductive success was uniformly low under poor oceanographic
conditions, such that plasticity did not improve performance (Fig. 4e). We expected that

individuals that are able to adjust their breeding behaviors to anomalous conditions — whether
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good or bad — would gain a reproductive advantage over less responsive individuals. However,
the nestling period — i.e., the time between chick hatching and fledging — is shortening in this
population (Cappello and Boersma, 2021). Behavior can only be adjusted to a degree; delaying
egg laying in years of low ocean productivity (Fig. 3b) may not be beneficial as it would reduce
the nestling period even further.

These findings suggest that a diversity of individual plasticity levels could be sustained
by heterogeneous environmental conditions across years. Indeed, we found only a very weak
effect of individual plasticity on reproductive success across all years (Fig. 4b), indicating that
there is minimal difference in the lifetime reproductive success of plastic and non-plastic
individuals. These results align with recent work on northern elephant seals (Mirounga
angustirostris), which found that plasticity and foraging success were positively correlated in
good ocean conditions, negatively correlated in normal conditions, and not correlated in poor
conditions (Abrahms et al., 2018). Such insights can help explain the long-term maintenance of
behavioral diversity within these populations.

The occurrence of correlated plasticities has far-reaching consequences for ecology and
evolution (O’Dea et al., 2022; Sheehy and Laskowski, 2023), but our understanding of these
consequences has been limited by a lack of empirical work (Dingemanse and Wolf, 2013). Our
study provides a first look at fitness consequences of correlated plasticities in a wild population.
Correlated individual plasticities have the potential to either facilitate or constrain adaptive
change in populations, depending on whether selection favors plasticity in both behaviors or
selects for plasticity in one behavior and against plasticity in another behavior (Bell and Sih,
2007; Dingemanse and Dochtermann, 2013). Similar empirical work in other natural systems
will allow us to determine how widespread correlated plasticities syndromes are, in what
circumstances they are most likely to occur, and their impact on individual fitness, population
resilience, and ecological patterns.

Finally, behavioral plasticity is often pointed to as a mechanism for coping with changing
environmental conditions (Beever et al., 2017). Our findings provide nuance to this expectation,
indicating that behavioral plasticity may allow individuals to take advantage of unusually good
environmental conditions, but that its universal benefit under poor conditions should not be
assumed. This has important implications for the long-term persistence of the Punta Tombo

penguin colony, which was once the largest Magellanic penguin population but is experiencing
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rapid population decline (Boersma and Rebstock, 2014; Clark-Wolf et al., 2023). The long-term
trend of SAM is increasing (Lee et al., 2019), suggesting that foraging conditions will likely
continue to degrade in this region. Based on our findings, behavioral plasticity is an inadequate
mechanism for individuals in this population to cope with this change. More broadly, our study
provides new insight into the occurrence of correlated behavior plasticity in the wild, and the
context-dependent role that correlated plasticities may play in the adaptive capacity of

populations to long-term environmental change.
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2.6 Supplementary Material

Table S2.1  Sample size and error distributions for four behaviors used in modeling.

Behavior Observations Individuals Error Distribution
Egg laying date 6102 810 Normal
Mate switching 9657 1330 Bernoulli

Appendix S2.1 Specification of double-hierarchical generalized linear model (DHGLMs).
The general structure of the DHGLM had the following core components. Each
behavioral response variable, y’and )7, and associated environmental correlates, x’ and x’ (note

that superscripts denote behavior, not powers) were related to each other according to
g(uij) = B +ai) + (Bf + 61)xi;
9(wf;) = (B8 + af) + (BF + 82,
Yij~D (i 6"
yj~D Wz, 6%)
where i denotes individual, j denotes observation within individual, M is the expected value for

individual i at observation j, g() is the GLMM link function (identity for foraging trip distance,
site fidelity, and egg laying date responses, logit for mate switching), S, and f, are the

population-level intercept and slopes, a and Si are the individual (random) level differences in

intercept and slope, respectively, and D is the assumed observation level distribution (normal for
foraging trip distance, site fidelity, and egg laying date responses, bernoulli for mate fidelity),
with additional parameter © controlling variation in response (normal: ¢, Bernoulli is not
needed). Additional parameters identified as important predictors for each behavior from the
single-behavior models were included as predictors of that behavior in the DHGLMs.

We define a model for the individual random effects (slope and intercept) such that they
are not-independent, but rather co-vary according to a multivariate normal distribution centered

on zCro:
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The variance-covariance matrix of this distribution consists of diagonal elements that
control the variation among individual level responses within each behavior, and off-diagonal
elements that control the degree of covariation between individual level factors via the inclusion
of correlation parameters, p. The correlation parameters affect the degree to which intercepts and

slopes are correlated within behavioral responses (i.e., p gl represents the correlation between
a,
intercepts and slopes of behavior 1) but also between behaviors (i.e., Pyl s represents the

correlation between slopes of behavior 1 and slopes of behavior 2). If correlated plasticities
existed between two behavioral responses, we would expect a non-zero correlation between the

slopes of behavior 1 and 2 (i.e., Pyt s = 0).

The model was estimated using Markov chain Monte Carlo via 4 chains, with a minimum
warm-up period of 2000 iterations, or until convergence (based on trace plots of among chain
mixing and convergence criteria (R-hat < 1.05); (Vehtari et al., 2021)). Following convergence, a
minimum of 2000 iterations were performed to estimate posterior distributions of model

parameters (Vehtari et al., 2021).
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Table S2.2  Parameter estimates from reproductive success models
Response Parameter Parameter Estimate 95% CI
Annual reproductive success SAM -0.389 [-0.664,-0.111]
Long-term reproductive success Plasticity -0.044 [-0.087,-0.001]
Annual reproductive success Intercept 0.936 [0.252,2.138]
(Joint plasticity) Plasticity -0.956 [-1.594, -0.335]
High SAM -3.828 [-6.398, -1.298]
Low SAM -2.538 [-4.238, 0.129]
Plasticity*High SAM 0.845 [-0.782, 2.395]
Plasticity*Low SAM 2417 [1.072, 3.843]
Annual reproductive success Intercept 0.931 [-0.260, 2.135]
(Lay date plasticity) Plasticity -0.966 [-1.616,-0.332]
High SAM -3.869 [-6.446, -1.335]
Low SAM -2.690 [-5.432, 0.008]
Plasticity*High SAM 0.891 [-0.762, 2.471]
Plasticity*Low SAM 2.588 [1.172, 4.093]
Annual reproductive success Intercept 0.057 [-0.909, 1.026]
(Mate switch plasticity) Plasticity -1.593 [-3.128,-0.106]
High SAM -2.945 [-4.729, -1.197]
Low SAM 0.120 [-1.998, 2.235]
Plasticity*High SAM 0.778 [-3.375, 4.363]
Plasticity*Low SAM 1.925 [-0.363, 4.250]

Table S1.12 Parameter estimates from DHGLMs

Model Parameter Prior Distribution Median Estimate pd 89% HDI
Lay date (LD) - Mate switch (MS) LD Intercept Normal (mean=0, sd=100) 286.36 1.00 [285.56, 287.13]

SAM (LD predictor) Normal (0, 100) 1.185 1.00  [0.48, 1.89]
MS Intercept Normal (0, 100) 1.031 1.00  [0.89, 1.19]
Rainfall (MS predictor) Normal (0, 100) -0.161 1.00  [-0.25,-0.07]
Year (LD predictor) Normal (0, 100) 0.287 1.00  [0.22,0.35]
Prev_Fledge (MS predictor) Normal (0, 100) 1.323 1.00  [L.19, 1.46]
Prev_Mate (MS predictor) Normal (0, 100) 0.991 1.00  [087, 1.13]
cor(LD int, LD slope) LKJ(eta=1) 0.074 079  [-0.07, 0.23]
cor(LD int, MS int) LKJ(1) -0.201 098 [-0.36, -0.05]
cor(LD int, MS slope) LKJ(1) -0.106 0.75  [-0.37, 0.16]
cor(LD slope, MS int) LKI(1) 0.069 0.64 [-0.23,0.36)
cor(LD slope, MS slope) LKJ(1) 0.241 0.84  [-0.14, 0.60]
cor(MS int, MS slope) LKJ(1) 0.484 1.00  [0.22,0.78]

LKJ = Lewandowski-Kurowicka-Joe; distribution used for positive definite symmetric matrices

with unit diagonals (uniform: eta = 1; small correlations favored: eta > 1; large correlations

favored: eta < 1).
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Appendix S2.2 Definition of joint plasticity metric.
We applied a polar transformation to lay date plasticity estimates and mate switch plasticity

estimates to capture an overall measure of plasticity across the two behaviors. Joint plasticity

was defined as -/ [31 + Bi , Where Bi = lay date plasticity and Bi = mate switch plasticity. This

transformation was done on the mean of the posterior distribution of individual plasticity

estimates.

Appendix S2.3 Deming regression of plasticity correlation estimates.
Deming regression was used to draw best-fit lines for Figures 3e-g, which allowed us to

take into account uncertainty in both the predictor and the response for these models. Models

. [ 2 2 . L . .
were weighted by de + de, where de is the standard deviation of the plasticity estimate

along the x axis and is the standard deviation of the plasticity estimate along the y axis.

Appendix S2.4 Magnitude of variation in individual plasticity.

For the DHGLM, we defined the magnitude of variation in individual plasticity for each
behavior as the coefficient of variation in the slope estimates of that behavior, defined as:
CV = o/p, where o is the vector of MCMC standard deviation values from the model and p is the
vector of MCMC slope estimates from the model. Here, we report the median and 89% highest
density interval for each coefficient of variation in plasticity. For the lay date and mate switch

model, CVyy gue=0.57 [0.26, 1.13] and CV e suivn =231 [0.97, 4.54].

45



Figure S2.1 Correlated Plasticity HDI
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Posterior distributions of correlations among behavioral plasticities from DHGLM model.
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Chapter 3: Previous Foraging Success Shapes Behavioral
Decision-Making Across Scales

Authors: Erik Johansson, P. Dee Boersma, Briana Abrahms

3.1 Abstract

Animal behavior arises from a decision-making architecture that incorporates the
accumulated outcomes of previous behaviors. Cognitive ecology provides a theoretical
framework for describing the effect of previous behavior outcomes on decision-making, and
examples in wild populations appear in movement and foraging ecology, in the form of
memory-based movement models and state-dependent foraging models, respectively. However,
existing empirical work remains poorly integrated; research typically addresses a single
mechanism operating at a single scale. Here, we reveal how marine predators (Spheniscus
magellanicus) use the outcomes of their previous behavior — foraging success — to shape both
broad-scale movement decisions and fine-scale decisions of foraging effort allocation. Our
results highlight a general phenomenon of personal histories playing an important role in
decision-making across scales. This dynamic coupling of behavioral decisions and the outcomes
of those decisions is a cornerstone of adaptive, goal-directed behavior and can drive the

emergence of intraindividual behavioral variation.
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3.2 Introduction

Decision-making is fundamental to animal behavior, and the outcomes of these decisions
determine individual fitness and shape ecological processes (Budaev et al., 2019). Efforts to
describe and predict animal behavior have revealed that optimal decisions reflect both the current
needs of the individual and the environmental information available to it. However, what an
individual currently needs and what it knows about its environment depends, in part, on the
outcomes of its previous behavioral decisions. For example, escaping a predator can incur costs
and alter the energetic state of an individual as well as its knowledge of the risk landscape. This
demonstrates a common feedback underlying animal behavior: current needs and environmental
information impact behavioral decision-making, and the outcomes of these decisions can
subsequently impact the needs and environmental information of the individual at future time
steps (Sih et al., 2015). This feedback reveals a general mechanism through which previous
experiences improve the ability of individuals to respond dynamically to changes in their internal
state and their understanding of the world, and can also drive the diversity of behavior we
observe within and across individuals.

Research on the feedback between previous experience and behavioral decisions appears
across the ecological disciplines of cognitive, foraging, and movement ecology. Previous work in
cognitive ecology has formalized this feedback and used it to explain a range of behaviors
including foraging boldness (Rands et al., 2003), aggressive interactions (Chase et al., 1994), and
threat avoidance. Conceptual models describe a decision-making architecture in which
behavioral choices are made by integrating current stimuli and internal states to weigh
conflicting needs of the individual (Budaev et al., 2019). These internal states encode
representations of both physiological conditions, such as energy reserves, and environmental
context, such as predation threat, and can persist at a range of scales. Thus, models from
cognitive ecology often implicitly incorporate previous experiences via their integration of an
animal’s internal state. This state-behavior feedback has been used to describe inter-individual
variation in behavior (Sih et al., 2015). For example, individuals with high energy reserves are
more bold well foraging than individuals with low energy reserves, allowing them to forage more
efficiently, resulting in persistent behavioral differences among individuals (Luttbeg and Sih,

2010). Outcomes of previous decisions determine the goals and information that guide
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subsequent behavioral decisions, and are therefore essential to the aim of describing and
predicting animal behavior.

Alongside the work in cognitive ecology to describe the feedback pathway connecting
behavioral decisions to previous decision outcomes, empirical work in other ecological
disciplines has examined this pathway in wild populations. In foraging ecology, this feedback
has been explored through the use of Bayesian foraging models — which predict foraging
decisions based on prior expectations and current rates of prey encounter — and dynamic state
variable models — where accumulated energetic states moderate how animals respond to current
conditions (McNamara and Houston, 1986; Valone, 2024). These efforts highlight fine-scale
adjustments to foraging activity based on the accumulated energetic state of the individual, the
current prey availability it experiences, and its prediction of broader prey availability (Watanabe
et al., 2014). While the exact role of these factors in determining foraging decisions can be
described under highly-controlled experimental conditions (Webb et al., 2024), they remain
difficult to resolve in wild populations under natural conditions, where fine-scale behavioral data
are more difficult to collect and confounding factors are more difficult to control (Houston et al.,
2025).

Meanwhile, empirical work in movement ecology has revealed spatial memory as a
mechanism linking previous experience to decisions of when and where to move (Merkle et al.,
2019; Nathan et al., 2008). A primary challenge of decision-making is managing uncertainty
resulting from incomplete information about the environment (Dall et al., 2005); animals that use
spatial memory to update their beliefs about the environment can improve their movement
decision-making in heterogeneous environments (Fagan et al., 2013). Similar to environmental
information gained through current sensory input, memory can drive selection for or against
available locations (Gurarie et al., 2022; Van Moorter et al., 2009). The direction and strength of
this selection, however, will depend on what the individual previously experienced at that
location — escaping a predator will elicit a different selection than consuming a resource. This
nuance has remained underexplored in movement ecology, mainly due to the challenge of pairing
spatial data with information on individual experiences of decision outcomes.

Movement ecology and foraging ecology both address the feedback between previous
experience and behavioral decision-making described in cognitive ecology, but they often

address distinct mechanisms and studies often operate from the viewpoint of a single scale.
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Increasingly rich datasets on the context and outcomes of behavioral decisions in wild
populations presents the opportunity to link these perspectives and begin addressing the
generalized feedback mechanism between experience and decision-making empirically and
holistically. An integrated approach to the study of previous experience and decision-making is
necessary to reveal interactions that may occur across expressions of this pathway. The fields of
cognitive, foraging, and movement ecology are also strengthened by each other; an
interdisciplinary approach provides an opportunity to reveal underappreciated drivers of animal
movement and interindividual behavioral variation. Studies that examine the role of previous
experience on decision making across scales and mechanisms — including updates to current
needs and environmental knowledge — from within the same system represent a clear next step.

Here, we examine how the outcomes of previous experiences shape animal
decision-making at fine and broad scales by leveraging a dataset that pairs high-resolution data
on foraging behaviors and outcomes with movement data on a marine top predator, Spheniscus
magellanicus (Magellanic penguin). This species forages on patchy, ephemeral prey during
underwater dives, and acts as a central place foraging during the breeding season. The natural
history of breeding seabirds provides two distinct biologically-meaningful scales of behavior at
which to explore decision-making — the dive-scale and the trip-scale. Previous work in these and
other seabird systems have found evidence of spatial memory (Rebstock et al., 2022), and in rare
cases memory of foraging success (Carroll et al., 2018), impacting trip-level movement
decisions. Other work in similar systems has used dive-level foraging decisions to test
predictions from optimal foraging theory (Watanabe et al., 2014). This system is therefore well
suited to explore the effect of previous experience on decision-making across scales.

We simultaneously collected GPS location data spanning multiple foraging trips and
high-resolution acceleration data that reveals dive-level prey pursuit behavior from breeding
adult penguins. Linking theory from movement, foraging, and cognitive ecology, we test the
hypothesis that the outcome of previous experiences — previous foraging success — should
influence foraging decisions at both broad and fine scales. Specifically, we test the following
predictions:

P1 (Broad-scale): Individuals will prefer trips that revisit the foraging area used on the previous

trip, and this preference will be stronger following more successful foraging trips.
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P2 (Fine-scale): Foraging effort will increase with current foraging success, but this effect will be
moderated by previous foraging success, such that: (2a) the effect of current success on effort
will be weaker (2a) — or alternatively, stronger (2b) — following high previous success than it will
be following low previous success.

Support for P1 would reveal that broad-scale movement decisions are impacted by previous
foraging success at the scale of days, while support for P2 would reveal that fine-scale effort
allocation decisions are impacted by foraging success at the scale of minutes to hours. Support
for P2a would suggest that individuals are more responsive following low previous success,
increasing their effort under good current conditions to make up for an energetic deficit. Whereas
support for P2b would suggest that individuals are more responsive following high previous
success, decreasing their effort under poor current conditions and relying on their energetic
reserves. Together, these analyses provide an integrated look at how the outcomes of previous

experience drives animal decision-making across scales.
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Figure 3.1 Movement and behavioral data collection. A. Foraging trips of breeding adult Magellanic
penguins from Punta Tombo during the 2024 and 2025 post-guard seasons, with chlorophyll-a
concentration from the week of February 7, 2024. B. Diving profile of highlighted foraging trip. C.
Diving profile of hour-long foraging bout D. Profile and accelerometry-derived metrics from single dive,

highlighting signature of prey pursuit.
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3.3 Methods
3.3.1 Study System

This study was carried out at the Punta Tombo Magellanic penguin colony in Chubut,
Argentina (44°03" S, 65°13" W), which is the breeding grounds for >100,000 breeding pairs.
Females lay eggs in October, and both parents care for the eggs and chicks until fledging. During
the January—February nestling period, parents provision chicks with food collected on multi-day
foraging trips (Figure 3.1A). During these trips, penguins travel to at-sea foraging grounds, often
returning to the same areas repeatedly. Efficient foraging during these trips is vital to
reproductive success (Boersma and Rebstock, 2009; Rebstock et al., 2022), as starvation is the
primary cause of chick mortality at this time of year (Boersma and Rebstock, 2014).

Magellanic penguins are diving predators, foraging primarily on Argentine anchovy
(Engraulis anchoita) and occasionally on other forage fish, shrimp, and squid (Scolaro et al.,
1999; Yorio et al., 2017). Based on prey capture data from intra-mandibular angle sensors, single
dives may include capture of up to 13 prey items (Wilson, 2003). Prey capture events are
characterized by rapid changes in instantaneous power (Wilson et al., 2010) resulting from rapid
movement as the penguin lunges at prey, often approaching it from below (Simeone and Wilson,
2003). Magellanic penguins have an extremely high capture rate, catching prey that they snap at
>99% of the time (Wilson et al., 2010).

3.3.2 Data collection and processing

Over two January-February nestling periods (2024, 2025), we deployed AxyTrek loggers
(Technosmart, Italy, 69g) — equipped with tri-axial accelerometers (25Hz), GPS sensors (5-min
daytime, 10-min nighttime fix rate), and time-pressure sensors (1Hz) — on 68 breeding males and
females (see Rebstock et al., 2022 for tagging procedures). After filtering to exclude records with
low satellite signal strength, location data from each deployment were used to fit a
continuous-time correlated random walk state space model (Crawl; Johnson et al., 2008). Only
data from multi-day foraging trips were retained, as the behavioral drivers are expected to differ
for shorter excursions (Rebstock et al., 2022). Pressure data were adjusted for sensor drift using a
zero offset correction function and used to assign diving periods and depth using the DiveMove
package (Luque, 2007; Figure 3.1B-C). To isolate foraging dives and improve prey-pursuit
detection, only dives >5m deep were retained (Kokubun et al., 2015; Takahashi et al., 2003). As
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each dive was not individually geospatially referenced, dive locations had to be matched with
GPS data and the uncertainty in dive locations varied with the interval between surrounding GPS
fixes. To propagate this uncertainty in subsequent analyses, we drew 20 samples from the
posterior distribution of the state vectors at the time of each dive using the fitted state space
models, yielding a set of 20 equally plausible locations for each dive.

For both broad-scale and fine-scale analyses, we included sex and number of chicks
being fed, determined through regular nest observations, as these are known drivers of variation
in movement and foraging behavior. We also included at-sea chlorophyll-a concentration in both
analyses to account for current environmental cues. Chlorophyll is a known indicator of ocean
primary productivity, and is correlated with successful foraging in this population (Rebstock et
al., 2022). We used the dataset collected by the Ocean Colour Climate Change Initiative, which
we extracted from the NOAA ERDDAP data server using the ‘rerddapXtracto’ package
(Mendelssohn, 2023). We used the recommended bias correction procedure (Sathyendranath et
al., 2024) and log-transformed raw values before including them in our analyses. All data

processing and model fitting was conducted in R version 4.3.1 (R Core Team, 2023).

3.3.3 Broad-Scale Analysis

To test the hypothesis that previous foraging success should influence foraging decisions
at a broad-scale, we fit a conditional logistic regression model using trip-level utilization
distributions of dive locations. For each actual (‘used’) foraging trip — defined by the set of dive
locations during that trip — 20 plausible (‘available’) trips were simulated by randomly selecting
a used trip and rotating it at random around the colony location, ensuring that all dive locations
remained at-sea. The number of available trips was chosen based on sensitivity testing (see
Supplementary Material). This approach provided a representative sample of the available
foraging area using movement-constrained availability sampling (Avgar et al., 2016; Thurfjell et
al., 2014). We then used the set of points defining each used and available trip to generate 95%
kernel density estimated utilization distributions with a bandwidth of 4km and grid resolution of
2km to match the spatial resolution of environmental variables (Wakefield et al., 2015). Trip
foraging success was defined as the inverse of energetic expenditure, as data from weighbridges
at the colony revealed that penguins gain similar amounts of weight on all foraging trips during

this breeding period, regardless of trip duration and energetic cost (Figure 3.2). This is likely
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because breeding individuals will remain at-sea until they have accessed sufficient prey to feed
their chicks. Energetic expenditure is thus a straightforward metric of trip-level foraging success;
shorter, less energetically costly trips result in more overall and more frequent chick
provisioning. Energetic expenditure was calculated for each trip from raw acceleration records
using the approach described in Wilson et al. 2010. In brief, we converted acceleration to
metabolic power using a species-specific equation (see Supplementary Materials). Trip-level
chlorophyll conditions were calculated by averaging chlorophyll values across the utilization

distribution and the timespan of the trip.

Figure 3.2 Foraging trips that last longer result
in greater energetic expenditure (A), but do not
“ result in higher weight gain (B). In our analysis,
trip-level foraging success was defined as the
inverse of trip-level energetic expenditure; trips

that used less energy were more successful.
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For each pair of consecutive trips by the
same individual, spatial overlap was calculated between the first and second used trips — as well
as the first used trip and all available second trips — using Bhattacharyya’s affinity metric
(Abrahms et al., 2018; Arthur et al., 2015; Figure 3.3A). Overlap was used as a metric of

whether, and to what extent, individuals revisited previously-used foraging areas. With each
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stratum defined by matched sets of used and available trips, we fit the conditional logistic
regression model using the clogit function in the ‘survival’ package (Therneau, 2026), with
chlorophyll concentration, previous trip overlap, and interactions between overlap and sex,
overlap and number of chicks, and overlap and previous trip success as predictors, with a binary
used (1) or available (0) variable as the response. We ran 20 imputations of the model to carry
forward the uncertainty in dive locations and pooled the coefficient estimates and standard errors
(Rubin, 1987; Schafer, 1999). We also ran a null model for comparison (see Supplementary
Material).

3.3.4 Fine-Scale Analysis

To test the hypothesis that previous foraging success should influence foraging decisions
at a fine-scale, we fit a mixed-effects generalized linear model to predict dive-level foraging
effort in response to current and previous foraging success. Dive-scale foraging success was
assigned based on the presence or absence of prey pursuit events. To identify prey pursuit events,
we used acceleration data from diving periods to calculate normalized metrics of VeSBA (sum of
static body acceleration; Ainley and Wilson, 2023) and jerk (differential of acceleration; tagtools
package, DeRuiter et al., 2025) at 25Hz. VeSBA measures turn speed while jerk measures
changes in acceleration (Figure 3.1D); both have been shown to be indicators of the rapid
movements associated with prey capture in marine predators (Ainley and Wilson, 2023; Ydesen
et al., 2014). We used these metrics to assign behavioral states to diving periods using
unsupervised Gaussian mixture models, with solutions found using the expectation maximization
algorithm (mclust package; Chimienti et al., 2016; Scrucca et al., 2016). We selected a model
structure with five latent behavioral classes based on LIC (integrated complete-data likelihood;
Biernacki et al., 2000) and the biological interpretability of the resulting classes, each of which
corresponded to a distinct behavior (prey pursuit, ascent, descent, high-activity swimming, and
low-activity swimming; see Supplemental Material) (Chimienti et al., 2016; Scrucca et al.,
2016). Based on these assignments, each dive was classified as a ‘prey pursuit dive’ or ‘non-prey
pursuit dive’ according to whether the dive included consecutive assignments to the prey pursuit
cluster. These dive-level classifications were compared with expert assignments to estimate

model sensitivity and specificity, and the stability of the choice of consecutive assignments and
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assignment probability thresholds was tested with a sensitivity analysis (see Supplementary
Materials).

For each dive, we then defined subsequent foraging effort as the time spent diving over
the four minutes following the end of the dive. We defined current foraging success as the
number of prey-pursuit dives over the four dives immediately preceding the focal dive, and
previous foraging success as the number of same-day prey pursuit dives preceding the focal dive
divided by elapsed time (Figure 3.4A). The thresholds defining current success and subsequent
effort were chosen to isolate fine-scale foraging behavior adjustments in response to current
conditions. A sensitivity analysis was run over current success and foraging effort thresholds to
test the robustness of the results, and the full dataset of dives was subsampled to every five dives
to reduce residual autocorrelation (see Supplementary Materials). Local environmental
conditions for each dive were calculated as the mean chlorophyll concentration within a 3x3
grid-cell neighborhood (approximately 10 x 10 km) centered on the dive location on the same
calendar date. Mixed effect linear models were fit using the glmmTMB package (Brooks et al.,
2017) with effort as the response and chlorophyll, sex, number of chicks, and an interaction
between current and previous foraging success as fixed effects, along with a random effect for
trip. We again ran 20 imputations of the model to carry forward the uncertainty in dive locations,

and pooled the results (Rubin, 1987; Schafer, 1999).
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3.4 Results

A total of 171 multi-day foraging trips were recorded from the 68 tagged individuals,
with an average of 2.7 trips and a range of 1-7 trips per individual. Trips lasted an average of
53.7 = 17.1 hours and ended an average of 81.6 = 25.1 km from the colony. Average trip
energetic expenditure was 10.9 = 3.5 megajoules. 107 pairs of consecutive trips were identified
across 52 individuals. Individuals averaged 186 + 118 dives >5m per day and 508 + 256 dives
>5m per trip, with 28.7 £ 11.2% being classified as prey-pursuit dives. Average dive depth
(males: 25.3 &+ 23.5; females: 15.2 £ 12.3m) and duration (males: 70.0 £+ 34.7s; females: 57.4 +
25.3s) differed between males and females. Previous foraging success (3.5 + 3.8 prey pursuit
dives per hour), current foraging success (1.1 £ 1.3 prey pursuit dives), and foraging effort (63.8

+ 31.1s diving) were calculated for every dive in the dataset.
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Figure 3.3 Broad-scale analysis approach and results. A. 95% utilization distributions estimated via

kernel density estimation for an observed (‘used’) foraging trip, the previous observed trip taken by the

same individual, and a generated ‘available’ foraging trip. Overlap between previous and used/available

trips calculated using Bhattacharyya’s affinity metric. B. The effect of spatial overlap with previous trip
on selection strength was moderated by previous trip energy expenditure. C. Following more successful
foraging trip (lower energy expenditure) individuals showed a stronger preference for returning to

previously visited areas. D. Following less successful foraging trips, individuals showed a weaker - but

still positive - preference for overlap with the previous trip.
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3.4.1 Broad-Scale

We found strong evidence that foraging penguins selected trips that revisited foraging
areas used on their previous trip (b = 0.750; SE = 0.373; p < 0.044) and weak evidence that they
were selected trips that overlapped areas of high chlorophyll-a concentration (b = 0.300; SE =
0.168; p < 0.074). We found marginal support for the prediction (P1) that selection for revisiting
foraging areas used on the previous trip was affected by the previous trip’s success (b =-0.209;
SE = 0.115; p <0.069). The preference for revisiting previous foraging areas was high following
previous trips that were highly successful; however, foragers showed only a slight preference for
revisiting foraging areas following trips that were low-success (Figure 3.3B-D). There was no
moderating effect of sex or number of chicks on the preference for revisiting foraging areas.
These findings reveal that movement decisions in this system depend not only on current
environmental conditions but also on personal histories — both where an individual has
previously visited and what it previously experienced; individuals showed a stronger preference
for returning to previously visited foraging areas when their previous foraging success in those

areas was higher.

3.4.2 Fine-Scale

In support of P2, we found strong evidence that foraging effort was affected by current
foraging success (b = 0.019; SE = 0.004; p < 0.001), previous foraging success (b =-0.051; SE =
0.006; p < 0.001), and their interaction (b = 0.016; SE = 0.004; p <0.001), as well as by sex (b =
0.114; SE = 0.029; p < 0.001; ref. = Female). Effort was not affected by chlorophyll-a
concentration or number of chicks. Current foraging success and foraging effort were positively
correlated, but the strength of this effect depended on previous foraging success (Figure 3.4B-D).
Specifically, in support of P2b, the positive effect of current success on foraging effort was
strongest following periods of high previous success. At low levels of previous success effort
was consistently high, whereas at high levels of previous success effort was responsive to current
conditions, remaining high when conditions were good but declining in poorer conditions. This
similarly reveals a foraging strategy that depends on personal histories; individuals only reduce

their foraging effort when their previous success was high and their current success is low.
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Figure 3.4 Fine-scale analysis approach and results. A. For each dive, current foraging success was
defined as the number of prey pursuit dives over the past 4 dives; previous foraging success was defined
as the number of prey pursuit dives since the start of that day, standardized by time since 00:00;
subsequent foraging effort was defined as the time spent diving over the 4 minutes following the focal
dive. B. The effect of current foraging success on subsequent foraging effort was moderated by previous
foraging success. C. Following low previous success, effort was consistently high regardless of current

success. D. Following high previous success, effort decreased as current foraging success decreased.
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3.5 Discussion

By leveraging data on foraging predators that pairs movement patterns with
high-resolution data on foraging decisions and outcomes, our results reveal the important effect
of previous experiences on both broad- and fine-scale foraging decisions. We used tracking data
across multiple consecutive foraging trips to show that central place foragers are more likely to
return to foraging areas that they’ve previously visited, especially if their previous foraging
experience was highly successful (P1), demonstrating the role of previous success in informing
broad-scale movement decisions. We used concurrent accelerometry-derived indicators of
foraging effort of the same individuals to show that, at a fine scale, these animals modulate their
foraging effort based on both their current and previous foraging success (P2). Despite operating
at different scales (between versus within foraging trips) and describing different behaviors
(where to go versus how much energy to put into foraging), these results point to a general
phenomenon of personal histories playing an important role in animal decision-making.
Recognizing this as a generalized pathway that cuts across disciplinary boundaries improves our
ability to predict behavioral decisions in novel contexts and reveals an important source of
interindividual variation in behavior.

The results we present here, and the broader phenomenon they reflect of the outcomes of
experiences impacting decisions across scales, supports theory in cognitive ecology positing a
decision-making architecture that views animal behavior as goal-directed (Budaev et al., 2019).
Animals track outcomes of previous decisions to update their internal representation of their own
state and the world around them, and integrate these representations to identify goals and choose
behaviors to meet those goals. This pathway is adaptive in cases where experience generates
reliable information. At a broad scale, e.g., between foraging trips, previous foraging
performance should be a reliable predictor of future prey availability when the prey landscape is
spatially and temporally autocorrelated (Carroll et al., 2018; Ranc et al., 2021). Decisions of
where and when to move can be reliably informed by experience at similar scales to the
autocorrelation in the system. At a fine scale, e.g., within a foraging trip, recent foraging success
should modify the internal state of the individual, tracking its energetic state relative to its needs
and calibrating effort allocation (Watanabe et al., 2025). The weight of this information on
decisions must be appropriately calibrated with other needs such as breeding or predation

avoidance (Budaev et al., 2019). Our findings suggest distinct mechanisms of information use
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operating at different scales, but reveal a general functional pathway of using previous
experience to manage uncertainty and navigate competing priorities in decision-making.

Our finding that the decision of whether to visit a foraging area depends on whether the
individual had previously visited that area supports existing empirical work in movement
ecology (Fagan et al., 2013; Merkle et al., 2014). Site fidelity — which arises from a preference
for visiting previously-visited locations — is widely documented in central place foragers,
including in this system (Rebstock et al., 2022; Regan et al., 2024; Wakefield et al., 2015).
Previous experience can modulate this preference; many animals only show site fidelity
following good performance, using a win-stay lose-switch strategy (Carroll et al., 2018;
Morrison et al., 2021; Switzer, 1993). While previous work on win-stay lose-switch strategies
have largely focused on the effects of previous reproductive success outcomes in the context of
selecting breeding sites (Byrne and Silla, 2023; Chalfoun and Martin, 2010), here we show that
the effect of previous performance on probability of return similarly applies in the context of an
animal’s foraging behavior and success. In other systems, a preference for previously-visited
locations can lead to the development of stable home ranges (Van Moorter et al., 2009); animals
may also show an avoidance of recently visited locations, for example if depleted prey require
time to replenish, or if territory markings take time to decay (Gurarie et al., 2022). Pairing
location data with information on what the animal experienced at those locations is essential for
understanding why documented movement patterns emerge. Our results indicate that individuals
at this colony are foraging on prey patches that remain temporally persistent at broad spatial
scales (1-10s km) over several days, and that individuals employ a win-stay lose-switch strategy
to flexibly adjust their choice of foraging areas. These results add to a growing literature on
previous experience modulating movement decisions, and highlight the importance of
accounting for what animals have experienced, not just where they have been, in animal
movement modeling.

At a fine-scale, we found that the decision of how much effort to put into foraging
depends on an individual’s current and previous foraging success within the same trip.
Theoretical work in foraging ecology predicts this integration of current and previous success.
For example, the marginal value theorem states that patch residency time should depend on both
local and long-term patch quality (Charnov, 1976). More recent empirical tests of the marginal

value theorem have emphasized that long-term patch quality is best defined by personal
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experiences of the resource landscape rather than omniscient knowledge (Watanabe et al., 2014).
Similarly, research on state-dependent foraging has emphasized that foraging decisions are made
in the context of a string of decisions and their outcomes, not in isolation (Denryter et al., 2020).
While memory generally provides information about external conditions, previous experience at
this fine scale can drive decision-making through changes to the perceived physiological state
(McNamara and Houston, 1986; Sih et al., 2015). Our finding that foraging animals adjust their
response to current foraging success based on their previous foraging success is likely operating
through this pathway; individuals with higher previous foraging success are more satiated and
less likely to continue foraging when conditions are poor. That individuals with low previous
foraging success continue high-effort foraging in poor conditions highlights the foraging
pressure they experience while raising young. Meanwhile, individuals with high previous
foraging success display the luxury of being selective in the timing of their foraging.

A key insight gained from focusing on the pathway of experience outcomes impacting
decisions-making is that consistent differences in behavior among individuals can arise through
differences in their personal histories. Interindividual behavioral variation has been a rapidly
growing topic of interest in ecology (Dall et al., 2012; Réale et al., 2010; Wolf and Weissing,
2012). Recent work has documented this variation across behaviors, contexts, and taxa (Hertel et
al., 2021; Johansson et al., 2024; Stamps, 2016) with demonstrated impacts on population
persistence, for example through the portfolio effect (Schindler et al., 2010). However, the
drivers of interindividual behavioral variation remain underexplored. While differences in
genotypes, phenotypes, or parental effects account for some of this variation, differences in
personal histories likely also drive behavioral variation among individuals, with diverging (or
converging) effects due to positive (or negative) feedbacks between behavioral decisions and the
needs and knowledge of the individual (Sih et al., 2015). Personal histories may also interact
with other drivers of interindividual behavioral variation: for example, males in this system tend
to forage at greater depths than females; this sex-specific driver of interindividual behavioral
variation could result in different personal histories for males and females, as their foraging
success will differ within the same prey landscape, leading to further diverging behavior as their
foraging success determines subsequent movement. Complete accounts of behavioral variation
across individuals must therefore consider the outcomes of the previous experiences of those

individuals. While behavioral variation is present in our dataset, and we show that previous
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experiences drive some of that variation, extending this to test whether the feedback between
experience and behavior leads to stable, alternative behavioral types was beyond the scope of
this study.

Our work reveals that previous foraging success is used to inform movement and
foraging decisions across spatiotemporal scales in a wild animal population. We use these
findings to highlight a general phenomenon of personal histories impacting animal
decision-making that is traditionally studied at specific scales and within the frameworks of
specific disciplines. As a result, we emphasize the importance of accounting for personal
histories when describing and predicting behavioral decisions. This phenomenon also occurs at
scales beyond what we explore here; for example, maternal effects could be considered an
inter-generational impact of previous experience on subsequent decision-making (e.g., female
bluebirds nesting in high-density breeding areas produce sons that are more likely to disperse;
Duckworth and Badyaev, 2007). Although the precise mechanisms connecting experience to the
behavioral decisions of when to forage, where to move, and whether to disperse may vary,
treating the generalized pathway as a subject of focus will encourage cross-disciplinary insights,
advance our understanding of adaptive decision-making and interindividual behavioral variation,

and improve our ability to predict behavioral decisions in novel contexts.
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3.6 Supplementary Material

Table S3.1 Prey pursuit validation of 300 dives across all deployments. Validation was done
using expert assignments based on plots of depth and acceleration-derived metrics. Sensitivity
indicates ability to detect prey pursuit dives correctly; specificity indicates ability to detect
non-prey pursuit dives correctly; true skill statistic = sensitivity + specificity - 1, and

Assignment Certainty [90% 95% 99%

Consecutive Points |2 4 8 16 2 4 8 16 2 4 8 16
True Positives 73 73 72 72 73 73 72 72 73 72 71 66
False Negatives 1 1 2 2 | 1 2 2 1 2 3 8
True Negatives 221 (225 (233|245 [225 |231 |240 [246 (237 (242 |247 |249
False Positives 35 31 23 11 31 25 16 10 19 14 9 7
Sensitivity J0.986 10.986 [0.973 10.973 [0.986 [0.986 10.973 [0.973 ]0.986 [0.973 10.959 [0.892
Specificity IO.863 0.879 10.910 10.957 10.879 [0.902 [0.938 |0.961 10.926 [0.945 [0.965 |0.973
True Skill Statistic IO.SSO 0.865 ]0.883 10.930 [0.865 [0.889 [0.910 |0.934 10.912 [0.918 [0.924 ]0.865
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Figure S3.1 Representative example of unsupervised clustering model assignments for a single

deployment, with metrics of a single prey-pursuit dive from the deployment.
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Figure S3.2 Parameter sensitivity for fine-scale analysis. Sensitivity to the number of dives used
to define current foraging success (1, 2, 4, 8, 16), the number of minutes used to calculate
subsequent foraging effort (1, 2, 4, 8, 16), and the threshold for assigning prey pursuit (8
consecutive cluster assignments over 99%, 16 consecutive over 95%, 16 consecutive over 95%)
are shown for key coefficients. Estimates are highly consistent except at very low (<4) values of

the
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Figure S3.3 Residual autocorrelation for fine-scale analysis across a range of thinning
parameters; 10 random trips shown. A thinning parameter of T4 includes every 4th dive in the
analysis; main analysis uses a thinning parameter of T6 to minimize autocorrelation while
preserving a usable sample size.
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Figure S3.4 Simulated null model for broad-scale analysis. Each plot shows 999 simulated
p-values of model coefficients after randomly re-assigning the ‘used’ trip within each stratum.
Pink lines mark p=0.05, and labels indicate proportion of simulated p-values < 0.05. None of
these proportions exceed 5%. This indicates that low p-values are not an artifact of model
structure.
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Figure S3.5 Sensitivity of model coefficients to number of non-used values per stratum (5-50) in
broad-scale analysis. Non-used values per stratum correspond to the number of ‘available trips’

us

ed for comparison to each ‘used trip’ in the conditional logistic regression model. Coefficient

values stabilize by 20-25, and confidence intervals do not shrink dramatically with increasing
strata size.
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Conclusion

In Chapter 1, I described the first test of correlated plasticities in a wild population,
revealing a positive correlation between plasticity in some behaviors and a negative correlation
between plasticity in other behaviors. I then showed in Chapter 2 that the fitness consequences of
coordinated expressions of plasticity depended on the environmental context: plasticity improved
reproductive success in unusually productive environments, but did not buffer individuals against
the negative consequences of unusually unproductive environments. Finally, in Chapter 3 I
highlighted a common pathway through which previous experience drives animal
decision-making, and therefore behavioral variation, across scales. Together, these chapters
provide a holistic account of interindividual behavioral variation in a long-lived, highly mobile
species — from the mechanisms that generate variation, to a description of novel patterns in this
variation, to the reproductive consequences across environmental contexts. While there has been
a surge of interest in behavioral variation (Beever et al., 2017; Dall et al., 2012; Stamps, 2016),
most existing work still remains focused on documenting patterns of this variation, such as
describing the range of behavioral expression across individuals (Bell et al., 2009) or correlations
in behavioral expression within individuals (Hertel et al., 2020). As we continue to have access
to higher-resolution and longer-term behavioral datasets, we are increasingly able to test
hypotheses of what causes the patterns of behavioral variation we observe, and what the
consequences of these patterns are for individuals, populations, and ecosystems. Doing so is
essential for placing the study of behavioral variation in a broader ecological and evolutionary
context. The consequences of a pattern in behavioral variation depends on its cause, making the
joint study of cause and consequence more informative than either alone.

While this dissertation takes a holistic approach to the study of interindividual behavioral
variation, it is still a fragmented account of behavioral variation in this population. Notably, I did
not track a single behavioral pattern from its cause to its individual and ecological consequences,
mainly due to data limitations. Magellanic penguins are annual breeders, so measuring the
reproductive consequences of behavioral plasticity across environmental contexts required using
long-term behavioral data. On the other hand, measuring the role of personal histories on
fine-scale foraging behavior required high resolution biologging data that were only available

over a span of two breeding seasons. My primary aim with each chapter was to test hypotheses at
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the edge of current understanding, rather than prioritize integration across chapters. As revealed
by my work on correlated plasticities (and extensive existing work on behavioral syndromes (Sih
et al., 2004b)), even an approach focused on the causes and consequences of variation in a single
behavior would remain incomplete because behaviors co-vary such that any single behavior is
embedded in a broader suite of correlated traits. My analyses in all three chapters are also purely
correlational. The results I present therefore describe plausible relationships, supported by data
collected from free-living animals. I also used statistical approaches designed for analyzing
observational data from wild populations (Hertel et al. 2020). However, these relationships
remain untested experimentally; I did not manipulate the individuals or their environment to
establish control groups. As with other ecological questions, progress on our understanding of
behavioral variation will come from iteration between experiments, to establish causation, and
observational studies such as those in this dissertation, to establish that laboratory or captive
findings translate to ecologically meaningful contexts.

Understanding the causes and consequences of interindividual behavioral variation is
particularly important for the long-lived, highly mobile species that are among the taxa most
threatened by global change (Runge et al., 2014). The Punta Tombo Magellanic penguin colony
is experiencing documented population decline, and faces risks from environmental change as
well as more direct anthropogenic impacts (Garcia-Borboroglu et al., 2006; Holt and Boersma,
2022; Rebstock et al., 2016). Behavioral plasticity is known to be a critical mechanism
promoting resilience in the face of environmental change (Beever et al., 2017). Magellanic
penguins are already displaying long-term adjustments to their phenology (Cappello and
Boersma 2021) and foraging areas (Boersma et al. 2009) in response to changing conditions. In
Chapter 1, I showed that these animals also adjust their mate choice, reproductive timing, and
foraging in response to environmental change. However, just because individuals are adjusting
their behavior does not mean they are successfully coping with changing conditions; these
adjustments may come with accompanying costs, such as shortened breeding seasons or more
energetically costly foraging patterns, or may simply be insufficient to overcome the challenges
presented by new environments. In the case of mate choice and reproductive phenology in the
penguins at Punta Tombo, I showed in Chapter 2 that, despite individuals varying in their level of
plasticity, all individuals had low reproductive success in poor environmental conditions.

Magellenic penguins can live over 30 years in the wild, and the study of how they respond to
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changes must also account for personal histories. In Chapter 3, I showed that foraging penguins
are more likely to return to areas they have foraged at previously if they previously experienced
high foraging success in those areas. This is a beneficial strategy if the prey landscape is
relatively stable between the initial visit and the subsequent visit to the area. But changing
environments and anthropogenic factors may interrupt this synchrony. For example, bycatch is a
risk for foraging penguins, and returning to stable prey patches could increase overlap with
fishing vessels. Behavioral variation is hypothesized to improve population persistence, but
exploring the precise mechanisms and consequences of this variation will remain important for
describing and predicting the persistence of this population of Magellenic penguins and
populations of other long-lived species.

The work I’ve presented here contributes to a growing literature documenting patterns,
causes, and consequences of behavioral variation among and within individuals (Dingemanse et
al., 2004; Hertel et al., 2021; Sih et al., 2012; Wolf and Weissing, 2012). My research addressed
some known gaps in this literature (Johansson et al. 2024), and also highlighted important areas
of future work. In Chapter 1, I presented the first test of correlated plasticities in a wild
population, and showed that these correlations can be positive or negative. Much more work
could be done to see how common these patterns are in other behaviors and systems. It would be
particularly interesting to explore this at broader and finer scales of behavior. In Chapter 2, I
showed that low- and high-plasticity individuals have similar long-term reproductive success,
despite varying in their annual reproductive success under normal and high-quality
environmental conditions. An extension of this work could examine whether the long-term
reproductive success of these groups would remain balanced under projected long-term changes
in environmental conditions, or at what point they would become unbalanced. In Chapter 3, I
explored state-behavior feedbacks as a mechanism of behavioral variation. These feedbacks can
generate divergent or convergent behavior over time, depending on whether the feedback is
positive or negative (Sih et al. 2015). With a longer-term longitudinal study, one could ask
whether the feedbacks I described here are positive or negative, and as such whether they drive
behavioral divergence or convergence as a function of foraging history. Fine-scale adjustments in
effort are likely to be convergent; less effort should result in lower foraging success, resulting in
higher effort. On the other hand, broad-scale adjustments in selection of foraging area may be

divergent; successful trips to particular areas of the foraging region cause individuals to return to
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these areas, and their familiarity with local features could increase their foraging success,
potentially leading to spatial segregation in foraging grounds. This dissertation addressed open
questions in our understanding of interindividual behavioral variation, but our understanding of
the patterns, causes and consequences of this variation remains far from complete. Further
advancing this understanding requires integrating existing conceptual frameworks across
disciplines and pairing collection of long-term behavioral data in wild populations with rigorous

statistical approaches.
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