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Summary

Dispersalk the process by which individuals depart their natal range, transit through the
environment, and settle into new areas is one of the most fundamental and pervasive life history
PEAOGAO ET OEA ATEI Al EETCAI i 8 4UPEAAI T UR AEODPAOO.
breeding? and competingy with kin, or to secure access to the resourcasecessary to reproduce. In

order to reap the benefits of dispersing, individuals often have to travel large distancesa process

which can be subject to constraints on behavior and impose significant physiological costs. For

dispersal to retain its adaptive value, selection should therefore favor behaviors which mitigate the

costs of dispersing. In this thesis, | aimed to understand how the behavior of dispersing animals

reflects the costs that they face in making such large movements, with the ultimate doaf
understanding the strategies that have evolved to overcome these costs.

- OAE 1 &# OEA OOOAU 1T &# AEODPAOOAI O1 AAOA EAO A AOGOR
given area. By contrast, there has been relatively little attention paid tine movements of transient

individuals, despite transience being the active component of dispersal, and encompassing many of

its associated behaviors. Many of the greatest barriers to successful dispersal are thought to be most

present during this active $age, from increased risks of predation, to energy use, to navigational
challenges. By investigating not only where, but how and when dispersers move while transient,

research into this critical stage of dispersal will prove key to understanding how animalrespond to

these costs. However, studying transience behaviors is a particularly difficult endeavor, not only

because of the challenge of tracking dispersing individuals, but also because of the need to establish

a meaningful frame of reference against tich to evaluate these behaviors. In this thesis, | studied

the dispersal movements of transient animals through the use of higlesolution GPS tracking

devices deployed in a wild population of free ranging vulturine guineafowl (Acryllium vulturinum)

in Laikipia county, Kenya. In each of my chapters, | examined the changes in movement behaviors

exhibited by transient individuals, and drew inferences about the strategies that they express by

i AEET ¢ AEOAAO AT i1 PAOEOI T O AAOx Adiobs diffetcOtBIARO &N C ET AT
between dispersing and nordispersing birds in similar time frames.

In my first chapter, | integrated highresolution GPS data with physiological models of the metabolic

costs of movement to test a longtanding hypothesis thd dispersal should be an energeticalhcostly

endeavor given the distances that dispersers traverse. | hypothesized that such costs are result of



how animals move, and not only how far. My results show that dispersing animals are able to
substantially increase the energetic efficiency of their movements during their transience period,

primarily as a result of distinct changes in the speed and straightness of their movements.

In my second chapter, | further examined the finscale changes in how dispersingnimals move,
using their diel patterns of movement as lens into the ways that ecological constraints affect when

and how they move. A wide array of ecological constraints, from predation risks to elevated

OAi PAOAOOOAOGKh AAT 1 EI Etfg indistinét didl Ydes with GeAks &ntl @eps OA OO

in activity. | first proposed a general framework to help make inference about how animals might
respond to constraints on movement, and predicted three possible patterns of correlation between
the timingi £ AEOPAOOAOOGS 11 Of AT 11 O0AI AT 0O AT A xEAI
dispersal. My results show that guineafow! express a positive correlation between the times when
they typically move most, and the hours when they make the largest increasestheir movement,
suggesting that the ecological effects that constrain their movements outside of dispersal persist

during transience.

Finally, in my third chapter, | built upon the findings of chapter one by using the efficient movements

of dispersing animals as a lens through which to reexamine the costs of movement in grouiving
animals. By extracting the largest movements made by groups, and comparing them to the highly
AEFEAEAT O 11T OAT AT OO0 T £ 111 A AEODA Gaphayddr efficiens A O
movements is constrained when moving as part of a collective. | found that individuals in groups are
able to increase the energetic efficiency of their movements when making large collective
movements, but that the scale of this imease is substantially less than that achieved by lone
individuals, revealing a previously hidden cost of group living. These results also further highlight

the strength of selection for efficient movement during dispersal.

Together, these three chaptergorm the basis for a for a new understanding of the factors driving the
evolution of strategies that allow animals to achieve extraordinary, landscapgcale movements, and
the fine-scale, momentby-moment behaviors that animals express in the face of sidigant energetic,

environmental, and social constraints.
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Zusammenfassung

Die Ausbreitung- der Prozess, bei dem Individuen ihr Geburtsgebiet verlassen, durch die Umwelt
wandern, und sich in neuen Gebieten ansiedehist eine der grundlegendsten und tiefgreifendsten
Phasen der Lebensgeschichte im Tierreich. lher Regel wird die Ausbreitung durch das Bedurfnis
der Individuen motiviert, die Fortpflanzung und den Wettbewerb mit Verwandten zu vermeiden
oder den Zugang zu den fir die Fortpflanzung erforderlichen Ressourcen zu sichern. Um die Vorteile
der Ausbreitung zu nutzen, missen die Individuen oft grof3e Entfernungen zurlicklegerin Prozess,
der das Verhalten einschréanken kann und mit erheblichen physiologischen Kosten verbunden ist.
Damit die Ausbreitung ihren adaptiven Wert beibehdlt, sollte die Selektion der Verhaltensweisen
beglinstigen, die die Kosten der Ausbreitung verringern. In dieser Arbeit wollte ich herausfinden, wie
das Verhalten von Tieren, die sich ausbreiten, die Kosten widerspiegelt, mit denen sie bei solch
grol3en Bewegungen konfrontiert sindmit dem letztendlichen Ziel, die Strategien zu verstehen, die

sich zur Uberwindung dieser Kosten entwickelt haben.

Ein Grofteil der bisherigen Untersuchungen zur Ausbreitung konzentrierte sich auf die
Entscheidungen von Individuen, ein bestimmtes Gebietu verlassen oder sich dort niederzulassen.
Im Gegensatz dazu wurde den Bewegungen von Individuen die sich gerade in der
Ausbreitungsbewegung befinden relativ wenig Aufmerksamkeit geschenkt, obwohl diese Bewegung
die aktive Komponente der Ausbreitung ist nd viele der damit verbundenen Verhaltensweisen
umfasst. Man geht davon aus, dass viele der gréRten Hindernisse fiir eine erfolgreiche Ausbreitung
wahrend dieser aktiven Phase auftreten, angefangen bei der erhéhten Gefahr von Raubtieren tber
den Energieverlrauch bis hin zu den Herausforderungen bei der Navigation. Indem nicht nur
untersucht wird, wo, sondern auch wie und wann sich Individuen wahrend der Abwanderung
bewegen, wird die Erforschung dieses kritischen Stadiums der Ausbreitung zum Schlissel fir das
Verstandnis, wie Tiere auf diese Kosten reagieren. Allerdings ist die Untersuchung des
Ausbreitungsprozesses ein besonders schwieriges Unterfangen, nicht nur, weil es schwierig ist, sich
gerade bewegende Individuen zu verfolgen, sondern auch, weil man em aussagekraftigen
Bezugsrahmen fir die Bewertung dieser Verhaltensweisen schaffen muss. In dieser Arbeit
untersuchte ich die Ausbreitungsbewegungen fliichtiger Tiere mit Hilfe von hochauflésenden GPS
Ortungsgeraten, die in einer wilden Population von fréebenden Geierperlhiihnern Acryllium
vulturinum) im Bezirk Laikipia in Kenia eingesetzt wurden. In jedem meiner Kapitel untersuchte ich

die Verdnderungen im Bewegungsverhalten von abwandernden Individuen und zog Ruckschliisse



auf die Strategien, die sie esetzten, indem ich direkte Vergleiche zwischen dem Verhalten von
abwandernden Individuen in verschiedenen Phasen und zwischen abwandernden und nieht

abwandernden Végeln in @hnlichen Zeitrdumen anstellte.

In meinem ersten Kapitel habe ich hochauflosende GHaten mit physiologischen Modellen der
metabolischen Kosten der Bewegung kombiniert, um eine seit langem bestehende Hypothese zu
testen, dass die Ausbreitung angesichts der Entfernungen, die Ausbreitungsvogel zurlicklegen, ein
energetisch kostspieliges Uterfangen sein sollte. Ich stellte die Hypothese auf, dass diese Kosten
davon abhangen, wie sich die Tiere bewegen, und nicht nur davon, wie weit sie gehen. Meine
Ergebnisse zeigen, dass abwandernde Tiere in der Lage sind, die energetische Effizienz ihrer
Bewegungen wahrend ihrer Vergéanglichkeitsphase erheblich zu steigern, was in erster Linie auf
deutliche Veranderungen in der Geschwindigkeit und Geradlinigkeit ihrer Bewegungen

zurtickzufuhren ist.

In meinem zweiten Kapitel untersuchte ich die feinen Veréderungen in der Art und Weise, wie sich
abwandernde Tiere bewegen, und nutzte ihre taglichen Bewegungsmuster um Einblicke in die Art
und Weise zu gewinnen, wie 6kologische Zwéange beeinflussen, wann und wie sie sich bewegen. Ein
breites Spektrum oOkologiscler Zwange, von Raubtierrisiken bis zu hohen Temperaturen, kann die
Bewegungen der Tiere einschrénken, was zu ausgepragten Tageszyklen mit Spitzen und Talern in
der Aktivitat fahrt. Ich habe zunachst einen allgemeinen Untersuchungsrahmen vorgeschlagen, um
Ruckschliusse darauf zu ziehen, wie Tiere auf Bewegungseinschrankungen reagieren kénnten, und
drei mogliche Korrelationsmuster zwischen dem Zeitpunkt der normalen Bewegungen von
abwandernden Tieren und dem Zeitpunkt, an dem sie die grof3ten Bewegungen wahremnler
Ausbreitung machen, vorhergesagt. Meine Ergebnisse zeigen, dass Geierperlhiihner eine positive
Korrelation zwischen den Zeiten, zu denen sie sich normalerweise am meisten bewegen, und den
Stunden, in denen sie ihre Bewegungen am starksten steigern, wefsen, was darauf hindeutet, dass
die Okologischen Effekte, die ihre Bewegungen aul3erhalb der Ausbreitung einschréanken, wahrend

der Ausbreitungsbewegung fortbestehen.

In meinem dritten Kapitel schlie3lich baute ich auf den Ergebnissen des ersten Kapitelsf, indem
ich die gewonnenen Einblicke in die effizienten Bewegungen von Tieren, die sich ausbreiten nutzte,
um die Kosten der Bewegung bei in Gruppen lebenden Tieren in einem neuen Blickwinkel zu

untersuchen. Indem ich die gréfiten Bewegungen von Gruppeextrahierte und sie mit den



hocheffizienten Bewegungen von Einzelgdngern verglich, konnte ich prifen, ob die Fahigkeit von
Individuen zu effizienten Bewegungen eingeschrankt ist, wenn sie sich als Teil eines Kollektivs
bewegen. Ich fand heraus, dass Indiuen in Gruppen in der Lage sind, die energetische Effizienz

ihrer Bewegungen zu steigern, wenn sie grof3e kollektive Bewegungen durchfiihren, dass aber das
Ausmal dieser Steigerung wesentlich geringer ist als bei Einzeltieren, was einen bisher verborgenen
Kostenpunkt des Gruppenlebens offenbart. Diese Ergebnisse machen auch deutlich, wie stark die

Selektion auf effiziente Bewegung wahrend der Ausbreitung ist.

Zusammen bilden diese drei Kapitel die Grundlage fir ein neues Verstandnis der Faktoren, die die
Entwicklung von Strategien vorantreiben, die es den Tieren ermdoglichen, aul3ergewohnliche,

landschaftsumspannende Bewegungen zu vollziehen, sowie der kleinrAumigen, von Augenblick zu
Augenblick auftretenden Verhaltensweisen, die die Tiere angesichts erheliiier energetischer,

umweltbedingter und sozialer Zwange zeigen.



General introduction
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escape from predators, but comes with significant energetic costs and environment al

1 Eil EOAOEI T 08 311 A 1T &£ OEA OOCOITTGCAOO OAI AAOEOA &I O

occur during periods of extreme movement, such as migration or dispersal, where the large -
scale outcomes of these events are shaped by fine-scale, moment-by-moment m ovement
behaviors . While much is now known about the factors that drive why and where animals

travel during these spectacular events, far less is known about the fine -scale dynamics of how
these animals are moving. This perspective is critical to filing i n the gaps in our
understanding of how animals maintain the adaptive benefit s of dispersing, when the costs of

these behaviors also scale to their most extreme.

Section I: Dispersal as a key life histgrlgase

Dispersal is the primary mechanisms by whia almost all species maintain population structure and
gene flow (Clobert et al., 2001; Matthysen, 2013b) Comprised of three stages departure,
transience, and settlement dispersal is one of the most significant life history eventshiat an
individual animal can experience(Bowler & Benton, 2005; Clobert et al., 2004)The evolution of
dispersal has largely been attributed to selection for behaviors which promote the flow of genetic
material across populations(Bohonak, 1999; Howard, 1960rnd reduce the rates of kin competition
and inbreeding at more local scalegBengtsson, 1978; Cote & Clobert, 2010; Gandon, 1999;
Matthysen, 2013a) For example, many species exhibit a bias in which sex is moteely to depart on
dispersal movements(Greenwood, 1980; Shaw & Kokko, 2014)which can, independently of the
outcomes of dispersal, provide benefs to non-dispersing individual by reducing inbreeding rates
(Galezo et al., 2022; Rousset & Gandon, 200Erom the perspective of individual dispersers, the
benefits of dispersing areonly realized once they effectively locate and settle into new habitats and
secure access to sufficient resources to survive and reprodud¢elamilton & May, 1977; Stamps,
2001)8 S$EOPAOOAOOS OAOOI Al Al O rédndelo adfors] fidm theddualitA A
(Stamps et al., 2005pr familiarity of the habitats dispersers encounter(C. R. Brown et al., 2008;
Haughland & Larsen, 2004)to the availability of mates(Shaw & Kokko, 2014) territories (Griesser

et al., 2008) or of open positions within the social structure of groupgllany et al., 2013)

ET A&l



In betweenthe two key decisions that mark the start and end of dispersal, the active component of
dispersak transience? is comprised of all of the movements made by sibersers as they transit
between habitats. While transience has often been overlooked as merely the component of dispersal
wherein dispersers transfer from one patch to the next, it is arguably the most impactful stage in
terms of influencing the individua outcomes of dispersal. For example, when and where dispersers
settle is strongly informed by the habitats they experience while transient (e.g. through prospecting
behaviors, sensuReed et al., 1999aswell as by their physical condition(Clobert et al., 2004) as
energy reserves are consumed for movemenDries Bonte et al., 2012; Taylor et al., 1982)The
transience period is also the stage of dispersal where the costs and constitaifiaced by dispersers
may be most pronounced, such as an increased risk of mortaligglberts & Altmann, 1995; Isbell et
al., 1993; Yoder et al., 2004)r challenges associated with navigating physicéBaguette et al., 2013;
Caplat et al., 2016; Cozzi et al., 2028hd social barriers(Armansin et al., 2020; Cozzi et al., 2018)
movement and settlement. Unlike the decisions to depart one area settle into another, which are
essentially instantaneous(Clobert et al., 2009) transience is a morecontinuous process, where the
costs of dispersing become more pronounced at the transience period grows largeeither in terms

of time or distance.

Section IlI: Large displagaents as a fundamental componentand source of costs of dispersal

Effective dispersaltypically entails individuals having totravel large distances from their natal range
in order to avoid negative interactions with kin, even in the face of substantiaigks (Clobert et al.,
2004; Rousset & Gandon, 2002) hisrequirement is often further complicated by the need to achieve
such displa@ments in relatively short time spans, either due to limited windows of suitable social
(Armansin et al., 2020)nd ecological conditiongAvgar et al., 2013; Walls et al., 200%r due to the
accurnulation of costs which can offset the benefits of dispersin{Dries Bonte et al., 2012) This
compounding pressure on dispersal movements to be both quick and faanging has led to the
widespread expression ofa shared suite ofmovement characteristics? transient dispersers move
straighter, faster, and further than nondispersers (Benoit et al., 2020; Delgado et al., 2009; Elliot et
al., 2014; Van Dyck & Baguette, 2005; Woollard & Harris, 1990Jhese general aspects of dispersal
movemen, in addition to helping achieve large displacements, can have other benefits as well,
including facilitating more-efficient search patterns(Zollner & Lima, 1999), or reducing the time
individuals spend in risky habitats (Vasquez et al., 2002)On the whole, however, the scale of

transience movements where the daily displacements achieved can be several times larger than



normal (Delgado et al., 2009) and total up to thousands of kilometergWalton et al., 2018%»
represent a significant investment to dispersers in terms of time and energy, in addition toraamber

of other challenges.

Predation and mortality

One of the predominant challenges faced by transient animals is an increased risk of injivyheatley

et al., 2021)and predation while transient (Bonte et al., 2012. These risks can arise for a number of
reasons, many of which are directly related to the nature and scale of dispersal movements. For
example, in order to achieve large displacements, dispersers must often waothrough open(Pietrek

et al., 2009)or unfamiliar habitats (Bonnet et al., 1999; Isbell, 1990; Yodeet al., 2004) which can
increase their susceptibility to predation. Additionally, individuals in many otherwisesocial species
disperse alone, which substantially increases the risk of mortality as they forego the security of the
group while transient (Alberts & Altmann, 1995; Cheney & Sdarth, 1983; Isbell et al., 1993) Beyond
direct predation, transient individuals are also more likely to die due to humamediated factors,
such as roadkills (Bonnet et al., 1999; Massemin et al., 1998as long movements between patches

increase the likelihood of crossing road¢lLagos et al., 2012and other risky spaces between patches.

Navigation and uncertainty

The need to traverse across large swaths of mostlynfamiliar habitats poses anumber of challenges
to transient animals. Chief among these is the need to locate potentially setdble habitat that is
farther away than they can detect from within the natal environment. As such, dispersers must
typically engage in some amount of prepecting behaviors(Reed et al., 1999)wherein they sample
potential habitats while displacing away from their natal range(Zollner & Lima, 1999, 2005)
Navigational complexity during dispersal is further complicated by the fact that animals do not
typically transit through the same habitas that they reside or forage iAbrahmset al., 2017; Keeley
etal., 2017; Van Dyck & Baguette, 2005neaning that they face potential tradeoffs between moving
and prospecting while transient. In extreme cases, the unfamiliarity of dispersers with the areas they
are moving through could leadthem to move in completely wrong directions(Brooker et al., 1999;
Rizkalla & Swihart, 2007) or else encounter physical obstacles or impassable barrie(Baguette et
al., 2013; Caplat et al., 2016Wwhich canlead to prolonged transience periods as dispersers navigate
aroundthemy E£A OEAU AiI 160 Z£AEI Al OEOAI US
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Ecological and environmental constraints

The movements of dispersers are also subject to a number of constraints which modify how they
move across the aderlying physical environment. In order to move over large distances, dispersers
must also contend with limitations to the timing of their movements. Even outside of the context of
dispersal movements, most animals experience changing costs of movemendidfierent times of day,
for example due to increased predator activitfLang et al., 2019; Veldhuis et al., 2020dr changes in
temperature throughout the day(Carroll et al., 2015; Rocha et al., 2022These temporal constraints
can play out over largep e.g. seasonal scales. For example, in salmonQncorhynchus nerkp
individuals that dispersed later were slower, lessuccessful, and exhibited higher mortality rates as
temperatures reached summer maximumgKeefer et al., 2008) The timing of dispersal movements
are also strongly subjected to the influence of lesegularly-predictable phenomena, especially
weather conditions, where yearto-year (Kuussaari et al., 2016) and even dayto-day (Walls et al.,
2005) variation in winds, temperature, or rainfall can significantly hinder or encourage large

dispersal movements.

One factor that plays a substantiaiole in when and where dispersers move is the social environment
(Armansin et al., 2020; Wey et al., 2015)n many species, dispersers may be limited in terms of how
they navigate through otherwise suitable environments due to thethreat of aggression from
territorial conspecifics (Cozzi et al., 2018; Griesser et al., 2008tven after dispersers have located
suitable habitats or groups to settle, social resistancesénsuArmansin et al., 2020 can provide
barriers to integration. This is readily apparent in yellow baboons Rapio cynocephalys where the
process of fullysettling into a group can take months or even yearfAlberts & Altmann, 1995),

dramatically increasing the cats of dispersing as they remain transient.

Movement costs

Some of the most persistent costs experienced during transience arise simply from the increased
distances that dispersers must travel, as the time and energy individuals can invest in movement
become increasingly constrainedDries Bonte et al., 2012)Dispersers seemingly need to walk along
a metaphorical energetic tightrope, maximizing their capacity for movemehand opportunities for

prospecting, all while burning through energetic reserves that would otherwise be replenished

11



during foraging (Zollner & Lima, 2005). For the most part, empirical proof of the energetic costs of

dispersal have not focused on patterns of energy use during dispersal, budther on inferences

related to the total energy available to dispersers. Indeed, the physical condition of dispersers (i.e.

body condition-dependent dispersal,Bonte & De La Pefia, 200Q is widely thought to play a

significant role in shaping the success of dispersg§Bowler & Benton, 2005; Clobert et al., 2009;

Debeffe et al., 2012; Gyllenbergt al., 2011)%OAT ET ET OOAT AAO xEAOA AT AU A
Al ET AEOEAOAI 80 DPOI bAT OEOGU O AEOPAOOAR EO EAO AA
distances (Hewison et al., 2021) Additionally, an emeaging view regarding the energetic costs of

dispersal is a focus on energetic efficienoyi.e. beyond raw energetic expenditure, how far can

animals travel relative to the energy spertt as evidenced by two recent studies showing that inter

species differenca in flight efficiency predicts dispersal distances in bird¢Claramunt, 2021; Weeks

et al., 2022) Finally, while it has been posited that the movement characteristics of dispersal should
themselves elicit an elevated cogfDries Bonte et al., 2012) such behaviorakostshave mostly been

expressed as simple verbal models, or else seen little to no direct quantification in the context of

dispersal (Benoit et al., 2020)

Section lll: Strategies for overcomintye costs and challenges of dispersing

The challenges faced by dispersers are likely to have seledtfor movement strategies i.e. suites of
behaviors distinct to the dispersal perioc that mitigate the costs of dispersingA growing body of
work has shown that the behavior of dispersing animalsan change dramaticallyn response to costs
and constraints faced during transience. For exampledispersing meerkat (Suricata suricattd
cohorts navigate around territorial boundaries to avoid conflict with residents(Cozzi et al., 2018)
and studies in insects have shown that dispersers camodify the speed and straightness of their
movements in response to increasing habitat fragmentatiorfSchtickzelle et al., 2006) However,
there remain significant gaps in our undestanding of the scope and scale of coshitigating behaviors
that may be expressed during dispersal. This is especially true for our understanding of movement
A0 OAOU #Z£ET A OAi BT OAT OAAI Adh xEAOA -W9EdémenrACCOACA
behaviors may have significant impacts on the overall outcomes of dispersal. For example, despite
our understanding of the metabolic costs of movement dating back over half a centuflaylor et al.,
1970, 1982), ard despite the relationships between movement and energy consumption being touted
as one of the most significant drivers of dispersal behaviorfries Bote et al., 2012; Claramunt,

2021), few studies have actually attempted to quantify the energetic costs of dispersal movements

12



(Benoit et al., 2020) There is emerging evidence that the efficiency of movement during dispersal

as illustrated by the relationship between morphological correlates of efficiency and dispersal
distances(Claramunt, 2021; Weeks et al., 2022) is of particular importance. However, to date, there
have been no studies of whether or not dispersers can also express behavioral strategies linked to
more-efficient movements, despite good reason to believe that such strategies existuch as the
potential relationship between increased movement speeds during disperséDelgado et al., 2009;
Elliot et al., 2014)and decreased costs of transport in terrestrial speciehassin et al., 1976; Halsey,
2013; Taylor et al., 1982)

Section IVOwrcoming the dallenges associated with studying active dispersal (transience)

Despite the clear impact that the behaviors expressed by animals during transience have on the
outcomes of dispersal, they remain remarkably undestudied in comparison to depature or
settlement behaviors (Andreassen et al., 2002; Wey et al., 2015This under-representation of
transience in studies of dispersal behaviors is due, in no small part, to the substantial challenges
associated with following and observing the movements of wild animals as thayove over large
distances.However, a steady march of tdmological and methodological advancements is making it
increasingly feasible to investigate this key stage of dispersalaity studies of transience began the
emergence of simpldracking technologies (such as VHF radio triangulation or solar geolocatort)
record the approximate position of an animal in space without requiring direct visual observations
(Beier, 1995; Small et al., 1993; Woollard & Harris, 1990Dver time, these technologies have largely
been succeeded by GP&ased biologging devices, as increasing miniaturization, battery
performance, acuracy, and sampling resolutions have unlocked the ability to study an ever
expanding list of species and behavioréD. D. Brown et al., 2013; Wilmers et al., 2019 the context

of dispersaland other large-scale movementsadvancements in remote data retrieval technologies
(R Kays et al., 2015have proven to be especially important. Prior to these developments the focus
on departure and settlement behaviors could, at least ipart, be attributed to the feasibility of
collecting data on immigration and emigration events within a given study area, withouieedingto
follow dispersers across their whole movements. Consider the challenge of havingriot only re-
locate an individuAT AZEOAO OEA UG OAor &vénitdusants@AltorEedal. S20LAW @b
kilometers, and where the end desinations of those movements are largely wknowable in advance
(as opposed to migration, for example, where individuals can be expected to return more or less to

the same areas over time)ln the era of VHF tracking, this could be managed somewhat, so lcag
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researchers were able to essentially make the same dispersal movements as their subjects in real

time. Only recently, as biologging technologies have begun to unlock a&d 1 1 AA OCi 1 AAT A
movement ecology(Wilmers et al., 2015) has it become possible to simultaneously track multiple

transient individuals over larger scales, and with sufficient clarity, to examine dispersal in a way that

goes beyond just the who and where of departure and settlement, and towards an understanding of

how and when dispersers move during transience.

Sectim V:Placing movement strategies during dispersal in a broader context

Natal dispersal is an undeniably important aspect of life for many animals, with its own evolutionary

and ecological drivers. YeA AODEOA OEA OODPAAEAI 6 1aAdsbaikediesivat AE ODP A (
Dyck & Baguette, 2005)there are also a great many parallels between behaviors expressed during
AEODPAOOGAT AT A OEI OA AGPOAOOAA AO 1T OEAO OEI AO ET |
great deal of overlap between the movement behaviors of gisrsing and migrating animals, despite

these two behaviors generally being expressed at different times and for ultimately different reasons

(Clobert et al., 2001; Dingle, 1996)While both dispersal and migration are linked toa need to find

OAOT OOAAO OEAO AOA O1 AOGAEIT AAgalet dt 12013; Greghivogd, 198006 D OA
Nathan et al., 2008they ultimately relate to the underlying landscape in different ways: migrants

move between relativelystable points in space, often bypassing suitable habitats in between pre
determined endpoints (Baker & others, 1978; Dingle & Alistair Drake, 2007)whereas dispersing

individuals are generally engaged in a search for suitable habitats without prior knowledge of their

desired endpoint (Clobert et al., 2009; Zollner & Lima, 1999, 2005)The end result in both cases

however, appears to bequite similar? migrating and dispersing animals engage in large, highly

directed movementsj 3 Ax UAO O + AOAAI Al het &.;jepi19)hat ard dc@dphnied 8 - A O A
by significant risk (Cote & Clobert, 2010; Hanski et al., 200@nd energetic investmentgDries Bonte

et al., 2012; Dingle, 2006)Even lessextreme movements, expresseat more regular intervals, can

share some of the same evolutizary pressures as experienced by dispersers, such as the general

need to be energeticallyefficient across all aspects of life from foraging (Davis et al.,in press), to
communication (Francis & Wilkins, 2021), to routine movements(R. S. Wilson et al.,®L5). While the

large scales and high stakes of dispersal movements lend themselves nicely to questions of selective
pressures and adaptive responses, the core of the behaviors expressed thereimovement, mate

finding, habitat selection, etc2 are no lessl | T EDPOAOAT O EIT AThis| idfdreddes AAET U

Z oA o~ e N

CAET AA OEOI OCE OEA OOOAU 1T £ AEODPAOOAT AAT Al O1 AA
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lives, allowing for a much more general understanding ofheir ecology across a wide range of

contexts.

Section VI: The role of the social environment in shaping movement behaviors

ylT T ATU OPAAEAOR ET AEOEAOAI 06 11 OAI AT O AARAEAOET 00
and preferences, but also a response to the concurrent behaviors of coesfics(Delgado et al., 2014;

D R Farire et al., 2017) This is especially true for highly social, groufiving species, where the overall
movements of groups emerge from shared decisiemaking processes and compromises between
conflicting decisions of groupmates (Strandburg-Peshkin et al., 2015) Entire fields of study have
arisen to examine the finescale dynamics of such animatollectives (Couzin & Krause, 2003)
providing insight into patterns of leadership (D Papageorgiou & Farine, 2020h)}compromise(Harel

et al., 2021) and foraging(Davis et al.,in press). However, we still know very little about how the
rules governing the behaviors of colletives, and the constraints that they can impose on the
individuals therein, play out during periods of extreme movement. This is especially surprising given
that there is an abundance of examples wherein animals engage in extraordinarlgrge movements

in groups, from dispersing cohorts of wild dogsl{ycaon pictu3 (Cozzi et al., 2020)and meerkats
(Maag et al., 2019)to migrating herds of wildebeest Connochaetes taurinysherds (Williamson et
al., 1988)or pods of whales(M. Brown & Corkeron, 1995) to homing flights in pigeons Columba
livia) (Biro et al., 2006) Even in species which do not typically live in groups, large movements can
be collective endeavor, am the case of white storks Ciconia ciconia migrating in flocks (Flack et al.,
2018). While the individuals in these groups undoubtedly receive some benefits (e.g. reduced
predation risks Hamilton, 1971; Kenward, 197§, it remains unclear how life as a group modifies the

costsand benefits of movement during such pivotal lifehistory events.

Section VII: Finescale variation in behavior as a lens for studying largeale movements

In this thesis, lutilized fine-temporal-resolution data on the movement behaviors of wild animai to

examine the costs and constraints that they face when making spectacular, laigEale movements,

and the strategies that theyemploy to overcome these challenges. A major focus of my work here

was to understand how movements that are typically studiedit the scale of entire landscapes are

effectively realized through momentby-i T I AT O AGDPOAOGOGEI 1O 1T £ ET AEOEAOAI

| set out to investigatehow animals achieve largescale displacements with the limited time and
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energy available to hem,and howstrategies exhibited in one context (i.e. dispersaban bere-shaped

by the unique ecology of grougdiving species.

First, | investigated the energetics of dispersal movements in vulturine guineafowlA¢ryllium
vulturinum), testing the longstanding hypothesis that the increased travel distances that are typical
of dispersal also correspond to an equivalentijarge increase in energetic costs. To do so, | first
established that the large-scale behaviors of dispersing guineafowl match the gered trends
observed in other terrestrial species dispersers move further, faster, and straighter. | then used
very-high-resolution GPS data, in combination with lafnlerived measures of the metabolic costs of
movement, to show that the energetic cost of tr@sport? the amount of energy consumed to move a
given distance was substantially lower for actively-dispersing birds, highlighting a significant
increase in the efficiency of their movements. This result challeng@revious assumptions about the
costs of dspersal, showing that animals can express distinct strategies to shift the balance of the costs

and benefits of movement in their favor.

Second, | examined the diel temporal patterns of movement expressed by dispersing animals. Once
again linking the behavors of guineafowl to those of other terrestrial species, | first show that the
typical, non-dispersal movements of guineafowl are limited at certain times of day a reflection of
the myriad ecological constraints present in their normal lives. From therd,propose a general set of
three patterns by which individuals may be able to express their increased movements during
dispersal, linking each to potential inferences about how the timing of dispersal movements reflect
the constraints dispersers face. Ulthately, | found that dispersing guineafowl exhibit a positive
correlation between the times when they moved most normally and when they express the greatest
increases in movements. These results suggest that, at least in vulturine guineafowl, that the tigi
of dispersal does not necessarily correspond to a relaxation in the ecological constraints that animals
faceon the timing of movements and further highlights the importance of maximizing the efficiency

of movement within limited windows where conditions are most favorable.

Finally, | wanted toput the strategies of dispersing animals in a broader context, by using the findings
of my first chaptera lens through which | could generate new insights into the ecology of grotwing
species and collectivemovements. To do so, | examined the energetic efficiency of grelijng
resident individuals during their most extreme movements, which are comparable in scale to the
displacements achieved by solitary to dispersers. Comparing these extreme collectivevements to
both the normal behavior of groupliving guineafowl and to the movements of lone dispersers, |

found that, while individuals within groups could express moreefficient behaviors, they were far less
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efficient in their movementsthan dispersers. hese results reflect the significant constraints that are
imposed on individuals living as part of a collective, where the potential benefits they experience
from reduced predation risk to greater navigational accuracy are balanced by the need to

compromise with the conflicting preferences of groupmates.

17



Chapter 1: Efficient movement strategies mitigate the energetic cost of dispersal

James A. Klarevafrby, Martin Wikelski, Damien R. Farine

Publishedn Ecology Letters, DO10.1111/ele.13763

Abstract

Dispersal is a critical, but costly, stage of life. During the active phase of dispeesahlled
transience? individuals face many costs, from increased mortality to reduced foraging opportunities.
One cost that is often assumed, but rarely explicitly tesd, is the energy expended in making large
dispersal movements. However, this cost is not only determined by the distance individuals move,
but also how they move. Using highesolution GPS tracking of dispersing and resident vulturine
guineafow! (Acryllium vulturinum), we show that transient individuals exhibit distinct movement
behaviors? travelling farther, faster, and straighterr that result in a significant reduction in the
energetic costs of making large displacements. This strategy allows dispersingds to travel, on
average, 33.8% farther each day with only a 4.1% cost increase and without spending more time
moving. Our study suggests that adaptive movement strategies can largely mitigate movement costs

during dispersal, and that such strategies malge common.

Keywords: Acryllium vulturinum; adaptive strategies; animal behavior; biologging; dispersal; GPS

tracking; energetic costs; movement ecology; vulturine guineafowl

Introduction

Dispersal is a key life history process comprised of three stagesdeparture, transience, and
settlement (Bowler & Benton, 2005; Clobert et al., 2009)Competition for resourcegHamilton & May
1977; Clobert et al. 2001) and avoidance of inbreeding(Gandon 1999; Matthysen 2012)drive
individuals to leave their natal range. The potential benefits of dispersing are genehaloffset by
substantial costs. During the active phase of dispersaltransience? individuals can suffer from
increased mortality (Alberts & Altmann, 1995; Isbell et al., 1993; Yoder et al., 2004nd missed
reproductive or foraging opportunities (Alberts & Altmann, 1995; Zollner & Lima, 2005)compared

to resident individuals. Further, animals often have to make extraordinarily large displacements
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during transience (Elliot et al., 2014; Killeen et al., 2014; Woollard & Harris, 1990)n some cases
achieving several times the daily net displacement of netransient individuals (Delgado et al., 2009)
Observations of such largescale displaements have led to the suggestion that dispersal must incur
a substantial energetic cost arising from movemeniDries Bonte et al., 2012; Van Dyck & Baguette,
2005). However, what has largely beenverlooked is that this cost may not only be a function of how
far an individual travels, but also how it moves when making large displacements. For example,
moving straighter should minimize the costs of making net displacements relative to moving in a
more tortuous manner. Further, because the relationship between walking speed and metabolic rate
in terrestrial animals is linear (Chassin et al., 1976; Taylor et al., 1982)t results in a nonlinear
decrease in the gross cost of transport the total amourt of energy consumed to move a unit of body
mass a given distance with increasing speeds Thus, moving faster could allow animals to make
larger displacements for a given energetic cost. These fundamental relationships could underpin the

evolution of adaptive movement strategies that can mitigate movement costs when dispersing.

There is increasing evidence that dispersal behavior is shaped by the costs encountered after
departure. Examples include dispersing meerkats Suricata suricatta) moving along territory
boundaries to avoid conflicts with residents(Cozzi et al., 2018pr changes in the timing of dispersal
allowing individuals to maximize the chances of integration into new social group@rmansin et al.,
2020; Cheney & Seyfarth, 1983)However, it still remains unclear whether movement behavior
during dispersal is shaped by the energetic costs of making largeale displacements. A study
focused on energetic expenditure of dispersing roe deeC@apreolus caprelos) found that dispersers
travelled 63% farther per day, expending an estimated 22% more energy than natispersers
(Benoit et al., 2020) While these results indicate an additional net cost to making large
displacements, they also suggest that movement costs may not scale equally with the displacements
achieved. How might this happen? Severatudies, in a range of terrestrial mammalgElliot et al.,
2014; Killeen et al, 2014; Woollard & Harris, 1990) have found that individuals express different
movement behaviors during transience, specifically moving straighter and faster. The results from
these studies suggest that dispersers may be exhibiting cestitigating movement behaviors.
However, to date, studies have been limited in their ability to link the movements behaviors of
dispersers to the actual costs incurred, as they have relied on either indirect measures of activity (e.g.
accelerometers) without capturing dag on movement or sparse GPS sampling [e.g. 1 point per hour
(Elliot et al., 2014)] that cannot capture the finescale momentby-moment movement behavior of
individuals (Roland Kays et al., 2015)

19



In this study, we use simultaneous highresolution (1Hz) GPS tracking of dispersing and resident
vulturine guineafowl (Acryllium vulturinum)? comprising 1367 bird-days (where one birdday
represents one day of tracking for one individuah) to test two key hypotheses. First, we test whether
individuals exhibit distinct changes in how they move during each stage of dispersal (poeparture,
during transience, and pat-settlement). Second, we quantify the energetic costs of moving during
transience relative to predeparture and postsettlement to test whether these changes in movement
correspond to a costmitigating strategy for achieving the largescale displacementstypical of
dispersal. Because vulturine guineafowl live in stable group@®anai Papageorgiou et al., 2019pour
data collection allows us to test these hypotheses by employing a powerful twstep comparative
approach: first making within-individual comparisons of movement behaviors of dispersers across
stages, and second by making comparisons between dispersers and residdntsn their natal group
(at each stage) to discard the potential contribution of daily variation in environmental conditions.
By integrating fine-scale tracking of individual movements over long time periods with robust data
on the energetic costs of movig, we reveal that animals exhibit an adaptive strategy during

transience that largely mitigates the costs of dispersing.

Methods
Study system

We collected our data in a population of vulturine guineafowl, which are a largelerrestrial bird
species, at he Mpala Research Centre in Laikipia, Kenya (0.292120, 36.898670). Since 2016, field
observations have confirmed that, like most other bird specie$Greenwood, 1980) dispersal in
vulturine guineafowl is heavily sexbiased towards females. We sed data from 35 individuals,
comprising 20 dispersing subadult females approximately 18 months old at the time of dispersal

and 15 nondispersing residents (4 subadult males, 5 adult males, 6 adult females) from 6 social
groups. Birds were captured as whie groups using walkin traps, and each individual was marked
with an individually -numbered stainless steel ring, a unique combination of 4 plastic color bands,
and was fitted with a 15¢g Bird Solar GPS tag-s GmbH) using a backpaektyle Teflon harnessand

a neoprene pad to elevate solar panels above body feathdi3anai Papageorgiou et al., 2019)The

total weight of badpacks and tags combined was approximately 20.5g, well below the suggested 3%
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I £ AEOA O3 (Robeh B Kenvaitl 2800) Data were recorded across two dispersal seasons
in 2019 (See Table S1 in Supporting Information).

Research permits

All work was conducted under research permits from the Max Bhck Society Ethikrat Committee
(2016_13/1), the National Commission for Science, Technology and Innovation of Kenya
(NACOSTI/P/16/3706/6465), the National Environment Management  Authority
(NEMA/AGR/68/2017), under a Research Authorisation and a Capture Bait issued by the Kenyan

Wildlife Service, and in affiliation with the National Museums of Kenya.

GPS tracking

Each GPS device was programmed to record data during daylight hours, from 06:00 to 19:00. Data
points (date, time, and location) were recordectontinuously at 1Hz (i.e. one fix per second) when
OEA OAc0O86 AAOOAOU EAA A EECE AEAOCA j AbbOI GEI AOAI
continuously). When the battery was below the highresolution charge threshold, we set tags to
record 10 GPS points in the first 10 seconds of every fifth minute. If battery charge was at the lowest
threshold, tags were set to record one point every 15 minutes (this threshold was not crossed during
this study). Data were remotely downloaded every two days usia BaseStation Il (ebs Digital
Telemetry, Grinwald, Germany). For the purposes of our analyses, we separated the data into two
resolutions: high-resolution data, comprising all continuous periods of 1Hz data; and fiveninute
data, comprising data from he tenth second of every fifth minute of the day. The latter was collected
from both the low-resolution dataset and by subsampling the 1Hz data, thereby reliably providing
data every 5 minutes for every bird on every day it was tracked. For logistical reans the
accelerometer function of our GPS tags was disabled, as the increased amount of data would have
greatly hindered our ability to reliably track, and download data from, birds dispersing over large
distances. GPS Data were uploaded to Movebank (hatfiwww. movebank.org/) and retrieved and

prepared for analysis in R using thenovepackage(Kranstauber & Smolla, 2015)
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Pre-departure

Transience
Post-settlement

Figure 1. Tracking vulturine guineafowl across three stages of dispersal: pre-departure
(purple), transience (green), and postsettiement (yellow). (A) Full dispersal track of one individual
with transience movements (line) between predeparture and postsettlement home ranges
(polygons). B) lllustration of how 50 m segments of net (i) or cumulative (ii) displacement were

derived from movement tracks.

Dispersal

7A AEOEAAA AAAE AEOPAOOAOS O Apkedapard@ (7Eay® wherOE OA A
dispersers were still moving with their natal group), transience (mean of 16.8 days when birds were

actively dispersing), and postsettlement (7 days when individuals were moving with their post

dispersal group). Birds were considered to have dispersedi.e. to have started transience on the

first date when they were observed to be moving separately from their natal group, based onlfle
observations and confirmed via visual observation of the GPS tracks of dispersers and residents.

Birds were then considered settled from the first day in which they spent the entire day within their
eventual postsettlement group (based on field observaons over the following months). In three
instances, this included birds who failed to successfully find a new group and ultimately returned to

their natal group. These three individuals attempted to disperse again in a subsequent season,
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resulting in 23 recorded dispersal events. For birds that dispersed into groups outside of our study
population, settlement was determined from field observations and dated based on the first instance
of repeated use of the same roost site that ultimately would represeriheir post-dispersal home
range. For 8 of the 23 recorded dispersal events, we were unable to record settlement, owing to
either: predation during transience (1 individual); a failure of the Teflon ribbon causing the tag to fall
off (1 individual which was later visually confirmed to have survived based on color bands); or
because the dispersing bird moved sufficiently far from our study area that we were not able to
relocate the tag for download (6 individuals). These birds were excluded from analyses obgi-

settlement movement.

Analyses

All analyses were performed in R version 4.(R Core Team, 2022)

Defining movement states

We implemented an unsupervised Hidden Markov Model (HMM) to delineate the different

movement states exhibited by vulturine guineafowl. Because a 1Hz resolution vioés the Markov

assumption, we first summed the distance moved and absolute turning angles for every 10 seconds

in the high-resolution data. We searched for 4 movement states across the entire higisolution

dataset, using the R packagegepmixS4(Visser & Speekenbrink, 2010) We selected a 4tate model

based on field observationghat individuals spend time not moving (state 1), making slow, tortuous

foraging movements (state 2), walking at a medium speed (state 3), and moving quickly in a directed

manner (state 4). The choice of a-4tate model was also critical for isolatinga@d A O OOOAOEIT T AOUG
for the purposes of calculating metabolic expenditure. We then assigned the state of eachské@ond

burst to all of the 1Hz data points which contributed to it. Birds were considered to be moving when

a GPS point was assigned to awny states Z4.

Characterizing how dispersers move across stages of dispersal

7A AQOOAAOAA EEOA EAU |1 AAOOOAO O1 AEAOAAOAOEUA AE
speed while moving (m &), straightness of movement (a straightness indexBatschelet 198)), the

percent of overall time spent moving, and the duration of each burst of movement. Daily track lengths
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were measured from the sum of displacements in the fiveninute data, in order to control for
variation in the amount of high-resolution data collected each day. Speed was calculated from the
per-second displacement when an animal was moving (i.e. assigned to stated)2summarized for
each 5minute window of high-resolution data available. In order to reduce theeffect of small GPS
Aooi 06 11 AAI AOI AGAA OA1 1T AEOCEAOR ET AEOEAOAI 08 Ob.
velocity over a rolling 5second window within the high-resolution data (i.e. at each second, we
averaged the animals speed with the two secals which preceded and followed it). Straightness of
movement was characterized using the straightness indefGill & Batschelet, 1983)calculated over
each available Bminute window of 1Hz data, dividing the net displacement achieved over the 5
minutes by the summed amulative displacement therein. The percent of overall time spent moving
was calculated for each hour of the day, as the number of seconds the animal was in a moving state
divided by the total number of seconds to which any state was assigned (only hourstlv95% or
greater, i.e. 57 minutes or more, of highesolution coverage were used). Finally, duration of
movements was defined as the number of consecutive seconds in which an animal was moving

without stopping, summarized for each distinct bout of movemat.

47 OAOO Ei x ETAEOEAOQOAI 06 11T OAI AT O AARAEAOGEI 00 AEAT ¢
(LMM), using the packagdmerTest (Kuznetsova et al. 2017), to each movement measure. For

analyses of daily track length, we included one measure per individual per day. For speed while

moving and straightness index, we included one observation from each availableriinute period of

continuous high-resolution data (mean=54.0, range=2 to 140 observations per individual per day).

For the percentage of time spent moving, we included data for each distinct hour of the day that

collected sufficient highresolution data (mean=5.3, range=1 to 11 observations péndividual per

day). Finally, for the durations of movements, we fit the length of each continuous burst of movement

that was detected. Because movement duration is leftuncated, forming a longtailed distribution,

we squareroot-transformed durations to aid with model fitting. In each model, we included stage
(pre-departure, transience, postsettlement) as a predictor. We considered two factors as random

effects? individual identity and natal group? in one of three configurations: individual identity as

random intercept, individual identity and group as crossed random effects, or individual identity as

crossed random effects where individuals were allowed to have random slopes. We then selected the

AROO OATATIT AEEAADO OOOOA O Gi@natida Critefioh fAKC). AIC Valdds forOOET ¢ !
all models of individual behaviors can be found in Table S2, and specific equations for all LMMs can

be found in the corresponding table in the supporting information. Model selection was performed
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without restric ted maximum likelihoods (REML) for all random effect structures tested, as this could
affect AIC values, although final models were fit using REML. For all models, the-geparture stage
was used as the reference category, as these movements were intefjggk to be typical of daily

behaviors for both subadults and resident adults.

To perform the comparison between dispersers and residents, we fit LMMs of movement as a

function of the stage a given disperser was in, this time using the difference betweedith AEODAOOAOS
AT A EOO Al OOAODPITAET ¢ OAGEAAT O cOi Op 1 AT AAOOGS 1T AA
individual (disperser) as a random effect. We were limited to this model structure because multiple

dispersing individuals from the same group cold be at different stages, making it difficult to fit

resident individuals independently into the model for the purpose of making the comparison. For

daily track length, we calculated the difference between each disperser and the mean of the residents

from its natal group on the same day. For speed while moving and straightness index, we calculated

the difference in each unique Eminute window of each day in which both the disperser and at least

one of the resident individuals collected higkresolution data. Similarly, we calculated the difference

in percentage of time spent moving for each hour of the day in which both the disperser and at least

one of corresponding resident individuals collected higlresolution data. Finally, we calculated the

difference in movement duration as daily measures, based on the differences in mean duration of all

bouts of continuous movement in a given day for both dispersers and their corresponding residents.

To avoid overrepresenting days with fewer highresolution data, we cluded any day containing

less than 2 hours of higkresolution data (for both the disperser and the residents of its natal group)

from analyses of movement duration. For all movement variables, we calculated the mean value

across all members of the groupvhen simultaneous measures were available within a group of

residents.

Calculating the energetic costs of movement

To quantify how movement at each stage of dispersal translate to metabolic costs, we used published
data(Ellerby et al., 2003)on the relationship between metabolic costs (mL £kg! st) and movement
speed (m st) in the morphologically similar, and closelyrelated, helmeted guineafowl Numida
meleagri9. Specifically, we used two formulasd calculate the costs incurred for each second of high

resolution data, corresponding to when birds were either stationary (state 1) or moving (statesz2
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4). When moving (i.e. velocityo > 0), guineafowl! exhibit a linear relationship between speed and
oxygen consumption, given by 0 ¢ 80 ¢ & , whereV(;is the perminute volume of oxygen
consumed in mL @per kilogram of body mass. The formula for when birds were stationary is a fixed
consumption of 19.1 mL @ kg! min-1, corresponding to the oxygn consumption rate when not
moving, as described in the literaturgEllerby et al., 2003) These persecond measures of metabolic
oxygen consumption were then transformed into units of Joules Kgs! using a conversion factor of
20.1 J mL! O, (per Ellerby et al.2003; Marshet al.2006).

Calculating the energetic costs of displacements

We used the highresolution GPS datdrom each individual to partition movement tracks into fixed
segments representing 50 meters of net or cumulative displacement (Fig. 1B). Net displacement is
the absolute movement in space between two points in time, while cumulative displacement is the
sum of the individual step distances travelled. We segmented tracks starting from the first second of
high-resolution data available (i.e. after the GPS switched on or switched from les@solution to high-
resolution) until the 50 m net displacement threshotl was crossed. The first GPS point to fall on or
outside of the given radius then represented the first point for the next segment. Using the same high
resolution data, we also calculated the corresponding cumulative displacements by summing each
consecutive step length in a track until it reached a sum of 50 m, at which point we started a new
segment. The total energetic expenditure for each segment was calculated by summing the-per
secondcosts for each detection which contributed to that segment, and tnslated into the energetic
cost of transport (in J kgt m-1) for each type of displacement by dividing by the distance travelled

(either net or cumulative).

For each displacement type, we then fit an LMM with the cost of transport associated with each
segment as the response variable, stage of dispersal as a predictor, and individual and natal group as
crossed random effects, where individuals were allowed to have random slopes (see Table S2 for AIC
values of alternate random effect structures). To geneta a comparison between dispersers and
residents, we calculated the mean cost for each disperser to achieve a given displacement within each
hour of each day, and subtracted the mean cost of all residents from the same group to achieve the

same given disphcement within the same time window. We then fit an LMM with the difference in
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cost as the response variable, stage of dispersal as a predictor, and individual (disperser) as a random

effect.

Calculating the total energetic costs of dispersing

We calculded the total energetic expenditure over each 1-Bour day for each bird by summing all of
the per-secondcosts from each unique day of tracking for each individual into a single measure of
daily energetic expenditure (i.e. J kfjday?). Because not all dgs contained an equal amount of high
resolution data, we standardized the cost value for each day by multiplying the mean cost within the
day by 46800 seconds. To avoid ovaepresenting days with fewer highresolution data, we excluded

any day containingless than 2 hours of higkresolution data.

To estimate the change in energy use across stages, we fit an LMM of daily energetic expenditure as
the response variable, with stage of dispersal as the predictor variable individual identity as a
random intercept (see Table S2 for AIC values of alternate random effect structures). To make the
comparison to residents from the same group, we calculated the difference in daily energetic
expenditure between dispersers and residents on matched days. When multiple rdent measures
were available for the same date, we opted to use the value from whichever individual collected the
most high-resolution data for comparison. We then fit an LMM of the difference in energetic
expenditure as the response variable, with stagas the predictor and individual (disperser) as a

random effect.

Results

We collected over 13 million GPS fixes, constituting 158 birdays pre-departure, 382 bird-days of
transience, 105 birddays postsettlement from subadults, and 722 corresponding birddays of data
from resident adults (see Table S1 for a summary of each dispersal event). In total, 85.7% of fixes
comprising 17.5% of total tracking time» were collected at high resolution (continuous 1Hz), with

the remainder collected in 18second bursts eery fifth minute of daylight hours.

Dispersers move farther, faster, and straighter during transience
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during the transience stage relative to both predeparture and postsettlement (Fig. 2Ai). The

difference in daily distances between dispersers and residents was also greatest during the
transience stage relative to other stages (Fig. 2Aii). These results indicate that increased distances

travelled during tOAT OEAT AA xAOA AOOOEAOOAAI A O ET AEOEAOAI

environmental conditions.

Birds exhibited distinct movement behaviors during transience. Transient birds were significantly
faster in their moving speed when compared to othestages (Fig. 2Bi), and when compared to
residents (Fig. 2Bii). Transient also made significantly straighter movements when compared to
other stages (Fig. 2Ci) and when compared to residents (Fig. 2Cii). Despite moving over much larger
distances, transientbirds did not spend a greater amount of time moving relative to preleparture
and postsettlement (Fig. 2Di), or when compared to residents (Fig. 2 Dii). Dispersing birds also
showed no difference in the duration of their movements across stages (Fig. LE) when compared

to residents (Fig. 1Eii).
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Figure 2. Dispersing birds move farther, faster, and straighter during the transience stage

(green) than pre-departure (purple) or post-settlement (yellow). (AzE) Summary of linear mixed

effect models (LMMs) characterizing movement behaviors across stages (coefficient+95%
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departure as the reference category (the dotted vertical lines, corresponding to model intepts).

(A) Dispersers had longer daily track lengths when transient than during other stages (i); a pattern

28



which held when comparing dispersers to natal group residents on the same days (iiB)(Transient
birds exhibited higher movement velocities compred to other stages (i), and when compared to
residents (ii). (C) Transient birds moved straighter, exhibiting a higher ratio between net and
cumulative displacement, when compared to other stages (i) and when compared to residents (ii).
(D) Dispersing brds showed no change in the total amount of time spent moving at different stages
(), or when compared to natal group residents (ii). E) Dispersing birds did not express a significant
change in the average duration of each burst of movement during tramsice (i), or when compared

to natal group residents (ii). Full model results are available in Tables SI2.

Overall, transient birds moved farther, faster, and straighter. Relative to their prdeparture
movements, changes in movement corresponded to average 33.8% greater daily travel distance,
which they achieved by moving, on average, 27.7% faster and 103straighter. However, they did
not increase the overall time spent moving. The differences in movement behaviors were also
captured by the raw HMMstate assignments (Fig. 3), which detected a similar expression of the
stationary state (state 1) across all stages, but revealed that the slow tortuous state (state 2, which
we hypothesize corresponds to foraging) was underrepresented during transience3%.8% versus
43.9% pre-departure and 41.0% postsettlement), while the expression of fast, directed movements
(state 4) increased during transience (15.3% versus 10.1% prdeparture and 10.0% post

settlement).

Post-settlement

e = = = Pre-departure ﬁ a
% a = = = Transience
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Figure 3. Dispersing birds exhibit less sl ow, tortuous movements and more fast, directed
movements during transience. A hidden Markov model (HMM) was used to identify four
behavioral states, representing animals: not moving (state 1), making slow and tortuous foraging
movements (state 2), making nadium-speed movements with some changes in direction (state 3),

or moving quickly in a directed manner (state 4). Grey circles show the representation of each state
and arrows transition probabilities between states in the entire dataset; colored dottedries (pre-
departure? purple; transience? green; postsettlement? yellow) show representation of each state

at each stage of dispersal (e.g. during transience, state 2 is expressed less and state 4 is expressed
more). Full details of HMM outputs available in Tide S13 while the summary of the proportion of

time birds spent in each state, according to dispersal stage, are available in Table S14.

Dispersers make more efficient displacements
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Dispersers spent an average of 23.6% less energy to achieve a 50 m net displacement during
transience relative to predeparture (Fig. 4Ai), and were similarly more efficient than residents (Fig.

4Aii). Birds also used an averag&7.2% less energy per cumulative displacement during transience

relative to pre-departure (Fig. 4Bi), a pattern that also held when compared to resident birds (Fig.

4Bii).

A (i) Net displacement cost e : (ii)
(J kgt m™) :
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& .o
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0 10 20 30 40 50 60 -0 20 0 20 40
O Pre-departure O Transience Post-settlement

Figure 4. Dispersers make more efficient displacements during transience  (green) than during
the pre-departure (purple) or post-settlement (yellow) stages. Plots show the summary of linear

mixed-effect models (LMMs) of the total cost of transport associated with making either a 50 m net
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(A) or cumulative (B) displacement across stage (coefficient+95% confidence intervals), with

OECT EEZEAAT AA j OOAOOG 6 6 0 S 8-depanturesas thedr&faredae mapeGoryA OOE | A
(the dotted vertical lines, corresponding to model intercepts). ) Transient birds paid a lower

energetic cos to achieve a fixeddistance net displacement than they did predeparture or post

settlement (i), which also held true when comparing the average cost paid by dispersers in a given

hour to the average paid by residents of their natal group in the same hoii). (B) Transient birds

were also more efficient when measured in terms of cumulative displacements (i), and when

compared to residents (ii). Full model results are available in Tables S115.

Dispersers achieve substantial displacements with relativsmall movement costs

Our data revealed that dispersers did pay a higher total daily energetic cost during the transience
stage than during the predeparture and postsettlement stages (Fig. 5A). However, the scale of this
increase? on average 4.1% moreover the course of a day is substantially lower than the

corresponding increase (33.8%) in displacement achieved. As with our other estimates, the
comparison between dispersing individuals and resident members of their groups was consistent

with the differ ences observed within individuals across stages (Fig. 5B).
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Figure 5. Dispersing birds pay a relatively small increased daily cost of moving during

transience. Plots show the summary of linear mixeeeffect models (LMMs) of daily energetic
expenditureacr)0 0 OOACAO | AT AEAEEAEAT Omwu b AT T AZEAAT AA ET OA
cee0Sn8nmpq A OCEdakue A theQédfenag calegbly (the dotted vertical lines,
corresponding to model intercepts). A) Dispersers paid a significant, butrelatively small (4.1%

higher) daily movement cost during transience relative to predeparture. (B) This pattern also held
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when comparing dispersers to resident adults from their natal groups on the same days. Full model

results are available in Tables $-20.

Discussion

We show that dispersers express distinct movement behaviors during transience that can mitigate
the energetic costs of achieving the large displacements necessary for dispersal. Our results bring
together previously disparate findings slowing that animals exhibit different movement behaviors
during transience (Elliot et al., 2014; Killeen et al., 2014; Woollard & Harris, 199(¢nd that the
energetic costs incurred when making dispersal movements do not scale equally with the
displacements these movements achiey@enoit et al., 2020) Further, we are able to go beyond these
previous studies by showing that transient animals are able to achieve such largisplacements by
specifically changing how they move, and not by simply moving more. Our results demonstrate how
both increases in straightness (efficiency in space) and speed (efficiency over time) contribute
towards reducing the cost of transport whenmaking net displacements, with the increased efficiency
in achieving cumulative displacements demonstrating the specific savings made by moving faster. By
aligning with previously disparate findings, our study reveals what is likely to be a taxonomically
widespread set of efficient movement strategies that animals employ when dispersing. In doing so,
our work suggests that the assumed movement costs of dispersing (reviewed Bonte et al. 2012)

may have been oveistated.

Our results show that dispersers can mitigate the energetic costs of movement by changing how they
move. However, the overall energetics of dispersal are also influesd by trade-offs between foraging
and moving(Zollner & Lima, 2005). Vulturine guineafowl exhibit reduced foragingtype movements
(state 2) and an increase in fast, directed movements (state 4) when transient (Fig. 3). Reduced
foraging movements could indicate an additional cost beyond the meahical costs of displacement,
but these costs could be further offset by the timing of dispersal. We found that vulturine guineafowl
disperse following periods of increased rainfall that correspond to periods of resource abundance
(e.g. the emergence of tenite alates,Darlington 1985), which have been shown to allow substantially
greater foraging efficency in savannahkdwelling species(Green & Giebisch, 1975; Wronski, 2002)

including guineafowl (Kumssa & Bekele, 2013)Thus, dispersatould coincide with periods of relaxed
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constraints on foraging time for transient animals. Further evidence for this comes from our data
showing that some individuals are capable of making large, continuous movements over 10 or more
consecutive days (seeif. S1), suggesting that dispersers may not be fully depleting their energy
reserves if they can continue moving for days at a time. However, during the transience period, birds
occasionally spent entire days moving in a foraginfike manner, which from arecdotal observations
seem to also involve prospecting within nomatal groups. How these days of reduced displacement

OAOOA O1 ET &£ Oi OAOGOGI Ai AT 6 AT A¥YT O OAPI AT EOE AEOAO

Although we show that vulturine guinedowl follow a costmitigating strategy which reduces their
total cost of transport, they still often move slower than speeds which would maximalyeduce these
costs. Animals only approach their minimal cost of transport when running at their aerobic maxiom
(Taylor et al., 1970) In guineafowl, this speed should be approximately 2.78 mtgEllerby et al.,
2003), which is much higher that the estimated average speed of 0.307 rhexhibited by transient
birds in our study (Fig. 2B, Table S5). However, the average speed we observed closely matches what
might be an alternative optimal point along the peed-cost curve: the point of maximal curvature
(here 0.316 m st; Fig. 6), wherethe benefits of increased efficiency with increasing speeds tap@eff
the fastest Several factors can shape what optimality criterion applies to animal movemen{Byke,
1981), with higher speeds imposing greater costs arising from diminished spatial information
processing(Chittka et al., 2009) increased risk of predation(Kramer & McLaughlin, 2001) and the
potential for injury (Wheatley et al., 2021) The diminishing per-unit savings in the costs of transport

at very high movement speeds are therefore likely to become negligible relative to the increase in
other, related costs. Thus, it may be that the critical speed as described under laboratory conditions
may notaccurately reflect an optimal strategy for costeduction in wild animals which have evolved

to balance multiple constraints as they move through their environments. Our results suggest that,
while dispersing animals are capable of travelling at highbefficient speeds, other contextual
factors? such as increased risk from moving alone, navigational challenges, or reduced foraging
constraints? are likely to determine the optimal movement strategy at any given point in time or

space.
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Figure 6. The energetic cost of transport decreases non -linearly with speed. The relationship
between movement speed and the energy needed to move a given distance is conserved across
terrestrial taxa and gait types. Formulas for cost of movement as a function of speed takennfro
laboratory studies of oxygen consumption(Chassin et al., 1976; Taylor et al., 1982)ncluding a
generalized allometric equation (dashed line). The cost of transport for helmeted guineafoyéllerby

et a., 2003), which we used in this study, is plotted in red, with the black star marking the asymptote

of the curve.

We also note that, while birds averaged a speed near the point of maximum curvature in the speed
to-metabolic-cost relationship, they oftenmoved at speeds that were above or below this asymptotic
point (95% range of velocities during transience: 0.0940.792 m st), meaning that their energy use
was greater than it would have been had they moved at their average speed (0.307-f) throughout

i AOA O1 * Al OskrisdeénnyR201A).NieAlifidfe@od  interpretation when using average
speed values versus the seconrby-second speeds highlights the importance of collecting high
resolution movement data for generating insights about the drivers of animal movement. Such fine
scale data should allow for a bottorrup approach when modelling energy landscapgShepard et al.,
2013) or resistance surfaces(Zeller et al., 2012) How landscape features facilitate or restrict
movement eed, straightness, or continuitp as measured by deviations from the mosefficient
movement behavior® could be used to predict where animals should move and subsequent
landscape connectivity (Diniz et al., 2020) Thus, landscapédevel tools combined with high
resolution movementtrAAE O AT O1 A EAI b O1 EAAT OEAU OEvekingAAOT OO0
on the go.
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Whether to avoid in-breeding (Gandon, 1999; Matthysen, 2013a)r social conflicts(Christian, 1970;
Cozzi et al., 2018) individuals depart their natal environment in search of new places to settle
(Clobert et al., 2001; Hamilton & May, 1977)For dispersal to be adaptive, selection should favor
strategies that mitigate the costs of dispersing. Such strategies include raly when (Tarwater &
Brawn, 2010) and where (Cox & Kesler, 2012; Cozzi et al., 2018xnimals move, but also how they
move. Our study reveals distinct movement behaviors during transience that are consistent with
those from other species. Specifically, dispersers across a range of terrestrial species, incigdoxes
(Vulpes vulpes(Woollard & Harris, 1990), lions (Panthera leq (Elliot et al., 2014), and elk Cervus
canadensi} (Killeen et al., 2014) exhibit distinctly faster and straighter movements during
transience. These results lead to a potentially general insight into terrestrial dispersal and how
animals can reducethe cost of transport over large distances to offset the energetic costs of
dispersing. Further, the relationship between movement speed and the cost of transport is likely to
be highly conserved across species, with the relationship in guineafowl beingrsistent with the
allometric relationship derived from many terrestrial species and gait types (Fig. 6). Thus, the
seemingly adaptive movement strategies we report are likely to be common across species. Our
results are also consistent with how migratingnsects (Wikelski et al., 2006), birds (Wikelski et al.,
2003), batsj / 6 - é @A2019), and ungulates(Sawyer & Kauffman, 2011)move. All express
straighter long-distance movements that are distinct from tortuous foraging movements, suggesting
a generalselective pressure for movement efficiency arising from a range of social and ecological

drivers.
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Supplementary Figure S1. %@Ai D1 A £O0T 1T T 1T A OOI OOOET A COET AAA x1 ¢
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movements overthe course of a full day (06:0619:00). Green dots mark the first detection on each

day, and red dots mark the last detection (typically where the bird roosted overnight).
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Supplementary Table S1: Summary of each dispersing GPagged subadult female.Start of
dispersal corresponds to date of departure from natal group and end of dispersal marks dates when
settlement occurred. In some cases, dispersers failed to find a new group and returned to the natal
group. These birds were considered to have feettled the natal group for the purposes of movement
analyses. Superscript numbers for dispersers from the Mpala group denote the season in which the

birds dispersed, as this was the only group from which we tracked dispersers in two seasons.

Summary of Disprsal for Each GRtagged Subadult Female

ID Mass (kg) Start of End of Natal Group Dispersal Outcome
Transience  Transience
WT00392 1.3 2019/04/27  2019/04/28 Mpala Settled
WT00400 1.4 2019/04/27 2019/05/01 Mpalat Returned to natal group
WTO00009 1.34 2019/04/27 2019/05/11 Mpala Returned to natal group
WT00394 1.4 2019/04/27  2019/05/27 Mpala Settled
WT00400 15 2019/09/14 T Mpala? Tag fell off 201909/23
WTO00391 1.48 2019/09/26 T Mpale? Last seen 20190/15
WT00009 1.34 2019/09/22 201910/26 Mpala? Predated 201910/26
WT00394 1.4 2019/10/20 2019/11/19 Unmarked Settled
Group
WTO00395 1.34 2019/10/03 2019/10/25 Mpal Settled
WT00474 1.18 2019/10/21  2019/11/20 RR Upper Settled
WTO00567 1.24 2019/10/14 T RR Main Last seen 20191126
WTO00617 1.38 2019/10/14 T Dump site Last seen 20191027
WTO00041 1.32 2019/10/06  2019/11/03 RR Main Settled
WT00025 1.28 2019/10/19 2019/10/30 Dump site Returned to natal group
WTO00027 1.36 2019/10/11  2019/10/25 Dump site Settled
WT00568 1.38 2019/10/19 2019/10/29 RR Main Settled
WTO00575 1.18 2019/10/19 T RR Main Last seen 20191019
WT00570 1.28 2019/10/14 2019/10/22 RR Main Settled
WTO00577 1.34 2019/10/18 2019/10/25 RR Main Settled
WTO00038 1.22 2019/10/13 2019/10/24 Dump site Settled
WTO00046 1.26 2019/10/06 T RRMain Last seen 20191019
WTO00031 1.22 2019/10/18 2019/10/29 Dump site Settled
WT00523 1.26 2019/10/18 T Dump site Last seen 20191019
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Supplementary Table S2: | EAEEA8O )1 &£ Oi AOETT #OEOAOE-éffect j 1 ) #Q
Models (LMMs) of changs in individual-level measures (e.g. movement characteristics or cost of
transport) across stages of dispersal. The three random effect structures testethd-only ?

individual identity as random intercept Crossed? individual identity and natal group as cresed

random effects and Full? individual identity and natal group as crossed random effects, where
individuals are allowed to have random slopdglodel selection was performed without restricted

maximum likelihoods (REML) for all random effect structuredested, as this could affect AIC values,

although final models were fit using REMLBolded values show the lowest AIC value for each model

structure, which was subsequently chosen for use in analyses.

AIC Values for Random Effect Structures in Individualddls

Model

Ind-only

Crossed

Full

Daily Track Length 2587.18 2558.3 2533.72
Velocity -10294.07 -10383.05 -10864.33
Straightness of Movement 1862.38 1801.@ 1656.34

Time Spent Moving (%) -697.76 -696.27 -668.8
Duration of Movement 8102224 81022.85 80985.27
Cost of Transport Net 79862.51 79828.59 79691.03
Cost of Transport Cumulative 173201.8 172994.6 172227.1

Daily Energy Expenditure 2787.67 2788.70 2794.%
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Supplementary Table S3. Results of the LMM for daily track legth, in kilometers, and its response

to stage of dispersal. Reference level of stage is pitespersal.

Daily Track Length
Equation Distance Sage + (1|Group ID) 4{3@age|Disperser ID)

Estimate Std. Error  df t value Pr(>|t])
Intercept 3.950 0.326 6.136 12.104 <0.001
Stage: Transience  1.333 0.304 19.709 4.381 <0.001
oa0s: oot 0.339 0288  17.011  -1.179 0.254

Random effects
Groups Name 'V'e"?‘” Std.dev Correlation
Variance

DisperserlD Intercept 0.012 0.111

Transient 1.244 1.115 -0.98

Postsettlement  0.602 0.776 -0.46 0.62
GroupID Intercept 0.505 0.711
Residual 2.643 1.626

Marginalr? Conditionalr?
0.122 0.395
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Supplementary Table S4. Results of the LMM for difference in daily track legths, in kilometers,
between dispersers and residents of their natal group on the same days and its response to stage of

dispersal. Reference level of stage is pidispersal.

Daily Track Length Difference (Dispersd&ssidents)

Equation (Dispersedistarce¢ mean resident distance)Sage + {|Disperser ID)

Estimate Std. Error  Df t value Pr(>t|)
Intercept 0.298 0.178 45.851 1.676 0.101
Stage: Transience 1.021 0.1% 580.360 6.541 <0.001
f;?t?:m:gtst 0369  0.205 578.142  1.800 0.072

Random effects
Groups Name \'\;I:r?erl]nce Std.dev
DisperseiD Intercept 0.316 0.563
Residual 2.361 1.536
Marginal P Conditional ¢
0.070 0.180
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Supplementary Table S5. Results of the LMM for movement speed (i.e. nestationary velocity in m

s1) and its response to stage of dispersal. Reference level of stage is-gigpersal.

Movement Speed

Equation Speed~3age + (1|Group ID) +3@age|Disperser 1D)

Estimate Std. Error  df t value Pr(>|t)
Intercept 0.240 0.015 7.180 15.691 <0.001
Stage: Transience  0.066 0.019 18.186 3.458 0.003
oa0s: oot -0.006 0016 12303  -0.358 0.726

Random effects
Groups Name 'V'e"?‘” Std.dev Correlation
Variance

Disperser ID Intercept 0.001 0.026

Transient 0.007 0.08 -0.40

Postsettlement  0.003 0.057 -0.30 0.56
Group ID Intercept 0.001 0.032
Residual 0.033 0.181

Marginal P Conditionalr?
0.029 0.161
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Supplementary Table S6. Results of the LMM for difference in movement speeds (i.e. natationary
velocities in m st) between dispersers and residents of their natal group on the same days and its

response to stage of dispersal. Reference level of stage is-piispersal.

Difference in Movement Speed (Disperseresidents)

Equation:(Disperser speegimean resident speed) ~ Stage + (1|Disperser ID)

Estimate Std. Error df t value Pr(>|t|)
Intercept 7.552e03 8.984-03 2.934e+01 0.841 0.407
Stage: Transience  5.988-02 5.923e-03 5.490+03 10.109 <0.001
f;?t?:m:gtst 1286002  7.334-03  6.18%+03 1.754  0.079

Random effects
Groups Name \'\;I:r?erl]nce Std.dev
Disperser ID Intercept 0.001 0.034
Residual 0.035 0.187
Marginal P Conditional ¢
0.021 0.052
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Supplementary Table S7. Results of the LMM for straightness ahovement over a 5minute window
and its response to stage of dispersal. Reference level of stage is-gigpersal.

Straightness of Movement

Equation Straightness- Sage + (1|Group ID) {age|Disperser ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 0.395 0.018 9.123 21.640 <0.001
Stage: Transience  0.041 0.016 18.231 2.624 0.017
i":‘t?:ngtst -0.001 0.016 13515 -0.045 0.964

Random effects
Groups Name Me:?m Std.dev Correlation
Variance

Disperser ID Intercept 0.002 0.040

Transient 0.004 0.063 -0.61

Postsettlement  0.003 0.056 -0.18 0.67
Group ID Intercept 0.001 0.035
Residual 0.063 0.251

Marginal P Conditionalr?
0.006 0.062
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Supplementary Table S8. Results of the LMM for difference in straightness afhovement (five-
minute Sl) between dispersers and residents of their natal group on the same days and its response
to stage of dispersal. Reference level of stage is piespersal.

Difference in Straightness of Movement (DispersdRgsidents)
Equation:(Disperser St mean resident Sl) ~ Stage + (1|Disperser ID)

Estimate  Std. Error df tvalue  Pr(>|t|)

Intercept -1.133e02 1.170e02 2.992e+01 -0.968 0.341
Stage: Transience 5.882e02 9.224e03 4.294e+03 6.364 <0.001

i":‘t?:m:?t 220802 1.152e02 5597e+03 1.916  0.055
Random effects
Groups Name \'\;l:r?;nce Std.dev
DisperseilD Intercept  0.002 0.040
Residual 0.090 0.300
Marginal P Conditionalr?
0.007 0.025
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Supplementary Table S9. Results of theLMM for percent of time spent moving (per hour) and its
response to stage of dispersal. Reference level of stage is-piispersal.

Percent of Time Moving

Equation Percent moving Sage + (|Disperser ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 7.756e01 1.472e02 4.223e+01 52.690 <0.001
Stage: Transience  1.077e02 1.283e02 1.486e+03 0.839 0.401
i":‘t?:ngtst 3.350e03 1.616€02  1.500e+03 0.207 0.836
Random effects

Groups Name \'\;l:r?;nce Std.dev
Disperser ID Intercept 1.751e-03 0.042
Residual 0.036 0.191

Marginal P Conditionalr?

5.640e04 0.046
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Supplementary Table S10. Results of the LMM for the difference in percent of time spent moving
(per hour) between dispersers and residents of their natal group andts response to stage of
dispersal. Reference level of stage is pidispersal.

Difference in Percent of Time Moving (Dispersdrgsidents)

Equation:(Disperser percent movirggmean resident percent moving) ~ Stage +

(1|Disperser ID)

Estimate Std. Error  df tvalue  Pr(>|t|)
Intercept 2.039e02 3.078e02 2.288e+01 0.633 0.514
Stage: Transience -5.151e02 2.623e02 3.322e+02 -1.957 0.051
i?t?;:n:ﬁtst 13.291€02 3.222e02 3.420e+02 -1.022  0.308

Random effects
Groups Name \“;I:jlgnce Stddev
DisperserlD Intercept 6.182e03 7.863:-02
Residual 3.409e02 1.847e01
Marginal P Conditionalr?
0.012 0.163
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Supplementary Table S11. Results of the LMM for the square root of the duration of each
movement, in seconds, and its resp@e to stage of dispersal. Reference level of stage isqalispersal.

Movement Duration

Equation sgrt(Duration)~Sage + (1|Group ID) +Sage|Disperser ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 18.158 0.648 4.629 28.033 <0.001
Stage: Tansience 0.994 0.546 16.211 1.819 0.087
i":‘t?:ngtst 0.008 0.632 9.103 0.013 0.990

Random effects
Groups Name Me:?m Std.dev Correlation
Variance

Disperser ID Intercept 1.283 1.133

Transient 3.610 1.900 -0.02

Postsettlement  3.016 1.737 0.51 0.02
Group ID Intercept 1.441 1.200
Residual 133.685 11.562

Marginal P Conditionalr?
1.71003 0.043
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Supplementary Table S12. Results of the LMM for the difference in the mean duration of movement,
in seconds, in a given day betweedispersers and residents of their natal group and its response to
stage of dispersal. Reference level of stage is piespersal.

Difference in Movement Duration (Dispersefesidents)

Equation:(sqgrt(Dspersemovement duration)sqrt( mean resident moweent
duration)) ~ Stage + (1|Disperser ID)

Estimate Std. Error  df tvalue  Pr(>|t|)
Intercept 3.016 1.130 91.720 2.668 0.009
Stage: Transience 0.977 1.307 167.970 0.748 0.456
i?t?;:n:ﬁtst -1.900 1643  167.564 -1157  0.249
Random effects
Groups Name \“;I:jlgnce Std.dev
DisperserlD Intercept 3.119 1.766
Residual 49.653 7.046
Marginal P Conditionalr?
0.022 0.080
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Supplementary Table S13. Summary of the fitted Hidden Markov Model (HMM) across all
movement data (i.e. all stges of dispersal and including residents) which extracted 4 states of
movement based on step lengths and turning angles.

Summary of 4state HMM of Vulturine Guineafowl Movement
Initial State Probabilities
State 1 State 2 State 3 State 4
0.223 0.258 0.408 0.112

State TransitionProbabilities

To State 1 To State 2 To State 3 To State 4
From State 1 0.912 0.020 0.066 0.002
From State 2 0.008 0.629 0.234 0.129
From State 3 0.043 0.141 0.809 0.008
From State 4 0.002 0.294 0.027 0.677
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Supplementary Table S14. Proportional expressions (and number of detections in '000s) of each
movement state within each stage of dispersal and by residents.

Proportional expressions of each movement state by dispersers and residents

Pre-departure

Transience

Postsettlement

Resident

Overdl

State 1
0.221(305)
0.220(820)
0.223(242)
0.216(1055)
0.219(2422)

State 2
0.439(606)
0.358(1334)
0.410(445)
0.463(2262)
0.419(4648)

State 3
0.239(330)
0.269(1002)
0.266(289)
0.231(1131)
0.248(2752)

State 4
0.101(139)
0.153(570)
0.101(109)
0.090(439)
0.114(1259)
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Supplementary Table S15. Results of the LMM of the total energetic cost of transport, in Jouleskg
m-1, over a 50 meter net displacement and its response to stage of dispersal. Reference lefrstage

is pre-dispersal.

EnergeticCost of Transport Over 50m Net Displacement

Equation:Cost of transport ~ Stage + (1|Group ID) + (Stage|Disperser ID)

Estimate  Std. Error df t value Pr(>|t])
Intercept 81.368 3.996 7.774 20.362 <0.001
Stage: Trangnce -19.234 3.948 16.345 -4.872 <0.001
i":‘t?:ngtst -2087 5.409 13.320 -0.386 0.706

Random effects

Groups Name Mean Variance Std.dev Correlation
DisperserlD Intercept  52.21 7.226

Transient  249.66 15.801 -0.50

zstflzmem 398.62 19.966 -0.80 0.72
Group ID Intercept  63.81 7.988
Residual 1784.04 42.238

Marginal P Conditionalr?
0.034 0.145
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Supplementary Table S16. Results of the LMM of the differences between dispersers and residents
of their natal group in the mean energetic cost of transport, in Joules kgm-1, over 50 meter net
displacements at matching hourly timescales and its response to stage of dispersal. Reference level
of stage is predispersal.

Differences in Energetic Cost of Transport Over 50m Net Bsgment
(Disperserg; Residents)

Equation:(Hourly mean disperser cost of transpdrourly mean resident cost of transport) ~
Stage + (1|Disperser ID)

Estimate Std. Error df t value Pr(>|t])
Intercept 3.083 3.968 57.176 0.777 0.440
Stage: Transience -14.766 4.231 532.240 -3.490 <0.001
Stage: Post -10.037 5.448 568.715 -1.842 0.066
settlement

Random effects
Groups Name Megn Std.dev
Variance
DisperserlD Intercept 84.22 9.177
Residual 1749.18 41.823
Marginal P Conditionalr?
0.022 0.067
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Supplementary Table S17. Results of the LMM of the total energetic cost of transport, in Jouleskg
m-1, over a 50 meter cumulative displacement and its response to stage of dispersal. Reference level
of stage is predispersal.

EnergeticCost of Transport Over 50m Cumulative Displacement

Equation:Cost of transport ~ Stage + (1|Group ID) + (Stage|Disperser ID)

Estimate Std. Error df t value Pr(>|t])
Intercept 57.465 2.891 8.015 19.881 <0.001
Stage: Transience  -9.862 2.567 19.196 -3.841 0.001
i":‘t?:ngtst 3.052 2.834 13.548 1.077 0.300

Random effects
Groups Name Me:?m Std.dev Correlation
Variance

DisperseilD Intercept 31.36 5.600

Transient 120.43 10.974 -0.64

SPStht;—:-ment 108.67 10.424 0.28 0.54
Group ID Intercept 35.83 5.986
Residual 531.42 23.053

Marginal P Conditionalr?
0.044 0.203
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Supplementary Table S18. Results of the LMM of the differences between dispersers and residents
of their natal group in the mean energetic cost of transport, in Joulesyk m-1, over 50 meter
cumulative displacements at matching hourly timescales and its response to stage of dispersal.
Reference level of stage is prdispersal.

Differences in Energetic Cost of Transport Over 50m Cumulative Displacement
(Disperserg; Resdents)

Equation:(Hourly mean disperser cost of transpdrourly mean resident cost of transport)
Stage + (1|Disperser ID)

Estimate Std. Error df tvalue  Pr(>t|)
Intercept -4.501 2.154 35.429 -2.090 0.044
Stage: Transience -4.727 1.753 883.123 -2.697 0.007
:’:‘t?eengtst 0.647 2.136 896.741 0303  0.762
Random effects

Groups Name \I\;I:r?gnce Std.dev

DisperseiD Intercept 53.7 7.328

Residual 435.4 20.865

Marginal P Conditionalr?
0.013 0.121

55



Supplementary Table S19. Results of the LMM for total daily energy expenditure from movement,
in kilojoules kgt day, and its response to stage of dispersal. Reference level of stage isgispersal.

Daily EnergeticExpenditure

Equation:Daily energy expenditure ~ Stage + (&jierser D)

Estimate Std. Error df t value Pr(>|t])
Intercept 469.732 5.113 104.619 91.877 <0.001
f::?é;ence 19.034 5.749 256.956  3.311 0.001
Ssé?t?;:n:ﬁtst 3.094 7.253 272530  0.427 0.670

Random effects
Groups Name Mean Variance  Std.dev
DisperseilD Intercept 41.25 6.423
Residual 1357.34 36.842
Marginal P Conditionalr?
0.051 0.079
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Supplementary Table S20. Results of the LMM for the difference in total daily energy expenditure
from movement, in kilojoules kgt day-1, between dispersers and residents of their natal group on the
same days and its response to stage of dispersal. Reference level of stage idd@mpersal.

Difference in DailyEnergeticExpenditure(DispersersResidents)

Equation:(Disperser daily expéiture ¢ mean resident daily expenditure) ~ Stage +
(1|Disperser ID)

Estimate Std. Error df tvalue  Pr(>|t|)
Intercept 1.311 5.837 106.010 0.225 0.823
Stage: Transience 25.743 7.057 166573 3.648 <0.001
Sséft?eem:ﬁtst 3120  8.897 167.985 035  0.726

Random effects
Groups Name \'\;I:r?gnce Std.dev
DisperserlD Intercept 21.1 4.594
Residual 1.501e+3 38.746

Marginal P Conditionalr?

0.090

0.103
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Chapter 2: Diel patterns of movement reveal temporal strategies during disper  sal

James A. Klarevafrby, Damien R. Farine

Abstract

1. Movement is a key part of life for many animals, giving access to resources such as food and
mates. However, a number of constraints can limit not only where animals can move, but also
when. For exampé, diel changes in light, temperature, or predation risk all modify when it is
best for individuals to move. These constraints are likely to be most pronounced when
animals must make large displacements, as is the case when individuals disperse to escape
their natal environment. However, little is known about how dispersers overcome
constraints on movement, despite significant implications for the success and efficiency of

dispersal.

2. Inthis study, we investigate the diel movement behaviours of animals durg) the active phase
of dispersal, with a focus on how dispersers achieve higher daily travel distances in the face
of constraints on when and how they move. We predict that dispersers could increase their
daily movements relative to their nondispersal paterns using one of three distinct temporal
strategies: increasing their movements uniformly across the day, during the times when they

previously moved least, or when they previously moved most.

3. Using a highresolution GPS tracking dataset from dispersingand resident vulturine
guineafow! (Acryllium vulturinum), we examine the hourly movement patterns expressed

prior to, and during, the active phase of dispersal.

4. We find a significant positive correlation between the times of day when they moved most
prior to dispersing? during the early morning and late afternoon, with little movement
during the middle of the day and the times at which they expressed the greatest increases
in movement when dispersing. These results support our third prediction that individu als
overcome constraints on dispersal by moving more when conditions are best suited for

movement.

5. Our results have several implications. First, they demonstrate that individuals face similar
constraints to movement during dispersal as they do in daily i, suggesting the timing of

departure may not be linked to a relaxation in constraints. Second, they highlight the
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importance of efficiency in the short periods when conditions are favourable, potentially

driving an increase in movement speed and directedsss.

Keywords ? animal behavior; biologging; diel patterns; dispersal; ecological constraints; GPS

tracking; movement ecology; vulturine guineafowl

Introduction

$EOPAOOGAT EO A &£EO1 AAT AT OAl PAOO T &£ I ATU ODAAEAOG
departure, transience, and settlemen{Bowler & Benton, 2005)> dispersal is typically the result of
individuals needing to escape their natal environment in order to avoid inbreedingGandon, 1999;
Matthysen, 2013a)or kin competition (Cote & Clobert, 2010; Hamilton & May, 1977)or to secure
access to new reproductive opportunities(Alberts & Altmann, 1995). To effectively reap these
benefits, individuals often move over great distancefelgado et al., 2009; Elliot et al., 2014; Killeen
et al., 2014, Klarevadrby et al., 2021; Woollard & Harris, 1990) This increase in movement can give
rise to a range of substantial costs and constraints on dispersg(Dries Bonte et al., 2012; Maag et al.,
2019) which can, in turn, drive the evolution of dispersal strategies mitigating some of these costs
(Cozzi etal., 2018; Klarevadrby et al., 2021) For example, delaying departure can reduce the risk of
mortality until breeding territories become available (Tarwater & Brawn, 2010), and transient
animals can change their movement behaviours in ways that reduce the energetic costs av@ment
over large distancegKlarevas-Irby et al., 2021) Moving larger distances also involves overcoming
constraints on the timing of movement. Animals generally face changing costs or drivers of
movement over the course of the day, for example because of changes in predator actiitgng et
al., 2019; Mugrwa et al., 2017; Veldhuis et al., 2020because of higher temperatures during the
middle hours of the day(Carroll et al., 2015; Roba et al., 2022) or to ensure they find enough
resources to avoid starvation(Damien R. Farine & Lang, 2013)These constraints produce distinct
patterns of activity over the course of the day, with peaks and valleys in movement in the morning,
midday, and/or evenings. If constraintspersist across seasons, then we should expect them to be
consistently expressed by individuals across life history stages. For example, a recent study of brown
bears (Ursus arcto} found both adults and subadult males express movement peaks in net
displacement at similar times of day, despite the latter moving morg " I CAAT T OEc¢.Y&O Al 8h
at present it remains unclear whether activelydispersing (i.e. transient) animals are faced with
persistent constraints on the timing of movements and, if so, how they overcome these constraints

in order to achieve the large displacements they express during tngience. Understanding how
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dispersers move during dispersal has the potential to generate new insights into both the ecological

constraints that limit movement, and the drivers of behaviour during this key stage of life.

How the dispersal decisions of anirals are shaped by environmental constraints is challenging to

guantify, as they can be affected many factors (or combinations of factors) that are difficult to
measure. One approach is to test whether dispersing individuals appear to be affected by, oeesed

from, constraints on movement that affect their movements prior to dispersal (or how they would

move if they were not dispersing). This can be achieved by relating their transience movements to

typical? non-dispersalr movements. Broadly, we can predicthat increases in movement during

transience should manifest one of following three patterns (Fig. 1) that each provide insights into the
ecological and temporal constraints faced by dispersers. In the first pattern, dispersers could increase

their activity in a uniform fashion throughout the day (Fig. 1Ai). This strategy would represent a

general increase in moving more irrespective of any constraints faced by individuals. Such a pattern

would produce no correlation between the change in movementand tieT AEOEAOAT 08 AAOAI
(Fig. 1Aii). In the second pattern, dispersers could exhibit an increase at times that previously

AT OOAODPI T ARA xEOE 1AGO i1 OAI AT O j&EC8 p"EQ8 4EEO
prior maximum levels are indicative of some physiological ceiling, or perhaps if they choose to

disperse when conditions (e.g. seasons or weather conditions) free them from prior movement
constraints. Such a scenario would produce a negative correlation between the change in movements

AT A OEA ET AEOGEAOAI 66 AAOGAT ETA 1AOAT O j &EC8 p" EE(QS
an increase in movement at times corresponding to previous high levels of activity (Fig. 1Ci). Such a

pattern would indicate the persistence of envionmental constraints on movement during transience.

For example, if temperature constrains movement during the middle of the day, dispersers should
disproportionately increase their movement activity during periods of the day when movement is

less restricted (e.g. at the coolest times of day). Such a pattern would result in a positive correlation

between the change in movement and their baseline levels (Fig. 1Cii).

We previously used simultaneous highresolution (1 Hz) GPS tracking data from both residerdnd

actively dispersing vulturine guineafowl (Acryllium vulturinum) to demonstrate that transient birds

exhibited distinct movement strategie® moving straighter and faster relative to nondispersal

movements? to minimize the energetic costs of dispersingKlarevas-Irby et al., 2021) In this study,

xA AGAI ETA ET AEOEAOAI 06 AEAI bAGGDOAiomhd®emens made OAT AT O
prior to dispersing and relative tononAEODAOOET ¢ 1 Al AAOO 1T &£ ET AEOEAOAI (
days. We start by first demonstrating that hourly movements when birds are not dispersing show

distinct decreases in the distance meed and the proportion of time spent moving during the middle
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of the day. We next quantify the increased hourly movement made by birds during transience,

revealing a similar profile of elevated levels of movement in morning and evening hours. Using a two

step comparative approach, first comparing transient individuals to their own predispersal

movements and then comparing them to residents from their natal groups on the same days (to

control for any effects of changing environmental conditions), we then aqntify the correlation

between displacements made during transience with those made by natispersing birds. Finally,

we replicate the correlation analysis on the published databy T CAAT | OEc¢ ,Adpahng8 | ¢ ¢
the mating ssason movements of adult and subadult male brown bears. This additional analysis

confirms the generality of our findings.
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Figure 1. Three predicted patterns of change in diel movements during dispersal.  In general,

dispersal (top row dotted lines) shoudAA AEAOAAOAOEUAA AU Al ET AOAAOA
such as an increase in the distances that individuals travel over the course of an hour, relative to their
non-dispersal movements (top row solid line). These increases can follow one of three geal

patterns, each generating a distinct predicted correlation between the hourly change in movement

and the corresponding hourly amount of movement prior to dispersing. (Ai) A uniform increase in

the level of movement at each hour results in (Aii) no coelation between the level of prior

movement and the change in movement. (Bi) Increasing movement at those times when the baseline

levels of movement were previously lower (for example if previous high movement corresponded to

a physiological maximum) resiis in (Bii) a negative correlation between prior movement and

change in movement during transience. (Ci) An increase in movement at times when dispersers were
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previously moving the most (e.g. because these periods have the least constraints) results ii)(&€

positive correlation between the baseline movement and the change in movement that is expressed.

Methods

Study system

We conducted our study in a population of vulturine guineafowl, which are a largelgrrestrial
gallinaceous bird species, locatedt the Mpala Research Centre in Laikipia, Kenya (0.29120 N,
36.898670 E). Vulturine guineafowl live in large stable groups comprising 185 individuals, with
groups containing multiple family units, and groups interacting regularly with other groupgDanai
Papageorgiou et al., 2019)Birds in our study population are captured as whole groups using baited
walk-in traps, and eah individual is marked with an individually-numbered stainless steel ring, a
unique combination of four plastic color bands. Selected individuals in each group are also fitted with
a 15¢g Bird Solar GPS tag{@bs GmbH) (sedPapageorgiou et al., 201%or details of tag deployment
methods). The total weight of backpacks and tagombined is approximately 20.5g, well below 3%

I £ AEOAOS (Rbllerh EJKemwhrH, QD@ For the purpose of this study, we used data from 35
individuals, comprising 21 subadult females fitted with GPS tags prior to dispersing and 14 adult
(non-dispersing) members of the four natal groups that GR8acked subadults dispersed from (5
females, 9 males; range: -b residents per group). Data were recorded predominantly from two

dispersal seasons in 2019, but include a further two dispersal events from 2022021 (Table S1).

Research permits

All work was conducted under research permits from the Max Planck Society Ethikrat Committee
(2016_13/1), the National Commission for Science, Technology and Innovation of Kenya
(NACOSTI/P/16/3706/6465), the National Environment Management Authority
(NEMA/AGR/68/2017) , under a Research Authorisation (KW8016-01-21) and a Capture Permit

issued by the Kenyan Wildlife Service, and in affiliation with the National Museums of Kenya.

GPS data
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Each device was programmed to record data during daylight hours, from 06:00 t®D0. Data points

i AAOAh OEiIi Ah AT A 1TAAOGEITqQ xAOA OAAT OAAA AT 1 OET OI
battery had a high charge (every two to three days, for up to 4.5 hours continuously). When the
battery was below the highresolution charge threshold, we set tags to record 10 GPS points in the
first 10 seconds of every fifth minute. If battery charge was at the lowest threshold, tags were set to
record one point every 15 minutes (this threshold was not crossed during this study). Data e
remotely downloaded every two days using a BaseStation Il {@bs Digital Telemetry, Grinwald,
Germany). For the purposes of our analyses, we separated the data into two resolutions: high
resolution data, comprising all continuous periods of 1Hz data; ahfive-minute data, comprising data
from the tenth second of every fifth minute of the day. The latter was collected from both the lew
resolution dataset and by subsampling the 1Hz data, thereby reliably providing data every 5 minutes
for every bird on ewery day it was tracked.GPS Data were uploaded to Movebank (https://www.
movebank.org/) and retrieved and prepared for analysis in R using the move packafféranstauber

& Smolla, 2015)

Dispersal

7A AEOEAAA AAAE AEODAOOEITSEprdsieisd O daisnben @idpbrseisi 01 O x
were still moving with their natal group) and transience (mean of 19.5 days when birds were actively
dispersing, Fig. S1). Birds were considered to have started transience on the first date when they
were observed tobe moving separately from their natal group, based on field observations and
confirmed via visual observation of the GPS tracks of dispersers and residents. Birds were considered
settled? i.e. to no longer be transient from the first day in which they spert the entire day within
their eventual postsettlement group (based on field observations over the following months). In
three instances, this included birds who failed to successfully find a new group and ultimately
returned to their natal group. Two suchindividuals attempted to disperse again in a subsequent
season, and two individuals who had previously settled into new groups dispersed a second time in
the following season, resulting in 25 recorded dispersal events. For birds that dispersed into groups
outside of our study population, settlement was determined from field observations and dated based
on the first instance of repeated use of the same roost site that ultimately would represent their pest
dispersal home range. For 8 of the 25 recorded dispsal events, we were unable to record
settlement, owing to either: predation during transience (1 individual); early failure of the GPS

backpack failure point causing the tag to fall off during transience (1 individual which was later
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visually confirmed to have survived based on color bands); or because the dispersing bird moved
sufficiently far from our study area that we were not able to relocate the tag for download (6
individuals).

For this study, we divided the movements of transient birds into two d&y categories based on the
OUDPAO T &£ 11T OAI AT OO0 AGEEAEOAA AU AEOPAOOAOO 11 A ¢
exhibited extended periods of large, straight displacements that are typical of active dispersal, and
AAUO 1T £ OI 1 A Mdring iwhich Arbn8iénOtirds hexhibited highly-tortuous paths and
typically did not change roost locations from morning to evening. Visual observations suggested that
dispersers were typically moving with some nonrnatal group on these days of local movemest
although, per our definition of settlement, these continued to be part of transience as they
subsequently left these groups shortly after. Big days of movement were defined based on the length
AT A OOOAECEOT AOGO 1 & -AdispeisersiwarecorBSidered t6 Halekngdyednfadif
day if their roost-to-roost distance was greater than 1500m or if the roost distance was greater than
1200m and the ratio of the distance between roosts and their total daily track length (i.e. a measure
of the straightness of their daily path) was greater than 0.3. All big day assignments were confirmed
based on visual observation of daily paths. As our focus in this study is on increases in movement

that resulted in large displacements, we focused our analyses on datarh big days.

Data from resident (i.e. nondispersing birds) was taken from GP$racked adult members of each
AEOPAOOET ¢ AEOAB8O 1 AOAI CcOi Op8 $AOA £OI i AAAE OAOQ
AEOPAOOGET ¢ AEOA ££01 1 répededied Q.8 MEH AdyOd Dalipeddaldad x A O
transience from matched dispersers). Where possible, multiple residents were included for each

group. In two instances, dispersers departed from groups with no GR&cked adults, and so these

dispersal events were excluded from comparisons to residents.

Analyses

All analyses were performed in R version 4.(R Core Team, 2022)

Defining movement states

We implemented an unsupervised Hidden Markov Model (HMM) to delineate the different

movement states exhibited by vulturine guineafowl. Beasse a 1Hz resolution violates the Markov
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assumption, we first summed the distance moved and absolute turning angles for every 10 seconds
in the high-resolution data. We searched for four movement states across the entire higésolution
dataset, using theR package depmixS4Visser & Speekenbrink, 2010) We selected a foustate
model based on field observations that individuals spend time not moving (state 1), making slow,
tortuous foraging movements (state 2), walking at a medium speed (state 3), and moving quickly in
a directed manner (state 4). We then assigned the state of &éat0-second burst to all of the 1Hz data
points which contributed to it. When considering how birds budgeted their time, we considered birds
to be moving for displacement in states 3 and 4 (as opposed to the small, localized movements

associated with foragng, state 2).

Calculating hourly movement measures

7A AGOOAAOAA Ox1 EAU 1 AAOOOAO O1 AEAOAAOAOEUA
the total hourly displacement and the proportion of overall time spent moving. Total hourly
displacementwas calculated as the sum of all step distances from thenginute data in each hour of
each day. We avoided using 1Hz (Hes) data for this measure, as these data were not evenly
distributed across all individuals or times of day. The proportion of overhtime spent moving was
calculated for each hour of the day, as the number of seconds the animal was in a moving state (states
3 and 4, as assigned by the HMM) divided by the total number of seconds to which any state was
assigned. We used only hours witt95% or greater (i.e. 57 minutes or more) of higkresolution
coverage. We poshoc discarded data from 18h00 to 19h00 because birds would roost at variable

times during this hour, with roosting introducing large periods of nonmovement.

Characterising basline diel patterns of movement

We first characterized the baseline level of movement (hourly displacement and proportion of time
spent moving) using data from subadults during the seven days prior to dispersing. To evaluate for
significant within -day variation in each movement variable, we performed a 1000 permutations of
the hourly labels for each hourly observation (within individuals and within days) and evaluated
whether the observed hourly mean at each hour of the day fell within the 9percent distribution of
permuted hourly mean values. If the hourly mean was greater than the 97.5% quantile or less than
the 2.5% quantile of the permutation distribution, birds were considered to be moving significantly

more or less, respectively, at those specific ties of day.
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Testing for an increase in movement during dispersal

We next investigated the extent to which dispersing birds changed their behaviours when transient.
We calculated hourly displacement and proportion of time spent moving for each individual. &then
calculated the difference in the movement behaviour of transient birds (during big days) relative to
their pre-dispersal movements and to those of resident birds in the same time period (mean
movement for transient birdszmean movement for nondispersing birds). To determine in which
hour(s) birds made significant increases or decreases in movement, relative to nalispersal
movements, we randomly permuted two categorical labels (e.g. transient vs. pdispersal, or
transient vs. resident) of each hotly observation (within days). With the exception of comparisons
to non-dispersing residents, categorical labels were permuted within individual dispersers. We
conducted 1000 permutations for each movement variable, each time taking the difference between
the mean values at each hour between each of the two categories . In order to assess whether or not
the movements of transient birds differed from nondispersal movements, we compared the
differences in the observed data to the distribution of differences permuted data, and considered
the changes in movement to be significant when the observed difference fell outside the-p&rcent

distribution of the permuted differences as described above.

Characterising the pattern of change in movements

To examinehow increased movements by dispersers mapped onto baseline movements (Fig. 1), we
correlated between the change in movement with the baseline movement. To do so, we extracted the

mean values of each movement variable for each individual at each hour andcedated the difference
AAOGOxAAT AAAE ET AEOEAOQGAI 08 1 AOGAT T &£ 11T 0AT AT O xEAI
dispersing or the corresponding residents). We then calculated the mean of the per hour differences

and correlated these with the baseline alues. To test for the significance of any resulting
correlations, we also recorded the strength of the same correlations from each of the 1000
permutations above (where categorical labels were swapped). Observed correlations were
considered significant ifthey fell outside of the 95percent distribution of the permuted correlation

values.
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Results

We collected a total of 1,281 birddays of GPS data (where one birday is a day of data from a given

individual) from 25 dispersal events of 21 individuals andfrom 14 residents on matched days. Of

these days, 172 were recorded from pralispersal movements, 410 from transience, and 699 were

from matched resident birds. Of the transience data, we recorded a total of 94 unique instances in

which dispersers engagedlE1 OAEC AAUOGG6 1T &£ 11 O6AT AT 68 )1 O1 6AT h

hourly measures of movement.

Baseline diel patterns of movement

Guineafowl expressed significant withinday variation in their movement when not dispersing (Fig.
2). Prior to dispersing, subadults (and other members of their groups) moved most in the mornings
and evening, expressing significantly greater travel distances during the first three hours of the day
(06:00-09:00) and again in the last full hour of the day (17:00.8:00, Fig. ). They also expressed a
significant increases in the proportion of time they dedicated to movement (i.e. bouts of movements
assigned to states 34 by an unsupervised fourstate HMM) in the early morning (06:0009:00, Fig.
2B). Birds also demonstrated redced levels of movement in the middle of the day , with significantly
reduced travel distances for most midday hours (09:003:00, 14:00-16:00), and with significant
reductions in the proportion of time spent moving from 11:0813:00 . These results also Hd true for
the movements of resident birds on the same days (Fig. S2), with significantly greater levels of

movement in the mornings and evenings, and reduced movements in the middle of the day.
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Figure 2: Within -day variation in baseline movements by subadults prior to dispersing. Purple
circles represent the mean of observed hourly values (e.g. 06:00 to 07:00) of (A) distance travelled
and (B) proportion of time spent moving by subadults for each hour of the day during the pre
dispersal period. Vertial lines show 95% range of random permutations in which hourly labels were
reassigned 1000 times, and stars mark hours in which the observed movements fell either above or

below the 95% range of permuted values.

Activelydispersing birds move more in eywehour of the day

During big days of dispersal, individuals expressed an overall increase in movement behaviours.
Relative to their own baseline movements (prior to dispersing), dispersers expressed a significant
increase in their travel distances at everyhour of the day, with the exception of a ondour window
from 12:00-13:00 where the increase was not significant (Fig. 3A). There was also a significant
increase in the proportion of time that individuals dedicated to movement early in the morning
(07:00-08:00) and from the afternoon to the evening (14:0018:00, Fig. 3B). Relative to the
movements of nondispersing residents during the same dates, activelglispersing birds expressed

significantly greater travel distances at every hour of the day, with the@xception of a onehour
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window from 10:00-11:00 where the increase was not significant (Fig. S3A), and spent a significantly
greater proportion of time on the move in the first and last hour of the day and for two hours shortly
after midday (06:00-07:00, 13:00-15:00, and 17:0018:00, Fig. S3B). These increases in movement
resulted in an overall increase in the total daily distance travelled by activelgispersing birds?

6.45km per-big-day, on average, compared to 3.67km praispersal, and 3.64km by residents
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Figure 3: Increases in hourly movements by actively -dispersing birds relative to their

movements prior to dispersing. During big days, dispersers exhibited increases the (A) distances

travelled and (B) proportion of time spent moving. Large colored ctles show mean values of each

movement variable at each hour of the day (during big days and pudispersal). Triangles show the

observed difference between the two means at each hour. Vertical lines show 95% range of calculated
differences from randompei OOAQET 1 O ET xEEAE AAOQACIT GAEAYH A AOMA A
were randomized within each hour 1000 times. Stars mark observed mean differences which fell

outside the 95% range of permuted values.
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Hourly change in movement is positively cetated with baseline hourly movement

We found positive correlations between predispersal movements and the increase in movements
during dispersal (Fig. 4). Increases in hourly travel distances during big days were significantly and
positively correlated ti  E T A E O EdisPehshl (dels Bf mBvement (=0.607, p=0.016, Fig. 4A).
There was also a significant positive correlationr&0.605,p=0.018, Fig. S4A) between the increase in
hourly travel distances by dispersers when conducting daynatched comparisors to the movements
of non-dispersing residents.  Activelydispersing birds also exhibited a significant positive
correlation between the increased proportion of time they spent moving on big days when compared
to their pre-dispersal movements (r=0.377, p=M008, Fig. 4B). There was no significant correlation
with regards to the differences in time spent moving when comparing big day dispersal movements
to the movements of residents (r=0.059, p=0.058, Fig. S4B).
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Figure 4: Increases in hourly movement duri ng dispersal correlate positively with periods of
greater baseline (pre -dispersal) movements. Black dots show change in (A) hourly travel
distances and (B) the proportion of time spent moving for each hour of movement on big days of
active dispersal movemats, relative to baseline (i.e. predispersal) levels. The dotted red lines
illustrate the linear relationship between these points. For both measures, actively dispersing
individuals expressed a significant positive correlation between the hours where tlyeexpressed the

greatest increases and the hours at which thehad previously moved most.
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Discussion

Our results show that vulturine guineafowl demonstrate a distinct hourly increase in movement
during the mornings and evenings and express an even great@ecrease in movement during these
times when dispersing. These results are consistent with a pattern of positively correlated increases
in movement (Fig. 1C), suggesting that individuals face, and respond to, the same set of general
constraints on their movements during dispersal as they do during other stages of life. Our findings
are likely to be general, as demonstrated by the neddentical result that subadult male brown bears
(which are likely to be dispersing) show a greater increase in movement ding times when non

dispersing adult males move most (r=0.693, p=0.044; see supplementary materials, Fig. S5).

Much attention has been given to the various ecological conditions which lead dispersers to depart
from their natal environment (Pasinelli & Walters, 2002; Studds et al., 2008; Walls et al., 200But
there have been relatively few studies of the behaviour of transient animals, and fewer still that
examine how dispersers might overcome some of the constraints that they face. There have been
several studies which highlight how dispersers may be constrained in terms of where they can move
(Armansin et al., 2020; Caplat et al., 2016; Cozzi et al.,, 2018ut the mechanics of dispersal
movements remain relatively understudied (Benoit et al., 2020; Klarevadrby et al., 2021) Our
results highlight the value in studying the active phase of dispersal, not just to gain an understanding
I £ OEEO O1 ENOA OOACA ET AT EI Al 104 fackofs thét Cdmsiser@yO A1 Of
OEAPA OPAAEAOGSE 11 OAI AT O AAEAOET 0008

Recently, there has been increased attention paid to the relative contributions of social and non
social drivers of individual movement behaviours(Webber et al., 202). Previous work in vulturine
guineafowl had demonstrated that group size (a social factor) affects how far individuals range and
how fast they move(Danai Papageorgiou & Farine, 2020Q)and that groups range over larger areas
when ecological conditions are drier(Danai Papageayiou et al., 2021) At a much finer scale, our
results suggest that there is likely to be a general set of ecological constraints that shape when and
how much individuals can move over the course of each hour in a day. Although we do not directly
guantify specific ecological factors, the presence and importance of such constraints is captured in
the consistency of diel patterns of movement across both time and social contexts. In turn, this also
suggests that withinday variation in movements by social goups are unlikely to arise from social

drivers alone.

Our results also provide some insights into the drivers of the timing of departure. Vulturine

guineafowl? as with many species(Gaines & McClenaghan, 1980; Glenn & Miller, 1980; Keppie,
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2004; Kojola et al., 2006; Nixon, 1994) tie the timing of their departures to changes in seasonal
conditions (here, increased rainfall and the onset of wet seasons, Fig. S4). One prediction is that
individuals could match the timing of their departures to perials when ecological conditions are
most suitable for movement(Shaw, 2020; Studds et al., 2008)»uch as if changes in temperature
facilitate increased movement activity (Parn & Seether, 2013; Walls et al., 2005)n vulturine
guineafowl, at least, our results suggest that the timing of dispersal does not appear to correspond to
a relaxation in the constrants on movements that dispersers have to contend with, as both residents
and dispersers express similarlyconstrained diel patterns of movement during the time when
subadults are actively dispersing. Departures by subadult vulturine guineafowl could instdabe tied

to social drivers, although our field observations suggest that such drivers may not be as clear as in

other species (e.g. social evictions in meerkaturicata suricattg Cozzi et al.2018).

While the primary focus of our analyses here was on big days of active movements, these were often
interspersed with days of local movements (Fig. S4). This raises the question of whether the energetic
costs of dispersal or ecological constraintsight be preventing birds from moving on certain days.

In terms of the latter, we found no clear consistency among individuals in terms of which days they
made large movements, despite extensive overlap in time. In terms of the former, while most
individuals engaged in only one or two consecutive big days at time, we also observed some
individuals moving for many days at a time up to 11 consecutive days in one casesuggesting that

it is unlikely that energetic costs are the predominant driver of individualsE AOET ¢ A OI1 1T AAI
Instead, it may be that the risk of predation, which is positively correlated with the duration of time
spent transient in other specieqAlberts & Altmann, 1995), and which is likely greater on big days
(when birds are typically moving alone), drives dispersers to try to enter groups athe earliest
opportunity. However, the process of becoming integrated into a new group is challengingefisu
Armansin et al. 2020) and often fails (as noted by a number of birds in our study eventually
reintegrating into their natal group to try again in a later season), potentially driving birds to egage

in further cycles of large displacements.

Despite the sizeable increases in travel distances achieved by dispersing birds on big days, these
increases in distance were not always accompanied by a corresponding increase in the proportion of
time that dispersers spent moving at least not during the middle of the day. Subadult brown bears
also show a disproportionate increase in the distance covered relative to the probability of moving
during mating seasong " T CAAT T OE ¢. TRdisdbmn&chbetyerrt theGimount of time that
individuals spend moving and the large displacements they achieve is likely a product of other

changes in behaviour durirg transience» i.e. increased speed and straightness of moveme(Benoit
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et al., 2020; Elliot et al., 2014; Killeen et al., 2014; Woollard & Harris, 1990)hich result in greater

energetic efficiency over large distance¢Klarevas-Irby et al., 2021) However, this raises a further

guestion: if individuals have more energy available for movement, then why not spend more time

i T OETce )T DPAOOh OEEO EO 1T EEAT U AAAAOGOA OEA AiT1 060
by limiting the time that they can dedicate to these behavioursnore than the specific mechanics of

their movements at these times. There may also be a social component which informs their reduced

activity at mid-day; for example, if these hours are more productive in terms of prospecting for new

groups. However, the atter is perhaps an unlikely explanation, as dispersers should be less likely to

encounter groups that are less motile at migday than they are to encounter mobile groups.

Overall, our study adds a new dimension to the study of dispersal by predicting difent strategies

that individuals might use to achieve the large displacements needed to escape their natal
environment. Although we did not set out to identify any specific ecological constraints limiting the
movements of dispersers, we have nonethelesdentified that these are likely to shape dispersal in

the same way that they shape movements during other life history stages. In response to these
constraints, vulturine guineafowl achieve larger daily displacements by moving further and for a
larger proportion of time during the hours of the day when they naturally express greater movements
(i.e. outside of dispersal). This strategy, combined with more efficient movement strategies
(Klarevas-irby et al., 2021), allows individuals to achieve much greater daily displacements (on
average, a 75.6% increase relative to prdispersal movements) while spending relatively litle more

time moving (average increase of 34.7%) on big days. These types of long displacements and seasonal
timing are core components of successful dispersal in many species, even if the specific ecological
drivers leading individuals to depart one areaor settle into another are different. Given vulturine
COET AAEI x1 60 OAOOAOOOEAIT EAAEOOh AT A OEA ATITIT1
terrestrial animals, our findings may capture a general phenomenon. Whether other terrestrial
animals exhibitthe same positive correlation (i.e. Fig. 1Cii) as expressed by vulturine guineafowl and
brown bears, or whether some species show reversed patterns (e.g. Fig. 1Bii), warrants further
empirical investigation. Regardless of the patterns, future studies tasg our predictions will help to

build a broader picture of whether the timing of dispersal is linked to relaxations in movement

constraints or not.
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Supplementary Material

Supplementary Table S1: Summary of each dispersing GP&gged subadult female. Sta of
dispersal corresponds to date of departure from natal group and end of dispersal marks dates when
settlement occurred. In some cases, dispersers failed to find a new group and returned to the natal

group. Superscript numbers for groups denote the sasan in which the birds dispersed, which we

tracked dispersers from these groups in multiple seasons.

Summary of Dispersal for Each GR8ged Subadult Female

ID Mass (kg) Start of End of Natal Group Dispersal Outcome
Transience  Transience
WT00392 1.30 2019/04/27  2019/04/28 Mpala Settled
WT00400 1.40 2019/04/27 2019/05/01 Mpala Returned to natal group
WT00009 1.34 2019/04/27  2019/05/11 Mpalat Returned to natal group
WT00394 1.40 2019/04/27  2019/05/27 Mpala Settled
WTO00400 1.50 2019/09/14 T Mpale? Tag fell off 201909/23
WT00391 1.48 2019/09/26 T Mpala? Last seen 20190/15
WTO00009 1.34 2019/09/22 201910/26 Mpal Predated 201910/26
WT00394 1.40 2019/10/20 2019/11/19 Unmarked Settled
Group
WT00395 1.34 2019/10/03  2019/10/25 Mpal& Settled
WTO00474 1.18 2019/10/21  2019/11/20 RR Upper Settled
WTO00567 1.24 2019/10/14 T RR Main Last seen 20191126
WTO00617 1.38 2019/10/14 T Dump sité Last seen 20191027
WT00041 1.32 2019/10/06  2019/11/03 RR Main Settled
WT00025 1.28 2019/10/19 2019/10/30 Dunmp site* Returned to natal group
WT00027 1.36 2019/10/11  2019/10/25 Dump sité Settled
WTO00568 1.38 2019/10/19 2019/10/29 RR Main Settled
WTO00575 1.18 2019/10/19 T RR Main Last seen 20191019
WTO00570 1.28 2019/10/14 2019/10/22 RR Main Settled
WTO00577 134 2019/10/18 2019/10/25 RR Main Settled
WTO00038 1.22 2019/10/13  2019/10/24 Dump sité Settled
WT00046 1.26 2019/10/06 T RR Main Last seen 20191019
WTO00031 1.22 2019/10/18 2019/10/29 Dump sité Settled
WTO00523 1.26 2019/10/18 T Dump sité Last seen 281019
WTO00577 1.34 2020/10/21  2020/11/10 Unmarked Settled
Group
WT00542 1.24 2021/03/21  2021/03/27 Dump sité Settled; Predated 20210413
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Daily movement classifications of transient dispersers and daily rainfall totals.

birds typically alternated between periods of dedicated, longlistance movement

AAEAOET OO0 j OAEC AAUOG6h ET COAAT q AT A DPAOGET AO
of dispersal behaviors is tied to increased rainfall (right axis, black lines) andh¢ start of the wet

season (dotted vertical line marks jump in dates between seasons, from 2008-01 to 2019-09-10),

there is no consistent trend between daily rainfall and whether or not birds engaged in big days of

movement

days were

beyond the first day of trangence, nor any clear consistency across individuals as to which

dedicated to large movements.
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Figure S2: Within -day variation in movements by non -dispersing residents during the same
period that subadults from their group were in the active  phase of dispersal. Circles show mean
of observed hourly values of (A) distance travelled and (B) proportion of time spent moving for each
hour of the day (e.g. 06:00 to 07:00), vertical lines show 95% range of random permutations in which
hourly labels were reassigned 1000 times, and stars mark hours in which the observed movements

fell either above or below the 95% range of permuted values.
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Figure S3: Increases in hourly movements by actively -dispersing birds relative to the

movements of non -dispersin g residents. During big days, dispersers exhibited greater levels of

movement in terms of (A) their distances travelled and (B) the proportion of time spent moving.

Circles show mean values of each movement variable at each hour of the day (during big diays

green, residents in red). Smaller circles show the observed difference between the two means at each

hour. Vertical lines show 95% range of calculated differences from random permutations in which
AAOACT OEAAT 1 AAAI O j A8 GenssiGnadn@hiniedc bour LODO tiEésAStaESA AT O 6 G

mark observed mean differences which fell outside the 95% range of permuted values.
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dispersd movements, relative to movements of nosdispersing residents on the same days. The

dotted red lines illustrate the linear relationship between these points.
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Testing for patterns in the differences in diel movements of adult and subadult brown bddnsué

arctos)

We tested for the correlation between the hourly distances moved by adult and subadult male brown

bears during mating seasons, using datafroin" I CAAT T OE ¢. This@atakdt iacfuded hoarlp q

net displacement data from 7 males bears, of which 2 were traell as subadults, 4 as adults, and 1

bear was tracked during both life history stages. In total, these data comprised 8919 measurements

of travel distances across 206 unique days of tracking. We summarized the hourly mean distance

moved within eachclassoAAAO j OAADI 66 1 O OOOAAADI 66gh AT A AAl A
hourly means. We then measured the correlation between this difference and the baseline (adult)
movements, resulting in a strong positive correlation (r=0.693). Finally, we calcated statistical

significance by repeating this process 1000 times, each time randomizing the class of each bear on

each day in the dataset, and then calculated a twailed p-value from the resulting distribution of

correlations from the randomized data $=0.044).
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Figure S5: Increased hourly movement by subadult male brown bears correlate positively

with periods of greater baseline (adult male) movements.  Black dots show change in hourly
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travel distances for each hour of movement, relative to baseline @alt) levels. The dotted red line
illustrates the linear relationship between these points. Subadult male bears expressed a significant

positive correlation between the hours where they expressed the greatest increases and the hours
when adult males movednost.
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Chapter 3: Limitations to the energetic efficiency of movement in group  -living animals

James A. Klarevafrby, Mina Ogino,Brendah Nyaguthii,Damien R. Farine

Abstract

While collective behaviour can benefit individuals living in groups, itan also impose substantial

costs. For example, the need to achieve consensus about where and when to move can substantially

Ol 1T x Al xT 117 O0AT AT O68 )1 ATET ¢ O h AiT1AAOEOA 11 OAI
ability to move in an energeticallyefficient manner. Thus, while individuals can exhibit a suite of

movement behaviours that minimize the energetic costs of transport when making large

AEODI AAAI AT 66h EO OAI AET O OTETT xT xEAOEAO coOi 6D 1|
study, we test whether groupliving vulturine guineafowl are able to achieve similar levels of

energetic efficiency when making large displacements as those achieved by solitary dispersers. We

find that, despite expressing a signifiant 15.5% increase in theirenergetic efficiency during these

extreme movements, individuals in groups were still 34.9% lessfficient than lone dispersers. In

doing so, we reveal a previously hidden cost of group living.

Keywords: animal behaviaur; biologging; collective movement;dispersal; energetic efficiency;GPS

tracking; metabolic costs; movement ecology; vulturine guineafowl

Introduction

-TOAT AT O EO A TAET O ATiIPITAT O T &£ AT EI Al 08 1 EOAO8 )
or mates (Greenwood, 1980; Janson & Di Bitetti, 1997)and escape from predatorgFischhoff et al.,

2007; Morton et al., 1994) However, the benefits of movement are also counterbalanced by energetic

costs (Shepard et al.,, 2013; Taylor et al., 1982)iIn many species, the costs incurred through

movement have led to the evolution of strategies which maximise the efficiency of displacement. For,

example, migratingj 4 AACOA /1 6- AOA AO Al 8h ¢ angdisfershd{GodzieOEE AO
al., 2020; Delgado et al., 2009; Elliot et al., 2014; Robertson et al., 2000; Woollard & Harris, 1990)

animals typically follow a pattern of faster, straighter movements which conserve energy over ige

distancegKlarevas-rby et al., 2021) However, while energetically efficient movement strategies
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have been demastrated in animals moving alone, it remains unclear whether individuals which live

in, and move as part of, social groups can achieve similar movement efficiency. One recent study on

olive baboons Papio anubi3 showed that individuals vary in terms of treir movement capabilities,

with smaller individuals disproportionately bearing the costs of maintain group cohesior{Harel et

al., 2021) Thus, when living in a group, individuals may have to compromise in terms of their own

optimal strategy in order to maintain social cohesion. This raises the question of whether a reduction

ET OEA A£Z£ZEAEAT AU T &£ ET AEOEAOAI 06 i1 OAI AT OO OAPOA

Allometric models of the energetic costs of movemen{Taylor et al., 1970, 1982jeveal that
increasing movement speeds require increased energetic investments, but result in an overall
OAAOAOETT ET OEA O OAI AT AOcUu OOAA O 11T OA A CEORZ
that, in the above example frombaboons(Harel et al., 2021) forcing smaller individuals to speed up
increases their instantaneous energy output, but would ultimately result in morefficient
displacements, whereas slowing down to the speed of the slowest individuaigould result in all
other group members incurring a higher cost of transport. However, living in a group requires many
forms of compromise, such as deciding on where to go next, and the processes by which groups
overcome conflict to reach consensus (e.ghared decision makingStrandburg-Peskkin et al., 2019

can induce their own movement costs. For example, initiating movement in a desired direction and
failing requires a net output of energy with no displacement achieved. In the meantime, other group
members that are waiting for the rest othe group to reach consensus may have to slow down or stop
entirely. Thus, we expect that moving as a group should result in less efficient movements than those

expressed by solitary individuals, potentially resulting in a greater cost of transport.

The net costs of displacement are not only determined by the speed of movement, but also by the
straightness of the path taken between two points. More tortuous paths, regardless of speed, involve

covering more ground and spending more total time moving thantsaighter paths, inducing a net

AT AOcu A1 068 ' AAT OAET ¢ OBergntalhG. G964 Sitons, 2004dpapldg EUDT O
directional uncertainty across a larger number of individuals (in larger group) yields greater

directional accuracy. Studies in pigeonsdolumba livig (Benvenuti & Baldaccini, 1985; Nagy et al.,

2010; Tamm, 1980)and humans(Faria et al., 2009have confirmed that groups are more accurate at

navigating towards targets, resulting in moredirected overall movementpaths. Thus, individuals
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may benefit from living in groups? and potentially offset slower movements if the collective

navigational capacity of groups allows them to follow straighter movement paths.

In this study, we use highresolution GPS tracking of ulturine guineafowl (Acryllium vulturinum) to
compare the movement characteristicand energetic efficiencyof solitary dispersers to individuals
in groups when making large displacements (Figure A). In doing so, we address the question of
whether individ uals in collectives pay additional costs of transport from moving as a group due to

reduced energetic efficiency, and reveal an ofteaverlooked cost of groupliving.

Figure 1. Movement tracks of GPS-tracked vulturine guineafowl (insert, right), illustr ating (A)

the three categories of movement which we compare here: the normal daily movements of birds
moving as part of a cohesive social group (orange, top), the more extreme movements made by those
same groups on days when they cover large distances innguit of resources (purple, middle), and
the large movements made by lone individuals during natal dispersal (green, bottom). Morning and
evening roosting points marked by black and white points, respectivelyB) lllustration of how tracks

were segmentedinto 50m units of (i) net or (ii) cumulative displacements.
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Methods
Study system

Research was conducted at Mpala Research Centre in Laikipia, Kenya (0.292120, 36.898670), in a
mix of semiarid savannah and scrubland habitats. In an area of approximate80 kmz, there is a
population of vulturine guineafowl (Acryllium wvulturinum), consisting of approximately 700
individuals across approximately 20 stable groups, which have been studied continuously since
2016. Since the start of this study, over 1300 indiduals have been identified and marked with
individually -numbered stainlesssteel rings, and a unique visual identifier either a four-color
combination of plastic leg bands, or a numbered canvas tag on the wing (for individuals captured as
juveniles). Further, a subset of individuals were fit with a 159 Bird Solar GPS taggbs GmbH), using

a backpack style Teflon harness and a foam rubber pad to elevate solar panels above body feathers
(following Papageorgiou et al., 2010 While the exact number of tagged individuals varied during the
study period, there were typically between2 and 5 tags deployed to residents in each group, with an
additional 25 tags deployed on subadult females (to track dispersal), resulting in approximately 100
concurrently-deployed tags at any given time. In total, the approximate weight of all markingné
"03 AAAEDPAAEO xAO ¢m8uch 1 AOGO OEAT ¢pbp 1T &£ AEOAOGSE A
large (8m x 4m x 2m) walkin traps to catch all members of a group at once. This study utilized GPS
tracking data from 113 individuals, comprising 19 dispesing subadult females approximately 18
months old at the time of dispersai and 94 groupliving residents (52adult males, 42adult females)
distributed across all social groups in our study population. GPS data were recorded over 5 years

from Nov. 2016 to ®p. 2021, including two seasons of dispersal in April and October 2019.

GPS tracking

GPS devices were programmed to record data during daylight hours, from 06:00 to 19:00, when birds

were active outside of their nighttime roosts. GPS data (date, time, cfocation) were recorded at

Oxi1 OAOT I OOETT Oh AAPATAETC 11 OAC AAOOAOU 1 AOAI
(approximately every second to third day), tags collected continuous 1Hz data (i.e. one fix per

second). When battery levels fell below ta high-resolution charge threshold, we set tags to record a

10 second burst of 10 fixes every five minutes. If battery charge was at the lowest threshold, tags

were set to record one point every 15 minutes (this threshold was not crossed during this study)

Data were remotely downloaded every two days (sometimes daily in the case of activelispersing
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birds) using a BaseStation Il (eobs Digital Telemetry, Grinwald, Germany). Data were separated into
two resolutions for analytical purposes: highresolution data, comprising all continuous periods of
1Hz data; and fiveminute data, comprising data from the tenth second of every fifth minute of the
day. The latter was collected from both the lowesolution dataset and by subsampling the 1Hz data,
thereby reliably providing one fix every 5 minutes for every bird on every day of tracking.
Accelerometer functions of GPS tags was disabled for this study, as the increased amount of data
would have hindered our ability to reliably download data at regular intervalsgiven the number of
tags concurrently deployed. GPS Data were uploaded to Movebank (https://wwwnovebank.org/)

and retrieved and prepared for analysis in R using the move packafi¢ranstauber & Smolla, 2015)

Analysis

All analyses were performed in Rrersion 4.0(R Core Team, 2022)

IAAT OEAUET ¢ OAEC AAUOG

In order to draw comparisons between movements of grouped individuals and lone dispersers, we

isolated all days within our dataset of GPS movements in which individuals exhibited large daily
displacements. On most days, groups of gudafowl return to the same roost, or to a nearby roost,

resulting in small daily displacements. However, on the onset or end of extreme weather conditions

(e.g. droughts), groups will move out of (or back into) their regular home range. During such days,

groups make similar displacements to activehdispersing individuals, and through similar habitats

AO OEAU 1T AOECAOA OEAEO xAU 1 OOOEAA 1T &£ OEA Al OA bi
OEA 1 AT GCOE AT A OOOAECGCEOIT Aérent pave iffeihArEhe todstitd=roostA OAT 6 O
distance (i.e. daily net displacement) was greater than 1500m, or if the roost distance was greater

than 1200m and the ratio of the distance between roosts and their total daily track length was greater

than 0.3. Thdatter captures days of large movements where groups or individuals made a large turn,

thereby reducing the roostto-roost distance but maintaining a large overall movement distance.

&1 O CcOil OPAA ET AEOEAOAIT Oh xA Al Ofls of nbvArmeft fokest foA | AOAE
changes in the cost of transport (and subsequent efficiency benefits) on days of extreme movements.

For each individual, we selected N days at random from the remaining data set (i.e. Aag days),
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where N was the number of day®f big days recorded from that individual. For lone dispersers, we
only used days of extreme movement to facilitate comparison with grouped birds, as overall changes

in movement during dispersal were characterized irKlarevasIrby, Wikelski, & Farine, 2021

Defining movement states

We employed an unsupervisd Hidden Markov Model (HMM) to identify the different states of
movement exhibited by vulturine guineafowl. Movement states were characterized by first summing
the distance moved and absolute turning angles for every 10 seconds in the higdsolution data, a
1Hz resolution would otherwise violate the Markov assumption,. We separated movement into 4
states across the entire highlresolution dataset, using the R package depmixS@/isser &
Speekenbrink, 2010) The choice to use a-4tate model was based on field observations that
individuals spend time not moving (state 1), making slowtortuous foraging movements (state 2),
walking at a medium speed (state 3), and moving quickly in a directed manner (state 4). A critical
reason for the implementation of 400AOA 11T AAT xAO OEA T AAA O EOI1T AC
the purposes d calculating metabolic expenditure birds were considered to be moving when
assigned to states 24. Once states were assigned for each -Be@cond cluster of data, we then
attributed each given state to all 1Hz data points which contributed to each clustefsee

Supplementary Table S1 for state distributions and transition probabilities)

Characterizing movement behaviors

7R AOOAAOAA OEOAA OAPOAOAT OAOCEOA 1 AAOOOAOG O AEA
length (km), speed while moving (m $), and the straightness of movement (a straightness index,

Batschelet 198]). To control for variation in high-resolution data collected across different days,

daily track lengths were measured from the sum of displacements in the fivminute data. Movement

speeds were calculated as the speeaghile-moving (i.e. from all data assigned to states-2) based on

the per-second displacement, summarized for each-Binute window of available highresolution

data.To reduce the effectof smallG3 A OOT OO0 11 AAI AOI AGAA OAI T AEOCEAO
at each second from the mean velocity over a rolling-8econd window within the high-resolution

AAOA jE8sA8 &£ O AAAE OAATTA 1T &£ p(U AAOAhdswhichAOAOAC/

preceded and followed it).Straightness of movement was characterized using the straightness index
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(Gill & Batschelet, 1983) dividing the net displacement achieved over each available-rBinute

window of 1Hz data by the summed cumulative displacement therein.

Totesthowgroupl EOET ¢ ET AEOEAOA]I 06 AAEAOET OO OAOEAA AOOE]
mixed models (LMM), using the package ImerTegKuznetsova et al., 2017) to each movement
measure When analyzing daily track length, we considered one measure per individual per day.
Because the distribution of daily track lengths is leftruncated, forming a longtailed distribution, we
log-transformed values to aid with model fitting. For analyses of movement speed and straightness,
we included one observation from each available-Bninute period of continuous highresolution data
(mean=69.4, range=4 to 156 observations per individual per dayln eachmodel, we included context
(i.e. groupmember during a big day, group member on a normal day, or lone disperser) as a predigtor
and individual identity as a random intercept. All models were fit using restricted maximum
likelihoods (REML) Specific equaions for all LMMs can be found in the corresponding table in the
supporting information (Supplementary Tables S254)

Calculating the energetic cost of movement

To quantify the energetic costs of movement, we used published daf&llerby et al., 2003)on the
relationship between metabolic costs (mL @kg! s1) and movement speed (m $) in the closely
related, and morphologicallysimilar, helmeted guineafowl (Numida meleagri3. We used two
separate formulas to calculate the costs incurred for each second of highsolution data, depending
on whether birds were either stationary (state 1) or moving (states 24). When moving, guineafowl
exhibit a linear relationship between speed (i.e. velocityD> 0) and oxygen consumption, given by
6/ ¢ 810 ¢ & , where VG is the perminute volume of oxygen consumed in mL Oper
kilogram of body mass (mL @kg!min-1). The formula for when birds were stationary is a fixed
consumption of 19.1 mL @ kg! min-1, correspading to the oxygen consumption rate when not
moving (i.e. the resting metabolic rate), as described in the literaturéllerby et al., 2003) We then
transformed the per-second measures of metabolic oxygectonsumption into units of Joules kg st
using a conversion factor of 20.1 J miLO; (per Ellerby et al. 2003; Marsh et al. 2006

Calculating the energetic cost of transport
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To relate energetic expenditure to achieved displacements (i.e. the cost of transport), we partitioned
movement tracks in our highresolution data into fixed segments representing 50 meters of net or
cumulative displacemert (Fig. 1B). Net displacement is the absolute movement in space (i.e. a
straight-line distance) between two points in time, while cumulative displacement is the sum travel
distance of all individual steps. We defined net displacement segments starting frothe first
available second of higkresolution data (i.e. after the GPS switched on or switched from lew
resolution to high-resolution) until the 50 m net displacement threshold was crossed. We then used
the first GPS point to fall on or outside of the 56h radius as the first point for the following segment.
We also calculated the corresponding cumulative displacements from the same higgsolution data
by summing each consecutive step length in a track until it reached a sum of 50 m, at which point we
started a new segment. We then summed the pexecondcosts for each detection which contributed
to a segment to calculate the total energetic expenditure for that segment, and translated it into the
energetic cost of transport (in J kg m-1) for each type ofdisplacement by dividing by the distance
travelled (either net or cumulative). Because segments varied slightly from perfect, 50 m
denominations, cost of transport values were calculated relative to the true distances travelled.
Further, because the distibution of CoT values is lefttruncated, forming a longtailed distribution,

we log-transformed values to aid with model fitting.

For each displacement type, we fit separate LMMs with the lggansformed cost of transport
associated with each segment asie response variable, context as a predictor, and individual identity
as a random intercept. Model formulations can be found in corresponding supplementary tables

(Supplementary Tables S556).

Calculating cumulative daily energy use

We calculated the tothenergetic expenditure over each 1dour day for each bird by summing all of
the per-secondcosts from each unique day of tracking for each individual into a single measure of
daily energetic expenditure (i.e. J k§ dayl). Not all days contained an equaamount of high
resolution data (average of 5.75 hours of highesolution data on days when highresolution data
were recorded), and thus we standardized the cost value for each day by multiplying the mean per

second-cost within the day by 46800 secondsDays containing less than 2 hours of highesolution
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data were excluded from this analysis, to avoid potentially overepresenting days with too little

high-resolution data.

To estimate the change in energy use across contexts (i.e., we fit an LMM of ydahergetic
expenditure as the response variable, with context as the predictor variable and individual identity

as a random interceptModel formulation can be found in Supplementary Table S7

Research Permits

All work was conducted under research permitdrom the Max Planck Society Ethikrat Committee
(2016_13/1), the National Commission for Science, Technology and Innovation of Kenya
(NACOSTI/P/16/3706/6465), the National Environment Management  Authority
(NEMA/AGR/68/2017), under a Research Authorisatiorand a Capture Permit issued by the Kenyan

Wildlife Service, and in affiliation with the National Museums of Kenya.

Results
Individuals in groups increase their energetic efficiency when making large displacements

During periods of drought, groups of vultirine guineafowl often travel outside of their normal home
ranges in pursuit of access to new resourcefDanai Papageorgiou et al., 2021)making daily
displacements that are comparable in distance to those made by solitary dispersers. We extratcte
886 such days of large daily displacements (hereaftebjg day9 from population-scale GPS tracking
(average 20 groups) starting in September 2016 until September 2021. Big days were defined based
on a minimum roostto-roost distance. For each big day, evalso selected a random day from the
remaining dataset of the same individual. Within each day, we first extracted bursts of high
resolution (1Hz) GPS data (which depended on battery levels of the solanarged GPS tag see
Appendix), from which we calcul®® AA ET AEOEAOAIT 06 ™Mjanhddihaightiess, aOweA A A
as identifying segments of 5@meter net displacements. For each segment, we estimated the net and
cumulative costs of transport from the sum of all secondby-second energetic costs, using the
relationship (Ellerby et al., 2003)between metabolic costs (mL O2 kg s') and movement speed in

the morphologically similar, and closelyrelated, helmeted guineafowl Numida meleagris.

90



A generalized linear mixed model comparing the co®f transport (within individual) as a function

of day type (normal or big day) reveals that, when in a group, individuals are more energetically
efficient on days when the group makes a large displacement (average 15.5% reduction in the net
CoT, p=0.038.4% reduction in cumulative CoT, p<0.001, Figure 2, Tables-S5). These increases in
energetic efficiency were achieved through a significant increase in average spestile-moving
(10.2%, p<0.001, Figure S1, Table S3), and a significant increase in #werage straightness of
movement (10.8%, p<0.001, Figure S1, Table S4).
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Figure 2. Differences in the cost of transport according to each of our three categories. Individuals

in groups exhibited significantly more-efficient movements on big days than dring their normal
daily ranging. However, this increased efficiency was still significantly less that the levels of efficiency
achieved by lone, dispersing individuals. Plots sholeg-transformed distributions of expressed costs

of transport from (A) 50 m net displacement and (B) the corresponding cumulative displacement to
achieve 50 m of net displacement. Vertical lines show mean CoT values per category, statistical

significance in differences between categories marked with stars (*** p<0.001).

Moving in a group is less efficient than moving alone

We applied the same criteria for identifying big days, and methods for calculating the energetic cost
of transport, speed, and straightness to a dataset of vulturine guineafowl dispersing alone (see

Klarevasirby et al. 2021). Comparing 96 big days of lone dispersal to the big day movements of
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individuals in groups suggests that while individuals moving in groups can express more
energetically-efficient movement characteristics relative to their normal daily moements, they were
significantly less-efficient in their movements than dispersers were while moving alone (average
34.9% greater net CoT, p<0.001, 25.1% greater cumulative CoT, p<0.06igure 2, Tables S56).

To translate these differences to realizednergetic costs, we calculated the cumulative displacements
of dispersers and individuals in groups, along with a measure of total daily energy expenditure. On
average, group memberexpresseda 23.9% increase in daily travel distanceen big days (p<0.001
Figure S1, Table S2yompared to their normal movements, with only a 2.8% increase in total daily
energy expenditure (p<0.001, Figure S2, Table S7)However, when compared to dispersing
individuals, who travelled on average 32.5% further than grougpmembers on big days(p<0.001,
Figure S1, Table S2)individuals in groups expended only 6.1% less total energy per d#y<0.001,
Figure S2, Table S7)demonstrating that lone dispersers exhibit substantially more efficient

movements.

Discussion

Our study shows that group living has a significant, constraining effect on the energetic efficiency of
movement when individuals move as a group. While many studies on collective movement have
focused on the differences in behavior expressed by groups of different s&z@arkham et al., 2015;

D Papageorgiou & Farine, 2020afew have compared individuals in groups vs solitarindividuals.

In part, this is due to the inherent challenges in trying to study growfiving animals in solitude. Here,
we are able to leverage a dataset of multiple life history stages to draw direct comparisons between
the behaviors of individuals in goups and lone dispersers. We demonstrate that, while individuals
in groups were able to achieve large increases in their energetic efficiency during large movements,
the scale of this increase was minimal when compared to the efficiency of dispersers tréirgg alone.

In doing so, we position our results to contribute to a moreobust understanding of how the costs

and benefits of group living are balanced.

What aspects of movement behavior can individuals optimize when alone and which are limited

when in a group? In a previous studyKlarevas-Irby et al., 2021), dispersing individuals were shown
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to increase the speednd straightness of their movements by 27.7% and 10.3%, respectively, when
compared to their normal non-dispersing movements. Similarly, in other system&Cozzi et al., 2020;
Delgado et al., 2009; Woollard & Harris, 1990¥%tudies reported larger increases in movement speed
than straightness? such as a 23.9% increase in speed compared to a 10.3% increase in straightness
in lions (Panthera leo)(Elliot et al., 2014). In vulturine guineafowl, individuals in groups exhibited a
nearly-identical increase in path straightness as lone dispersers, but a substantially lower increase
in speed (10.2%) relative to their normal movements (and dower relative increase in speed than in
straightness). These results suggst that speed is the greatest limiting factor for the efficiency of
individuals in groups, more so than the straightness of their path®revious work on baboons has
demonstrated how movement speed within a group is in conflict among group membefislarel et al.,
2021), with individuals either having to move faster when trailing behind, or else stoppingnd-
starting if they outpaced the group. While this increase in speed for slower individuals would likely
increase their overall efficiency, the burderof keeping up more often falls to smaller individuals,
whose mechanical (e.g. limb length) disadvantages mean that they experience diminishing returns in
energetic efficiency compared to their groupmates. At the other end of the spectrum, faster
individual s that have to repeatedly arrest their momentum are also likely paying a substantial
efficiency cost(Kramer & McLaughlin, 2001) especially given that they may well be othergie the
most efficient in their movements. In addition to conflicts over preferred movements speeds, groups
also face significant coordination challenges, where costs arise as group members are less likely to
move when, for example, there is conflict overtie direction of travel (Biro et al., 2006; Strandburg
Peshkin et al., P15). Thus, while collective movement can benefit individuals, it is likely to also

induce some costs to participants.

The similar results in terms of straightness increases of individuals and groups raises the question of

whether and how vulturine guineafowl can achieve greater navigational performance. Extensive

work on collective navigation, focusing on the performance of lone individuals vs groups, especially

using homing pigeons, has suggested that groups should gain navigational benefits that redutiee

overall distance travelled(Benvenuti & Baldaccini, 1985; Ded ! OEAAEA AO Al 8h c¢mnmyn
Tamm, 1980) These benefits arise from the manwrongs hypothesis, where the error in each

ET AEOEAOA]I 06 AEOAAOQEI T Al AOOEI AGAOG AAT AA1T 100 Oi
the group level (Bergman G., 1964; Simons, 2004Does the absence of a difference in our study

suggest that, when in a group, vulturine guineafowl do not benefit from collective navigation? There

are two points to consider, whid highlight some interesting dynamics in terms of movement. First,
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in our study we considered straightness over a relatively small period (5 minutes of movement), a

timeframe over which solitary dispersers appear to be able to match the straightness of inetuals

moving in groups. However, we observed many cases in which dispersers made large turns in the

middle of a day, which would dramatically reduce the straightness when considered over the course

i £ AT AT OEOA AAUOGS |1 OAI deliod). Thié raisedd secdndl foitOwhichiE OD1 A A
that solitary dispersers are unlikely to be moving in a goabriented way, meaning that their

movements must include some level of exploration. While straigHine paths are thought to be some

of the most effective for sampling for settleable habitat, this utility quickly breaks down under

energetic constraints (Zollner & Lima, 1999h AT A AT AO01 80 AAAT 61O A O O
individuals may be more likely to encainter movement barriers (Caplat et al., 2016) As such,

dispersers may face certain constraints to the straightness of their movements, with increasing
movement speeds allowing them to increase their sampling area, in addition to the energetic benefits

conferred. Grows, by contrast, are more likely to benefit from greater navigational efficiency

i $A11 8! OEA A Especidlpwhdnimdvements arajgGgiriented, over the course of an entire
displacement event. Thus, while collective movements can impose significant limitatis to the

efficiency of movement speeds, group members may be able to reclaim some benefits over their

solitary counterparts if the costs of transport are estimated in a goadpecific way (moving between

habitats for individuals in groups versus settling n a new group for dispersing individuals).

Another factor that could modulate movement behaviors during large displacements is the differing
habitat selection pressures acting on dispersers and residents. This again is a multidimensional topic.
For exampk, several studies have shown that animals tend to use different habitats for large
movements than they typically reside or forage in(Abrahms et al., 2017; Keeley et al., 2017)
However, if animals are searching for foraging resources (as was likely the case for theg&agroup
movements in our study), then they may need to move through moreesistant habitats to do so.
Meanwhile, dispersing guineafowl must locate other groups to enter. While this might also force them
into residential habitats, the range at which a grop can be detected (e.g. via auditory cues like
contact calls) is possibly large enough to allow dispersers to focus on moving through the most
suitable habitats without sacrificing sampling opportunities. Conversely, solitary individuals are also
likely to be substantially more sensitive to predatorglsbell et al., 1993; Yoder et al., 2004 )which
could limit their access to certain habitats (eg. avoiding open areas), especially at those times when
predators are most activeg(Lang et al., 2019) Groups, by contrast, may be less restricted by predator

activity (R E Kenward, 1978) in both space and time, lending to a greatdtexibility in potential
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movement behaviors. These complex interactions of ris.aundré et al., 2010; Wheatley et al., 2021)
energetics (Shepard et al., 2013; Zeller et al., 2012yesources(Greenwoad, 1980; Swingland &
Greenwood, 1985) and social structuregArmansin et al., 2020)all provide fertile ground for future

research into how groupliving modifies the fundamental ecology of social species.

Despite the clear costs that individuals in groups pay in terms of their energetic efficiency, group
living could still bring substantial benefits in other ways. One major energetic cost for many
vertebrates is brain power (Christie & Schrater, 2015; Gigerenzer & Goldstein, 1996; Isler & Van
Schaik, 2006) and moving as a group couldhodify these costs Examples of lone ants and pigeons
being unable to recapitulate routes that were previously demonstrated by other individualgPettit

et al., 2015; Sasaki et al., 20203uggest that followers have to shift their cognitive resources from
landscape features to focus on the bek@ur of conspecifics Given that cognitive load can be
measured as birds navigate through landscapé¥yssotski et al., 2009) future studies could compare
the cognitive costs paid by individuals when navigating large displacements alone versus in a group.
Similarly, biologging advances in heart rate monitoringButler et al., 2004; A. D. M. Wilson et al.,
2015) could also potentially reveal whether individuals pay lower physiological costs (e.g.
maintaining a lower heart rate) when moving in a group versus alone. There are several ways this
could happen, one being becaushey are less sensitive to riskHamilton, 1971; Herbert-Read et al.,
2017), and another because folloimg can reduce the heart rate when movinédrafting during races

is a classic example in human®ilodeau et al., 1994; Coast & Piatt, 2001 Thus, there are many
avenues of research when considering the physiological costs (and potential benefits) of collective

movement.
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Supplementary Material

Supplementary Table S1. Summary of the fitted Hidden Markov Model (HMM) across all movement
data (i.e.all movements made by group members and dispersersyhich extracted 4 states of

movement based on step lengths and turning angles.

Summary of 4state HMM of Vulturine Guineafowl Movement

Initial State Probabilities

State 1 State 2 State 3 State 4
0.385 0.243 0.245 0.127

State TransitionProbabilities

To State 1 To State 2 To State 3 To State 4
From State 1 0.776 0.037 0.173 0.014
From State 2 0.045 0.937 0.017 0.002
From State 3 0.265 0.007 0.567 0.152
From State 4 0.040 0.001 0.302 0.657
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Supplementary Table S2. Results of the LMM for logiransformed daily track length, inkilometers,
and its response to categorical contex{i.e. group member during a big day, group member on a

normal day, or lone disperser) Reference level of contexts is groumembers during big day

movements.
Daily Track Length
Equation log(Distance) Context + (1|Individual ID)
Estimate Std. Error  df t value Pr(>|t)
Intercept 1.578 0.021 116.29 76.777 <0.001
(Grouped) Normal ~ -0.273 0.013 1754.1 -20.725 <0.001
Dispersers 0.282 0.054 151.06 5.179 <0.001
Random effects
Groups Name \'\;l:r?;nce Std.dev
Individual ID Intercept 0.026 0.162
Residual 0.077 0.277
Marginalr? Conditionalr?
0.202 0.405
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Supplementary Table S 3. Results of the LMM for movement@eed (i.e. speedvhile-moving) in m
s, and its response to categorical context.e. group member during a big day, group member on a

normal day, or lone disperser) Reference level of contexts is group members during big day

movements.
Movement Speed
Equation: Speed Context + (1|Individual D)
Estimate Std. Error  df t value Pr(>|t)

Intercept 0.281 8.096e-03 7.949e+01 34.729 <0.001
(Grouped) Normal ~ -0.029 1.696e-03 4.566e+04 -16.958 <0.001
Dispersers 0.073 1.980e02 7.757 e+01 3.708 <0.001

Random effects
Groups Name \'\;l:r?;nce Std.dev
Individual ID Intercept 0.005 0.071
Residual 0.028 0.168

Marginalr? Conditionalr?
0.022 0.170
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Supplementary Table S 4. Results of the LMM forstraightness of movement (a straightness index,

Sl) over 5minute intervals, and its response to categorical context.e. group member during a big

day, group member on a normal day, or lone disperseriReference level of contexts is group members

during big day movements.

Straightness of Movement

Equation: Straightness- Context + (1|Individual ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 4.797e-01 8.510e-03 8.181 e+01 56.373 <0.001
(Grouped) Normal  -5.165e-02 2.426e-03 4.793e+04 -21.292 <0.001
Dispersers -9.042e-03 2.064e-02 7.931e+01 -0.438 0.663

Random effects
Groups Name \'\;l:r?;nce Std.dev
Individual ID Intercept 0.005 0.072
Residual 0.061 0.246
Marginalr? Conditionalr?
0.009 0.088

100



Supplementary Table S 5. Results of the LMM forcost of transport (CoT), h Joules kgt m-1, over 50m
of net displacement and its response to categorical contexi.e. group member during a big day,
group member on a normal day, or lone disperser)Reference level of contexts is group members

during big day movements.

Net Costof Transport
Equation CoT(net)- Context + (1|Individual ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 4,218 4.130e-02 9.362 e+01 102.147 <0.001
(Grouped) Normal  0.144 1.073e-02 2.143e+04 13.422 <0.001
Dispersers -0.429 9.990e-02 9.145e+01 -4.297 <0.001

Random effects

Groups Name \'\;l:r?;nce Std.dev
Individual ID Intercept 0.126 0.355
Residual 0.465 0.682
Marginalr? Conditionalr?
0.048 0.251
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Supplementary Table S 6. Results of the LMM forcost of transport (CoT), inJoules kgt m-1, over 50m
of cumulative displacement and its response to categorical context.e. group member during a big
day, group member on a normal day, or lone disperseriReference level of contexts is group members

during big day movements.

Cumudative Cost of Transport

Equation CoT(cumulativey Context + (1|Individual ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 3.932 2.660e-02 9.267 e+01 147.817 <0.001
(Grouped) Normal  0.081 4.926e-03 4.517e+04 16.441 <0.001
Dispersers -0.28 6.472e-02 9.001 e+01 -4.458 <0.001

Random effects

Groups Name \'\;l:r?;nce Std.dev
Individual ID Intercept 0.054 0.233
Residual 0.223 0.472
Marginalr? Conditionalr?
0.039 0.228
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Supplementary Table S 7. Results of the LMM fototal daily energy expenditure from movementin
kilojoules kg day?, and its response to categorical contexi.e. group member during a big day, group
member on a normal day, or lone disperser)Reference level of contexts is group members during

big day movemaents.

Daily Energetic Expenditure

Equation Daily energy expenditureContext + (1|Individual ID)

Estimate Std. Error  df t value Pr(>|t)
Intercept 478.208 2.885 71.334 165.782 <0.001
(Grouped) Normal  -13.357 3.054 495.049 -4.373 <0.001
Dispersers 29.397 6.941 85.489 4.235 <0.001

Random effects

Mean

Groups Name Variance Std.dev
Individual ID Intercept 189.8 13.78
Residual 1156.5 34.01
Marginalr? Conditionalr?
0.098 0.225
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Supplementary Figure S1. Birds moving in groups moved farthe, faster, and straighteron big days
of movement (purple) than they do normally (orange), but not as far or as fast as lone dispersers
(green), despite similar increases in the straightness of movement. {8) summaries of linear mixed
effect models (LMMstgharacterizing differences in movement behaviours across categories
(coefficient+95% confidence intervals), with significance (*** p<0.001) estimated using big day
movements of group members as the reference category (dotted vertical lines correspond to ded

intercept).
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Supplementary Figure S2. Birds moving in groupsexpended more energy while moving during big

days of movement (purple) than they do normally (orange), but less than lone dispersers. Summary
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values from a linear mixedeffect model (LMMs) characterizing the energy consumed due to
movement over a 13hour day, across categories doefficient+95% confidence intervals), with
significance (*** p<0.001) estimated using big day movements of group members as the reference

category (dotted vertical ine corresponds to model intercept).
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General Discussion

In this thesis, | aimed to build a greater understanding of how small changesET AT Ei Al 06

moment -to-moment behavior s ultimately produce something far greater , as individuals
overcome a range limita tions to achieve spectacular long -distance movements. A major
motivator for this work was the abundance of literature touting the costs of extreme
movements, especially in the context of dispersal, and the corresponding lack of studies that
have attempted to understand how animals can achieve effective dispersal in the face of these
costs. The existence of a shared set of movement characteristics across many species and
ecological settings » from terrestrial dispersal of lone individuals to aerial migrations of large
flocks? naturally lends itself to the inference that there should be fundamental properties
underlying the expression of potentially adaptive movement strategies. In my thesis, | place
these simple rules (move farther, faster, and) for large moveme nts in a context that serves to
understand why we see this apparent strategy expressed so broadly, focusing on how
dispersing animals make efficient use of their energy (Chapter 1) and time (Chapter 2). From
there, | expanded the scope of my work to study the factors that constrain the expression of
efficient movement strategies, focusing on how moving as part of a collective impacts the
energetic efficiency of the individuals therein (Chapter 3). Throughout this thesis, a recurring
theme is that, while cos ts and constraints are indeed present during the large movements |
studied, the behaviors expressed by individuals during these movements significantly reduce

the scale of these costs and, in some contexts, almost completely mitigate them . My results
provi de some of the first evidence for cost -mitigating behavioral strategies for large

movements, and the social and ecological factors that modify them.

A momentby-moment view of landscapscale movements

In this thesis, | took advantage of recent advancés biologging technology to generate and analyze
a unique dataset of finetemporal-resolution data on the movement behaviors of wild vulturine

guineafow! across life history stages.
In my first chapter , | investigated the energetic efficiency of dispersanovements, bringing together
the previously-disparate findings about the nature and costs of dispersal movements to generate new

insight into the costmitigating strategies that they can employ. The results of this chapter are
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significant in that they swygest that the movement costs of dispersal, which have largely been
postulated as verbal models, are likely to have been overstated. Further, this chapter highlights that
the strategies | found are likely to be a general phenomenon in terrestrial speci€Bhis opens the

door for new insight into the energetic balance of dispersal, and highlights the importance of plastic

AARAEAOEI OAI OOAEOO E OEADPET ¢ OPAAEAOS AEODAOOAI

p2

In my second chapter, | proposed a set of general temporal patterns by wtih animals may be able
to expressthe increases in movementneeded to achieve large displacements when faced with
ecological constraints on movementand used these to investigate howhe movements dispersing
vulturine guineafow! reflect the potential congraints that they contend with. | found that the
movements of transient individuals show the same patterns of constraint as nowlispersers, with
increases in movement achieved through apecific investment in movement at times when
conditions were most sutable. Unlike in other species, my results suggest that the seasonal timing of
departure in vulturine guineafowl may notcorrespond to a relaxation in constraints on movement.
This raises the question of why therdo these birds depart in certain (i.e. raig) seasons and what
other costs or constraints may be increasing (e.g. costs to remaining philopatric as females reach
reproductive condition) or relaxing (e.g. barriers to entry into social groups as breeding pairs form)
at these times? Further, while te transient movements of guineafowteflect a positive correlation
(i.e. the third of my proposed patterns) between periods of maximum movement and of maximum
increases in movement it is worth investigating in which species and under which conditions, the

alternate patterns | proposed are expressed.

Finally, in mythird chapter , I shifted the focus of my work using the costmitigating, energetically
efficient movements of dispersing guineafowlas a lens with whichto examine the daily livesand
movements of non-dispersing adults and to illustrate a potentiallyundescribed cost of group living
in social species. | found that, during extreme movements, individuals taking part collective
movements are able to express the same types of energeticadfficient changes in movementhat |
found in transient dispersers, but that the scale of increased efficiency was substantially smaller for
group-living birds than for lone dispersers.These results illustrate a previouslyundescribed cost of
group living, where the rules governing collective movements such as the need for individuals to
compromise on their preferred movements to maintain group cohesion constrain the energetic
efficiency of group members.These results also further highlight the strength of seleain for
ET AEOEAOAT AEEFEAEAT AU AOOET ¢ AEOPAOOAI h xEAOA AEC
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lives. While the opportunities to directly compareindividuals moving alone to those moving as part
of a group,AO ) 6 OA , dd likely tobbd 1@rd, they represent apromising avenue for future

research into the costs and benefits that underlie the evolution and persistence of group living.

Whole-animal energetics and the cost of movement

While the results of this thesis, especially in the 6t and third chapters, highlight the capacity of
individuals to exhibit movement strategies that increase the efficiency with which they makiarge
displacements, there are still many open questions regarding the costs individuals pay to achieve
these mowements. A major limitation in my work here was the need to rely omodels of the energetic
cost of transport8 ! 1 OET OCE OEAOA AOA ET AOAAEAI U OOAEOI =&
expenditure with respect to movement, they may not fully capture the sm total of the other
energetic inputs? or reductions therein? that take places as a result of consequence of changes in
their behaviors. While this limitation is not likely to have a meaningful impact on the inferences made
in my thesis? due in large part tothe fact that | was focused on the scale of changes in energy use at
the individual level and across behavioral contexts the need for better wholeorganism measures

of energetics becomes increasingly important as research questions focus on more everyday
behaviors, or at scales beyond the individual. For example, my third chapter was focusaa how
individual movement efficiency is constrained by moving as part of a groyput the total energetic
processes thatindividuals experience are likely subject a broad range of effects which may

compensate for or further magnify the costs of the constraints | described here.

In group foraging contexts, the energy intake of individuals is subject to competition with group

mates (Barton & Whiten, 1993; Gall & Manser, 2018)but may still produce a netpositive effect as

ET AEOEAOAT O AAT &I OACA 11 O0OA AxEsZEAEAT O U xEAT OEAL
(Watson et al., 2007) Similarly, the antipredator benefits of group living may afford individuals

more opportunitie s for foraging(Roberts, 1996), even during largescale novements, as groups stop

and-start while moving through patches that lone individuals might otherwise need to rush past.

Finally, emerging research is beginning to account for the role of physiological stress and other
physiological processes in shaping diective dynamics (reviewed in Brandl et al., 2022 and

Seebacher & Krause, 201 fespectively). Complex physiological interactions where, for example, the

presence and lehavior of conspecifics can alternately reduce the intensity of stress responses or

amplify the transmission of stress responses between group mates, are likely to play a significant role
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in the energetic costs and benefits of group living. This is area @search is fertile ground for new
guestions. For example, are individuals that move as part of a group less stressed when navigating
over large distances, or through unfamiliar areas (especially if other group mates have some prior
information)? Explorations of such multifaceted metabolic and energetic processes may be
attainable with current technological advancements, such as the integration of internal sensors that
can measure direct correlates of stress and energy use (such as heate loggers,Butler et al., 2009

and external sensors which can Hp to identify or control for the mechanical and locomotory signals

of specific behaviors of interest (e.g. accelerometrinformed classifications of behaviorBrown et al.,
2012). Such approaches also offer new opportunities to further investigate the costs of dispersal. For
example, how is physiological stress expressed during solitary movements? Or can we use behavioral
signatures to identify the aggression or resimnce to settlement that dispersers may face when
prospecting within new groups? Combined with modern tools for studying the spatial patterns and
inter -individual relationships of groups, such as those reviewed in theppendixto this thesis, it may

be possible to unlock a holistic view of the processes governing complex social and collective

dynamics.

Movement in the social landscape

The movement and dispersal decisions of animals are strongly informed by how they experience

their environment. The studyl £ AEODPAOOAI EAO A 111¢c EEOOIOU 1 £
decisions (Clobert et al., 2009; Reed et al., 1999)particularly in the context of departure and

settlement decisions, but also with recognition for the role of prospecting behaviors during
transience asa source of information(Stamps et al., 2005; Zollner & Lima, 2005%5imilarly, ecologists

have devoted much study to the physical environments that animals traverse, and how the structure

of landscapes and distributions of resources att movement(Avgar et al., 2013; Capleet al., 2016)

What has been largely absent from these perspectives is the notion that animatsist also integrate

social landscape information, such as the distributions of conspecifics and territorieshich is likely

to impact transience movements ad resulting dispersal decisions. In 2015Wey et al. called

attention to the lack of studies regarding the role of the social landscape in shaping transience
behaviors, but in the seven years since, only a handful of studies haaedressed this gap Most

notably, two studies in meerkats found that the composition of dispersing coalitions and density of
surrounding populations affect the distance and duration of transience movementdvaag et al.,

2018h AT A OEAO OEA DPAOGEO 1T &£ OOAT OGEAT O AT EIT 000 OAAE

109



(Cozzi et al., 2018) These studies are an invaluable first step towards an understanding of dispersal
in social environments, and provide support for hypotheses (e.g. the social resistance hypothesis,
Armansin et al., 2020 which serve to bridge the gap between established and emerging perspectives
about dispersal in physical and social landscapes. However, a number of key aspects in the ecology
of social speciesremain understudied in this regard. For example, while meerkats disperse as
cohorts? with successful dispersal resulting in the establishment of new social groups and
territories ? in many other social species, dispersal entails the transfer of individualsebween social
groups (as in vulturine guineafowl and many primatesAlberts & Altmann, 1995; Cheney & Seyfarth,
1983). In these sysems, transient individuals may need to incorporate many sources of
information? in terms of both the social composition of groups and the physical resources those
groups provide access te in order to make the bestinformed settlement decisions. In the most
extreme case where groups are aterritorial and overlap in their spatial distributionsas with
vulturine guineafowl, dispersers should be expected to prioritize social information over all other
landscape propertie® i.e. given the opportunity to settle muliple groups which all provide access
to the same environments, what information do dispersers use to decide where to settl&Rture
studies that incorporate a morecomplete view of how animals experience the landscapesas a
combination of physical structues, heterogenous resources, and social information, and the relative
contributions of each to dispersal behaviors will prove crucial to building a better understanding

of factors shaping the structure and distributions of species in an evahanging world.

General Conclusions

This thesis sheds new light onto our understanding of the movement strategies that animals can
employ during large-scale movements. Whether through changes in behavior which increase their
energetic efficiency, or through the advardgeous investment of effort into periods when conditions
are most suitable, animals are able to maximize the efficacy of their dispersal movements to mitigate
the costs and constraints at this key life history phase. Further, | have shown that the strategiwhich
help solitary dispersers achieve large displacements might represent a general strategy for making
large-scale movements, as they can also be expresdsdnon-dispersing adults when moving as part
of a group In the process | illustrated a previously-hidden cost of group living in the form of
constraints on the energetic efficiency of the individuals therein. Taken together, this work
contributes to an emerging understanding of how the costs and benefits of fundamental aspects of
AT Ei Al Qdn disgeBaht® groupgiving, are balanced.
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Appendix: A guide to designing GPSbased studies of animal societies

Peng Heé, James A. Klarevakby”, Danai Papageorgiou, Charlott€hristensen,Eli D. Strauss

Damien R. Farine

ABSTRACT

1.

GPSbhased tracking is widely used for studying wild social animals. Much like traditional
observational methods, using GPS devices requires making a number of decisions about
sampling that can affecOEA O1 AOOOT AGO T £ A OOOAUS8O Ai 1 Al OOE
individuals per group across more distinct social groups may not be sufficient to infer group

or subgroup-level behaviours, while sampling more individuals per group across fewer
groups limits the ability to draw conclusions about populations.

Here, we provide quantitative recommendations when designing GHsased tracking studies

of animal societies. We focus on the tradeffs between three fundamental axes of sampling
effort: 1) sampling coverage the number and allocation of GPS devices among individuals
in one or more social groups; 2) sampling duratiom the total amount of time over which
devices collect data; 3) sampling frequency the temporal resolution at which GPS devices
record data.

We first use field deployments of GPS tags to quantify how these aspects of sampling design
can affect both GPS accuracy (error in absolute positional estimates) and GPS precision (error
in the estimate relative position of two individuals), demonstrathg that GPS error can have
profound effects when inferring distances between individuals. We then use data from whele
group tracked vulturine guineafowl! (Acryllium vulturinum) to demonstrate how the tradeoff
between sampling frequency and sampling duratio can impact inferences of social
interactions and to quantify how sampling coverage can affect common measures of social
behaviour in animal groups, identifying which types of measures are more or less robust to
lower coverage of individuals. Finally, wause datainformed simulations to extend insights
across groups of different sizes and cohesiveness.

Based on our results, we are able to offer a range of recommendations on GPS sampling
strategies to address research questions across social organizationstales and social
systems from group movement to social network structure and collective decisiormaking.

Our study provides practical advice for empiricists to navigate their decisiomaking

processes when designing GPt&ased field studies of animal socldbehaviours, and highlights
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the importance of identifying the optimal deployment decisions for drawing informative and

robust conclusions.

KEYWORDS
Animal societies | Bielogging | GPS sampling | GPS tracking | Group and collective behaviours | Group

size | Social interactions | Social structure

1. INTRODUCTION

Studying animal societies requires collecting both individualevel (what is the animal doing?) and
relational (what is the relationship between animals?) data (Altmann 1974; Krause et al. 201 3®rior

to data collection, researchers have to make decisions about how to employ finite resources to
adequately sample social behaviours. While sampling design is a major consideration across all fields
of biology, it is critical when studying social behawur because the number of possible inter
individual relationships increases exponentially with the study population size (Davis, Crofoot &
Farine 2018). Further, social relations can change over time (Pintaf/ollman et al. 2014; Gil et al.
2018), and vary across social organizational scales and social systems. Thus, studying social
behaviour benefits from sampling individuals simultaneously, frequently, broadly, and over large
temporal scales. Given their ability to collect large amounts of data simultanesly, automated
sampling methods are increasingly used to remotely collect data on animals (Krause et al. 2013;
Nomano et al. 2014; Wilmers et al. 2015; Ferreira et al. 2020; Gupte et al. 2021; Keitt & Abelson 2021,
Shizuka et al. 2021; Smith & PinteWollman 2021). The proliferation of these novel sampling
techniques motivates a need for practical guidance to assist empiricists in designing behavioural

sampling regimes that are best suited for delivering new insight about animal societies.

Remote trackingi £ A1 Ei Al O AAOAO AAAE O OEA pwomdled | #OAE
uptake of GPS for animal tracking has come in the past two decades, following major breakthroughs

in GPSbased technologies, including improved precision (Frair et al. 2010; [an, Lindstrom & Hays

2014), lower costs (Rodgers 2001), and greater battery efficiency and weight reduction (Kays et al.

2015). Such widespread applications of animal GPS tracking have also stimulated advances in
analytical tools (Robitaille, Webber & Vader Wal 2019; Joo et al. 2020; Silva et al. 2022), making it
increasingly possible to not only study where individuals distribute themselves in space (e.g., for

wildlife management or monitoring purposes), but also how animals move with respect to each @h

at various scales (Robitaille et al. 2021). For example, studies have used GPS tracking data to infer
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the likelihood of encounters between conspecifics (Noonan et al. 2021) and the ways in which

AT EI A1 O ET £ OAT AA AAAE 1 OEA®G & al.i201d Adhlddel@al. 2039ET ¢ A C
Milner, Blackwell & Niu 2021). Such studies have demonstrated the potential for using GPS tracking

to study animal social behaviours (Juang et al. 2002; Hebblewhite & Haydon 2010; Spiegel et al. 2016;

Sih et al. 2A8; Spiegel et al. 2018; Gilbertson, White & Craft 2021), and the interface of social

behaviour with movement ecology (Torney et al. 2018; Westley et al. 2018; He, Maldona@baparro

& Farine 2019).

GPS telemetry explicitly captures when and where indivigdal animals go, opening new avenues of
research into how animals interact with their social and ecological environment (Cagnacci et al. 2010;
Tomkiewicz et al. 2010; Kays et al. 2015; Leu et al. 2016; Webber et al. 2022). GPS devices can
substantially increase the volume and dimension of data collected relative to human observers
(Crofoot 2021). Importantly, GPS devices can be deployed on more individuals than could possibly
be observed simultaneously, potentially capturing finescale social processes suclkas group
movement and collective decisiormaking (Strandburg-Peshkin et al. 2015). Studies over the last
decade have established simultaneous G®ased tracking as a productive approach for generating
new insights into animal social ecology (Dell'Aricciateal. 2008; Nagy et al. 2010; Luhrs & Kappeler
2013; Strandburg-Peshkin et al. 2015; Leu et al. 2016; Spiegel et al. 2016; Springer et al. 2016; Farine
et al. 2017; Papageorgiou et al. 2019; Wielgus et al. 2021). Yet, despite its strengths, GPS tracking is
far from being a panacea for challenges related to behavioural data collection (Hebblewhite &
Haydon 2010). The cost of GPS devices (and data transfer), the challenges of deployment, and

technological limitations can all constrain study design.

To effecively apply GPS tracking to study social behaviours, researchers need to tailor sampling
design to research questions and social systems. Animal social behaviours span various spatial and
temporal scales (Robitaille et al. 2021) and levels of social orgamaition (Wilson 1975; Aureli et al.
2008; Prox & Farine 2020), such as how one individual interacts with another, how individuals form
groups, how groups themselves interact, how populations are socially structured and how these
dynamics change over time (lukas & CluttonBrock 2018; He, MaldonadeChaparro & Farine 2019;
Kappeler 2019). Optimal GPS study design strategies will therefore depend on the question being
investigated? for example, tracking all individuals in one social group is useful for sampling
interactions among groupmates but not among groups. Another important consideration is that

some animals associate almost exclusively with the same set of individuals (e.g., within territory
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boundaries, Bishop & Groves 1991; Jordan, Cherry & Manser 200Whereas others form open
societies where group membership and size change frequently (Aureli et al. 2008; Connor & Krutzen
2015; Farine et al. 2015). By influencing how often individuals are found together, these dynamics

shape how GPS tracking can be engyled to study social behaviours.

In this paper, we first summarize the common tradeoffs faced by researchers using GPS tracking to
study animal societies, focusing on three key axes: sampling coverage, sampling duration, and
sampling frequency. We then se field tests of GPS tags to demonstrate how sampling regimes can
affect error, and subsequently our ability to infer social behaviours. Finally, we use data from two
whole-group GPS tracking datasets of vulturine guineafowlAcryllium vulturinum), together with
data-informed simulations, to investigate how sampling coverage affects inference of social
interactions and social metrics within different animal social groups. In doing so, we provide practical

advice for the design and implementation of GPBased studies of social behaviours.

2. KEY TRADEOFFS IN GPBASED STUDIES OF SOCIAL BEHAVIOURS

Many factors should be considered when designing GiP&sed tracking studies of social behaviours
(Fig. S1). Among these are ethical and practical limitations whecapturing and tagging animals, and
ongoing research and development is aimed at understanding and minimizing these limitations
(Portugal & White 2018; Klegarth et al. 2021; Portugal & White 2021; Wilson et al. 2021). Here, we
assume that researchers fotlw ethical and legal guidelines for deploying GPS devices and focus on
providing guidance on how to design the deployment of GPS devices to optimize data collection for

addressing different research questions (Fig. 1).
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Figure 1. Trade-offs across three fundamental dimensions of GPS sampling design when
studying animal societies . The types of questions that can be answered using GPS tracking are
broadly governed by three key axes of study design: sampling coveragéhe number and
distribution of GPS deviceghroughout a study population, sampling duratiorr the total amount of
time over which devicescollect data, and sampling frequency the temporal resolution at which
devicescollect data. Social behaviours can typically be thought of as playing out at grdiipue boxes)
and individual (orange boxes) levels. Here we illustrate how, within each level, different
measurements (tix) require differing levels of investment in each axis, and often face traelffs
across axes to capture specific behaviours of intered=or example, group ranging behaviour (how
large is a home range) requires lower sampling frequency or coverage than group movement (how
fast do groups move) or collective dynamics (how do groups make decisions). Further, rarer social
behaviours (e.g. imer-group associations) require longer durations than more frequent social

behaviours (e.g. withingroup associations).

2.1 Sampling coverage

All GPSbased studies face financial and practical constraints on the number of devices that can be
deployed. Having more devices (relative to the study population size) will naturally provide more

data for more robust inferences of social behaviours. However, deploying more devices is not only
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financially costlier, it can also introduce a number of logistical chkeinges in terms of datarecovery
(see2.4). Therefore, researchers need to strategically decide how many devices to deploy, and how
AOT AAT U OI AEOOOEAOOA OEAI jEsAsh OOAIPIETC Al OAO
Sampling coverage requirenents will depend on the scale of social organization in relation to
research questions and whether a study focuses on social structure (e.g., patterns of association or
interactions) or processes (e.g., transmission or collective behaviour). Structufflecused questions,
such as whether individuals have preferred or avoided social relationships (e.g., Cantor et al. 2012;
Best et al. 2014; Gero, Gordon & Whitehead 2015), require broad, but not necessarily exhaustive,
deployments of devices it is fine to not capture every single pair of associates, as long as a range of
association strengths are represented. The number of devices to be deployed will of course also
depend on social scale (e.g., group vs population). In terms of allocation, randomly deployingSGP
devices to individuals should be suitable for testing for the presence of preferred social relationships.
Questions addressing larger populatiorscale structure, such as whether there are distinct social
communities within a population (e.g., Shizuka &d&ine 2016), may require distributing GPS devices
more broadly to distinguish higher levels of social organisation, while those seeking finecale
OOOOAOO0OAR OOAE AO xEI AOA Al ETAEOEAOAI 860 Al 1T OAOC
Process-focused questions require thorough coverage of social relationships, which can be very
device-intensive. Without a relatively complete representation of social connections, inferences may
fail (Perkins et al. 2009; Wild & Hoppitt 2019). For example, obseing a pathogen spreading from
individual A to B to C, with edges 2B and B C, would fail to reveal sociallymediated transmission if

A and C become infected and B is missing from the study. As such, prodessised questions may
need to be studied at smier scales, where higher proportions of individuals can be tracked, or to
focus on interactions among larger social organizational units (e.g., where an entire group can be

represented by one device).

2.2 Sampling duration

Sampling duration is fundamenally limited by the battery life of GPS devices (Fig. S1). Power is

Al 10601 AA AAAE OEI A A AAOGEAA OxEOAEAO 11 OFffAT11AA
between the sampling frequency and the longevity of battery life that determines samnipy duration.

For example, sampling of GPS collars fitted to wild olive baboorBgpioanubis) lasted 15 to 30 days
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at 1 Hz (Farine et al. 2017), whereas those fitted to elephantkdxodantaafricana) operate at much
lower sampling frequencies but can lastnany years (Hahn et al. 2022; also because larger body sizes
allow for larger batteries). Some GPS devices can partly overcome this challenge by using solar panels
to recharge batteries, by applying programming settings such as using geofencing to spdgialary
sampling regimes (Sheppard et al. 2015), or by using acceleration sensors to switch offfon GPS
devices when animals are (in)active (Brown et al. 2012). Limitations to battery (and sometimes on
board data storage) capacity means that researchers eft need to tradeoff between sampling more
intensively (higher sampling frequency) versus sampling for longer (see the duratiefrequency
trade-off below). The key consideration is therefore whether a given sampling duration can reveal

fine-scale social pocesses and the longerm factors that govern them.

2.3 Sampling frequency

Sampling frequency determines the temporal resolution at which behavioural inferences can be
made. Animal movement is inferred from temporally sequential fixes, so the more fixase collected
within a given time window, the more complete the information is about where the individual has
been and, potentially, what it has been doing (Wang 2019). In most vertebrates, sampling frequency
at 1 Hz (1 fix/s) captures rich information abaut where individuals have moved and how (Ryan et al.
2004). However, such high sampling frequencies are energetically more demanding, generally at the
cost of sampling duration. To save battery life, studies often opt for lower sampling frequencies, such
as 10 fixes every 5 minutes (e.g., vulturine guineafowl, Papageorgiou et al. 2019), 1 fix every 30
minutes (e.g., swamp wallabies Wallabia bicolor, Fischer et al. 2018), or 1 fix every hour or more (e.g.,
African elephants, Wittemyer et al. 2008). Howevenyvhile allowing behavioural characterizations
over larger temporal scales (e.g., over years), lower sampling frequencies may not adequately
capture social behaviours that are realized at finer temporal scales (Haddadi et al. 2011; Wilson et al.
2014), suchas how collective movement decisions are made. From a social network perspective, the
frequency-duration trade-off will depend on whether the aims are to collect social interactions or

associations.

The restrictions of lower sampling frequency can be paly addressed by inferring intermediate
1TAAOGEITO jE8A8sh Al AT EI AT 860 bPI OEOEIT EIT OEA
interpolation (Strandburg-Peshkin et al. 2015; Hirakawa et al. 2018), smoothing spline models
(Whetten 2021), or dead eckoning (Dewhirst et al. 2016). Related to this, it should also be noted that
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battery consumption does not scale linearly with increasing sampling frequency. GPS devices use
energy each time they (re)boot and search for satellites, which typically takeeriger with sparser

sampling regimes or under when animals are under canopy cover, meaning that the same battery
charge collects fewer data points at longer sampling intervals. Device may also not switch off during
more intensive regimes. For example, 0ZD.5 Hz may use as much battery as 1 Hz (but 1 Hz may have

greater battery costs for data transfer).

2.4 Further practical considerations

It should be noted that other practical issues can shape decisions on GPS sampling design (Fig. S1).
Among these, GP&ccuracy (i.e., the extent to which the fixes of a GPS device capture the actual
locations on the planet, such as those defined in W&@&8) and/or precision (i.e., the extent to which
fixes of a GPS device consistently agree with each other; see Yoshimurdasegawa 2003) pose a
fundamental challenge for inferring animal behaviours (Frair et al. 2010; Adams et al. 2013; Clements
et al. 2022).

Apart from GPS accuracy/precision, researchers also need to consider data retrieval, which can
become cumbersome wha deploying many devices simultaneously. Deploying more devices will
increase costs if data are retrieved via mobile phone networks, download time if data are retrieved
via radio download, or retrapping/relocation effort if data is retrieved by recovering devices. Device
data storage capacity may require frequent data retrieval and missed data downloads can lead to
data loss (e.g., Strandburgeshkin et al. 2015 retrieved GPS data eveday to avoid data loss; see
also Box 1). Finally, if tags cannot be enloaded often, then they may have insufficient battery life

to download very large amounts of data.

3. SOCIAL NETWORK STRUCTURES

Animal social networks are often assembled from social associations or interactions (Whitehead
2008; Farine 2015; Farine & Witehead 2015; Krause et al. 2015), both of which can be inferred from
GPS data (Robitaille, Webber & Vander Wal 2019; Robitaille et al. 2021). In GPS tracking studies,
social associations are defined by etwcation of individuals, while interactions can e inferred when
individuals have a detectable impact on the behaviour of others (e.g., individuals' movement

responses to each other; Long et al. 2014; Schlagel et al. 2019; Milner, Blackwell & Niu 2021). Several
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studies have suggested that social networkare quite robust to sampling subsets of the population

Silk et al. (2015) estimated that studies sampling 30% or more of a population can generate reliable
AOOETI AOAO T £ ET AEOE A OA oGS devickscAn thedrelically beQEploged O E OET 1
characterize even large social networks. Subsequent studies highlighted that repeated sampling and

avoiding misidentifications are critical for producing accurate networks (Davis, Crofoot & Farine

2018; Sunga, Webber & Broders 2022) both are the strengthsof GPS tracking data. However, GPS

positions are also prone to error and sampling discontinuity (i.e. due to the frequeneyuration trade-

off). Below we discuss sources of GPS error and some implications of sampling design when inferring

associations andmteractions.

3.1 Effects of sampling design on GPS accuracy, precision, and data synchronisation

First, it is important to understand sources of positional error (GPS accuracy) when taking a GPS fix.
To test how habitat affects error, we set out ten-ebs 15g solar GPS tags (five in open habitat and
five in closed canopy conditions), all programmed to record 10 fixes (at 1Hz)) every 5 minutes from
6am to 7pm. We used the median position for each tag (after removing outliers) to estimate the true
position, and calculated the latitudinal and longitudinal distance for each fix from this true position
as the error. Outliers (see Gupte et al. 2022 for a guide on how to deal with outliers) were defined as
points beyond two times the 99.9th percentile of distancefor the open area tags (36.68 m). We found
that the distribution of positional errors is generally leptokurtic (more peaked than a Gaussian
AEOOOEAOOEIT T gh xEOE OEA AEGEIOQHEAONFAASG 1jA sMBOTICNO G A
canopy coer (Fig. 2). As with previous work (Langley 1996; Frair et al. 2010; Crofoot 2021), we also
found that canopy cover delayed acquisition of satellites, even with ariinute inter-burst interval.
This can have important consequences when collecting socialtdaas it can decrease the temporal

synchronisation data collected across individuals (Fig. 2c).
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Figure 2. GPS accuracy and synchronisation vary with habitat. Distributions of error estimated
from five GPStags placed in (a) open vs. (b) closed canopgditions, collecting a burst of 10 points
every 5 minutes. Both follow a leptokurtic distribution, but the tighter shoulders around the open
condition suggests that fewer large errors occur compared to closed canopy. Red line shows the fit
of a Johnson Sudistribution. Blue lines show the best fitting normal distribution. (c) Synchronisation

in data collection for tags with 5minute inter-burst intervals, showing a delay (and reduced

synchronisation) under closed canopy cover.

In theory, one way to reduceGPS error is to use continuous sampling. This is because devices can
reuse satellite information from previous fixes (eobs GmbH, pers. comm.). In contrast, switching off
devices between consecutive fixes will generally result in lower accuracy, with emrancreasing as
the betweensample gap increases. To verify this, we programmed four 15¢obs solar tags to collect
burst of 10 consecutive fixes at different intetburst intervals (5, 10, 30 and 60 min). We placed these
in the same position for 8 consective days, collecting data from 6am to 7pm each day. From these
data, we calculated the median position (estimated true location) for each tag, and estimated the
error around this location for each fix. We found that the mean error around this point (Figa) and
the percentage of outliers (Fig. 3b) decreased with an increasing number of fixes and with shorter
inter-burst intervals. We also show that the further an animal moves between each burst (simulated
by displacing the tags 10 or 60 meters between ehdurst), the larger the error. Such checks are
worth conducting when designing a sampling regime as positional accuracy will vary across different
tag types, conditions, or behaviours (Gunneet al. 2022). We also found that error information

derived from the tag itself may not be informative (see Supplementary Material section 1).
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Figure 3. GPS accuracy under different sampling regimes and conditions. (a) Mean error around

OOOOA 1TAAOGEI T8 AT A j AQqQ DPAOAAT OAGéintervls (c@odB)EAOO A/
and burst length (1st to 10th fix). 5 min* refers to the Sminute inter-burst interval under canopy

cover, 5 minX refer to tags that moved 10 m between bursts (open habitat), 5 min+ refer to tags that

moved 60 m between samples (opehabitat), and 5 min” refer to tags in stationary positions 50cm

off the ground (open habitat).

3.2 Estimating social associations

Associations can be defined by applying spatiotemporaldo | AAOET T 001 AOG O1 EIT AEOE
common approachr at least for terrestrial animals? is to set a horizontal distance threshold under

which individuals are considered associated. While thresholds should consider the biology of the

study organisms, the ability to apply meaningful thresholds will be impacted by GRgecision. Given

a satisfactory threshold, the decision is then whether to sample more intensively (higher sampling

frequency) or to sample for longer (longer duration).

Defining a biological threshold for associations can be based on traditional obsenat of the study
organism, through datadriven studies of these thresholds (Haddadi et al. 2011), or by using
statistical approaches (Papageorgiou et al. 2019). An example of the latter is to interrogate the
distribution of inter -individual distances and etract the first mode, which likely represents
individuals that are socially associating. In larger groups, associations can be defined following a
chain rule, where all individuals that form part of a connected component are considered as being
associated(e.g., if B and &C, then &C even if A and C are beyond the threshold). There are also
tools (Ansari et al. 2020) for identifying clusters of GPS fixes to infer behavioural events or states
(e.g., kills by predators or behavioural activity states). Hoewer, few have been extended to detect
clustered social associations (i.e., inferring the presence of social aggregations) across time (but see
Kalnis, Mamoulis & Bakiras 2005).

The chosen threshold then needs to take into consideration GPS accuracy (pfosal error), because
positional error leads to overestimates of interindividual distances (see Supplementary Materials
section 2), i.e. reduced precision. This is due to the circular nature of the GPS error. Imagine two
individuals resting at a set disance apart. If the positional error is distributed around these

individuals in a circular fashion, then the proportion of the areas in these circles in which a
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simultaneous detection of both individuals is at, or below, their actual distance is smaller thahe
area in which the detections will be above their actual distance (when two individuals are at exactly
the same position, the distance can only be greater or equal to 0, and never less). Supplemental
materials section 2 demonstrates this and shows, gy simple simulations, that the extent of the
overestimate of betweendevice distance relative to true distance increases with positional error and

decreases with true distance.

To verify the predicted relationship between true distance and distance ovestimation with tag
error, we placed five 15g eobs solar tags in a straight line at set spacings (0, 1, 3, 6 and 9 meters;
resulting in a matrix of 10 pairwise distances between 1 and 9 meters), recording a burst of 10 fixes
(at 1Hz) every 5 minutes. Wealso used the data from the tags that moved between two fixed positions
(10 m apart and 60 m apart) between every burst, as well as pairs of tags attached at a fixeahdter
distance while being moved either sideby-side or front-to-back. We then calculatd the distance
between time-matched GPS fixes for each pair of tags and compared this with their true distance.
Further, we calculated the theoretical overestimate for each underlying true distance, by sampling
pairs of points from the observed error distibution from each device. Our data confirmed that
between-device distances are generally overestimated, and more so at shorter true distances (Fig. 4).
However, this relationship is dampened relative to the theoretical prediction because tag precision
is greater than tag accuracy, which is because the direction of the error in simultaneous GPS fixes are
correlated, with closer devices having more correlated errors (Fig. 4). This is likely because tags that
are closer together share the same satellites tdotain their position, resulting in the direction of their
error being the same. We confirmed this spatiotemporal autocorrelation in GPS error by randomising
the matched GPSixes (to break the correlations), with overestimation error matching the
theoretical prediction more closely (see Supplementary Materialsection 3). This proximity bias has
implications for inferring social associations or interactions defined by intefindividual distance
using GPS data, which will depend on the size of the animal tvetnature of the social association
(e.g., ceforaging vs. grooming). For example, studies may need to set their distance threshold higher
than the biologically meaningful threshold if they wish to capture true association rates (see
Supplementary Materiak section 4). This effect will be more pronounced in smaller species (or for
smaller biological thresholds) and for species (or activities) that are affected more by cover (e.g.,

grooming under tree canopies; Fig. 4C).
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Figure 4. The overestimation in in ter -individual distance as a function of the true distance and

habitat cover. (a) GPShased distances consistently overestimate the true tag distance, but do not

do so as much as predicted in theory (dashed line, which was calculated by sampling pointshaét

given true distance and an error drawn from the empirical tag error distributions; see Fig. 2). This is

likely because the pairwise correlations (numbers in plot) in errors between tags (when using
simultaneous data points) decreases as a function ofetweentag distance. Breaking this
spatiotemporal correlation confirms the theoretical predicted relationship (Fig. S3). (b) Tags that are

AAT OA CcOil 61T A AT A OAcCcO AAET Cc Oi1T OEA 11 OA8 1 AOCET A
error, and also caises overestimations to deviate from the predicted relationship at larger true

distances.

Studying social associations also requires considering sampling frequency. The choice of sampling
frequency will need to consider the biological context being studik especially how dynamic the
social structure is (Hobson, Avery & Wright 2013; Farine 2018) and when it changes. Imagine that a
GPS device has the capacity to collect 4380 fixes. We could opt to collect one fix per hour over 12
months (for 12 hours a day) or to collect one fix every 5 minutes for one month (i.e., two extreme
ends of the duration/frequency trade-off). If we are studying animals in a seasonal system, the 12
months data would be able to capture the general social environment that each indivial has
experienced over the course of the year, but might frequently miss rarer behaviours or associations.
By contrast, a onemonth deployment could only capture the social environment in that specific
month, meaning that many social connections that fomed under different conditions could not be
observed. A onemonth deployment would also likely underestimate the distinct number of
connections in an individual's social environment, thereby overestimating the importance of those

that were detected.
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3.2 Inferring social interactions

An emerging application of GPS tracking is to infer social interactions among individuals. Unlike
associations, which are readily characterised at low sampling frequencies from simultaneous
detections at single time points, nteractions typically involve a time component that requires
sequential detections collected simultaneously across individuals. For example, two individuals
detected next to oneanother may be grooming or walking in opposite directions. Dominance
interactions can be thus be inferred from approaciavoid interactions (A approaches B and B moves
away) and chases (StrandburgPeshkin et al. 2015). Thus, inferring interactions will require not only
considering GPS accuracy and precision, but also careful consigéon of the sampling frequency

duration trade-off.

The ability to detect interactions from GPS tracking data will first depend on the spatial scale over
which they occur relative to GPS error. For example, a relative positioning GPS error (i.e., precikio
within 1 m allows for detections of displacements that occur over tens of meters in baboons (e.g.,
Strandburg-Peshkin et al. 2015), but make it more challenging to detect those that take place at much
smaller spatial scales, as in the vulturine guineafd (Dehnen et al. 2022). One potential solution is

to supplement GPS data with accelerometer data to better estimate whether two individuals are
actually stationary or not (see section 6.5). In cases where error is unavoidable, GPS tracking is
perhaps bestsuited to detecting extreme interactions (e.g., chases), as GPS precision is higher when
tags are moving (Fig. 4b; see also in Gunner et al. 2022). Such issues aside, detecting interactions is
achievable, but we encourage manual verification of inferreisteractions by traditional observations
(e.g., by recording individual behaviours while GPS tracking). Further, it should be feasible to extend
machine learning approaches (Valletta et al. 2017; Wang 2019) for detecting patterns in temporal

data to extrad interactions from GPS trajectories.

Given the need to collect periods of sequential data (i.e., bursts) that can capture the temporal
patterns of social interactions, studies aiming to detect interactions face difficult decisions regarding
sampling frequency versus sampling duration bursts of data come at the cost of either sampling
duration or frequency (longer gaps in the data). Here we explore how different decisions along this
trade-off affect the ability to recover interaction networks. Using threecomplete days of continuous
whole-group GPS tracking of vulturine guineafowl (Supplementary Materials section 5 for methods),

we detect all cases of a hypothetical interaction (defined as two individuals within a proximity
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procedure that collects bursts of data of a given duration (20 seconds to 15 minutes), such that all
burst durations approaches collect the same amount of data (25% of the full dataset 20 s in every

80 s through to 15 continuous minutes in every hour). Using data from these bursts and applying the

OAT A ET OAOAAOETT AOEOAOEA AO OEA OOOGA 1 AOxi OEh

that the capacity to recover a tre network (here the correlation between the observed and true
networks) varies along the sampling frequency to duration tradeoff (Fig. 5), highlighting the

importance of design decisions on the resulting study outcomes.
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Figure 5. The ability for differ ent sampling regimes ? longer bursts versus more frequent
bursts? to recover a network estimated from a whole dataset. First, we note that the
relationship between sampling frequency (here the number of burst per unit of time) and sampling
duration (here burst length) is logarithmic (noting that the precise shape of this relationship will be
determined by battery savings arising from collecting data in bursts). Second, the correlation
between the observed and the true network varies across this tradeff, and in the case of our
hypothetical interaction it peaks at intermediate values for both. In this illustrative analysis, the
optimal value yielding the most accurate results was at burst lengths that were@times longer than

the minimum time required for aninteraction to take place (20 s).

3.3 Constructing social networks
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Whereas association events or interactions can be inferred from singular snapshots of spatial
positions, social relationships between individuals are typically quantified from the tendecy for
individuals to associate or interact over (observation) time. The simple ratio index (SRI) defined as

the number of observations of two individuals together divided by the total number of observations
involving either of them (Hoppitt & Farine 2018), is commonly used to calculate relationship
strength. However, this SRI formula needs to be modified for GPS data, as an observation of individual

A without individual B is only informative if B is confirmed elsewhere; the absence of data for B
provides i ET & Of AOET 1T AAIT 06O xEAOEAO EOh 10 xAOl 80h
formula should only include observations where GPS data are simultaneously available for both

individuals.
4. SOCIAL BEHAVIOURS WITHIN GROUPS

The application of GPS trddng is particularly promising for studies of animals that live in stable

social groups, where the spatial behaviours of group members are typically shaped by those of others

(Farine et al. 2017). However, it remains unclear how GPS coverage within a sbgeup (which is

often the foremost consideration when designing a study) affects the inferences made about

ET AEOEAOAI 66 OPAOEAI DI OEOEIT EIT OEAEO CcOI O6bp ATA
this gap, we evaluated how sulsampling influences inferences of individual and group spatial
behaviours (see 4.1 and 5.1, respectively), using GPS tracking and simulated data with various sizes

and degrees of spatial dispersion of groups (see Supplemental Materials section 5 for methods).
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Figure 6. An illustration of the effects sub -sampling on estimates of individual - and group -

level properties . Deploying GPS devices on a subset of group members (blackisampled group
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members, red: sampled individuals) can impact behavioural measures. At thadividual-level,
subsampling influences the accuracy of estimates in the identity of, and distance to, the nearest
neighbours (e.g., red focal individuals marked with white starén azc in subsamples have different

nearest neighbours and larger nearest nghbour distance® segments in black and red are the true

and observed patterns, respectively); at the groupevel, subsampling influences the accuracy of

estimates in group spatial coverage (i.e., MCP, the minimum convex polygoizs)and the geometric

centroid of the spatial positions of individuals (crosses, zc).

18p %OOEI AOET ¢ ET AEOEAOAI 06 OPAOEAI DI OEOEIT O xEO
)T AEOEAOAI 66 ODAOEAI DI OEOETT O OAI AGEOGA O1 1 0OEAC
predation (Barta, Flynn & Giraldeau 997), foraging competition with group-mates (Gall & Manser

2018), or availability to receive information from social partners (Rosenthal et al. 2015). When

inferring such positions, there is a tradeoff between the accuracy of estimates and sampling

coverage. Here we use empirical and simulated data to show that increasing the proportion of tracked

individuals results in exponential decreases in error of estimates of distance to nearest neighbour

AT A ODAOEAI AAT OOAI EOU j OO0 éiuiaieddatd shgyesiiaOréggrdless | OE A
of group sizes, studies can miss up to half of the individuals in a group while still being able to make

accurate estimates of nearesheighbour distances (i.e., median error <1 m when 50% tracked, Fig.

7-a, Hii). However, accuracy is also affected by group cohesiveness, with less cohesive groups
requiring a significantly larger sampling coverage to capture similar accuracy (Supplementary

Materials section 6). While errors are generally small, it is worth noting tht any nonzero error

would also resultinmisAOOECT I AT O T £ OEA EAAT OEOEAO 1T £ ET1 AEOQEA
mis-assignment is the same as the proportion of notracked individuals in groups). For
surroundedness (Fig. 7, iii), reliable AOOET AOAO OANOEOA A 1 AOCAO DOl bPI
be GPSracked, especially in smaller groups (Fig.-® i,iii), and spatial dispersion has relatively little

effect (Supplementary Materials section 6). The relationship between GPS coverage antbein

estimates of nearest neighbour distance and spatial position is exponential (see Table S1), and, in

both cases, lower GPS coverage is necessary in larger groups.
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Figure 7. Error in estimates of the nearest -neighbour distance (a) and surroundness (b)

decrease exponentially with increasing GPS coverage . (i-ii) Tracking data from two vulturine

guineafowl! groups (i: N = 11, blue; ii: N = 25, red) randomly subsampled to explore the effects of GPS

AT OROACA i1 AOOEI AOAO | /B glps BEohE re@esentiife mEddr&Al DI O
of estimates from the subsampled empirical data, with vertical bars showing thetlnd 34 quartiles

of errors. Curves represent the predicted median error of estimates from exponential models (Table

S1) fitted to simulated data matching the spatial extents and group sizes in empirical data. (iii) Curves

showing the exponential relationship between GPS coverage and error drawn from simulated data

with varying group sizes (Table S2).
4.2 Collective movement and decision -making

A typical characteristic of groupliving animals is the emergence of collective behaviours (Sumpter

2006). For instance, groups of fish engage in collective schooling behaviour to reduce predation risk

to any individual (Herbert-Read eta8 ¢mpxQh xEEI A COEZEAI 1T OO01I OO0OAO
T AOxT OEG xEAOA ET AEOEAOAI O 1 AAOT AAT OO AOGAEI AAIT A
neighbours (CortésAvizanda et al. 2014). Studying collective behaviours requires perhaps the

greatest observational effort (StrandburgPeshkin et al. 2015; Hughey et al. 2018), comprising high
spatiotemporal-resolution movement data (high sampling frequency) and high GPS coverage in

order to capture the transient sociespatial dynamics that producecollective outcomes. To date, most

studies have been conducted in senwild systems, such as homing pigeons (Pettit et al. 2013; Sankey

et al. 2021), where individuals can be easily recaptured to apply and remove GPS devices. However,

the limitations of sampling frequency can be overcome by focussing sampling effort to discrete
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periods to maximize the collection of simultaneous highiesolution data. For example, solapowered

GPS devices on vulturine guineafowl are given three days to recharge so thatdsVices have full

batteries to collect highresolution at the same time every fourth day (Box 1). Further, some
consequences of collective behaviour may be able to be studied using a subset of group members.

For example, how collective movements are affesd by social (e.g., group size, Papageorgiou & Farine

2020a) or environmental conditions (e.g., seasonal rainfall, Papageorgiou et al. 2021), and how
iTOET ¢ xEOEET A CcOI Obp AEEAAOO ET AEOEAOGAI 056 AAEAOF
& Crofoot 2021) or energetic (Klarevaslrby, Wikelski & Farine 2021) constraints on movements
(Klarevas-Irby, Wikelski & Farine 2021), could be estimated from the tracks of single individuals

when groups move cohesively.

5. BEHAVIORS AMONG GROUPS

Assessing khaviours at the group level can reveal integroup behavioural variability and the
influences that groups exert on each other. One prominent way in which groups vary is in their
movement characteristic® for instance, meerkat groups emerge from their burravs at different
times of day (Thornton, Samson & CluttoiBrock 2010), and vulturine guineafowl groups differ in
home range size and daily travel distance (Papageorgiou & Farine 2020a). At its simplest, in cohesive
COT OPO xEOE OOAAI A mdvenerd taO Ecreimated ok a Sityle GRBEKR
group member (Papageorgiou & Farine 2020a; Papageorgiou et al. 2021). This can, for example,
capture responses to intergroup encounters (Crofoot et al. 2008; Papageorgiou et al. 2019) or to
dispersing individuals (Alberts & Altmann 1995; Armansin et al. 2020; Klarevasrby, Wikelski &
Farine 2021). However, there is currently little guidance on how many GR&cked individuals are
required to accurately characterise some key grougevel properties. Metrics such as the precise
location of the group (e.g., for habitat selection of groups) or the level of spatial dispersion of group
members (e.g., as an indirect measure of risks) will be more precise when more individuals are
tracked. Further, studying behaiours such as intergroup interactions or association® which are
substantially rarer than within-group interactions (e.g., when only a small proportion of individuals

in each group infrequently interact or associate with others from different groups) will generally
require deploying more GPS devices per group (Box 1) and increasing GPS sampling duration. Here

we consider some of these measures for groups that maintain stable and cohesive membership.

5.1 Behavioural characteristics of groups
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Group location (i.e., the geometric centroid of all individuals) and spatial dispersion (i.e., the total
area covered by a group) are fundamental metrics characterizing grodpvel behavioural patterns.
Using both empirical and simulated data (Supplemental materials stéian 5), we find that estimating
the precise location of cohesive groups is relatively robust to low GPS coverage. In vulturine
COETAAAEI xih AO EAx AO Oxi OACCAA EI AEOEAOAI O AAIT
8a, i), which is small given that groups can travel several kilometres per day (Papageorgiou et al.
2021). For both simulated and empirical data, the relationship between GPS coverage and centroid
estimation error follows a negative exponential relationship (Fig. 8a). As suchnless high precision

is needed, the spatial location of groups can be sufficiently estimated with as few a8 tlevices per
group, regardless of group size. This is partly affected by group dispersion, with spatially more
dispersed groups requiring largersampling coverage than spatially more cohesive groups to achieve
the same precision (Supplemental Materials section 6). Further, we note that in more dispersed

groups, the group centroid is less likely to capture where any individual is likely to be.

Esti AOET C A CcOiI OP6O OPAOEAI AEOPAOOEIT frAs8csh OEA
all group members] requires the majority of the group to be marked, especially in smaller groups

(Fig. 8b, iiii)). Even with very high GPS coverage (e.g., >80%neasures often underestimated the
dispersion of the group by 20% or more. The more cohesive (i.e. less dispersed) a group, the more
sampling coverage is needed to achieve the same accuracy (Supplemental Materials section 6). The
relationship between GPScoverage and spatial dispersion error is well captured by a negative

exponential function (Fig. 8b).
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Figure 8. Error in estimates of group centroid (a) and spatial dispersion (b) in cohesive social

groups is affected by the proportion of individuals th  at are tracked. Panels (i) and (ii) show
estimates from two vulturine guineafowl! groups (i: N = 11, blue; ii: N = 25, red) and simulated data
randomly subsampled to explore the effects of GPS coverage on estimates of group position (i.e.,
centroid, a) anddispersion (i.e., the area of a MCP, b). Points represent the median error of estimates
from the subsampled empirical data, with vertical bars showing thestand 3¢ quartiles of errors.
Curves represent the predicted median error of estimates from expoméial models (Table S1) fitted

to simulated data matching the spatial extents and group sizes in empirical data. Panels (iii) showing
the exponential relationship between GPS coverage and error drawn from simulated data with

varying group sizes (Table S2).

5.2 Inter -group relationships

Groups influence each other through the dispersal of individuals (Alberts & Altmann 1995; Bond et
al. 2021), associations between groups (Qi et al. 2014; Papageorgiou et al. 2019; Henriquez et al.
2021), or agonistic interactions (Thompson et al. 2017; Dyble et al. 2019). Studying dispersal
requires deploying GPS devices to both dispersers and to the groups that these dispersers might
move between. In such cases, a single tagged resident individual in each group is likelyb&®
sufficiently informative if group membership is highly stable. Studying intergroup associations,
where membership is stable and groups are cohesive, follows the same principles as studying
associations among individuals (see 3.1), where the unit of fos (i.e., groups) can be meaningfully
represented by a single individual (if the scale over which groups are spread is small relative to the
space over which groups move). Finally, while studying agonistic interactions among groups broadly
follows the sameprinciples as studying interactions among individuals, there may be additional
challenges. Groups may detect each other over large distances and be more likely to passively avoid
interactions (e.g., through scent marking; Christensen et al. 2016), leavittge spatial scale at which
groups interact unclear. Further, not all individuals might contribute equally to intergroup
interactions (Gavrilets 2015), meaning that consideration should be put regarding who to deploy GPS

devices onto.

6. SOME STRATEGICANSIDERATIONS
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Besides the constraints outlined above, several other factors should be considered when deploying
GPS devices to study social behaviour. Below we list and discuss a few of these, and in Box 2 we
outline how we deployed GPS devices and prograned these to achieve the multiple aims of our

vulturine guineafowl project.

6.1 Redundancy

In most cases, studies should consider tracking extra individuals in each group beyond the minimum
required for the study design. For example, while the locationsf each cohesive social group might
be captured by a single group member, its GPS device could fail, fall off, or the individual could die.
Further, when using mixed GPS sampling strategies (see 6.3), having multiple individuals in each

group can maximisethe probability of at least one individual collecting higher resolution data.

6.2 Partitioning sampling effort in time

It can be useful to vary GPS sampling across time to focus data collection on certain time windows
over others. For example, diurnal gecies are largely inactive at night (Isbell et al. 2017; but see Loftus

et al. 2021), meaning that GPS devices are often switched off at night to conserve battery. It can also
be worthwhile to program devices to increase sampling frequency during periodshen animals are
more active (e.g., morning and/or evening), or decrease sampling frequency during seasons when
conditions are less optimal for data collection (e.g., during breeding seasons, Box 2). Some tags can
activate higher resolution sampling usingsensors that require less energy (e.g. accelerometers).
However, when partitioning data collection, it is worth considering whether partitioning sampling in

time could introduce biases or result in incorrect inferences (see, for example, section 3.1).

6.3 Mixed GPS sampling frequencies

The major trade-off is between sampling frequency and sampling duration. Even with solgrowered
GPS devices, the capacity to collect highsolution data across entire days is limited. In stable,
cohesive groups, a solutio to this is to use a mixture of sampling regimes having some individuals
deployed to prioritise shorter bursts of higher sampling frequencies and some individuals prioritised

to capture longterm sampling. With solarpowered devices, it is often possibleo programme
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devices to switch from lowg to high-resolution as the battery charges (Box 1). Such an approach can

allow devices deployed across a group to work in a collaborative way.

6.4 Supplementing GPS tracking with other observational data

A key limitation of GPS tracking data for inferring social behaviours is that researchers are blind to
the absence/presence of untracked individuals in close spatial proximity. GPS tracking studies can
therefore benefit from supplementary observational data (Smith &Pinter-Wollman 2021).
Behavioural patterns revealed by observational data can be the grourtduth to those inferred with
GPS tracking data and can be used to evaluate the extent to which data derived from a given
deployment of GPS sampling are able to ctype true behavioural patterns in animal societies.
However, integrating GPS and no&PS data into the same analysis introduces data compatibility

challenges, and approaches for harmonizing such datasets warrant further development.

6.5 Combining GPS datawith other sensors

Modern GPS tracking studies use additional sensors (Williams et al. 2020), such as accelerometers,
gyrometers (Marin 2020), heart rate monitors, or body temperature loggers (e.g., Linek et al. 2021).

Such data can substantially increasthe dimensions of information researchers can retrieve about

AT EI Al 06 AAEAOEI OO0 j AsC8h (AOAI R rdlaEdBGorszant O A |
improve data on trajectories by allowing tracks between GPS fixes to be reconstructed usingad

reckoning (Wensveen, Thomas & Miller 2015), while the fluctuations in eboard battery voltage of
solar-powered GPS devices could potentially be used to infer environmental conditions social

animals experience (e.g., whether an animal is under cover oot).

In social contexts, accompanying data from accelerometers can also be useful when inferring dyadic
social interactions such as intefindividual displacements (StrandburgPeshkin et al. 2015),
individual behavioural states (Chimienti et al. 2016), pbehavioural synchrony among individuals
(Strauss et al. 2021). For example, accelerometers can capture if two individuals are stationary or
not, thereby allowing their estimated distance to be more accurately calculated by averaging their
positions over consecutive fixes. Acceleration data could also potentially be used to infer social
behaviours, but a key challenge is the interpretation or classification of those behaviours, which

encompass large locomotor and behavioural diversity (ShamouBaranes et & 2012; Brown et al.
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2013). Automated analytical tools such as machine learning have been developed to identify
behavioural states (Fehlmann et al. 2017; Chakravarty et al. 2019) and could in theory be applied to
social behaviours, especially, if they plaout over longer periods (e.g., allgrooming or -preening)
and are characterised by some steretyped body movements. One challenge, however, is that many
social interactions are brief (e.g., displacements, greeting behaviours), executed in a varietyvafys
and can resemble norsocial behaviours (e.g. running from conspecifics versus from predators), thus
resulting in small or noisy datasets. The social context of pure accelerometéerived behaviours can
also be ambiguous, for example, two individualsaetected as moving simultaneously could be doing
so together or apart. Thus, higfresolution GPS data might, in turn, be important for inferring
whether behaviours are being expressed socially or not. More work is needed on developing

accelerometerbased mehods to help with studies of social behaviours.

The potential benefits of additional sensors also need to be weighed against some costs. For example,
additional sensors can increase battery consumption (albeit often a lot less than the GPS sensor
itself), and can substantially increase the cost of data storage, retrieval, and management, especially
in studies generating large volumes of data (Box 1). Furthermore, although some devices come with
multiple sensors onboard (e.g., combined GPS sensor and aeoaieter), others might require
integrating a separate device along with the GPS device. This can be physically challenging (e.g., in
small animals there may not be room for a second sensor or device, or exceed weight limits), and for
studies requiring synchronization between data streams, communication must be established

between the devices or sensors.

7. CONCLUDING REMARKS

GPS tracking is a powerful tool for studying social behaviour, but sampling design involves many
trade-offs. Drawing from previousstudies, and empirical and simulated data, we have discussed how
sampling coverage, sampling duration, and sampling frequency can be optimised to address different
research questions. For example, many social measuresf individuals within groups (e.g., satial
position) or of groups themselves (e.g., centroids) can be reliably estimated by tracking relatively
few group members. Other measures, such as social interactions among individuals, social processes,
or the spatial dispersion of groups, require moreéntensive sampling frequencies or greater coverage

of individuals. Further, estimations involving calculations of intefindividual distances need to

consider the persistent overestimation bias introduced by error in recorded GPS positions.
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In terms of overcoming the sampling frequencyduration trade-off, we caution against aiming to
sample at the highest frequency possible at the cost of sampling duration. We demonstrated how
balancing these can yield more accurate results when studying interactions. Aagl rule of thumb
may be to sample at a frequency that is slightly longer than the behaviour under study (Fig. 5), though
this warrants a more focused study addressing the generality of this finding. For other metrics, such

as associations, the design shddiconsider at what rate social behaviours might change over time.

Although our discussion here has focused on groups with stable group membership, some of our
findings may also apply in more open groups. However, open societies with fluctuating group
memberships and sizes present a different challenge for G#®3sed research, as the pool of
individuals from which to sample is often unpredictable. Our findings at the group level are likely to
be relevant when considered at the scale of whole populations, dithe framework we apply in this
paper to examine the robustness of GP$ased inference about social groups could be used to test,

and guide, the design of similar studies in open animal societies.
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Box 1. The GP$ased vulturine guineafow! project was etblished at Mpala Research Centre in
central Kenya in 2016 to study social dynamics within and across groups, at timescales spanning
from moment-by-moment movement to lifetime ranging. A pilot study on group membership of a
small number of colourbanded ndividuals and five GPSracked birds (15 g, solarpowered devices,
e-obs Digital Telemetry, Griinwald, Germany) showed that group compositions and sizes were highly
consistent. The pilot study also confirmed the advantages of using solpowered GPS devicgin an
equatorial savannah environment solar conditions there allow for consistent GPS sampling
throughout the year from 06:00 to 19:00. Subsequently, more solggowered GPS devices were
deployed to individuals both within and across groups. Specificallyye aimed to track one bird for
every ten group members, allowing us to distribute sampling effort across as many groups as possible
(eventually with a coverage of an entire population consisting of >20 groups). GPS sampling effort
was designed to prioritise simultaneous populationlevel behavioural patterns (see section 3.1), by

programming the devices to switch on for a 1&econd sampling window every 5 minutes (i.e., the

001 DOI AGETT OACEI Adh 4AAT A pqgs 41 OArindedtddadplel OACA

at high frequency (i.e., 1 Hz sampling for 15 minutes at a time) when battery charge was high. Every
bird in each group was also colowbanded to facilitate visual identification in the field, regardless of
whether they were GPS tagged or no Combining twiceweekly field observations of group
membership and size with our populationlevel GPS data shed light on the underlying patterns of
social associations among individuals (both within and across groups), revealing the multilevel social
structure of the whole population (Papageorgiou et al. 2019). Over time, continued measurements
further revealed how group size affects movement and ranging (Papageorgiou & Farine, 2020a) and

how groups use the landscape across seasons (Papageorgiou et a2130

Under the populationlevel sampling regime (Table 1), devices collect data at high sampling
frequency approximately 25% of the time, suggesting that it is feasible to collect extensive movement
data with high temporal resolution. However, variation n battery charge can lead to asynchrony in
high-resolution data collection across devices. To study withigroup social dynamics (e.g., how
groups make decisions), every bird in several focal groups were Gi#&cked and devices were
programmed to collect cita on the same day, every fourth day, spending the intervening days
recharging (except for one or two birds in each group with devices programmed with the population
OACEI A O OOAAE AAFAOGB OO QHEITAC 84 MAEEAD poledEAdiEnO OA O

synchronous, finetemporal-scale movement data of all individuals on each operating day (albeit
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potentially biasing observations to morning rather than evening behaviours). Such data have
supplemented observational data to infer how indiviluals respond to group decisions (Papageorgiou

& Farine 2020b), and to characterise other aspects of group behaviour, as in this study.

Field observations suggest that males are philopatric while females disperse (Klarevaby, Wikelski

& Farine 2021). Thus, devices were primarily deployed onto males for longerm data collection. As
some adult females bred, GPS devices were also deployed to these females for opportunities to find
nests and to study incubation behaviours. However, the batteries of deviceeployed on these
breeding females often struggled to maintain an adequate charge due to poor solar conditiens
incubating birds can stay under dense vegetation for up to 25 days at a time (Nyaguthii 2021). We
benefited from the ability to remotely programdevices reducing sampling frequency to one fix per
15 minutes ensured the capacity of batteries to cover the whole incubation period. To study dispersal
behaviours, subadult females were GP®acked (Klarevaslirby, Wikelski & Farine 2021). In this case,
new devices were deployed to ensure maximum battery power (sampling at high frequency covering
ca. 30% of the time in a day). Comparing finecale movements of dispersers with residents relied
heavily on the ability to have at least one device in each grosampling at high frequency at any time

(facilitated by having multiple tagged individuals per group).

Overall, the project has had as many as 129 simultaneously GiP&ked birds, and many challenges
have arisen in project maintenance and data managemerfor example, each device produces ca. 4
MB data that scales up to >500 MB data every t@ay across the whole population, requiring up to

4 h of downloading time every second day. This is in addition to extensive effort and time needed to
regularly chek and maintain deployed devices, and to recover devices when individuals are
predated. To partially address these challenges, the accelerometer sensors integrated into our
devices have been turned off, as the resulting data streams would prove infeasibérde for our
current download regime (but the devices can be rprogrammed for collecting acceleration data if

desired).
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Table 1. Overview of GPS sampling strategies for the vulturine guineafowl project.

Population Group Individual

1i 6 individuals per group, Individuals of interest

Sampling : . S . (e.g., subadult
coverage averaging 1nc]zlsr\rl]|gzr2er 10 group All individuals in a group females, incubating
females)
Sampling Prioritise long-term (lifetime of . FOCQSEd (eg.
. e Medium-term (seasonal) breeding season,
duration individuals) . ;
dispersal period)
Population regime (every day): High-res regime (every Specific regimes,
Highest battery charge: 1 Hz 4t day): €.g..:
Sampling Medium battery charge: 10 fixes 1 Hz from 06:00 until Dispersal: population
frequency every 51 minute battery depletes, and 2 regime
e birds per group following  Breeding: 1 fi
Low battery charge: 1 fix every 15t . . reeding: 1 Tix every
y migute y the population regime 15t minute
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Supplementary Material s

1. Practical considerations when studying animal societies using GPS tracking
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Figure S1. GPS deployment considerations in relation to behaviours of interest, the biology or

social system of focal species, and the properties of GPS devices, etc.
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2. Empirical and on -board estimations of GPS error

GPS tags often provide an ehoard estimation of error. To test how informative this measure is, we
compared it to the GPS error obtained from the field test of the 15gabs solar tags, where tags $e
torecord at 5, 10, 30- and 60-minute intervals recorded data for 8 consecutive days. While the error
estimation obtained from field testing was comparable to the oiboard GPS accuracy, the absolute

values differed substantially (Fig. S2).
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Figure S2.0n-board estimations of error associated with each fix holds minimal information.
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that while the error estimated by the tag correlates with the orboard GPSstimation of positional

error for that fix, the correlation is low, making the onrboard information mostly uninformative (note

the log-log scale).
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3. Theoretical predictions for dyadic distances

To demonstrate the effect of GPS accuracy (i.e. errors in thetimated position of each fix), we
generated two paired sets of X, Y coordinates with their mean at a set distance but with error
(standard deviation of a Gaussian distribution). We then calculated the proportion of pairwise
detections that were within the true distance as a function of the position of the observe points (Fig.
S3a). Repeating this process across a range of true distances and tag errors shows that the estimated
mean distance will be consistently larger than the true distance, but vary acabng to tag error and

true distance (Fig. S&).
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Figure S3. Relationship between tag error and estimation of inter -individual distances. (a)
Two individuals that are positioned a fixed distance apart (represented by two white dots) with tag
error (distr ibuting points according to the white circles) will have a greater proportion of their
simultaneous detections separated by a greater distance than their true distance, as demonstrated
by the bias in positive detections (within or equal to the true distane) in the direction of the other
individual. (b) The resulting over-estimation in inter-individual distance increases as a function of

tag error, but decreases as a function of the true distance between individuals.
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4. Removing GPS precision confirms the pre dicted relationship between the over -estimate in

inter -tag distance and the true distance

To confirm that the deviation in the relationship between the inteftag distance and true distance in
the empirical data is due to GPS precision (the correlation inrmrs between tags), we randomised
the timestamps in the data used to create Fig. 4. This effectively removes GPS precision (betwagn
similarity in errors, or error in relative space), but keeps GPS accuracy (the error for each unique fix
in true space) This analysis confirms the theoretical relationship, and therefore that withiriag

inaccuracy may not have as much of an impact on estimates of intiag distances, especially at closer

distances.
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Figure S4. Relationship between over -estimate in inter -tag distance and true inter -tag

distance when removing GPS precision. (a) GPSbased distance calculations consistently over

estimated the true tag distance, and when GPS precision is removed the relationship matches the
theoretical prediction (dashedlinel8 j AqQ ( AECEO AAT OA coi 01T A AT A OAC
GPS accuracy error also matches the theoretical prediction when removing GPS precision. (c) Canopy

causes a constant oveestimation that deviate from the predicted relationship at larger tue

distances.
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5. Estimating true association rates

Imagine that a researcher is interested in capturing the proportion of time that two individuals are
within a given meaningful distance (e.g. to detect physical contact or grooming interactions, which
we cal a biological threshold). As a consequence of the ovestimation in distance (Fig. S5), there
will be an increase rate of false negatives (true distance is within the biological threshold but the
detection is not) as the true distance approaches the bimgical threshold (Fig. S&). This would
persistently under-estimate the proportion of time individuals spend within the biological threshold,

i.e. their association strengths. Because the relationship between true and inferred intardividual
distance isrelatively predictable, it may be meaningful to increase the acceptance threshold for
associations. Doing so accepts some false positives (true distance greater than the biological
threshold but the detection is not), but can do so at a rate that matchdise false negatives (Fig. S5
b), thereby balancing these rates so that across true distances, the association rate stays
constant. This alternative threshold would vary according to both the desired biological threshold

and the tag error(Fig. S5c).
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Figure S5. Estimating social connections from GPS-based inter -individual distances is prone

to error, and the detection threshold required for accurate estimates of association rates may

be larger than the distance estimated for biologically meaningful detect ions. (a) The rate of
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distance and tag error, when a detection threshold is set at exactly the biological threshold (here 2
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when X > 2) when the detection threshold is set above the biological threshold (here 2.8 m). (c)
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Example of an adjusted detection thresholds for each given combination of biological #sholds and
tag errors, illustrated for an optimal threshold is defined as the detection threshold where the
probability of a false negative is equal to the probability of a false positive at or just above the

biological threshold, respectively.
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6. Supplementary methods for empirical data collection and simulations

Our empirical data is drawn from two social groups of vulturine guineafowl (N = 11 and N = 25) in
which all members were simultaneously tracked. Each bird in each group was fit with arodbs 159
solar GPS tag set to collect one point every second (1Hz) on every fourth day (see Box 1 in the main
texts). For the analyses in section 3.3, we selected the first three days of whgl®up GPS tracking,

which we subsampled as described in the main text.

For the analyses in sections 4 and 5, we randomly selected 100 timestamps from the tracking data,
spanning several months, from each group. At each time stamp, the data were subsampled by
randomly removing group members [producing subgroups of sizes 1 to (N1)], with each level of
sub-sampling repeated 10 times (i.e., producing 10 combinations of subsampled individuals for each

time stamp). We then extracted four spatial measures describing individual positions and group
properties: the distance from some foal individual to its nearest neighbour (a common measure of

01 AEAT AOOT AEAOETI T qh OEA OPAOEAI AAT OOAI EOU 1T £ A
or 1z CV, where CV is the circular variance of the vectors pointing to the focal indiuval; for CV see

Christman & Lewis 2005 inAnimal Behaviour70-1, pp. 7382), the spatial position of the entire group

i OEA CAT i AOOEA AAT OOT EA T &£ Ail OAiI b1 AA ET AEOGEAOAI
[represented by the area of the mininal convex polygon (MCP) containing all sampled individuals].

The effectofsubOAT P1T ET C 11T AAAE 1 AAOGOOA xAO NOAT OEZEZEAA AO
AAOEOAA EOI I OEA &EOI1T cOi Obp AAOA AT A OEA as AGAOOA

only. For nearestneighbour distance and centroid, the error was defined as the poinib-point
distance from the true position (of the spatiallynearest neighbour or the original centroid,
respectively) to the observed position (of the nearest remainig neighbour or the new centroid).
Error in surroundedness was defined as the difference between the true and observed circular
variance for some focal individual included in the subsampled group. Error in group spread was

defined as the difference in the geas of the MPCs between the subsampled and original group.

We then simulated data to confirm the relationships between GPS coverage and error. First, for each
time stamp in the empirical data, we simulated empirically derived groups (N =11 and N = 25)here
OEi O1l AOAA ET AEOEAOAI 66 8 AT A 9 AT T OAET AOAO xAOA A

rectangles outlined by each empirical snapshot. We simulated 100 empirically derived group
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observations to match each time stamp in the empirical datand subsampled and measured these

following the same procedure as empirical groups.

To examine the general effects of GPS coverage on the accuracy of individaald group-level
behavioural estimates, we complemented our empirical dataset and empiricalipformed
simulations with purely simulated groups varying in size from 10 to 300. Here, X and Y coordinates
were drawn from uniform distributions between 0 and 1. We simulated 100 group observations for
each group size, which were subsampled and measuredlfaving the same procedure as empirical

groups.
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7. Effects of group spatial dispersion on estimates of individual - and group -level behaviours

We examined the effects of group spatial dispersion on the accuracy of the estimates of both the
individual -level and group-level behaviours. We simulated the spatial positions (i.e., X and Y
coordinates) of individuals in three groups (N = 10, N = 50 and N = 100) with varying levels of spatial
dispersion? which is characterized by the standard deviations (sd) of the nanal distributions of the
coordinates nested within the interval 0.5, 0.5] with 0 as their mean (i.e., a larger sd characterizes
a spatially less cohesive group, and vice versa). From the whole dataset, we then subsampled
individuals to investigate how tag coverage affects error estimates. In general, we found that the
more the individuals in a group are spatially dispersed, the larger the error will be when estimating
individual -level and grouplevel behaviours using a subsample of the group. The exceptito this are
OEA AOOEI AGAO 1T &£ ET AEOEAOAI 66 0OO0OO0O1 O1T AAAT AOOh xEE
dispersion. The effects of group spatial dispersion on the error of behavioural estimates also decrease
with group size, and such effects arerfite? after reaching a threshold level of spatial dispersion, the

error of subsampling tends to converge, no matter how spatially dispersed groups of a given size are.
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Figure S6. Effects of group spatial dispersion on estimates of (a, b) individual -and (c, d) group -
level behaviours. Simulations were run for three group sizes (N = 10, N = 50 and N = 100) and
varying levels of spatial dispersion (colours). Spatial dispersion was characterized by the standard
deviations of the normal distributions (between-0.5 and 0.5 with 0 as their mean) from which
ET AEOEAQOAI 08 (©and ® Eohrtinates) WieFe @awnifdd behavioural estimates. Circles
represent the median error of behavioural estimates from 100 replications in the simulations, while

vertical bars mark the Itand 3d quartiles of errors.
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8. Parameter estimates of the exp onential model fitted to the empirical and simulated data

Table S1. Fit of exponential models to empirical data. The median error values of each of the four

behavioural metrics were fitted to the exponential modelQw

| Q

—-wherewis the proportion

of individuals in a given subsample of two simulated groups of size N, whose size and spatial

distributions were modelled after two groups of Vulturine guineafowl (N = 11 and N = 25; see

simulation and subsampling methods above). Estimated values ¢f,1 ,—from modelling fitting are

given for each group size and metric.

Metrics Group size ) A P

Error in nearest- 2=1 27.950 -8.318 -0.073
neighbour

distance 2 25 12.117 -11.232 0.042
Errorin =1 0.718 -5.568 0.038
surroundedness 2=25 0.578 -8.005 0.038
Error in centroid 2=1 7.916 -4.422 0.770
position 2=25 5.925 -5.611 0.591
Difference in 2=1 265.266 -2.464 -26.132
group MCP area 2=25 213.049 -3.415 -7.152
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Table S2. Fit of empirical mod els to simulated data. The median error values of each of the four
behavioural metrics were fitted to the exponential modelQw | Q —wherewis the proportion
of tracked individuals in a given subsample of a simulated group of size N (iX0, 25, 50, 100, 150,
300; see simulation and subsampling methods above). Estimated values gf , —from modelling

fitting are given for each group size and metric.

Metrics Group size ) by P
2=10 1.225 -6.681 -0.010
2=25 0.692 -7.756 -0.002
Error in nearest- ?2=50 0.577 -10.649 0.005
neighbour distance 2=100 0.466 -13.718 0.006
2=150 0.425 -16.507 0.007
?2=300 0.361 -23.227 0.007
2=10 0.812 -5.560 0.035
2=25 0.469 -7.310 0.033
Erfrorin ?2=50 0.415 -11.297 0.029
surroundedness 2=100 0.325 -15.344 0.023
?2=150 0.307 -19.825 0.021
2=300 0.270 -30.403 0.016
2=10 0.467 -4.303 0.044
?2=25 0.407 -6.998 0.042
Error in centroid =50 0.362 -9.753 0.035
position 2=100 0.312 -13.55 0.028
2=150 0.293 -17.162 0.025
?2=300 0.251 -23.252 0.019
2=10 0.974 -1.179 -0.324
=25 0.908 -2.831 -0.057
2=50 0.903 -4.361 0.002

Overlap of group MCP

2=100 0.866 -6.402 0.022
?2=150 0.844 -8.070 0.025
2=300 0.782 -11.993 0.026
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