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Abstract 

Movement is a fundamental component of life, yet understanding the drivers of animal 

movement remains a key challenge in ecology. Over the last decade, technological 

advancements have enabled the tracking of animal movements at unprecedented rates, leading 

to the need for “big data” methods capable of addressing critical ecological questions. Such 

methods are common in statistical physics, but they are generally inaccessible to ecologists. In 

my thesis, I assist with bridging this gap by developing an R package, PhysMove, that includes 

ten statistical physics-based methods for quantifying animal movement in an ecological setting. 

I then demonstrate how ecologists can use these methods to help identify species’ movement 

strategies and physiological drivers. To achieve this, I used the PhysMove methods to analyse 

data from 96 satellite tags on bull (Carcharhinus leucas), great hammerhead (Sphyrna 

mokarran), and tiger sharks (Galeocerdo cuvier), three ecologically important species in the 

northwest Atlantic Ocean. I determined that each species followed a unique movement strategy 

that may help support their coexistence: bull sharks displayed resident movements indicative 

of localised high resource ability, great hammerheads showed a mixed-movement strategy 

indicative of variations in prey fields or dietary preference, and tiger sharks displayed near-

random movements. The latter result was unsurprising because tiger shark movements are 

notoriously unpredictable. To better understand what drives tiger shark movement, I 

determined the relative influence of 50 physiological biomarkers on two key movement metrics 

obtained with PhysMove (dispersion and scale of movement) by analysing up to 75 tiger shark 

tracks over multiple temporal periods. Biomarkers for diet, metabolism, and stored energy had 

the largest influence on movement, while biomarkers for health and reproduction were less 

influential. Overall, my thesis helps facilitate the use of statistical physics methods by 

ecologists and provides key insights into the drivers of shark movement, which can be 

replicated for any other species. 
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Chapter 1: General introduction 

 

Movement, defined as a change in the spatial location of an organism, is a fundamental 

component of life (Nathan et al., 2008). Animal movement is responsible for transporting 

nutrients and biomass throughout ecosystems, which shapes patterns of biodiversity and 

abundance, thus determining the structure and dynamics of populations and ecosystems 

(Hussey et al., 2015; Kays, Crofoot, Jetz, & Wikelski, 2015). Understanding the drivers, 

patterns, and consequences of movement is central to conservation management (Hays et al., 

2016; Nathan et al., 2008) and has been a key ecological focus for many years.  

 

The history of tracking animals dates to prehistoric times (Epp, 1988), but the field of 

movement ecology has been rapidly advancing since the development of biotelemetry 

technologies (Thums et al., 2018), such as radio transmitters in the 1950s (Cochran & Lord, 

1963). Nowadays, advances in technology have led to a vast assortment of biotelemetry, 

biologging, and hybrid devices to evaluate the behaviour, space-use, physiology, and energetics 

of free-roaming animals (Cooke, 2008). In addition, collaborative research efforts (e.g., 

https://megamove.org) are enabling the collation of large-scale datasets that allow for robust 

analysis at large spatial scales and can assist with answering increasingly complex questions 

about animal movement. 

 

Ecologists have traditionally focused on describing patterns of animal space-use (Kays et al., 

2015), likely because documenting when and where animals move, including their home range 

sizes and habitat use areas, are ecologically important questions appropriate for smaller sample 

sizes (Sequeira et al., 2019b). Increasing the sample sizes of telemetry datasets enables a shift 

in focus to “big data” questions and approaches that aim to determine how and why animals 

move and identify movement drivers across taxa (Hays et al., 2016; Rodríguez et al., 2017; 

Sequeira et al., 2018; Thums et al., 2018). Furthermore, cross-disciplinary approaches can be 

used to analyse data and evaluate unexploited theories (Giuggioli & Bartumeus, 2010; Hays et 

al., 2016; Sutherland et al., 2013). For example, a large dataset of southern elephant seal 

(Mirounga leonina) movements analysed with statistical physics-based methods provided 

evidence for intrinsic movement drivers, such as memory (Rodríguez et al., 2017). Enhancing 

collaborations between traditionally independent disciplines, such as ecology and physics, will 

support the advancement of movement ecology research (Nathan et al., 2022). 
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Statistical physics methods for describing movement originated with studies of pollen and 

particle movement (Brown, 1828; Einstein, 1905). A key characteristic of these methods is that 

they do not require a priori assumptions about movement behaviour, making them valuable for 

identifying inter- and intraspecific movement patterns and search strategies (Bartumeus, Da 

Luz, Viswanathan, & Catalan, 2005; Humphries et al., 2010; Rodríguez et al., 2017; Sims et 

al., 2008). However, a downside of statistical physics methods, particularly those designed for 

“big data”, is that they can involve challenging statistical analyses (Nathan et al., 2022). These 

types of math are typically beyond the training usually provided to ecologists, hindering their 

use in ecology. Despite this, cross-disciplinary collaborations have enabled the application of 

these methods in ecological studies focused on territory formation (Giuggioli, Potts, & Harris, 

2011; Potts, Harris, & Giuggioli, 2012), schooling (Jiang et al., 2017) and foraging behaviours 

(Bartumeus et al., 2010), and the documentation of marine megafauna movements on a global 

scale (Rodríguez et al., 2017; Sequeira et al., 2018), demonstrating their value for ecological 

studies. 

 

Migratory marine megafauna, defined as large marine vertebrate species that undergo long-

distance migrations, are the focus of many telemetry studies because they are ecologically and 

economically important species that interact with a wide range of anthropogenic threats (Estes, 

Heithaus, McCauley, Rasher, & Worm, 2016; Hussey et al., 2015). Managing populations of 

migratory marine megafauna is complex because their movements are obscured by the vastness 

and complexity of their underwater habitats, and they can move beyond national jurisdictions 

(Hussey et al., 2015; Lascelles et al., 2014). Fortunately, telemetry technology can provide 

new insights into the movement patterns of marine animals, which in turn can better inform 

management efforts (Hussey et al., 2015). 

 

Among marine megafauna, sharks are some of the most threatened species (Pacoureau et al., 

2021; Pimiento et al., 2020), and one-third of all shark and ray species are currently threatened 

with extinction due to overfishing (Dulvy et al., 2021). Understanding how and why sharks 

move is key to reducing anthropogenic threats, such as overfishing and climate change (e.g., 

Hammerschlag et al., 2022; Queiroz et al., 2019) and designing effective marine protected 

areas (e.g., Espinoza, Cappo, Heupel, Tobin, & Simpfendorfer, 2014). Methods derived from 

statistical physics can be used to analyse shark movement patterns and identify important 

movement drivers. For example, statistical physics-based methods have been used to describe 

how prey availability influences shark movement (Humphries et al., 2010; Sims, Humphries, 



 

3 

Bradford, & Bruce, 2012). Despite their inherent value, these methods have not yet been used 

to comprehensively describe shark movement strategies, which could provide valuable insights 

into movement drivers and how their movements impact ecosystems. 

 

Movement is a function of multiple external and internal (e.g., physiological) factors 

(Goossens, Wybouw, Van Leeuwen, & Bonte, 2020; Nathan et al., 2008). While substantial 

research has investigated external drivers of shark movement, such as environmental 

conditions (Schlaff, Heupel, & Simpfendorfer, 2014), studies investigating how internal 

factors, such as stored energy or reproductive status, influence shark movement are rare. 

Understanding how shark physiology influences movement can help us understand why sharks 

move. The influence of physiology on movement has not yet been documented for free-

roaming sharks, but it could provide important insights into movement drivers of these apex 

predators that influence populations and ecosystem dynamics. 

 

1.1 Thesis Aims 

The overall aim of this thesis is two-fold: to further facilitate the use of statistical physics 

methods for quantifying animal movement in ecology and demonstrate the applicability of 

these methods in ecological studies by identifying shark movement strategies and drivers. To 

address these aims, I:  

  

1) Develop an R package focusing on key statistical physics methods for quantifying 

movement to improve the accessibility of these methods for use by ecologists. 

 

2) Identify movement patterns and search strategies employed by sympatric apex sharks 

using statistical physics methods. 

 

3) Demonstrate how movement patterns identified with statistical physics methods can be 

analysed with physiological variables to identify drivers of shark movement.  

 

My thesis starts with a literature review chapter reviewing the history of animal tracking, 

methods for analysing tracking data, and drivers of marine megafauna movement, followed by 

three research chapters that address each of the topics above, and then concludes with a final 
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discussion chapter summarising the advances I made with my PhD research and highlighting 

their meaning.  

 

1.2 Thesis Outline 

After this Introduction, in Chapter 2, I review scientific literature focusing on the history of 

animal tracking, methods for analysing telemetry data, and drivers of shark movement. I 

explain that the field of animal telemetry is rapidly advancing, and as telemetry datasets grow, 

fundamental ecological questions can begin to be addressed, such as how and why animals 

move. Furthermore, I highlight how statistical physics-based methods for quantifying 

movement can be useful for analysing telemetry data and comprehensively describing how 

animals move. I conclude by indicating how these methods can assist with identifying shark 

movement drivers and lead to novel insights into why sharks follow different movement 

strategies.  

 

Statistical physics-based methods can provide diverse answers to various ecological questions 

relating to movement; however, they remain under-used in ecology. In Chapter 3, I present an 

R package I developed called “PhysMove” that includes ten methods for quantifying species’ 

movements, search strategies, space-use patterns, and intraspecific movement metrics using 

telemetry data. This package will facilitate the use of statistical physics-based methods by 

ecologists because the functions are user-friendly (e.g., most functions only require users to 

input their telemetry data), written for software broadly used in the field of ecology, and they 

can accommodate telemetry data from a wide range of terrestrial and aquatic species. 

Furthermore, I include a step-by-step tutorial including all the information needed to 

understand these methods, use each function, and interpret the results.  

 

In Chapters 4 and 5, I demonstrate how statistical physics-based methods can be used to 

determine how and why sharks move. First, in Chapter 4, I demonstrate how the ten statistical 

physics methods included in PhysMove can be used to comprehensively describe how sharks 

move and identify their movement strategies. For this, I used data from 96 satellite-tagged tiger 

(Galeocerdo cuvier), great hammerhead (Sphyrna mokarran), and bull sharks (Carcharhinus 

leucas), which are sympatric within the northwest Atlantic Ocean. However, the movement 

patterns that enable their coexistence are not well understood. Here, I investigate the inter- and 

intraspecific movement patterns of these species using statistical physics methods and 
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contextualise the results from an ecological perspective, focusing on how their movements may 

influence ecosystem dynamics. Then, in Chapter 5, I build on the tiger shark movements 

identified in Chapter 4, identifying physiological factors that may influence why tiger sharks 

follow these movement patterns. To accomplish this, I use boosted regression trees to examine 

the relative influence of 50 physiological biomarkers on the movement patterns of up to 75 

satellite-tagged tiger sharks in the northwest Atlantic Ocean. My results identify key 

biomarkers that influence tiger shark movement, with implications for the ecology and 

conservation of the species. Furthermore, my results help direct future studies of shark research 

by suggesting a subset of key variables that likely influence shark movement behaviours. 

 

Finally, Chapter 6 summarises and compiles the outputs from my thesis. I describe how I have 

helped make statistical physics methods more accessible to ecologists by creating a 

comprehensive, freely available, and ready-to-use tool. Furthermore, I discuss the scientific 

advances I made through my PhD thesis and how cross-disciplinary approaches for analysing 

animal movement can benefit ecological studies and advance conservation initiatives. By 

demonstrating how statistical physics methods can provide insights into how and why species 

move and by making these methods more accessible to ecologists, I hope to inspire the use of 

cross-disciplinary approaches in future ecological studies of animal movement.  
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Chapter 2: Literature review - biologging and analytical 

techniques 

 

2.1 Introduction 

Movement is a fundamental component of life, intimately associated with ecological and 

evolutionary processes across spatial and temporal scales (Hussey et al., 2015; Kays et al., 

2015; Nathan et al., 2008; Williams et al., 2020). Understanding animal movement can help 

provide critical ecological insights into species’ migrations and habitat preferences (e.g., 

Chapman, Feldheim, Papastamatiou, & Hueter, 2015; McKinnon & Love, 2018), behaviour 

states (Jonsen, Flemming, & Myers, 2005), physiology (Goossens et al., 2020), physical 

movement drivers (Schlaff et al., 2014), predator-prey dynamics (e.g., Breed et al., 2017; 

Busdieker, Patrick, Trevail, & Descamps, 2020), nutrient flows in ecosystems (Roman et al., 

2014), and even individual personalities (Bailey et al., 2021; Spiegel, Leu, Bull, & Sih, 2017). 

Many of these factors are important for informing evidence-based conservation management 

(Bastille-Rousseau, Wall, Douglas-Hamilton, & Wittemyer, 2018b; Cooke, 2008; Hays et al., 

2019; Katzner & Arlettaz, 2020; Queiroz et al., 2016), crucially needed to understand the 

impacts anthropogenic pressures are having on species worldwide (Croxall et al., 2012; 

Halpern et al., 2015; O’Hara, Frazier, & Halpern, 2021; Reid et al., 2019; Ripple et al., 2015; 

Sequeira et al., 2019a).  

 

2.2 A brief history of animal tracking  

Humans have been fascinated by animals since prehistoric times. The movement patterns of 

large, terrestrial animals, such as bison, played an important role in structuring human 

communities because they were an important food source, and their movements indicated 

changing seasons (Epp, 1988). Scientific studies of animal movement have been ongoing since 

the late 1800s, when researchers began using ring-bands to study the migration, feeding, 

development, and egg incubation patterns of birds, such as the Manx shearwater (Puffinus 

puffinus) and brown thrasher (Toxostoma rufum) (Bairlein, 2001; Baldwin, 1919; Lockley, 

1939; Preuss, 2001) (Figure 2.1 A). This method records occurrences rather than continuous 

movements and is most appropriate for easily resighted species, for example, returning to a 

visible nesting site.  
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Figure 2.1 Historical photographs of a bird ring-band, radio receiver, and the first satellite tag 

used to track animal movement. A) Brown thrasher (Toxostoma rufum) with a banded leg in 

the 1910s (Baldwin, 1919; Benson, 2018); B) Mobile radio tracking unit from the 1960s in a 

car (Cochran & Lord, 1963); C) Female elk wearing an electric collar containing the first 

satellite tag (Craighead, Craighead, Cote, & Buechner, 1972).  

 

Continuous tracking of animal movement began in the mid to late 1950s with the development 

of biotelemetry techniques, such as ratio telemetry (Hockersmith & Beeman, 2012; Slater, 

1965). Radio telemetry, or very high frequency (VHF) telemetry, works by attaching a radio 

transmitter to an animal and tracking the transmitter’s radio waves with a hand-held or 

stationary antenna (Kenward, 2001) (Figure 2.1 B). VHF telemetry enabled researchers to 

study the movements of species such as woodchucks, deer, wolves, rabbits, and freshwater fish 

in their natural environments (Cochran & Lord, 1963; Cochran, Warner, Tester, & Kuechle, 

1965; Fritts & Caywood, 1980; Hockersmith & Beeman, 2012; LeMunyan, White, Nyberg, & 

Christian, 1959). However, a gap remained in studying marine species because radio waves do 

not propagate well in systems with high conductivity (Lonsdale & Baxter, 1968; Stasko & 

Pincock, 1977).  

 

While studies of terrestrial animals focused on developing radio telemetry, aquatic biologists 

were repurposing sonar technology from World War I to create acoustic telemetry devices 

because sound waves propagate more effectively in saltwater than radio waves (Lonsdale & 

Baxter, 1968; Winter, 1996). Acoustic telemetry works similarly to VHF, except when the 

tagged animal moves within range of a receiver that is either moored to a fixed location or 

attached to a mobile vessel, such as a ship, the receiver records the animal’s presence (Hussey 

et al., 2015). The first acoustic telemetry studies on fish investigated how adult chinook 

(Oncorhynchus tshawytscha) and coho salmon (Oncorhynchus kisutch) behave around river 

dams (Trefethen, 1956; Trefethen, Dudley, & Smith, 1957). These early studies were ground-

(C) 

 
(A) (B)

 

 

 
 

 



 

9 

breaking for aquatic biology because by recording the presence of individuals at different 

receivers, movements can be inferred, allowing for the automatic tracking of aquatic animals 

as long as the animals moved within proximity of the acoustic receivers. These early studies 

provided valuable insights into the migratory and reproductive strategies of fish (e.g., Trefethen 

& Sutherland, 1968), and acoustic telemetry has developed immensely ever since, continuing 

to be an important telemetry tool today (Donaldson et al., 2014) (Figure 2.2 B). However, 

acoustic telemetry cannot provide information about where animals go when they are outside 

of the receivers’ detection range.  

 

While satellite telemetry was initially developed for meteorological and oceanographic 

applications, it has revolutionised the field of movement ecology. Satellite telemetry enables 

the continuous collection of movement data (Hussey et al., 2015; Kays et al., 2015) and 

supports the study of species that inhabit remote areas where it is impractical to use acoustic 

receivers, such as pelagic waters or the Arctic (Buechner, Craighead, Craighead, & Cote, 

1971). For instance, satellite telemetry has been used to determine critical habitats and foraging 

patterns of southern elephant seals (Mirounga leonina) in the Southern Ocean, a region well-

known for its arduous environmental conditions (Hindell et al., 2016; Rodríguez et al., 2017). 

The basic premise for satellite telemetry is that animal-borne transmitters communicate with 

satellites that record the animal’s location, but the process varies with different satellite systems 

and transmitters. The first transmitters, which worked with the NIMBUS satellites, were very 

large and heavy because they were designed to be attached to large platforms, buoys, or ships 

(Hockersmith & Beeman, 2012). As a result, the first satellite-based animal tracking studies 

were focused on large mammals, such as elk and polar bears, that could carry the weight of the 

transmitters (e.g., the first animal-borne satellite transmitters weighed 11.3 kg; Craighead et 

al., 1972; Koltz, Lentfer, & Fallek, 1978; Schweinsburg & Lee, 1982) (Figure 2.1 C).  

 

In 1978, French and USA governmental agencies collaborated to create the Advanced Research 

and Global Observation Satellite (Argos) system (Hockersmith & Beeman, 2012), which 

inspired the miniaturisation of satellite transmitters and enabled the tracking of bird, turtle, fish, 

and marine mammal species (e.g., Priede, 1984; Stewart, Leatherwood, Yochem, & 

Heidejorgensen, 1989; Stoneburner, 1982). Argos remained the primary satellite tag network 

until 2000 when the United States Department of Defense gave civilians access to un-degraded 

global positioning system (GPS) signals (Kays et al., 2015). GPS has been described as 

“perhaps the most revolutionary advance in obtaining animal locations” because the system is 
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highly accurate, repeatable, has 24-hour coverage, accurate timestamps, and positions can be 

obtained in bad weather (Tomkiewicz, Fuller, Kie, & Bates, 2010 and references therein).  

 

Nowadays, telemetry technology includes a range of biotelemetry and biologging devices that 

can track animals while simultaneously recording environmental conditions, body movements, 

and what an animal sees (Cooke, 2008) (e.g., Figure 2.2), providing answers to diverse research 

questions spanning scientific disciplines (Payne, Taylor, Watanabe, & Semmens, 2014; 

Whitney, Lear, Gleiss, Payne, & White, 2018). For example, PSAT (pop-up satellite archival) 

tags equipped with CTD (conductivity, temperature, and depth) sensors can simultaneously 

record horizontal and vertical movements in the marine environment while collecting 

environmental data. This tag configuration enables precise descriptions of how abiotic factors 

vary with movement (Andrzejaczek, Gleiss, Pattiaratchi, & Meekan, 2019b; Harcourt et al., 

2019) and describes abiotic conditions in regions that are difficult for humans to access (e.g., 

Fedak, 2013). Alternatively, animal-borne-video tags and biologging devices, such as 

accelerometers, which measure motion acceleration, can describe the fine-scale movement 

behaviour of aquatic and terrestrial animals by recording what animals see and how they 

respond (Andrzejaczek et al., 2019a; Gerencsér, Vásárhelyi, Nagy, Vicsek, & Miklósi, 2013; 

Jewell et al., 2019). While these multifaceted tags provide valuable insights into species 

movement patterns, their use is currently limited by cost, battery life, and ability to relay 

information; we expect that with further technological advancements, multifaceted tags will 

become standard in telemetry studies.  

 

As the quality and quantity of telemetry data increase, collaborative data initiatives such as 

MegaMove (www.megamove.org), Birdlife International (http://www.birdlife.org/), and the 

Ocean Tracking Network (https://oceantrackingnetwork.org), have been developed to describe 

universal patterns of movement, collective behaviours, and ecosystem threats at global scales 

(e.g., Block et al., 2011; Comte et al., 2021; Sequeira et al., 2018). These studies have provided 

crucial insights into critical habitats, migration pathways, and behaviours of animals at large 

scales. Considering that satellite telemetry only began in the 1970s, these regional and global 

scale studies are an incredible achievement and demonstrate the vast potential for telemetry 

technology to aid in global conservation and management efforts. 
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However, methods capable of addressing some of these important questions are currently 

underutilized in ecology (e.g., Joo et al., 2020).  

 

While movement is a core concept in ecology, the science of movement is universal, spanning 

scientific disciplines since the 1800s. The first movement study occurred in 1827 after botanist 

Robert Brown observed the irregular motion of pollen particles (Brown, 1828). Renowned 

physicist Albert Einstein later quantified patterns of continuous random motion while 

developing his theory of Brownian motion after namesake Robert Brown (Codling, Plank, & 

Benhamou, 2008; Einstein, 1905). Soon after, mathematicians Karl Pearson (1905) and Lord 

Rayleigh (1905) began describing random walks, which are stochastic processes where the 

location of a random walker varies with time according to probabilistic rules (Berg, 1983; 

James, Plank, & Edwards, 2011). Nowadays, statistical physics-based methods for modelling 

movement and diffusion play an integral role in physics, medicine, economics, and biology. 

For example, these methods have been used to characterise the laws governing human 

movement at national scales (Brockmann, Hufnagel, & Geisel, 2006; González, Hidalgo, & 

Barabási, 2008), the spread of biological and wireless epidemics (Eubank et al., 2004; 

Kleinberg, 2007), economic time series analysis (Nelson & Plosser, 1982), and even the search 

processes used by animals, plants, and cells (Bartumeus et al., 2005; Bénichou, Loverdo, 

Moreau, & Voituriez, 2011; Codling et al., 2008; Turchin, 1998; Viswanathan, da Luz, Raposo, 

& Stanley, 2011). These studies demonstrate the considerable potential for applying statistical 

physics-based methods and theories to a wide range of movement-related research questions.  

 

Random walks are a classic example of how methods originating from physics and 

mathematics can have important applications in ecological and biological studies of animal 

movement (e.g., Benhamou & Bovet, 1992; Bovet & Benhamou, 1988; Codling et al., 2008; 

Giuggioli et al., 2011; Potts et al., 2012; Turchin, 1998). Random walks are generally described 

by two conditions, correlations and biases. An uncorrelated random walk occurs when the 

direction of movement is independent of previous directions, and the location of a step is 

dependent only on the previous step (Codling et al., 2008). In an unbiased random walk, there 

is no preferred direction (i.e., the direction is random). Uncorrelated and unbiased random 

walks essentially describe Brownian motion, assuming movement is allowed in any direction 

(Codling et al., 2008). Because animals tend to move forwards, their movements are generally 

described with correlated random walks, which involve correlations between successive steps 

and generally result in a local directional bias where each step typically points in the same 
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direction as the previous (Benhamou, 2006; Codling et al., 2008; Patlak, 1953; Turchin, 1998). 

However, the influence of the initial direction diminishes in the long term and over time steps 

become uniformly distributed (Benhamou, 2006). Animal movement can also be described by 

biased and correlated random walks, which occur when paths contain a consistent directional 

bias and successive steps are correlated (Codling et al., 2008). Random walks involving 

correlations or biases are generally referred to as “classical” random walks and have been 

thoroughly demonstrated in ecology for many years (see reviews in Codling et al., 2008; 

Turchin, 1998). As such, when animals appear to follow a different class of random walk it can 

result in interesting dialogue between physicists, biologists, and mathematicians. 

 

Lévy walks are a special class of uncorrelated and unbiased random walk where step lengths 

are chosen from a long-tailed probability distribution (e.g., a power-law or Pareto-Lévy 

distribution) with a particular exponent μ within the range 1 < μ ≤ 3 (Bartumeus, Catalan, 

Fulco, Lyra, & Viswanathan, 2002; Shlesinger, 2009; Shlesinger & Klafter, 1986; Viswanathan 

et al., 1999); note that Lévy walks are synonymous with Lévy flights in this context (see Pyke, 

2015). Lévy walks result in scale-free and superdiffusive movements, meaning they follow the 

same movement pattern regardless of scale with steps that grow superlinearly in time 

(Viswanathan et al., 2011). Lévy walks receive special attention in ecology because they can 

be more efficient for locating randomly distributed targets than random (i.e., Brownian) 

searches (Cole, 1995; Shlesinger, 2009). As such, Lévy walks can translate into an efficient 

search strategy for foraging animals (Bartumeus et al., 2002; Humphries & Sims, 2014; 

Viswanathan et al., 1999). An optimal search strategy is said to occur when step lengths follow 

a power-law distribution with an exponent μ ≈ 2 (Bartumeus et al., 2002; Bartumeus et al., 

2005; Viswanathan et al., 1999). However, the optimal μ can vary depending on target density 

and renewability (Pyke, 2015), and values within the range 1.5 < μ ≤ 2.5 can all result in more 

efficient searches than Brownian motion (Humphries & Sims, 2014). Lévy walk models are 

commonly discussed within the context of the Lévy flight foraging (LFF) hypothesis, which 

states that because Lévy walks optimize encounter rates, biological organisms must have 

evolved to exploit this search pattern (Viswanathan et al., 2011).  

 

Interest in Lévy walks has soared in recent years; however, the utility of the LFF hypothesis 

and the existence of Lévy walks in nature have generated substantial debate. The Lévy walk 

model has been labelled “unrealistic” because it is based on simplified models of animal 

movement and habitat complexity, e.g., Lévy walks omit directionality between steps and 
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assume a featureless environment (see Pyke, 2015 for a comprehensive review). Likewise, the 

Lévy foraging hypothesis does not necessarily consider organisms’ cogitative abilities, 

including how memory influences movement (Gautestad & Mysterud, 2013). The importance 

of Lévy walks as an evolutionary strategy has also been questioned because a wide range of 

mechanisms can lead to observations of heavy-tailed distributions (James et al., 2011). In light 

of these criticisms, alternative methods, such as composite Brownian walks and Individual-

Based Models, have been proposed to replace Lévy walks when describing optimal foraging 

strategies (Auger‐Méthé et al., 2015; Benhamou, 2007; Pyke, 2015). In addition to debating 

the theoretical basis of Lévy walks, the methodological approaches used to identify Lévy walks 

in nature have also been publicly debated, albeit with varying outcomes. For example, the 

findings of Viswanathan et al. (1996) were debated and overturned by Edwards et al. (2007) 

due to fundamental problems with data interpretation and quality control. In comparison, the 

findings of Sims et al. (2008) and de Jager, Weissing, Herman, Nolet, and van de Koppel 

(2011) were debated by Edwards, Freeman, Breed, and Jonsen (2012); however, the criticisms 

pertaining to Sims et al. (2012) were discussed and rejected by Sims and Humphries (2012).  

 

Despite the controversies, theoretical and empirical evidence for Lévy walks has built steadily 

over the years (Reynolds, 2018). Through comprehensive simulations, Humphries and Sims 

(2014) found strong support for the predictions of the LFF hypothesis. Lévy walks have also 

been documented in diverse taxa, including humans (Raichlen et al., 2014), insects (Reynolds, 

2012), seabirds (Humphries, Weimerskirch, Queiroz, Southall, & Sims, 2012; Humphries, 

Weimerskirch, & Sims, 2013), and a myriad of marine species, such as jellyfish, fish, turtles, 

and penguins (Hays et al., 2012; Humphries et al., 2010; Sims et al., 2012; Sims et al., 2008). 

Lévy movements in large, dynamic environments, such as pelagic ocean waters are of 

particular interest because the nature of these environments can alleviate many of the concerns 

expressed previously about the reality of Lévy walks in nature. For example, pelagic ocean 

waters are generally dynamic, prey-sparse, and widespread, such that many regions fall outside 

of species’ sensory ranges and memory may be of limited use. Combined, these characteristics 

describe a scenario where employing a Lévy walk may optimize the success of searches 

(Humphries & Sims, 2014; Sims et al., 2008). Furthermore, empirical studies that have 

validated foraging activity in conjunction with the presence of Lévy movement patterns, such 

as Humphries et al. (2012), provide compelling evidence to continue investigating these 

movement patterns in nature. Studies investigating movement patterns over large spatial scales 

(Pyke, 2015) and in scenarios where animals follow different movement behaviours in different 



 

15 

habitats, i.e., behavioural switching (e.g., Humphries et al., 2010), remain promising topics for 

future research.  

 

Quantifying animals’ movements, such as the distribution of their step lengths, can help 

identify habitat-specific behaviours. For example, the step length distributions of many oceanic 

predators can alternate between power-law and exponential, which suggests behavioural 

switching between Lévy and Brownian search patterns as the animals move between less 

productive and move productive habitats, respectively (Humphries et al., 2010; Sims et al., 

2012). In comparison, movement patterns associated with resource dependence or residency 

have been identified by lognormal step length distributions (e.g., Calich et al., 2021; Reyna-

Hurtado, Chapman, Calme, & Pedersen, 2012; Schtickzelle, Joiris, Van Dyck, & Baguette, 

2007). At first glance, lognormal distributions can sound similar to power-law distributions 

because both are considered longer-tailed distributions, involving many short steps coupled 

with less-common long steps. However, lognormal distributions have a finite variance and are 

not scale-free, meaning that over long time scales, the movements from lognormal distributions 

should become increasingly Brownian (Reyna-Hurtado et al., 2012). Additional distributions, 

such as Gaussian, Gamma, and Rayleigh, have also been investigated in a few cases and are 

worth considering in future animal movement studies (Pyke, 2015). While Lévy and other 

movement models are actively debated, these studies and discussions demonstrate how 

physics-based approaches can help resolve fundamental ecological questions (Bartumeus & 

Catalan, 2009; Viswanathan et al., 2011). 

 

Despite their value, statistical physics methods remain under-used in ecology. A recent review 

of R packages for animal movement summarised 58 packages, and none focused on physics-

based methods (Joo et al., 2020). This is likely because ecologists are not generally trained in 

advanced maths; therefore, these methods are considered less interpretable and used less. 

Furthermore, the physics and maths-based scientific papers that could be used as reference 

articles do not generally include the foundational knowledge needed to interpret the methods. 

Addressing this gap would support the continuation of collaborations and dialogue between 

physics and biology and enable ecologists to identify the movement strategies and drivers of 

migratory species.  
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2.4 Migratory marine megafauna  

Marine megafauna (i.e., large marine vertebrate species) are critical to the structure and 

function of marine ecosystems (Estes et al., 2016). They can influence marine ecosystems by 

consuming and excreting biomass, which regulates food webs and transports nutrients, by 

physically modifying habitats, and by connecting ocean basins through their migrations, among 

other functions (Doughty et al., 2016; Estes et al., 2016; Hammerschlag et al., 2019; Pimiento 

et al., 2020; Roman et al., 2014). Their charismatic nature makes marine megafauna socially, 

historically, and economically valuable (Estes et al., 2016). 

 

Despite their importance, marine megafauna are continuously exposed to anthropogenic 

threats, such as targeted and incidental capture in fisheries and climate change (e.g., Barbraud 

& Weimerskirch, 2001; Brownell Jr et al., 2019; Clay et al., 2019; Hammerschlag et al., 2022). 

Combined, anthropogenic pressures threaten marine megafauna populations globally, and 21% 

of migratory marine megafauna are threatened with extinction (Lascelles et al., 2014). Declines 

in megafauna populations are triggering cascading effects across ecosystems, which has 

implications for species, ecosystems, and humans alike (Estes et al., 2011; Ferretti, Worm, 

Britten, Heithaus, & Lotze, 2010; Gallagher & Hammerschlag, 2011; Lascelles et al., 2014; 

McCauley et al., 2015). For instance, as apex shark populations declined in the northwest 

Atlantic Ocean, populations of mesopredators increased with cascading impacts that resulted 

in the collapse of a century-long bay scallop fishery (Myers, Baum, Shepherd, Powers, & 

Peterson, 2007). Understanding the movement patterns of marine megafauna and identifying 

their critical habitats is essential for informing conservation policy and management and 

helping managers achieve tangible conservation benefits (Block et al., 2011; Hays et al., 2019).  

 

Marine animal movements have historically been difficult to monitor because of the vastness, 

complexity, and opacity of underwater environments. However, thanks to technological 

advancements in telemetry, tracking data from marine megafauna have been used to identify 

multispecies habitat hotspots and movement corridors (Block et al., 2011), cues used by 

animals to orient and navigate in the open ocean (Luschi, 2013), and impacts from climate 

change (Poloczanska et al., 2013; Robinson et al., 2009). Large-scale marine tracking projects 

are also providing valuable insights into the movement strategies, critical habitats, and drivers 

of southern elephant seal, shark, and marine megafauna movement in general (Figure 2.3) 

(Block et al., 2011; Hindell et al., 2016; Queiroz et al., 2019; Rodríguez et al., 2017; Sequeira 
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et al., 2018), helping to support conservation efforts globally. Understanding shark movement 

patterns and where they overlap with anthropogenic threats, such as fisheries, is of particular 

importance because sharks, especially pelagic sharks, are some of the most threatened marine 

megafauna (Dulvy et al., 2021; Pacoureau et al., 2021; Pimiento et al., 2020; Queiroz et al., 

2019; Queiroz et al., 2016; Worm et al., 2013).  

 

2.4.1 Shark movement patterns 

Since the first basking shark (Cetorhinus maximus) was satellite tagged in 1982 (Priede, 1984), 

sharks have been documented showing movement patterns ranging from residency in coastal 

habitats (e.g., Graham et al., 2016; Rider, McDonnell, & Hammerschlag, 2021) to 

transequatorial and transoceanic migrations (e.g., Bonfil et al., 2005; Guzman, Gomez, Hearn, 

& Eckert, 2018; Skomal et al., 2009). Some species will also follow mixed movement 

strategies consisting of resident and migratory movements (e.g., Ajemian et al., 2020; 

Gallagher et al., 2021; Heupel et al., 2010; Holland et al., 2019; Lea et al., 2015). The high 

variation in inter- and intraspecific shark movements suggests that a range of underlying drivers 

influence these movements. Identifying these drivers is important for understanding why 

sharks move and can help develop effective conservation management plans. 

 

2.5 Drivers of shark movement  

Animal movement is fundamentally about balancing energy, i.e., the energetic cost of 

movement should be outweighed by benefits, such as preferred environmental conditions, 

increased foraging opportunities, escape from predators, or opportunities for reproduction 

(Goossens et al., 2020). As with other animals, shark movement is driven by a combination of 

abiotic and biotic external factors, such as environmental conditions and prey availability 

(Schlaff et al., 2014). Abiotic factors such as temperature (e.g., Arrowsmith, Sequeira, 

Pattiaratchi, & Meekan, 2021; Holmes et al., 2014; Matich & Heithaus, 2012; Payne et al., 

2018), salinity (e.g., Heupel & Simpfendorfer, 2007), and dissolved oxygen (e.g., Coffey & 

Holland, 2015; Heithaus, Delius, Wirsing, & Dunphy-Daly, 2009) directly influence shark 

movement because it is energetically costly to live in unsuitable conditions. For example, in 

2010, during an “extreme cold snap” event at Shark River Estuary in Florida, USA, resident 

bull sharks (Carcharhinus leucas) that did not migrate out of the region perished from the cold 

(Matich & Heithaus, 2012). Abiotic and biotic factors can also indirectly drive shark movement 

by influencing prey distributions. For instance, basking sharks have been documented 
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following thermal fronts because they contain high densities of zooplankton (Sims & Quayle, 

1998), and whale sharks (Rhincodon typus) are known to aggregate in response to reef-fish 

spawning aggregations that are initiated by lunar and seasonal shifts (Heyman, Graham, 

Kjerfve, & Johannes, 2001).  

 

Biotic drivers of shark movement include external factors that directly relate to living 

organisms, including prey availability, reproduction, and the presence of predators. For 

example, white sharks (Carcharodon carcharias) have been shown to change their movement 

patterns in the presence of prey sources (Jewell et al., 2019; Sims et al., 2012), female small-

spotted catshark (Scyliorhinus canicula) will live in uncomfortably warm waters and incur 

higher metabolic costs to avoid male sexual harassment (Wearmouth et al., 2012), and juvenile 

lemon (Negaprion brevirostris) and blacktip reef sharks (Carcharhinus melanopterus) avoid 

predators by living in mangrove habitats (George, Martins, Heupel, & Simpfendorfer, 2019; 

Guttridge et al., 2012). Although all these factors can drive shark movement, their influence 

varies with geographic location, season, and individual traits, such as age, sex, and ontogenetic 

stage (Schlaff et al., 2014).  

 

An individual’s internal state influences why it moves and is associated with physiological 

processes (Goossens et al., 2020). Shark physiology is a developing research field, with studies 

beginning to investigate traits such as shark body condition, energy storage, stress responses, 

and hormonal physiology (e.g., Gallagher, Skubel, Pethybridge, & Hammerschlag, 2017; 

Gallagher, Wagner, Irschick, & Hammerschlag, 2014b; Hammerschlag, Skubel, Sulikowski, 

Irschick, & Gallagher, 2018; Jerome, Gallagher, Cooke, & Hammerschlag, 2018; Moorhead, 

Gallagher, Merly, & Hammerschlag, 2021; Rangel, Moreira, Niella, Sulikowski, & 

Hammerschlag, 2021b). However, studies describing relationships between sharks’ internal 

states and movements are relatively rare. This is consistent with a recent review by Holyoak, 

Casagrandi, Nathan, Revilla, and Spiegel (2008), indicating that only 11% of 1000 movement 

ecology studies investigated an animal’s internal state. Combining shark physiology and 

telemetry data could provide valuable insights into the physiological processes that govern the 

movement decisions of sharks and improve our ability to understand their behavioural 

responses to external factors (Williams et al., 2021). 
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Figure 2.3 Large-scale marine tracking projects have provided valuable insights into the 

movements of southern elephant seals, sharks, and marine megafauna in general. A) Southern 

elephant seal (Mirounga leonina) location estimates identified as transit (black) or area-

restricted-search (ARS; red) behaviours within the Southern Ocean (adapted from Hindell et 

al., 2016); B) Global map of 1,804 satellite tag tracks from 23 species of large pelagic shark, 

each species is represented by a unique colour (adapted from Queiroz et al., 2019); C) Global 

map with 2,557 satellite tag tracks from 50 marine megafauna species, each taxa group is 

represented by a unique colour (adapted from Sequeira et al., 2018).  

(A) 

 

(B) 

 

(C) 
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2.6 Summary 

Animals move to locate essential resources such as favourable habitats or prey and avoid 

energetically costly scenarios such as adverse environmental conditions or the presence of 

predators. Although animals have been tagged since the 1800s, the past few decades have seen 

vast improvements in telemetry technology. As high-quality telemetry data continue to be 

developed, the types of questions that can be answered have advanced from focusing on “where 

and when animals move” to “how and why animals move”. Analytical methods derived from 

statistical physics, such as those used to describe random walks and optimal foraging theory, 

can provide valuable insights into animal movement and foraging strategies. These types of 

information are particularly valuable for species with complex or concealed movement 

patterns, such as sharks. Understanding how and why sharks move will help design effective 

conservation management plans to conserve these threatened species.  
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Chapter 3: Investigating animal movement and behaviour with 

statistical physics methods: A primer for ecologists 

 

3.1 Abstract 

Technological advancements are enabling ecologists to collect telemetry data at unprecedented 

rates. As the quantity and quality of telemetry data improve, these data can help answer 

fundamental ecological questions about animal behaviour. Analytical methods derived from 

statistical physics can be used to describe and identify overall movement strategies and their 

underlying drivers. However, these methods are not standard in movement ecology, likely 

because the current resources written for physicists and mathematicians do not generally 

include the foundational knowledge ecologists need to understand these methods. To help 

facilitate the use of these methods in ecology, we introduce a statistical physics-based R 

package, PhysMove, that includes ten core methods for describing species’ movements, 

potential search patterns, space-use patterns, and intraspecific movements. We demonstrate 

these methods with a simulated telemetry dataset designed to emulate the movements of a 

migratory animal. As these methods can identify various movement patterns, we discuss a 

range of possible results and provide guiding questions to help ecologists interpret their results 

in an ecological context. Our package will propel the application of these methods in ecology 

and assist with advancing knowledge of the key movement drivers and fundamental properties 

of animal movement relevant to conservation management. 

 

3.2 Introduction  

Movement is an integral aspect of life across the natural world (Hussey et al., 2015; Kays et 

al., 2015; Nathan et al., 2008; Nathan et al., 2022; Williams et al., 2020). Tracking the 

movements of animals provides ecological insights crucially needed to understand species’ 

ecology and biology, the impacts anthropogenic pressures are having on species worldwide, 

and inform evidence-based conservation management (Bastille-Rousseau et al., 2018b; Cooke, 

2008; Hays et al., 2019; Katzner & Arlettaz, 2020). As the field of movement ecology 

advances, ecologists are looking for new methods capable of addressing increasingly complex 

ecological questions.  
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While animal movement is the focus of many studies in ecology, the science of movement 

spans scientific disciplines. In fact, the first studies of particle motion originated from joint 

efforts of a botanist, mathematicians, and physicists (Brown, 1828; Einstein, 1905; Pearson, 

1905; Rayleigh, 1905), and their resulting theories have applications in ecological studies of 

animal movement (e.g., random walk models; Bartumeus et al., 2005; Codling et al., 2008; 

Turchin, 1998). Nowadays, statistical physics-based methods for quantifying movement are 

being used to characterise the laws governing human movement at national scales 

(Alessandretti, Aslak, & Lehmann, 2020; Brockmann et al., 2006; González et al., 2008), the 

spread of biological and wireless epidemics (Eubank et al., 2004; Kleinberg, 2007), and the 

search strategies used by animals and cells (Bénichou et al., 2011). These types of approaches 

have broad applications because they identify universal movement patterns and do not 

necessarily require a priori assumptions about movement behaviour, making them appropriate 

for a wide range of subjects. However, these methods generally require large datasets, i.e., “big 

data”, which has limited their applicability in animal movement ecology until recently (Thums 

et al., 2018). 

 

Animal tracking studies are advancing at unprecedented rates due to technological advances in 

telemetry technology and computing (Hussey et al., 2015; Katzner & Arlettaz, 2020; Kays et 

al., 2015; Williams et al., 2020). As the quality and quantity of telemetry data increase, 

ecologists are progressing into the “big data” analytical era (Thums et al., 2018) and there is 

an increasing demand for methods that are appropriate for large datasets and can be applied to 

multiple taxa. In response, ecologists have begun using methods derived from statistical 

physics to identify universal patterns of movement, collective behaviours, and threats to 

terrestrial and aquatic ecosystems at global scales (Cavagna et al., 2010; Rodríguez et al., 2017; 

Sequeira et al., 2018; Sims et al., 2008; Tucker et al., 2018). While these large-scale studies 

demonstrate the value of statistical physics-based methods, the methods used therein remain 

underutilised by ecologists. For example, a recent review of R packages for animal telemetry 

data summarised 58 packages and none of the packages were focused on physics-based 

methods; the review concluded that methods to analyse collective movements are lacking (Joo 

et al., 2020). As telemetry datasets continue to grow, there will be an increasing demand for 

physics-based methods to innovatively investigate patterns of animal movement and address 

key questions in ecology (Hays et al., 2016; Sutherland et al., 2013).  
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Hoping to help ecologists bridge this gap, we discuss a key subset of statistical physics-based 

methods from an ecologists perspective and demonstrate how to apply them to telemetry data 

with our newly developed R package, PhysMove (github.com/HannahCalich/PhysMove; see 

Supplementary Information for download instructions). Our package allows for the 

documentation of species’ movements beyond aspects typically analysed with ecological 

methods, including diffusion and potential search patterns, network analysis, and intraspecific 

movement metrics. We also provide solutions to issues commonly associated with the analyses 

of telemetry data, such as deciding what constitutes a “step” or a “turn” when calculating 

distances or turning angles (Reynolds, 2014). Because these methods do not require 

assumptions about movement behaviours, they are also scalable, leading to computationally 

cheap analyses of large datasets. We aim to facilitate the use of statistical physics-based 

methods by ecologists in telemetry-based studies of animal movement by introducing a range 

of inter- and intraspecific analytical methods and discussing how they can provide insights into 

ecological phenomena. We provide a step-by-step tutorial of PhysMove in Supplementary 

Information. 

 

3.3 PhysMove 

The R package PhysMove focuses on three major categories of movement data analyses (Figure 

3.1): (1) characterization of movements, including various displacement and diffusion metrics, 

turning angles, and identification of potential search patterns; (2) identification of space-use 

patterns, including where animals occur and regions where they follow similar movement 

patterns; and (3) detection of variability in intraspecific movements, including dispersal 

patterns as well as entropy and predictability. Each category includes the estimation of multiple 

metrics, which are described below and presented with the corresponding PhysMove functions 

(in italics).  

 

3.3.1 Movement patterns 

Determining the strategies species use to explore their habitats and locate resources is crucial 

to understand their movement. In PhysMove, we provide different metrics to help describe 

these strategies at the individual or collective level (Figure 3.1), including by quantifying: (1) 

the scale of movement, (2) the influence of correlations on movement decisions, (3) turning 

angles, and (4) identifying potential search patterns. Each of the movement metrics can be 

calculated based on species’ displacements (also known as “step lengths” or “steps”), which 
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are a fundamental unit of movement that describes the distance between two tracked locations. 

Such displacement-based metrics are commonly described in animal movement studies in 

association with displacements between changes in direction (i.e., turns) and for this reason, 

they usually involve discussion about what constitutes a turn (Humphries et al., 2013; 

Reynolds, 2014; Reynolds et al., 2007; Sims, Humphries, Hu, Medan, & Berni, 2019). In 

PhysMove, we avoid the need to define turns by calculating displacements within pre-defined 

time windows, i.e., using standardised sampling intervals to investigate how far animals move 

over time (as done in Calich et al., 2021; Rodríguez et al., 2017; Sequeira et al., 2018). To do 

this, we define displacements as the geographic great-circle distance 𝑑𝑖,𝑡(𝑇) in kilometres 

between two location estimates along the same individual track i at time t , that were separated 

by a predetermined time window T. Displacements calculated over multiple time windows can 

then be normalised �̃�𝑖,𝑡(𝑇) to make the values comparable across time windows. This 

normalisation is done by dividing each displacement by the average displacement for the 

corresponding time window 〈𝑑(𝑇)〉 following: 

�̃�𝒊,𝒕(𝑻) =  
𝒅𝒊,𝒕(𝑻)

〈𝒅(𝑻)〉
 (3.1) 

where 

〈𝒅(𝑻)〉 =  
𝟏

𝑵(𝑻)
∑ 𝒅𝒊,𝒕(𝑻)

𝒊,𝒕
 (3.2) 

where N(T) represents the total number of observed displacements in each time window. These 

displacements are automatically calculated with the CalcDisp() function, and can be interpreted 

by calculating a probability density function (pdf) with the PlotDispPDF() function (Figure 

3.1). This pdf describes the probability of a displacement occurring and can help determine if 

patterns are consistent across time windows.  
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Figure 3.1 Diagram illustrating PhysMove functions and outputs. Functions are sorted into 

sub-categories of movement (blue), space-use (teal), intraspecific metrics (green), and generic 

(grey). Arrows indicate the flow of results and how different functions are connected in 

PhysMove. PDF indicates a probability density function. 
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3.3.1.1 Scale of movement 

Describing how displacements scale with time provides insights into how quickly animals 

diffuse (i.e., move) through their environments. Diffusion is generally categorised as “normal” 

when displacements are governed by a Gaussian (“normal”) probability distribution with a 

variance that grows linearly over time or “anomalous” if otherwise (Viswanathan et al., 2011). 

Anomalous diffusion can include multiple processes, such as (i) confinement or localisation, 

indicating little or no movement; (ii) subdiffusion, indicating slower movement than with 

normal diffusion; (iii) superdiffusion, indicating faster movement than with normal diffusion; 

and (iv) ballistic diffusion, indicating movement in a straight line with constant velocity 

(Viswanathan et al., 2011). In PhysMove, scale of movement is measured with the square root 

of the mean squared displacements, i.e., the root-mean-square (RMS). The RMS() function in 

PhysMove (Figure 3.1) identifies all displacements 𝑑 in a track, records them in log-sized time 

bins 𝑡𝑏, and calculates the root-mean-square value of the displacements in each time bin 

〈𝑑2(𝑡𝑏)〉, following:  

𝒅𝑹𝑴𝑺(𝒕𝒃) =  √〈𝒅𝟐(𝒕𝒃)〉 (3.3) 

The relationship between the RMS displacements and corresponding time bins is then plotted 

using a log scale linear model and the resulting slope estimate (also referred to as the Hurst 

exponent; Viswanathan et al., 2011) can be used to describe underlying diffusion processes. 

 

3.3.1.2 Influence of correlations on movement decisions 

The tracked movements of animals provide a representation of how and where the animals 

chose to go. Capturing this choice is of ecological interest but analyses are challenging due to 

autocorrelation between tracked location estimates (Aarts, MacKenzie, McConnell, Fedak, & 

Matthiopoulos, 2008; Boyce et al., 2010). One way to deal with autocorrelation is by 

randomising the order in which the displacements occurred while keeping the exact origin and 

destination (i.e., initial and final tracked positions) and then focusing on the number of grid 

cells visited. Comparisons between the patterns of visited grid cells obtained with the original 

correlated and with the randomised (uncorrelated) tracks can provide insights into how 

correlation influenced an animal’s space-use (e.g., Figure 3.2).  
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(A) 

 

(B) 

 

Figure 3.2 Maps illustrating an original track (black) with 1 (A) or 500 (B) randomised tracks 

(grey). All randomised tracks begin and end at the same position as the original track (red and 

blue points, respectively) and include the same displacements but in a randomised order.  

 

In PhysMove, the Randomise() function (Figure 3.1) does this in several steps. First, it 

discretises the space into grid cells, then calculates the number of grid cells visited by a track, 

before randomising the sequence of displacements in the track (while maintaining the first and 

last location), and finally, calculates the number of grid cells visited by the randomised tracks. 

Randomise() then uses a linear model to describe the relationship between the number of grid 

cells visited by the original and randomised tracks, such that the slope of the model can indicate 

if the space-use was random (i.e., slope of 1) or if correlations caused a reduction (slope > 1) 

or expansion (slope < 1) of space-use. 

 

3.3.1.3 Turning angles 

Turning angles or track tortuosity assist describing the directedness of movements and can 

provide insights into species’ orientation behaviours and search patterns (Humphries et al., 

2013; Sequeira et al., 2018). They can also assist with determining movement states, such as 

“encamped” when animals stay meandering in one place, or “exploratory” when animals move 

to new places (Morales, Haydon, Frair, Holsiner, & Fryxell, 2004).  
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In PhysMove, the TurningAngles() function (Figure 3.1) calculates turning angles in radians 𝜃𝑟 

using three consecutive location estimates L, which are separated by time T (i.e., LT-1, LT, LT+1) 

following:  

𝒇(𝒙, 𝒚) =  𝐚𝐫𝐜𝐭𝐚𝐧
(𝒙𝟏 ⋅ 𝒚𝟐) − (𝒚𝟏 ⋅ 𝒙𝟐)

(𝒙𝟏 ⋅ 𝒙𝟐) + (𝒚𝟏 ⋅ 𝒚𝟐)
 (3.4) 

where x and y represent latitudinal and longitudinal distances in km between location estimates, 

respectively. We define (𝑥1, 𝑦1) as the distance between LT-1 and LT, and (𝑥2, 𝑦2) as the 

distance between LT and LT+1. We then convert units from radians to degrees (𝜃𝑑) dividing by 

𝜋/180. The output of the function is a histogram of the angles in degrees, and a circle plot 

illustrating angle frequency can be displayed with the PlotAngles() function (Figure 3.1). 

 

3.3.1.4 Search patterns  

Animals follow specific search patterns to locate resources, such as food, and signatures of 

these patterns can be detected with probability distribution functions of displacements. For 

example, power-law and exponential distributions have been associated with foraging in 

resource poor and resource rich environments, respectively (Humphries et al., 2010; Sims et 

al., 2012; Viswanathan et al., 2011), while lognormal distributions have been associated with 

resource dependence or area-restricted search behaviours (Reyna-Hurtado et al., 2012; 

Schtickzelle et al., 2007). Although discussions about the evolutionary basis for movement are 

beyond the scope of this paper (e.g., the heavily contested Lévy foraging flight hypothesis; see 

discussions in Pyke (2015)), PhysMove is designed to allow identification of the best-fit 

distribution for displacement data, including power-law, exponential, and lognormal 

distributions. While continuous exponential and lognormal distributions are generally fit to the 

entire range of empirical data (e.g., all displacements), continuous power-law distributions 

diverge as values approach zero and are therefore, usually bound by a 𝑥𝑚𝑖𝑛 (Clauset, Shalizi, 

& Newman, 2009). In PhysMove, distributions fit to the entire range of displacement data are 

referred to as “full” distributions, while distributions bound by an 𝑥𝑚𝑖𝑛 value are referred to as 

“truncated” distributions. Although in some cases, a distribution should also not be fit to the 

tail of a displacement dataset (i.e., the displacements should also be truncated by an 𝑥𝑚𝑎𝑥), this 

is not included in the current version of PhysMove. 

 

When fitting distributions to displacement data, a cumulative distribution function (cdf) is 

usually preferred because cdfs describe the probability that a random value is less than or equal 
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to a displacement and are generally more robust against fluctuations associated with small 

sample sizes (Clauset et al., 2009). And specifically when fitting power laws, the 

complementary cdf (ccdf) should be used, which describes the probability that a random value 

is larger than a given displacement (rather than smaller as in a cdf; Benhamou, 2007). For this 

reason, PhysMove uses ccdfs to compare distribution fits.  

 

To fit a full ccdf, all displacements are fit to each distribution following the equations described 

in Table 3.1 (note that the minimum displacement value in the dataset is the 𝑥𝑚𝑖𝑛). To fit a 

truncated ccdf, we first identify the best-fit 𝑥𝑚𝑖𝑛, which requires evaluating the distribution fit 

𝑁 times (where 𝑁 is the number of unique displacement values in the dataset) by iteratively 

truncating the displacement dataset at each unique displacement value 𝑥𝑚𝑖𝑛 = 𝑥𝑛 (including 

all displacements ≥ 𝑥𝑚𝑖𝑛), and where 𝑥𝑛 is the 𝑛th unique displacement value. Each time the 

dataset is truncated, we calculate the maximum distance between the ccdf of 

displacements 𝑆(𝑥) (3.5) (also known as the complementary empirical cdf) and the ccdf of the 

fitted distribution 𝐹(𝑥) (Table 3.1) using Kolmogorov-Smirnov (KS) statistics 𝐷 (3.6). 

𝑺(𝒙) = 𝟏 −
𝟏

𝑵𝑻
∑𝜽(𝒙 − 𝒙𝒊)

𝑵𝑻

𝒊=𝟏

 (3.5) 

where 𝑥 is the truncated displacement dataset with values ≥ 𝑥𝑚𝑖𝑛, 𝑁𝑇 is the length of 𝑥, and 

𝜃(Ζ) is the Heaviside function, that takes the value 1 if Ζ > 0 and 0 otherwise.  

𝑫 = |𝑺(𝒙) − 𝑭(𝒙)| (3.6) 

Once all values have been iterated through, each unique displacement has an associated D 

value, and the displacement value that led to the lowest 𝐷 is the best-fit 𝑥𝑚𝑖𝑛. This 𝑥𝑚𝑖𝑛 is then 

used to fit the final form of the truncated distribution following Table 3.1. 

 

To identify the best-fit distribution for the displacements, we calculate the log-likelihood using 

each distribution’s pdf and rank each fit using weighted Akaike’s information criterion (wAIC 

or wAICC, the latter of which includes a correction for small sample sizes) (Burnham & 

Anderson, 2004). To thoroughly compare results of truncated distributions, we recommend 

making pairwise comparisons after using each of the resulting best-fit 𝑥𝑚𝑖𝑛 to re-fit all 

distributions, see details in tutorial provided in Supplementary Information. 

 

PhysMove includes two functions to identify the best-fit distribution (Figure 3.1). First, the 

FitDist() function fits ccdfs of continuous power-law, exponential, and lognormal distributions 
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to a ccdf of the displacements. For the latter, we used the plnorm() function in base R for 

convenience. Second, the CompDist() function uses the distribution parameters calculated in 

FitDist() to determine the best-fit distribution for the displacements. Then the PlotDist() 

function can be used to plot ccdfs of the displacements and add fit lines for each distribution.  

 

Table 3.1 Complementary cumulative distribution functions (ccdfs) used to fit continuous 

power-law (pl), exponential (exp), and lognormal (lnorm) distributions (Dist). In the equations 

presented here, x represents the displacements, 𝑥𝑚𝑖𝑛 is the minimum displacement used for 

each fit, α is the power-law scaling exponent, λ is the exponential rate parameter, erf is the 

error function, which integrates the normal distribution and gives the probability that a 

displacement falls within a set range, and 𝜇 and 𝜎 are the mean and standard deviation of the 

lognormal distribution, respectively. All distribution parameters (α, λ, 𝜇 and 𝜎) are determined 

with maximum likelihood estimation methods following Clauset et al. (2009). 

 

Dist 
Complementary Cumulative Distribution Functions (CCDF) 

(truncated by 𝒙𝒎𝒊𝒏) 

pl* 𝑭(𝒙) = 𝟏 −
𝒙

𝒙𝒎𝒊𝒏

−𝜶+𝟏

 (3.7) 

exp 𝑭(𝒙) = 𝟏 − 𝒆−𝝀(𝒙−𝒙𝒎𝒊𝒏) (3.8) 

lnorm** 

 

𝑭(𝒙) =  𝟏 − 

𝟏
𝟐

[𝟏 + 𝐞𝐫𝐟 [
𝐥𝐧(𝒙) − 𝝁

𝝈√𝟐
]] − 

𝟏
𝟐

[𝟏 + 𝐞𝐫𝐟 [
𝐥𝐧(𝒙𝒎𝒊𝒏) − 𝝁

𝝈√𝟐
]]

(𝟏 − 𝜱
𝐥𝐧(𝒙𝒎𝒊𝒏) − 𝝁

𝝈 )
 

𝜱 = 
𝟏

𝟐
 [𝟏 + 𝐞𝐫𝐟

𝒙

√𝟐
] 

(3.9) 

* α must be >1 

** FitDist() fits lognormal distributions using plnorm() for convenience, see code for details  

 

3.3.2  Space-use patterns 

Space-use patterns represent the space through which an animal moved. Understanding these 

patterns provides the foundational knowledge needed to contextualise species’ movements and 

develop hypotheses about why they moved, which can have important conservation 

management implications (e.g., Bastille-Rousseau et al., 2018b; Queiroz et al., 2019). Here, 
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we focus on documenting occupancy patterns and identifying regions where individuals follow 

similar movement patterns and remain for extended periods.  

 

3.3.2.1 Occupancy patterns 

We calculate occupancy to understand where a species occurs and to understand how densely 

they occupy a region. To estimate occupancy, we discretise the space into grid cells and then 

calculate the number of location estimates in each grid cell using: 

𝑶𝒊 =
𝜮𝒋𝒏𝒊,𝒋

𝑨𝒊
 (3.10) 

where 𝑂𝑖 is the occupancy at grid cell i, n is the number of locations from the jth individual at 

grid cell i, and A is the area of grid cell i. The Occupancy() function computes the total number 

of location estimates within each grid cell and results can be visualised in a map or plotted as 

a pdf with the PlotPDF() function (Figure 3.1). PhysMove also includes a PlotTracks() function 

(Figure 3.1) to easily visualise the tracks on a map. 

 

3.3.2.2 Community-wide movements 

To describe interactions between species’ movements and their space-use we use a network 

analysis algorithm called Infomap, which enables the identification of regions where animals 

follow similar movement patterns and remain for extended periods (Calich et al., 2021; e.g., 

Rodríguez et al., 2017). In detail, Infomap uses random walkers (mathematical objects that 

mimic random paths) to describe the structure of movement (i.e., “links”) between grid cells 

(i.e., “nodes”) (Edler, Eriksson, & Rosvall, 2015). The maths involved in Infomap have been 

thoroughly described in Rosvall and Bergstrom (2008), Rosvall, Axelsson, and Bergstrom 

(2009), and Farage, Edler, Eklöf, Rosvall, and Pilosof (2021), the latter of which focuses on 

ecological networks. In PhysMove we identify community-wide movement patterns with the 

InfomapCommunities() function (Figure 3.1), which calls on functions from the 

infomapecology R package (Farage et al., 2021). InfomapCommunities() calculates the 

probability of animals moving between grid cells along their tracks within a predetermined 

time window. InfomapCommunities() then uses Infomap functions to convert the probabilities 

into a “monolayer object” that identifies communities with hierarchical partitioning. The most 

inclusive communities (i.e., communities including the most nodes) are referred to as Level 1 

communities and results can be visualised in a map with the CommunityMap() function (Figure 

3.1).   
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3.3.3 Intraspecific movements 

Detecting patterns in movement across individuals of the same species is useful to determine 

if results obtained at the community level are representative across individuals. Understanding 

intraspecific variability is of direct relevance to conservation management because species with 

high intraspecific variability in movements require more complex management strategies 

capable of encompassing diverse movement patterns. Here, we focus on three aspects of 

intraspecific movement: (1) dispersion, (2) entropy, and (3) predictability.  

 

3.3.3.1 Dispersion  

Intraspecific residency patterns can be investigated based on how far each individual disperses, 

i.e., moves away, from their average location and can be helpful to understand the overall 

movement range of a species. In PhysMove we estimate dispersion through the GyrationRad() 

function (Figure 3.1), which calculates the gyration radius 𝑟𝐺 by determining the standard 

deviation of the distances between each location in a track and the mean location of all 

positions, following: 

𝒓𝑮 = √
∑[𝒅𝒊𝒔𝒕(�⃗⃗� (𝒕𝒊),  �⃗⃗� 𝑪𝑴)]

𝟐
 

𝑵
 

(3.11) 

where 𝑥 (𝑡𝑖) is the position of an individual at time 𝑡𝑖, N is the total number of location 

estimates, and 𝑥 𝐶𝑀 is the average position estimate given by:  

 �⃗⃗� 𝑪𝑴 = 
∑ 𝒙𝒊⃗⃗  ⃗𝑵

𝒊=𝟏

𝑵
 (3.12) 

Outputs are shown in a summary table and map and can also be plotted as a pdf using the 

PlotPDF() function.  

 

3.3.3.2 Entropy 

Entropy is a measure of disorder (or randomness) that reflects the amount of energy in a system. 

Low entropy systems are highly ordered while high entropy systems have high disorder or look 

more random. Here, entropy describes how ordered (or disordered) tracks were in terms of their 

spatial visitation patterns (i.e., how they visited grid cells), and represents the diversity of the 

space-use across individuals of the same species. Notably, this diversity metric is not unique 

to physics and (3.13) may also be recognized as the Shannon-Wiener Index.  
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In PhysMove, we calculate entropy for each tracked movement 𝐸𝑗 using the number of locations 

from each track j within each grid cell i through the Entropy() function (Figure 3.1) following: 

𝑬𝒋 = −∑𝒑𝒋(𝒊)𝒍𝒐𝒈(𝒑𝒋(𝒊))

𝒏𝒊

𝒊=𝟏

 (3.13) 

where 𝑝𝑗(𝑖) is the fraction of data points from an individual track in grid cell i, and the sum 

includes all grid cells visited by each track ni. We then normalise the entropy for each track �̃�𝑗 

dividing the estimated entropy 𝐸𝑗 by the log of the total number of grid cells visited by each 

track 𝑀𝑗, which corresponds to the entropy of a track visiting each grid cell with a uniform 

probability following: 

�̃�𝒋 = 
𝑺𝒋

𝒍𝒐𝒈(𝑴𝒋)
 (3.14) 

Entropy() outputs estimated entropy scores between 0 and 1 along with a histogram of the 

results. A pdf of the entropy scores can be plotted using the PlotPDF() function (Figure 3.1). 

 

3.3.3.3 Predictability  

Understanding how predictable a track is important to infer movement behaviours, such as site 

fidelity. To describe the theoretical maximum probability of predicting a track’s location, in 

PhysMove, the maximum limit of predictability 𝜋𝑗
𝑀𝐴𝑋 is calculated through the Predictability() 

function (Figure 3.1), which is based on the estimated entropy 𝐸𝑗 and the total number of visited 

grid cells in each track 𝑀𝑗 following Rodríguez et al. (2017): 

𝑯(𝝅𝒋
𝑴𝑨𝑿) + (𝟏 − 𝝅𝒋

𝑴𝑨𝑿) 𝐥𝐨𝐠(𝑴𝒋 − 𝟏) − 𝑺𝒋 = 𝟎 (3.15) 

where 𝜋𝑗
𝑀𝐴𝑋 is implicitly defined following the Newton-Raphson method (via the rootSolve R 

package; Soetaert, 2009) and 

𝑯(𝒙) =  −𝒙𝐥𝐨𝐠𝒙 − (𝟏 − 𝒙) 𝐥𝐨𝐠(𝟏 − 𝒙) (3.16) 

In PhysMove, the Predictability() function outputs the resulting predictability scores between 

0 and 1 and their histogram. These results can also be plotted as a pdf using the PlotPDF() 

function (Figure 3.1). 
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3.4 Demonstration 

A step-by-step tutorial for downloading PhysMove and running core functions is provided in 

Supplementary Information. Here, we demonstrate each of the PhysMove functions with a 

simulated tracking dataset, running all analyses in R version 4.0.5 (R Core Team, 2021) and 

using the default parameters (unless otherwise stated) of PhysMove package version 1.0 

(github.com/HannahCalich/PhysMove).  

 

To demonstrate PhysMove, we created a dataset consisting of 25 unique tracks (Figure 3.3) 

simulated using a defined set of movement parameters, this allowed for track variation without 

compromising processing time. We created these tracks using a biased, uncorrelated random 

walk model with variable step lengths drawn from an exponential distribution with λ = 0.125 

(code available via: github.com/HannahCalich/PhysMove/data-raw). We defined the turning 

angles such that 30% indicated directed forward movement (movements with angles <30° or 

>330°), and 30% indicated directed return movement (angles between 150-210°), allowing the 

remainder (40%) to be randomly between 0-360°. This combination of movement parameters 

is broadly consistent with literature interpretations of animals moving through a resource-rich 

habitat, i.e., following a near-random (Brownian) displacement pattern with evidence of 

directed motion and intraspecific variation (i.e., each track is unique). To mimic a realistic 

tagging scenario where tags are sporadically deployed on animals within an area of interest, 

each track randomly began in a 2-degree square area between coordinates (0,0) and (2,2) with 

starting dates arbitrarily assigned across a 5 year period (from the 6th February 2015 to 4th 

December 2019). We randomly allocated between 249 and 993 position estimates to each of 

the simulated tracks to mimic inconsistencies in tag reporting rates (e.g., O'Toole, Queiroz, 

Humphries, Sims, & Sequeira, 2021). Although PhysMove does not restrict the number of 

locations each track may have per day, we allocated one location per day for simplicity and to 

minimize processing time, which would consistent with when telemetry dataset are 

standardized or filtered to only include one location per day (e.g., the “Best of Day” subset 

from Douglas et al., 2012). 
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Figure 3.3 Visual depiction of the 25 simulated tracks, each identified by a unique colour and 

mapped using the PlotTracks() function.  

 

To investigate movement patterns observed in our simulated tracks, we began by quantifying 

the scale of movement, determining the influence of correlations, and examining turning angles 

with the RMS(), Randomise(), and TurningAngles() functions, respectively. The resulting RMS 

displacements scaled as a power-law with time with a Hurst exponent of 0.497 (Figure 3.4 A), 

consistent with near-Brownian motion (as expected). The slope of the relationship between the 

number of grid cells visited by original and randomised tracks was 0.885 (Figure 3.4 B-C), 

indicating our simulated tracks visited a lower number of grid cells than expected with random 

movement. Turning angle calculations for all ten default time windows showed a high 

frequency of angles around 0˚ and 180˚ (Figure 3.4 D-E), reflecting the turning angles pattern 

we built into our tracks dataset. 

 

To identify the search patterns used by our simulated tracks, we calculated displacements, fit 

them to distributions, and compared distribution fits with the CalcDisp(), FitDist(), and 

CompDist() functions, respectively. By default, CalcDisp() creates ten separate time windows 

from 24 to 240 (± 6) hours at 24-hour increments; however, to help minimise processing times, 

we only calculated displacements over 24 ± 6 hours. In total, we identified 15,598 

displacements in 24 ± 6 hours (Figure 3.5 A). Because we only used one time window, we did 

not normalise the displacements. We fit full and truncated continuous power-law, exponential, 

and lognormal distributions to the displacements using FitDist(), and we compared these fits 

with CompDist() (see Supplementary Information for further details). wAIC scores indicated 

that an exponential distribution was the best fit for the full and truncated displacement datasets 

(Table 3.2; Figure 3.5 B-C). We conclude that the overall best fit is a full exponential 
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distribution where λ = 0.125 because the full distribution describes all displacements in our 

dataset. These results are consistent with the parameters we used to design the tracks dataset.  

 

As expected, our simulated data appear to follow a Brownian search pattern with evidence of 

some directed motion, with tracks showing that simulated individuals are not exploring as 

much space as would be expected if the tracks were entirely random (i.e., if the turning angles 

were also random). If these tracks were from a living organism, this combination of results 

would lead us to consider the possibility that these animals were tagged in a region with high 

resource availability because the simulated individuals are moving randomly without evidence 

of a structured movement strategy.  

 

We used PhysMove to identify the space-use patterns of our simulated tracks, including 

calculating occupancy patterns with the Occupancy() function, identifying community-wide 

movement patterns with the InfomapCommunities() function, and mapping Infomap 

communities with the MapCommunity() function, sequentially. Results show that the tracks 

had high occupancy around coordinates (0,1) and that occupancy decreased with increasing 

distance from this region (Figure 3.6 A-B). We also identified four communities North, East, 

South, and West of approximately (0,1) (Figure 3.6 C). These results indicate that space-use 

patterns of the simulated tracks were not entirely random and that there is likely some tagging 

location bias, as evidenced by the high occupancy region in the same location where many of 

the tracks began. These results are also consistent with results from the Randomise() function 

discussed previously (i.e., our simulated tracks visited a lower number of grid cells than 

expected with random movement). This is likely because the angles of the tracks have been 

biased towards directed forward and return motion, thus the tracks are slightly more likely to 

explore grid cells in front or behind their current location, rather than moving laterally.  

 

Lastly, to identify intraspecific movement patterns, we applied the GyrationRad(), Entropy(), 

and Predictability() functions to our simulated data. The gyration radii obtained for each track 

had a wide range from 61.10-168.22 km, with a mean of 105.41 km (Figure 3.7 A-B). The 

tracks also had high normalized entropy scores ranging from 0.864-0.926, with a mean of 0.908 

(Figure 3.7 C-D), and low predictability scores ranging from 0.18-0.3, with a mean of 0.222 

(Figure 3.7 E-F). These results demonstrate intraspecific variation in how far each track 

dispersed from its average location. The tracks also had relatively consistent entropy and 

predictability scores, suggesting they possessed a similar level of disorder and unpredictability. 
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Figure 3.4 Results obtained when investigating movement patterns in our simulated tracks 

dataset showing the RMS displacements (top row), randomised tracks (middle row), and 

turning angles (bottom row). A) Plot of root-mean-square and mean displacements over time 

in black and grey, respectively created with the RMS function. The red line shows the fit line 

of a linear model with a slope of 0.497. B) Plot illustrating the number of grid cells visited in 

each original track versus the average number of grid cells visited in 500 randomised tracks 

created with Randomise(). The solid black line represents a linear model fit to these data with 

a slope of 0.885, the dashed black line illustrates a slope of 1, and the light grey shaded region 

(B) (C) 

(A) 

(D) (E) 
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represents one standard error around the mean. C) Map showing an original track (ref=1) in 

black with the origin and destination points in red and blue, respectively, and five random 

tracks (numPlot=1:5) in grey, created with the PlotRandomTracks() function. D) Histogram of 

turning angles created with the TurningAngles() function. E) Circle plot of turning angles 

created with the PlotAngles() function. For each angle, the distance from the line to the centre 

of the plot (i.e., the origin) represents the probability of observing a turning angle in that 

direction. 
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Figure 3.5 Distributions of displacements from the tracks dataset. A) pdf plot of displacements 

identified in 24 ± 6-hours made using PlotDispPDF() with normalise=FALSE. B) ccdf plot of 

displacements with distributions fit to the full range of displacement data. C) ccdf plot of 

displacements with distributions truncated at best-fit 𝑥𝑚𝑖𝑛 values. Plots B and C were created 

with PlotDist() default settings.  

(C) (B) 

(A) 
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Figure 3.6 Summary of the space-use patterns of our simulated tracks, including the occupancy 

patterns (top row) and Infomap communities (bottom row). A) Map of occupancy patterns 

obtained with the Occupancy() function. B) pdf plot created using Occupancy() results and 

pdfPlot() with desc set to “Occupancy”. C) Map of Infomap communities created with 

InfomapCommunities() and displayed with MapCommunity(). 

 

  

(B) 

 

(A) 

(C) 
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Figure 3.7 Summary of intraspecific metrics describing movements of our simulated tracks, 

including each track’s gyration radius (top row), entropy (middle row), and limit of 

predictability (bottom row). A) Map of track gyration radii made with GyrationRad(), black 

points indicate the average location of each track while red circles indicate the dispersion of 

each track. B) pdf plot created using GyrationRad() results and pdfPlot() with desc set to 

“GyrationRad”. C) Histogram of normalised track entropy made with Entropy(). D) pdf plot of 

Entropy() results and pdfPlot() with desc set to “Entropy”. E) Histogram of track predictability 

made with Predictability(). F) pdf plot of Predictability() results and pdfPlot() with desc set to 

"Predictability".   

(A) (B) 

(C) (D) 

(E) (F) 
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3.5 Discussion 

Statistical physics-based methods are commonplace in many scientific disciplines; however, 

they are under-used in biological and ecological studies despite their potential to lead to 

breakthroughs in these disciplines. Here, we made these methods more accessible by creating 

the PhysMove R package and demonstrating their application and interpretation in as ecological 

context. Results from each of the PhysMove metrics can be used to identify unique movement 

strategies consistent with the high diversity of animal movement patterns found in nature. For 

example, high occupancy in a localized region and consistently small gyration radii could 

indicate residency or resource dependence, while opposite results could indicate a more 

exploratory movement strategy. To assist with interpreting outcomes, we have compiled a list 

of possible results and interpretations for each movement metric in Table 3.3.  

 

PhysMove can be used to address a wide breath of research questions and it is important to 

ensure that interpretations are appropriate for the biology of the species, the sample size, and 

the spatial and temporal scale of the dataset. PhysMove was developed for analysis of “big 

data”; however, the definition of “big data” is context dependent, and PhysMove can be used 

to analyse data over a range of sample sizes so long as the research questions are proportionate 

to the sample size (Sequeira et al., 2019b). To encourage appropriate applications and 

interpretations of PhysMove, we recommend that function arguments (e.g., grid cell sizes and 

time windows) should be modified to reflect the spatial and temporal scale of the data. Research 

questions and results should also be contextualized within the literature; this is particularly 

important for discussing potential search patterns because obtaining consensus results can be 

challenging, especially if the displacements follow a power-law distribution (see discussions 

in Pyke, 2015; Viswanathan et al., 2011). 

 

Most of the methods presented here can be applied individually; however, combining and 

interpreting results from multiple analyses can lead to novel insights into species movement 

strategies. For example, the compilation of displacement, space-use, and intraspecific analyses 

helped Rodríguez et al. (2017) determine that memory may play an important role in southern 

elephant seal (Mirounga leonina) foraging. In comparison, when Sequeira et al. (2018) 

documented the movements of 50 marine vertebrates using a combination of root-mean-square 

displacement and turning angle analyses, they determined that species in coastal and open 

oceans use different movement strategies. Also, by combining all of the PhysMove metrics, 
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Calich et al. (2021) gained insights into the foraging behaviours of sympatric sharks that may 

explain how their coexistence is supported. These studies, among others, demonstrate how 

physics-based approaches can help resolve fundamental questions about animal movement. 

 

Methods derived from statistical physics are revolutionizing the field of movement ecology. 

This is well-demonstrated in studies of collective behaviour, such as flocking birds and 

schooling fish, which integrate statistical physics, theoretical biology, and ecology and are 

fundamentally changing our understanding of how selective pressures at the individual level 

can influence a collective response (Cavagna et al., 2010; Lopez, Gautrais, Couzin, & 

Theraulaz, 2012). Ecological multilayer networks are another example of methods established 

in statistical physics that have provided insights into ecological and evolutionary questions, 

such as co-evolution, niche partitioning, and connections between species’ traits and 

interactions (see review by Hutchinson et al., 2019). Incorporating interdisciplinary 

approaches, such as methods derived from statistical physics, into studies of animal movement 

increases our ability to understand and describe innate patterns and processes underlying 

animal movement behaviours. Our newly developed package will assist in addressing the gap 

between physics and biology and we encourage the use of the PhysMove methods to identify 

movement strategies and drivers of migratory species in addition to currently used methods. 
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Table 3.3 Possible outcomes and interpretations from the PhysMove package. Note that this 

list is non-exhaustive and is only intended to provide general guidelines for how these methods 

have been previously reported. 

 

Method 
Possible outcomes and 

scenarios to investigate 

Possible interpretations and  

guidance 

Scale of movement 

(Hurst exponent) 

0 Confinement or localization1 

< 0.5 Subdiffusive movement1 

0.5 Brownian movement1 

> 0.5 Superdiffusive movement1 

1 Ballistic movement1 

Influence of 

movement decisions 

(slope of 

relationship) 

< 1 
Original tracks led to an extended exploration of 

space in comparison to random displacements 

> 1 
Original tracks led to a reduced exploration of 

space in comparison to random displacements 

1 Tracks randomly visited grid cells 

Turning angles 

Peak near 0˚ Direct forward movement 

Peak near 180˚ Direct return movement 

Peak near 45˚ or 270˚ Lateral or more resident-type movement 

Potential search 

patterns 

Power-law 

(scaling over ≥ 2 orders of 

magnitude)1,2 

Scale-free and superdiffusive movements, 

resources may by scarce or randomly 

distributed1-5 

Exponential 
Random movements,  

resources may be abundant4,5  

Lognormal 
Area-restricted movements, 

resource dependency6,7  

Occupancy 
Is occupancy consistent 

throughout the region?  

Consider what could cause this pattern 

Check if tagging location impacts the results 

Community-wide 

movements 

How many “level 1” 

communities were 

identified,  

and where are they?  

Consider what could cause individuals to follow 

these movement patterns 

Check if communities are near any physical or 

biological barriers or regions of high resources 

Dispersion 
How do intraspecific results 

compare? 

Consider what could cause variation (or lack 

thereof) between individuals  

Entropy 

< 0.5 

 

Tracks frequently visited a few grid cells,  

low entropy, more ordered 

> 0.5 
Tracks uniformly visited grid cells,  

high entropy, more disordered 

Predictability 
< 0.5 Tracks were less predictable  

> 0.5 Tracks were more predictable 

 

1Viswanathan et al. (2011), 2Sims et al. (2008), 3Humphries and Sims (2014), 4Sims et al. (2012), 
5Humphries et al. (2010), 6Schtickzelle et al. (2007), 7Reyna-Hurtado et al. (2012)  
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3.6 Supplementary Information: R Tutorial Code 

This is a brief tutorial to accompany the PhysMove R package. Here, we demonstrate how 

PhysMove can be used to calculate each of the methods discussed in the main text and review 

all relevant functions and parameters (function names and parameters are provided in italics). 

We demonstrate each function with a simulated telemetry dataset, called “tracks”, that is 

automatically loaded with PhysMove. We provide sample code to replicate each of the results 

presented in the main text (sample code is provided in blue font).  

 

3.6.1 Install PhysMove and input data 

We recommend users install PhysMove through the devtools R package. The code below will 

install devtools and PhysMove, and load the PhysMove package.  

 

# Install the devtools package from CRAN (if required) 

install.packages("devtools")  

# Download PhysMove 

devtools::install_github("HannahCalich/PhysMove") 

# Load PhysMove 

library(PhysMove)  

 

PhysMove was designed to be user-friendly, and most functions only require you to input a 

data frame containing telemetry data. The input data frame must only contain 4 columns named 

“ref”, “lon”, “lat” and “day” that are formatted as follows: “ref”, the unique telemetry tag ID 

number for each animal in numeric format, “lon” and “lat”, the longitude and latitude in 

decimal degrees of each position estimate, respectively in numeric format, and “day”, the 

datetime stamp for each location estimate in POSIXct format following yyyy-mm-dd 

hh:mm:ss. To determine if the data frame is formatted correctly, the tracks dataset can be used 

for comparison. The code below demonstrates how to preview the tracks dataset using the 

head() function (base R) and confirm the dataset structure using the str() function (base R). 
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# Preview the first 6 rows of the tracks dataset 

head(tracks) 

 

 

# Determine the structure of the tracks dataset 

str(tracks) 

 
 

A map of the data can be created using the PlotTracks() function from PhysMove (Figure S 

3.1). PlotTracks has optional parameters that allow you to plot specific tracks based on their 

reference IDs (ref=NULL, by default), connect points with lines (tracks=TRUE, by default), 

and edit the colours used in the map (colours=rainbow, by default). The code used to make the 

tracks dataset is available in the PhysMove data-raw folder on GitHub as “CreateTracks.R”. 

 

# Create a map of the tracks dataset using PlotTracks  

PlotTracks(tracks) 

 

Figure S 3.1 Map of the simulated tracking data included in the tracks dataset, created with 

PlotTracks() default settings. 
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3.6.2 Movement patterns 

3.6.2.1 Calculating displacements with CalcDisp() 

The CalcDisp() function calculates displacements travelled in kilometres over set time 

windows. CalcDisp() has four optional parameters that allow you to change different aspects 

of the set time windows, including setting the minimum and maximum times between location 

estimates in hours (min_hr=24 and max_hr=240, by default), the time interval in hours, which 

creates a sequence of time windows between the minimum and maximum times over a set time 

interval (interval_hr=24, by default), and the range (range_hr=6, by default), which allows the 

code to identify location estimates that are close to, but not exactly separated by the interval_hr 

input value. For example, by default, CalcDisp() calculates displacements between location 

estimates separated by 10 time windows, 24 ± 6 hours, 48 ± 6 hours, etc., until 240 ± 6 hours. 

CalcDisp() outputs a list where each list element contains the displacements calculated over a 

time window, such that the first list element contains data from the first time window and so 

on.  

 

# Calculate displacements from the tracks dataset with default parameters 

disp.all <- CalcDisp(tracks) 

# Summarise displacements calculated over the first time window (24 ± 6 hours) 

summary(unlist(disp.all[[1]])) 

 

 

A probability density function (pdf) of the resulting displacements can be plotted using the 

PlotDispPDF() function (Figure S 3.2-Figure S 3.3; Figure 3.1 in main text). The normalised 

parameter allows the data to be normalised before plotting, which divides all displacements in 

a time window by the mean displacement for that time window (normalised=TRUE, by 

default). If displacements have been calculated over multiple time windows, we recommend 

normalising them so you can compare results from different time windows. We have also 

included optional parameters that allow changes to the colours of the points (colours=rainbow, 

by default) and the ability to add or remove a legend (legend=TRUE, by default). 

PlotDispPDF() outputs all data used to create the plot, including the pdf values (“pdf”), the 

displacements (“disp”), and the time windows (“timeWindow”); note that if 

normalised=TRUE, the output displacements are normalised values.  
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# Create a pdf plot of normalised displacements  

PlotDispPDF(disp.all) 

 
Figure S 3.2 Probability density function (pdf) plot of normalised displacements from the 

tracks dataset calculated over 10 time windows, 24 to 240 hours at 24 ± 6-hour time intervals 

with CalcDisp(). Plot created with PlotDispPDF() default parameters. 

 

# Create a pdf of displacements (not normalised)  

PlotDispPDF(disp.all, normalised=FALSE) 

 

Figure S 3.3 Probability density function (pdf) plot of displacements from the tracks dataset 

calculated over 10 time windows, 24 to 240 hours at 24 ± 6-hour time intervals with CalcDisp(). 

Plot created with PlotDispPDF() where normalised=FALSE.  

 

3.6.2.2 Scale of movement with RMS()  

The RMS() function provides insights into the scale of movement by calculating the mean and 

root-mean-square (RMS) displacements and plotting them over time (Figure S 3.4). RMS() has 

optional parameters that allow you to change the time unit used to calculate the time between 

locations (timeUnit= “days”, by default), the width of the time bins used to calculate how 
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frequently displacements occurred (wBins=1.1, by default), if a scatterplot is created 

(plot=TRUE, by default), and if a linear model is fit to the data to examine the relationship 

between the root-mean-square displacement values and time (lm=TRUE, by default). When 

lm=TRUE, a linear model object “RMSlinearModel” is automatically exported to the local 

environment. The slope of the linear model is used to make conclusions about the scale of 

movement (see Table 3.3 in the main text for suggestions on interpreting your results). Because 

RMS() calculates all displacements in each track, this function may take 10-20+ minutes, 

depending on your computer; progress updates will appear when the calculations are 25%, 

50%, 75%, and 100% complete. RMS() outputs data in three columns, “timeWindow”, 

including the binned time windows in days (or whatever unit was set using timeUnit) that 

correspond with the “meanDisplacement” and “rmsDisplacement” values in kilometres (km).  

 

# Calculate RMS values with default parameters 

rms.result <- RMS(tracks) 

 

Figure S 3.4 Scatter plot of mean (grey points) and root-mean-square (RMS; black points) 

displacements (d) in kilometres (km) from tracks dataset over time (T) in days, fit to a linear 

model (red line with standard error shaded in grey). Plot created with RMS() default parameters.   
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# Summarise RMS results 

summary(rms.result) 

 

 

# Summarise the linear model results and identify the Hurst exponent  

summary(RMSlinearModel) 

 

 

# Determine the Hurst exponent without displaying the full linear model summary  

RMSlinearModel$coefficients[2] 

 
 

3.6.2.3 Influence of correlations on movement decisions with Randomise() 

The Randomise() function can be used to gain insights into how correlations influenced the 

movements and space-use of a species. Optional parameters allow you to change the number 

of randomised tracks created (randTrack=500, by default) and the grid cell size in degrees 

(gridCell=0.25, by default). Results from Randomise() can be visualised with a scatter plot 

(plot=TRUE, by default; Figure S 3.5), and a linear model can be fit to the average number of 

grid cells visited by the randomised tracks and the number of grid cells visited by the original 

tracks (lm=TRUE, by default). The slope of this model is used to make conclusions about how 

correlations influence movement (see Table 3.3 in the main text for suggestions on how to 

interpret results). Randomise() outputs data in three columns, “ref” the reference id numbers 

for each track, “CellsInOriginalTracks” the number of grid cells visited by the original tracks, 

and “AvgCellsInRandomisedTracks” the average number of grid cells visited by the 

randomised tracks. The coordinates for the randomised tracks, “RandomisedLong” and 
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“RandomisedLat”, are automatically saved to the local environment because this information 

is needed for the PlotRandomTracks() functions. 

 

# Setting a seed enables the replication of results because Randomise()  

# involves random number selection 

set.seed(1)  

# Randomise tracks from the tracks dataset with default parameters  

randomise.result <- Randomise(tracks) 

 

Figure S 3.5 Scatter plot illustrating the relationship between the number of grid cells visited 

by the original tracks and the average number of grid cells visited by the randomised tracks. 

The solid black line represents the linear model fit to this data, the grey shaded area reflects the 

standard error of the fit, and the dashed black line represents a 1:1 relationship. Plot created 

with Randomise() default parameters.  

 

# Summarise RMS results 

summary(randomise.result) 
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# Determine the slope of the linear model  

summary(RandomiselinearModel) 

 

 

# Determine the slope without displaying the full linear model summary  

RandomiselinearModel$coefficients[2] 

 

 

The PlotRandomTracks() function plots the randomised tracks created with Randomise() 

(Figure S 3.6; Figure 3.1 in main text). PlotRandomTracks() requires you to input a reference 

id of the track to be mapped in the ref parameter and will automatically call on the 

“RandomisedLat” and “RandomisedLong” objects previously exported from Randomise(). 

Optional parameters allow you to change the number of randomised tracks that are plotted 

(numPlot=1:5, by default numPlot plots the first 5 randomised versions of each track). You can 

also change how the map is visualized by: changing the colours of the original and randomised 

location estimates (colours=c(“black”, “grey70”), respectively, by default), adding or 

removing lines connecting the location estimates (tracks=TRUE, by default), changing the 

colours of the starting and ending points of each track (startCol=“red” and endCol = “blue”, 

respectively, by default), and adding a legend (legend=TRUE, by default). 

PlotRandomTracks() outputs the data used to create the map in three columns, “randTrack”, 

the id number of the random track, “lon” and “lat”, the longitude and latitude coordinates of 

the randomised tracks. 
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# Plot random tracks for tracks dataset reference id 1 

PlotRandomTracks(tracks, ref=1) 

 

Figure S 3.6 Map illustrating the original track for reference id 1 from the tracks dataset (black 

points and line) and the first 5 randomised tracks for track reference id 1 calculated using 

Randomise() (grey points and lines). The starting and ending locations are in red and blue, 

respectively. Plot created with PlotRandomTracks() default parameters and ref=1.  

 

3.6.2.4 Turning angles with TurningAngles() 

The TurningAngles() function calculates turning angles between a set of three consecutive 

location estimates separated by set time windows to describe how species explore their habitats. 

Similarly to CalcDisp(), four optional parameters allow you to change the time windows 

between each pair of location estimates, including setting the minimum and maximum times 

between location estimates in hours (min_hr=24 and max_hr=240, by default), the time interval 

in hours, which creates a sequence of time windows between the minimum and maximum times 

over a set time interval (interval_hr=24, by default), and the range (range_hr=6, by default), 

which allows the code to identify location estimates that are close to, but not exactly separated 

by the interval_hr input value. The histPlot parameter determines if a histogram is output and 

controls if “all” time windows are plotted or if only the first, or second, or third etc. time 

window is plotted (histPlot=c(TRUE, “all”), by default; Figure S 3.7). Results are output in a 

list where each list element contains the angles calculated over a time window, such that the 

first list element contains data from the first time window and so on. See Table 3.3 in the main 

text for suggestions on how to interpret results.  
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# Calculate turning angles in the tracks dataset using default parameters 

angle.results <- TurningAngles(tracks) 

 

Figure S 3.7 Histogram of turning angles recorded from the tracks dataset during ten time 

windows (24 to 240 hours over 24 ± 6 hour intervals). Plot created with TurningAngles() default 

parameters.  

 

# Summarise turning angles calculated over the first time window (24 ± 6 hours) 

summary(angle.results[[1]]) 

 

 

Results from TurningAngles() can be visualised with the PlotAngles() function, which creates 

a circle plot (also known as a spider or radar plot) showing the frequency of turning angles over 

each time window (Figure S 3.8; Figure 3.1 in main text). Optional parameters allow you to: 

control if “all” time windows or only specific windows are plotted (timePlot=“all”, by default), 

change line colours (colours=rainbow, by default), and determine if a legend is included 

(legend=TRUE, by default). PlotAngles() outputs all data used to create the circle plot, 

including the time windows (“timeWindows”), angle frequency (“frequency”), and 

corresponding angles (“angle”).  
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# Create a circle plot of all turning angles calculated using TurningAngles() 

PlotAngles(angle.results) 

 

Figure S 3.8 Circle plot of turning angles recorded from the tracks dataset during ten time 

windows (24 to 240 hours over 24 ± 6 hour intervals). Plot created with PlotAngles() default 

parameters.  

 

3.6.2.5 Search patterns with FitDist(), PlotDist(), and CompDist() 

Identifying the best-fit distribution of displacements can provide insights into the search 

pattern(s) a species may use to locate resources. Determining the best-fit distribution involves 

three functions: FitDist(), PlotDist(), and CompDist() (Figure 3.1 in main text), the functions 

are briefly defined here then explained in detail below. FitDist() fits cdfs of continuous power-

law, exponential, and lognormal distributions over the full range of displacements (i.e., full 

distributions) or to displacements truncated by an 𝑥𝑚𝑖𝑛 (i.e., truncated distributions). PlotDist() 

uses the results from FitDist() to plot ccdfs of the displacements with fit lines for each 

distribution. Lastly, CompDist() compares distribution fits from FitDist() and identifies the 

best-fit distribution for the displacements. See Figure S 3.9 for a methodological overview.  

 

After displacements have been calculated (e.g., Figure S 3.10), they are used with FitDist(), 

which requires you to consider four optional parameters, reviewed here: 

1) What distributions (dist) should be fit to the displacement data? By default, FitDist fits 

continuous power-law (“pl”), exponential (“exp”), and lognormal (“lnorm”) 

distributions (dist=c("pl","exp","lnorm")).  

2) Should each distribution be fit over the full range of displacements data (full=TRUE), 

or to the displacements truncated by a 𝑥𝑚𝑖𝑛 (full=FALSE, by default)?  
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3) If the distributions are fit to a truncated dataset (i.e., full=FALSE), should the algorithm 

automatically identify the best-fit 𝑥𝑚𝑖𝑛 for each distribution (set_xmin=NULL, by 

default), or do you want to manually assign the 𝑥𝑚𝑖𝑛 value?  

4) Should the displacements be normalised before fitting distributions (normalise=TRUE, 

by default)? Note that displacements should be normalised if they were calculated over 

multiple temporal periods.  

Outputs from FitDist() include the “distribution” (pl, exp, or lnorm), “xmin” value, “parameter 

1”, the first parameter for each distribution (i.e., α, λ, or 𝜇 for pl, exp, and lnorm, respectively), 

“parameter 2”, the second distribution parameter (i.e., 𝜎, only applicable to lnorm), and 

“nTail”, the number of values greater than or equal to 𝑥𝑚𝑖𝑛. Results from FitDist() can be 

plotted with the PlotDist() function (Figure S 3.11-Figure S 3.12; Figure 3.1 in main text). 

Within PlotDist(), optional parameters allow you to add fit lines for each distribution 

(fitLines=TRUE, by default), plot only specific distributions (setDist=NULL, by default), 

change the colours of the fit lines (colours=c("red","gold2","blue"), by default), and add a 

legend (legend=TRUE, by default).  

 

Lastly, CompDist() is used to compare distributions fits and identify the best-fit distribution(s) 

for the displacements. Note that CompDist() can only be used when all distributions are fit to 

the same range of data (e.g., when full=TRUE or if set_xmin≠NULL); Figure S 3.11). By 

default, CompDist() compares distribution fits using weighted AICc scores (AIC scores 

corrected for small sample sizes) when the sample size of the displacements used to fit the 

model (i.e., nTail) divided by the number of parameters in the model is less than or equal to 

40; else, weighed AIC scores are calculated, following Burnham and Anderson (2004). 

However, CompDist() can be forced to calculate an AICC using force_AICc=TRUE (default is 

FALSE). The highest WAIC or WAICC score from each comparison indicates the best-fit 

distribution. See Table 3.3 in the main text for suggestions on how to interpret results. 

 

In the examples below we begin by calculating displacements over 24 ± 6 hours (only one time 

window was chosen to reduce processing times), identifying the best-fit distribution for the full 

range of displacements; then, demonstrating how to identify the best-fit distribution when 

displacement datasets are truncated by a best-fit 𝒙𝒎𝒊𝒏. In general, we recommend fitting 

distributions to full and truncated datasets to gain a comprehensive understanding of 

displacement patterns.  
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Figure S 3.9 Diagram outlining the procedure for identifying the best-fit distribution of 

displacements. 

 

We begin by calculating displacements over 24 ± 6 hours with CalcDisp() and plotting a pdf 

of the displacements with PlotDispPDF() (Figure S 3.10; Figure 3.1 in main text).  

 

# Calculate displacements over 24 + / - 6 hours 

disp <- CalcDisp(tracks, max_hr=24) 

# Summarise displacements 

summary(unlist(disp)) 
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# Plot displacements (as displacements were only calculated over one time window they  

# do not need to be normalised) 

PlotDispPDF(disp, normalised=FALSE) 

 

Figure S 3.10 Probability density function (pdf) plot of displacements calculated using 

CalcDisp() with max_hr=24. Plot created with PlotDispPDF() and normalised=FALSE. 

  

FitDist() is then used to fit the full range of displacements calculated over 24 ± 6 hours to 

power-law, exponential, and lognormal distributions, PlotDist() is used to plot the results 

(Figure S 3.11), and CompDist() is used to compare distribution fits.  

 

# Fit all distributions to the full range of displacement data  

distResults <- FitDist(disp, full=TRUE, normalise=FALSE)  

distResults 
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# Create a ccdf plot of displacements with fit lines illustrating distributions fit to the full  

# range of displacements 

PlotDist(disp, distResults) 

 

Figure S 3.11 Complementary cumulative distribution function (ccdf) of displacements 

(calculated using CalcDisp() with max_hr=24). Plot includes fit lines for power-law (pl), 

exponential (exp), and lognormal (lnorm) distributions based on results from FitDist() with 

full=TRUE. Plot created using PlotDist() default parameters.  

 

# Identify the best-fit distribution for the full range of displacement data 

compResults <- CompDist(disp, distResults) 

compResults 

 

 

In comparison, the following example demonstrates the procedure for fitting truncated 

distributions to the same displacements calculated over the 24 ± 6 hour time window. FitDist() 

is used to identify the best-fit 𝑥𝑚𝑖𝑛 for each distribution and PlotDist() is used to plot the results 

(Figure S 3.12).  

 

# Fit all distributions and identify the best-fit xmin for each distribution 

distResults.trunc <- FitDist(disp, full=FALSE, normalise=FALSE) 

distResults.trunc 
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# Create a ccdf plot of displacements with fit lines illustrating distributions fit to the  

# best-fit xmin for each distribution  

PlotDist(disp, distResults.trunc) 

 

Figure S 3.12 Complementary cumulative distribution function (ccdf) of displacements 

calculated using CalcDisp() with max_hr=24 including fit lines for power-law (pl), exponential 

(exp), and lognormal (lnorm) distributions based on the best-fit 𝑥𝑚𝑖𝑛 results from FitDist() 

(i.e., with full=FALSE). Plot created using PlotDist() default parameters. 

 

These results cannot be put straight into CompDist() because each distribution was fit to a 

different range of data (i.e., nTail values range from 1,364 to 12,622). Instead, we create 

pairwise comparisons where FitDist() is re-run three time (once for each distribution) and the 

set_xmin parameter is set to each of the best-fit 𝑥𝑚𝑖𝑛 values in turn. Once distributions have 

been fit to the same range of displacements, the distributions fits can be compared in 

CompDist(). 
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# Fit all distributions using the xmin value for the pl distribution 

distResultsPl <- FitDist(disp, set_xmin=distResults.trunc$xmin[1], 

normalise=FALSE)  

distResultsPl 

 

 

# Fit all distributions using the xmin value for the exp distribution 

distResultsExp <- FitDist(disp, set_xmin=distResults.trunc$xmin[2], 

normalise=FALSE)  

distResultsExp 

 

 

# Fit all distributions using the xmin value for the lnorm distribution 

distResultsLnorm <- FitDist(disp, set_xmin=distResults.trunc$xmin[3], 

normalise=FALSE) 

distResultsLnorm 

 

 

# Compare distribution fits based on the best-fit xmin value for the pl distribution 

compResultsPl <- CompDist(disp, distResultsPl) 

compResultsPl 

 

 

# Compare distribution fits based on the best-fit xmin value for the exp distribution 

compResultsExp <- CompDist(disp, distResultsExp) 

compResultsExp 

 

 

# Compare distribution fits based on the best-fit xmin value for the lnorm distribution  

compResultsLnorm <- CompDist(disp, distResultsLnorm) 

compResultsLnorm 
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Once all distributions are fit using each of the best-fit 𝑥𝑚𝑖𝑛 values, the distribution fits can be 

compared using CompDist(). An important consideration for interpreting the CompDist() 

results from pairwise comparisons is that if an 𝑥𝑚𝑖𝑛 was set to favour a specific distribution, 

but the WAIC/ WAICC scores do not identify that distribution as the best fit; the distribution 

corresponding to the 𝑥𝑚𝑖𝑛 value is not the best-fit distribution for the displacements. For 

example, in the first pairwise compassion the 𝑥𝑚𝑖𝑛was set to the best-fit 𝑥𝑚𝑖𝑛 for a power-law 

(20.87); however, the WAIC scores identified an exponential distribution as the best fit. 

Therefore, we conclude that a power-law is not the best-fit distribution for the data. As both 

full and truncated distribution analyses identified an exponential distribution as the best fit, we 

can report that between power-law, exponential and lognormal distributions, these 

displacements are best-fit to an exponential distribution. 

 

3.6.3 Space-use patterns 

3.6.3.1 Occupancy patterns with Occupancy() 

The Occupancy() function helps describe species’ space-use patterns by calculating the total 

number of location estimates within each grid cell and dividing this sum by the grid cell’s area, 

calculated using spherical coordinates. Optional parameters allow you to change the grid cell 

size in degrees (gridCell=0.25, by default), present results in a map (map=TRUE, by default; 

Figure S 3.13), and edit the colours used in the map to indicate low, moderate, and high 

occupancy, respectively, which are visualised using scale_fill_gradientn from the ggplot2 

package (Wickham, 2016) (colGrad=c(“blue”, “light blue”, “red”), by default). Occupancy() 

outputs all data used to create the map, including the “Latitude” and “Longitude” for the centre 

of each grid cell, the “Area” of the grid cell, the number of location estimates recorded in the 

grid cell (“Counts”), and the “Occupancy” per grid cell. See Table 3.3 in the main text for 

suggestions on how to interpret results. 
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# Create an occupancy map based on the tracks dataset 

Occ <- Occupancy(tracks) 

 

Figure S 3.13 Map of occupancy (total count of location estimates in each grid cell per area) 

based on the tracks dataset. Map created with Occupancy() default parameters. 

 

# Summarise occupancy patterns 

summary(Occ$Occupancy) 

 

 

A pdf of the results from Occupancy() can be plotted with the pdfPlot() function when the desc 

parameter is set to “Occupancy” (Figure S 3.14; Figure 3.1 in main text). 

 

# Create a pdf plot of occupancy values 

pdfPlot(Occ$Occupancy, desc="Occupancy")  

 

Figure S 3.14 Probability density function (pdf) plot of occupancy per km2 for tracks dataset 

determined with Occupancy() default parameters. Plot created using pdfPlot() with desc set to 

“Occupancy”.  
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3.6.3.2 Community-wide movements with InfomapCommunities() 

To identify Infomap communities, PhysMove requires the infomapecology R package 

(available at: https://github.com/Ecological-Complexity-Lab/infomap_ecology_package) and 

a stand-alone Infomap file that must be downloaded separately following: https://ecological-

complexity-lab.github.io/infomap_ecology_package/installation (Farage et al., 2021). The 

following instructions assume both the infomapecology R package and the stand-alone Infomap 

file have been installed.  

 

The InfomapCommunities() function identifies community-wide movements in two steps. 

First, it calculates the probability of individuals moving between specific grid cells along their 

track within a predetermined time window. InfomapCommunities() saves these results as a 

transition probability matrix (which is also known as a “unipartite edge list”); this matrix can 

be saved to the local environment as “TransitionProbabilityMatrix” if tpm,=TRUE 

(tpm=FALSE, by default). Optional parameters allow you to change the grid cell size in degrees 

(gridCell=0.25, by default), as well the number of hours between location estimates (hours=24, 

by default), and the time range in hours that will allow the algorithm to identify location 

estimates that are close to, but not exactly separated by the set number of hour (range_hr=6, 

by default). Second, if infomap=TRUE, InfomapCommunities() feeds the transition probability 

matrix into the infomapecology package to create an “Infomap monolayer object” that 

identifies movement communities (Infomap=TRUE, by default). To ensure the algorithm 

calculates movement patterns consistent with telemetry data, we adapted the infomapecology 

functions to allow for directed movement, self-links (i.e., individuals can remain in the same 

grid cell over time), and hierarchical partitioning (i.e., the resulting communities are composed 

of multiple levels). Because we allowed hierarchical partitioning, the resulting communities 

are associated with different levels; level 1 communities are the most inclusive and have been 

used to identify community-wide movements (following Calich et al., 2021; Rodríguez et al., 

2017). See Farage et al. (2021) for tips on interpreting the Infomap monolayer object and Table 

3.3 in the main text for suggestions on how to interpret results. 

 

The CommunityMap() function is used to visualise results from InfomapCommunities() by 

converting the Infomap monolayer object into a map (Figure S 3.15; Figure 3.1 in main text). 

The optional subset_communities parameter allows you to indicate if you only want to map 

specific communities. For example, subset_communities = c(1,2,3) would plot communities 1, 

2, and 3, but if subset_communities is left blank (by default), all level 1 communities will be 
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plotted. The colours used on the map can be changed with colours (colours= “Dark2”, by 

default).  

 

# Identify community-wide movements with InfomapCommunities(). Note that the 

# working directory must be set to the folder containing the Infomap file (see:  

# https://ecological-complexity-lab.github.io/infomap_ecology_package/installation) 

infomap <- InfomapCommunities(tracks) 

 

# Determine the structure of the Infomap monolayer object 

str(infomap) 

 

 

# Create a map of the Infomap communities  

CommunityMap(infomap) 

 
 

Figure S 3.15 Map illustrating level 1 Infomap communities for the tracks dataset determined 

using InfomapCommunities() default parameters. Map created with CommunityMap() default 

parameters.  
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3.6.4 Intraspecific movements 

3.6.4.1 Dispersion with GyrationRad() 

The GyrationRad() function calculates the dispersion (i.e., the gyration radius) of each track in 

a dataset. Optional parameters allow you to create a map (map=TRUE, by default; Figure S 

3.16) and control the colour of the points, indicating average track locations, and circles, 

indicating how far each animal dispersed (mapCol=c(“Black”, “Red”), by default). 

GyrationRad() outputs the data used to make each map, including “ref”, the reference id for 

each track, “avg long” and “avg lat”, the average longitude and latitude coordinates in degrees 

for each track, and “rG (km)”, the gyration radius in kilometres for each track. See Table 3.3 

in the main text for suggestions on how to interpret results. 

 

# Calculate the dispersion of each track in the tracks dataset 

GR <- GyrationRad(tracks) 

 

Figure S 3.16 Map illustrating dispersion patterns for tracks dataset using GyrationRad() 

default parameters. Black points represent the mean location of each track and red circles 

represent how far each track dispersed (i.e., their gyration radius).  

 

# Preview the first 6 rows of the gyration radius dataset 

head(GR) 

 
 

A pdf of the results from GyrationRad () can be plotted with the pdfPlot() function when the 

desc parameter is set to “GyrationRad” (Figure S 3.17; Figure 3.1 in main text). 
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# Create a pdf plot of gyration radius values 

pdfPlot((GR$`rG (km)`), desc="GyrationRad") 

 

Figure S 3.17 Probability density function (pdf) plot of gyration radius values for tracks dataset 

determined with GyrationRad() default parameters. Plot created using pdfPlot() with desc set 

to “GyrationRad”. 

 

3.6.4.2 Entropy with Entropy() 

The Entropy() function calculates track randomness by documenting the fraction of data points 

from each track within each grid cell. The resulting entropy scores are then normalised so 

results can be compared between individuals. Optional parameters allow changes to the grid 

cell size in degrees (gridCell=0.25, by default) and the ability to output a histogram of the 

results (histPlot=TRUE, by default; Figure S 3.18). Entropy() outputs results in four columns, 

including “ref”, the reference id for each track, the “normalisedEntropy” scores, 

“indivEntropy”, the individual entropy scores before they were normalised, and the number of 

“cellsVisited” by each track. See Table 3.3 in the main text for suggestions on how to interpret 

results. 
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# Calculate track entropy using default parameters 

Ent <- Entropy(tracks) 

 

Figure S 3.18 Histogram of normalised entropy scores for tracks dataset created using 

Entropy() default parameters.  

 

# Preview the first 6 rows of the entropy results 

head(Ent) 

 

 

A pdf of the results from Entropy() can be plotted with the pdfPlot() function when the desc 

parameter is set to “Entropy” (Figure S 3.19; Figure 3.1 in the main text). 
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# Create a pdf plot of the entropy scores 

pdfPlot(Ent$normalisedEntropy, "Entropy") 

 

Figure S 3.19 Probability density function (pdf) plot of normalised entropy scores for tracks 

dataset determined with Entropy() default parameters. Plot created using pdfPlot() with desc 

set to “Entropy”.  

 

3.6.4.3 Predictability with Predictability() 

The Predictability() function calculates the limit of predictability for each track based on their 

individual entropy scores (Figure 3.1). Optional parameters allow you to alter the starting value 

used to find a root value for the limit of predictability equation (startVal=0.99, by default) and 

output a histogram (histPlot=TRUE, by default; Figure S 3.20). Predictability() outputs results 

in two columns, “ref”, the reference id for each track, and “Predictability”, the predictability 

scores for each track. See Table 3.3 in the main text for suggestions on how to interpret results. 
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# Track predictability using Predictability() with results from Entropy() 

Pred <- Predictability(tracks, Ent) 

  

Figure S 3.20 Histogram of predictability scores for tracks dataset determined using 

Predictability() default parameters and entropy scores from Entropy(). 

 

# Preview the first 6 rows of the predictability results 

head(Pred) 

 

 

A pdf of the results from Predictability() can be plotted with the pdfPlot() function when the 

desc parameter is set to “Predictability” (Figure S 3.21; Figure 3.1 in main text). 
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# Create a pdf plot of the predictability scores 

pdfPlot(Pred$Predictability, desc="Predictability")  

 

Figure S 3.21 Probability density function (pdf) plot of predictability scores for tracks dataset 

determined with Predictability() default parameters and results from Entropy(). Plot created 

using pdfPlot() with desc set to “Predictability”. 
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Chapter 4: Comprehensive analytical approaches reveal species-

specific search strategies in sympatric apex predatory sharks 

 

This Chapter is presented as published in Ecography, with minor changes to ensure consistency 

with the rest of this thesis.  

 

Citation:  

Calich, H. J., Rodríguez, J. P., Eguíluz, V. M., Hammerschlag, N., Pattiaratchi, C., Duarte, C. 

M., & Sequeira, A. M. M. (2021). Comprehensive analytical approaches reveal species-

specific search strategies in sympatric apex predatory sharks. Ecography, 44(10), 1544-

1556. doi:10.1111/ecog.05953 

 

4.1 Abstract 

Animals follow specific movement patterns and search strategies to maximize encounters with 

essential resources (e.g., prey, favourable habitat) while minimizing exposures to suboptimal 

conditions (e.g., competitors, predators). While describing spatiotemporal patterns in animal 

movement from tracking data is common, understanding the associated search strategies 

employed continues to be a key challenge in ecology. Moreover, studies in marine ecology 

commonly focus on singular aspects of species’ movements, however using multiple analytical 

approaches can further enable the identification of ecological phenomena and help resolve 

fundamental ecological questions relating to movement. Here, we used a set of statistical 

physics-based methods to analyse satellite tracking data from three co-occurring apex predators 

(tiger, great hammerhead, and bull sharks) that predominantly inhabit productive coastal 

regions of the northwest Atlantic Ocean and Gulf of Mexico. We analysed data from 96 sharks 

and calculated a range of metrics, including each species’ displacements, turning angles, 

dispersion, space-use, and community-wide movement patterns to characterize each species’ 

movements and identify potential search strategies. Our comprehensive approach revealed high 

interspecific variability in shark movement patterns and search strategies. Tiger sharks 

displayed near-random movements consistent with a Brownian strategy commonly associated 

with movements through resource-rich habitats. Great hammerheads showed a mixed-

movement strategy including Brownian and resident-type movements, suggesting adaptation 

to widespread and localized high resource availability. Bull sharks followed a resident 

movement strategy with restricted movements indicating localized high resource availability. 
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We hypothesize that the species-specific search strategies identified here may help foster the 

co-existence of these sympatric apex predators. Following this comprehensive approach 

provided novel insights into spatial ecology and assisted with identifying unique movement 

and search strategies. Similar future studies of animal movement will help characterize 

movement patterns and also enable the identification of search strategies to help elucidate the 

ecological drivers of movement and to understand species’ responses to environmental change. 

 

4.2 Introduction 

Animals use specific movement strategies to meet their essential biological and ecological 

requirements such as finding prey, favourable habitat, avoiding risk, or seeking shelter (Hussey 

et al., 2015; Kays et al., 2015; Nathan et al., 2008). For migratory species, these strategies are 

often complex and composed of multifaceted movements. While understanding these complex 

strategies continues to be a key challenge in ecology (e.g., Hays et al., 2016), a range of 

advanced analytical methods are available to investigate various aspects of movement. Many 

of these methods were developed through ecological studies of animal movement (e.g., Elith 

et al., 2011; Guisan & Zimmermann, 2000; Jonsen et al., 2005; Worton, 1989), but others have 

roots in statistical physics. For example, studies describing theories of particle movement (e.g., 

Einstein, 1905) provided the basis for research focused on identifying mechanisms and drivers 

of movement (e.g., Bénichou et al., 2011; Brockmann et al., 2006; González et al., 2008) that 

have also been applied to ecological research (e.g., Bartumeus et al., 2005; Giuggioli & 

Bartumeus, 2010; Humphries et al., 2010; Viswanathan et al., 1999). The versatile nature of 

these physics-based methods has resulted in a highly diverse collection of analytical procedures 

that can be used to quantify various aspects of animal movement. Additionally, by using a 

combination of methods ecologists can comprehensively analyse species’ movement strategies, 

identify ecological phenomena, and resolve fundamental ecological questions relating to 

species movement behaviour (e.g., Hays et al., 2016; Sutherland et al., 2013). 

 

Methods derived from statistical physics can be particularly valuable for studying ecological 

phenomena as they do not necessarily require a priori assumptions about movement behaviour. 

For example, displacements can be defined as distances travelled over a range of predefined 

time periods (e.g., Rodríguez et al., 2017; Sequeira et al., 2018), avoiding the need for 

researcher-dependent assumptions on how to define where a displacement ends (e.g., by 

defining what is a turning point) (Reynolds, 2010; Turchin, 1998). Albeit, turning points can 
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be appropriately used to define vertical displacements when the points identify changes in 

direction (e.g., descending or ascending movements) (Humphries et al., 2013). Reducing 

researcher-dependent, species-specific assumptions enables the application of statistical 

physics methods to a wide range of taxa (see Humphries et al., 2010; Sequeira et al., 2018), 

and to analyse additional aspects of animal movement beyond those typically analysed with 

ecological methods. 

 

While descriptions of species' spatiotemporal movement patterns are increasingly common, 

elucidating the search strategies species use to locate resources in their environments remains 

a key challenge. Traditionally, standard methods in spatial ecology have assumed species 

follow Brownian search strategies (de Jager et al., 2014; Viswanathan et al., 2011). Brownian 

movements are commonly documented when species are moving in resource-rich 

environments and consist of random displacements with a well-defined mean and variance that 

can be described by an exponential distribution of displacements (Humphries et al., 2010; Sims 

et al., 2012). However, since the early 1990s, there has been increasing evidence suggesting 

species do not always follow Brownian movements (Viswanathan et al., 2011). One of the 

most frequently discussed, and somewhat debated, search strategies is a Lévy-like walk 

(Humphries et al., 2012; Reynolds, 2018; Sims et al., 2008). Lévy-like walks represent an 

optimal search strategy for species when resources are scarce, randomly distributed, or have an 

unknown distribution. This strategy has been identified in a wide range of species including 

micro-organisms, arthropods, molluscs, marine and aquatic animals, terrestrial mammals, 

birds, and even humans (Focardi, Montanaro, & Pecchioli, 2009; Raichlen et al., 2014, and 

references therein; Sims et al., 2008; Viswanathan et al., 2011). Lévy walks are described by 

a specific power-law distribution of displacements involving many short displacements, 

interspersed by rare, long displacements. Other search patterns, for example, those used by 

central-place foragers or habitat specialists that spend much of their time in a central place 

where resources are concentrated, have been described by a lognormal distribution of 

displacements (e.g., butterflies and peccaries, Reyna-Hurtado et al., 2012; Schtickzelle et al., 

2007). While some species may only utilize a single search strategy, others may use multiple 

search strategies, particularly if they are in the presence of conspecifics or are moving across 

different habitats types. For example, solitary fallow deer (Dama dama) perform Lévy searches 

while herds of fallow deer do not, which is presumably because the long steps associated with 

Lévy searches may cause individuals to lose contact with the herd (Focardi et al., 2009). 

Additionally, white sharks (Carcharodon carcharias) have demonstrated Lévy-like walks in 
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resource-poor habitats such as the open ocean, and Brownian motion in resource-rich habitats 

such as near seal colonies (Sims et al., 2012). 

 

Previous studies using statistical physics methods to document movement patterns of marine 

megafauna have mostly focused on documenting specific movements of pelagic taxa. For 

example, in recent years there have been multiple studies focusing on species’ displacement 

patterns and/or turning angles that have provided novel insights into marine ecology 

(Humphries et al., 2010; Sequeira et al., 2018). However, statistical physics-based methods are 

highly diverse and combining multiple methods allows for a comprehensive understanding of 

species movement ecology. This is well demonstrated in Rodríguez et al. (2017), where the 

authors used a combination of several statistical physics-based methods to determine that 

memory is likely to be an intrinsic driver of southern elephant seal (Mirounga leonina) 

movement and foraging strategies. While each of these studies has used statistical physics 

methods to fundamentally advance our understanding of marine movement ecology, the 

movement patterns and search strategies of sympatric marine apex predators within productive 

coastal habitats remain largely unknown. 

 

Multiple species of top predators coexist within the productive coastal regions of the northwest 

Atlantic Ocean and the Gulf of Mexico, including tiger (Galeocerdo cuvier), great hammerhead 

(Sphyrna mokarran), and bull sharks (Carcharhinus leucas) (e.g., Calich, Estevanez, & 

Hammerschlag, 2018; Graham et al., 2016; NOAA, 2019). Within this region, studies focused 

on broad-scale movement patterns have revealed that tiger sharks have a widespread 

distribution through coastal and pelagic environments (Ajemian et al., 2020; Lea et al., 2015), 

great hammerheads are predominantly a coastal species that are frequently observed along the 

shelf (Guttridge et al., 2017; Hammerschlag, Gallagher, Lazarre, & Slonim, 2011), and bull 

sharks show high site fidelity in coastal areas, exhibiting seasonal coastal migrations (Calich 

et al., 2018; Carlson, Ribera, Conrath, Heupel, & Burgess, 2010; Graham et al., 2016; 

Guttridge et al., 2017; Rider et al., 2021). Despite occupying slightly different habitats all three 

species are apex predators, commonly foraging on a variety of teleosts and other elasmobranchs 

in the study area, albeit with some variation between species (Aines, Carlson, Boustany, 

Mathers, & Kohler, 2018; Gallagher & Klimley, 2018; Snelson, Mulligan, & Williams, 1984). 

For example, stable isotope analyses indicate that bull sharks tend to eat mangrove and 

coastally-derived prey, while great hammerheads and tiger sharks tend to eat prey derived 

further offshore (Shiffman, Kaufman, Heithaus, & Hammerschlag, 2019; Shipley, Gallagher, 
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Shiffman, Kaufman, & Hammerschlag, 2019). Additionally, bull sharks and great 

hammerheads tend to eat at relatively the same trophic level, while tiger sharks tend to eat at a 

slightly lower trophic level, which has been attributed to the presence of herbivorous turtles in 

their diet (Aines et al., 2018; Shiffman et al., 2019; Shipley et al., 2019).  

 

While the habitat use and dietary preferences of tiger, great hammerhead, and bull sharks in 

this region have been well described, the search strategies that enable these species to co-exist, 

locate resources, and reduce niche overlap remain unknown. Here, we used a range of statistical 

physics-based methods to develop a comprehensive understanding of these species’ 

movements. These methods enabled us to identify the unique movement patterns and search 

strategies employed by these sympatric apex predators within this productive coastal region. 

 

4.3 Methods 

We tagged 96 tiger, great hammerhead, and bull sharks (58, 18, and 20, respectively; Table S 

4.1) throughout South Florida and The Bahamas between 2010 and 2017 (Figure 4.1, Figure S 

4.1) using Smart Position and Temperature Transmitting satellite tags (SPOT; manufactured 

by Wildlife Computers) and following tagging procedures outlined in Gallagher, Serafy, 

Cooke, and Hammerschlag (2014a) and Graham et al. (2016). Argos location accuracy ranges 

from <250 m to >5 km according to the pre-defined error classes: 3, 2, 1, 0, A, B, and Z, where 

‘Z’ reflects highly unreliable position estimates. We removed all ‘Z’ locations and applied a 2 

m s-1 speed filter to the data to remove other erroneous location estimates. We then excluded 

all individuals without enough locations for analysis. Our datasets contained a total of 10,032, 

755, and 939 location estimates with average trajectory durations of 156 ± 134 days, 52 ± 53 

days, and 133 ± 130 days for tiger, great hammerhead, and bull sharks, respectively (Figure 

4.1 A-C; Table S 4.1). To identify inter- and intraspecific movement and search strategies we 

followed approaches similar to Rodríguez et al. (2017) and Sequeira et al. (2018). In summary, 

we began by compiling the probability density functions (pdfs) of the displacements and 

assessing the tortuosity of each species’ trajectories. We then calculated each species’ root-

mean-square displacement to identify how their displacements scaled with time and 

randomised their trajectories to determine if correlations influenced their movements. Once 

displacement patterns were identified, we quantified space-use by calculating grid cell 

occupancy. Using the community detection algorithm Infomap (Edler et al., 2015), we 

identified regions where individuals stayed for longer periods, such that the movement inside 
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those regions was more frequent than the movement across different regions. Lastly, 

intraspecific analyses were run to examine variation in the individual trajectories. To identify 

intraspecific patterns, we calculated individual gyration radii to describe how trajectories 

dispersed, and then calculated entropy and predictability scores for each trajectory to describe 

how ordered and predictable the trajectories were, respectively. 

 

We calculated displacements for each species using the geographic great-circle distance 𝑑𝑖,𝑡(𝑇) 

between two location estimates from the same trajectory separated by predefined time windows 

ranging from one to ten days over 24 ± 6 hour intervals (Rodríguez et al., 2017; Sequeira et 

al., 2018). We then normalised the displacements �̃�𝑖,𝑡(𝑇) = 
𝑑𝑖,𝑡(𝑇)

〈𝑑(𝑇)〉
 , i.e., dividing them by the 

average displacement for each time window T: 〈𝑑(𝑇)〉 =  
1

𝑁(𝑇)
∑ 𝑑𝑖,𝑡(𝑇)𝑖,𝑡 , where N(T) is the 

total number of observed displacements in time window T, i represents each individual, and t 

is the time. We then aggregated the results into one pdf of displacements for each species and 

fit it to the following distributions: continuous power-law 𝑓(𝑥) = 𝐴𝑥−𝛼, exponential  

𝑓(𝑥) = 𝐵𝑒−𝜆𝑥, and lognormal 𝑓(𝑥) =  𝐶
1

𝑥
exp [−

(ln 𝑥−𝜇)2

2𝜎2 ] (where A, B and C are 

normalization constants). We fit each distribution to pdfs truncated by 𝑥𝑚𝑖𝑛 (as suggested by 

Clauset et al., 2009) and also fit the complete pdfs (i.e., those not truncated by 𝑥𝑚𝑖𝑛) to 

exponential and lognormal distributions. We fit each distribution using the poweRlaw package 

for R (Gillespie, 2015), which uses a combination of Kolmogorov–Smirnov tests and 

maximum likelihood estimation methods (following Clauset et al., 2009). To evaluate how 

well each distribution fit each pdf, we calculated Vuong’s likelihood ratio tests and weighted 

Akaike Information Criteria (wAIC; following Clauset et al., 2009; Humphries et al., 2010). A 

best-fit distribution was identified when both Vuong’s tests and wAIC scores identified the 

same distribution as best-fit for both the truncated and complete pdfs (where applicable). 

Where the same best-fit distribution was not found for both the truncated and complete pdf, we 

developed pdfs for each individual shark separately and identified the best-fit distribution for 

each complete pdf following the methods described above.  

 



 

79 

 

Figure 4.1 Tracked locations (A-C) and occupancy results (D-F) for tiger (top row), great 

hammerhead (middle row), and bull sharks (bottom row). Location estimates are shown for 

tiger (A; N=10,032), great hammerhead (B; N=755), and bull sharks (C; N=939). Tagging 

locations are shown with black circles where the size represents the number of animals tagged 

(left panel). Occupancy results are displayed as percent of maximum occupancy (% Max 

Occupancy; M), where occupancy values describe the total number of location estimates within 

each 0.25˚ x 0.25˚ grid cell divided by grid cell area in km2 (calculated using spherical 

coordinates for each location), for tiger (D; M=1.00 km2), great hammerhead (E; M=0.057 

km2), and bull sharks (F; M=0.284 km2) (right panel). 
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To identify additional patterns in each species’ displacements we calculated their turning 

angles and root-mean-square displacements. We extracted turning angles by identifying three 

consecutive location estimates L separated by time T (i.e., LT-1, LT, LT+1) where T ranged from 

1-10 days ± 6 hours at 24-hour intervals and displacements between location estimates were 

calculated as 𝐿𝑇−1𝐿𝑇
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  = (𝑥1, 𝑦1) and 𝐿𝑇𝐿𝑇+1

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  = (𝑥2, 𝑦2). To calculate angles (𝜃) when the 

individual moved between locations L T-1, LT, and LT+1 (i.e., where (𝑥1 ⋅ 𝑥2) + (𝑦1 ⋅ 𝑦2) ≠ 0) 

we solved for: 

𝑓(𝑥, 𝑦) =  arctan
(𝑥1 ⋅ 𝑦2)−(𝑦1 ⋅ 𝑥2)

(𝑥1 ⋅ 𝑥2)+(𝑦1 ⋅ 𝑦2)
 ; 

𝜃 = {

𝑓(𝑥, 𝑦) −  𝜋

𝑓(𝑥, 𝑦) +  𝜋

𝑓(𝑥, 𝑦)
 
 𝑖𝑓 𝑓(𝑥, 𝑦) > 0 and (𝑥1 ⋅ 𝑥2) + (𝑦1 ⋅ 𝑦2) < 0,

 𝑖𝑓 𝑓(𝑥, 𝑦) ≤ 0 and (𝑥1 ⋅ 𝑥2) + (𝑦1 ⋅ 𝑦2) < 0,
otherwise

 

If the individual did not move between L T-1 and LT, or LT and LT+1 such that (𝑥1 ⋅ 𝑥2) +

(𝑦1 ⋅ 𝑦2) = 0, we solved for:  

𝜃 =  {
𝜋/2

−𝜋/2
 𝑖𝑓 (𝑥1 ⋅ 𝑦2) − (𝑦1 ⋅ 𝑥2) > 0,

otherwise
 

Angles near 0˚ or 180˚ indicate direct forward or return movements, respectively, while angles 

near 90˚ or 270˚ indicate less direct, lateral, or more resident-type movements (Sequeira et al., 

2018). Then, we calculated each species’ root-mean-square displacement (𝑑𝑅𝑀𝑆) across all 

combinations of location estimates in an animal’s trajectory and plotted against the 

corresponding time windows for each displacement 𝑑(𝑇) following: 𝑑𝑅𝑀𝑆(𝑇) =  √〈𝑑2(𝑇)〉 

with scaling factors indicating sub-diffusive (𝑑𝑅𝑀𝑆< 0.5), Brownian (𝑑𝑅𝑀𝑆 = 0.5), super-

diffusive (𝑑𝑅𝑀𝑆 > 0.5) or directed movements (𝑑𝑅𝑀𝑆 =1). To break any existing correlations 

between location estimates, we created 500 randomised samples of each trajectory, 

randomising the sequences of the displacements for each observed trajectory while maintaining 

the origin and end location of each trajectory. We then calculated the number of 0.25˚ x 0.25˚ 

grid cells visited by each observed and randomised trajectory. We ran a linear regression using 

the lm() function in R to examine the relationship between the average number of grid cells 

visited in the randomised trajectories (response variable) and the number of grid cells visited 

in the observed trajectory (dependent variable). If the randomised trajectories visited more grid 

cells than the original trajectories this indicated the original trajectories led to restricted space-

use, an opposite result indicated the original trajectories led to an extended exploration of 
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space, and if both trajectories visited a similar number of grid cells it suggested the original 

trajectories randomly visited grid cells. 

 

We calculated occupancy within 0.25˚ x 0.25˚ grid cells, which encompassed even the larger 

Argos location errors in our dataset (>5 km). To calculate occupancy, we divided the total 

number of location estimates within each grid cell by the area of the cell calculated using each 

cell’s spherical coordinates and normalised these values by dividing by the maximum recorded 

for each species. We then ranked occupancies as “low” (≤0.25 maximum occupancy), 

“moderate” (>0.25-0.75 maximum occupancy) and “high” (>0.75 maximum occupancy). To 

calculate each species’ total occupied area we summed the areas of all occupied grid cells. 

 

To assess community movement patterns between grid cells, we computed a transition 

probability matrix for each species by calculating the probability of individuals moving 

between specific grid cells within a pre-determined time window of 24 ± 6 hours. We then used 

this matrix with the community detection algorithm Infomap (Edler et al., 2015) to identify 

clusters of grid cells where individuals remained for longer periods. We considered clusters 

containing more than 10% of the tagged animals for each species, as their ‘core provinces’. To 

determine residency patterns, we calculated the fraction of time each shark spent within each 

core province.  

 

The gyration radius of a trajectory indicates how far an animal dispersed from its average 

location. To calculate gyration radii we determined the standard deviation of the distances 

between the mean location of each trajectory and all other locations in the same trajectory 

following: 𝑟𝐺 = √
∑[𝑑𝑖𝑠𝑡(𝑋𝑖⃗⃗⃗⃗ (𝑡), �⃗� 𝐶𝑀)]

2
 

𝑁
 , where 𝑋𝑖

⃗⃗  ⃗(𝑡) is the position of an individual shark 𝑖 at 

time 𝑡𝑖, 𝑋 𝐶𝑀 is the centre of mass (i.e., the mean location) of each trajectory, and N is the 

number of location estimates in each trajectory.  

 

To determine how ordered and predictable each trajectory was, we calculated the entropy and 

the limit of predictability of each trajectory, respectively. We first calculated the number of 

locations from each trajectory j within each grid cell 𝑖 such that 𝑝𝑗(𝑖) describes the fraction of 

data points from shark j’s trajectory in cell i.  
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We then computed the entropy following: 𝑆𝑗 = −∑ 𝑝𝑗(𝑖)log(𝑝𝑗𝑖 (𝑖)), where the sum includes 

all grid cells visited in a trajectory. We normalised the entropy for each trajectory 𝑆𝑗 by dividing 

the estimated value by the log of the total number of grid cells each trajectory visited 𝑀𝑗, which 

corresponds to the entropy of a trajectory visiting each cell with a uniform probability. After 

normalisation, values close to 1 indicate grid cells have a uniform probability of being visited, 

while values close to 0 suggest frequent visits to a few grid cells. Lastly, we calculated the limit 

of predictability based on the estimated entropy 𝑆𝑗 and the total number of visited grid cells in 

each trajectory 𝑀𝑗: 𝐻(𝜋𝑗
𝑀𝐴𝑋) + (1 − 𝜋𝑗

𝑀𝐴𝑋) log(𝑀𝑗 − 1) − 𝑆𝑗 = 0 where 𝜋𝑗
𝑀𝐴𝑋 is implicitly 

defined following the Newton-Raphson method (via the rootSolve R package; Soetaert, 2009) 

and 𝐻(𝑥) =  −𝑥log𝑥 − (1 − 𝑥) log(1 − 𝑥). Trajectories resulting in values close to 0 are not 

predictable, while trajectories with values close to 1 are more predictable.  

 

Because the position data were not sampled equally in time we repeated each of these methods 

using regularized datasets that were filtered to retain only one high accuracy location within 

intervals of 24 ± 6 hours. All analyses were done in R (version 3.5.1). 

 

4.4 Results 

The pdfs of the normalised displacements aggregated for all time windows displayed a 

universal shape across all spatial and temporal scales tested (Figure 4.2 A-F). Likelihood ratio 

tests and wAIC scores indicated the best-fit distributions were an exponential distribution for 

tiger sharks (𝜆 = 1.00; Figure 4.2 D; Table S 4.2), and a lognormal distribution for bull sharks 

(𝜇 = −0.814, 𝜎 = 1.23; Figure 4.2 F; Table S 4.2). For great hammerheads, both exponential 

and lognormal distributions provided good fits (Figure 4.2 E, Table S 4.2) and additional 

analyses per individual trajectory with sufficient data (N=15) resulted in exponential and 

lognormal distributions being best-fit to 11 and 4 trajectories, respectively (Figure S 4.2). 

Moreover, there was no clear pattern in the sex, total length, tag duration, or tagging location 

of great hammerheads leading to the different distributions obtained among individuals. 

 

Analysis of turning angles (Figure 4.3 A, Figure S 4.3) showed a high frequency of directed 

and return movements (angles around 0˚ and 180˚) for tiger sharks, while great hammerheads 

displayed mixed results, and bull sharks showed a higher frequency of angles between 180˚ 

and 270˚. For most individuals, the root-mean-square displacements (𝑑𝑅𝑀𝑆) scaled as a power-

law with time with mean exponents of 0.62, 0.63, and 0.43 for tiger, great hammerhead, and 
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bull sharks, respectively (Figure 4.3 B). Plotting the average number of grid cells visited by the 

randomised trajectories against those visited by the original trajectories resulted in slopes of 

1.05, 1.21, and 1.35 for tiger, great hammerhead, and bull sharks, respectively (Figure 4.3 C-E 

and Figure S 4.4), indicating that slightly more grid cells were visited in the randomised 

trajectories than in the original trajectories.  

 

Tiger sharks were widely dispersed throughout the northwest Atlantic Ocean and Gulf of 

Mexico (within an area of 1,070,420 km2, which corresponded to 1,638 grid cells) with a 

maximum of 689 locations per grid cell. Despite their wide distribution, only 688 km2 (one grid 

cell) near the northern Bahamas ranked as high occupancy with ~7% of all tiger shark presence 

records (Figure 4.1 D). Great hammerheads occupied 92,727 km2 (135 grid cells) throughout 

the shelf and coastal regions surrounding Florida with a maximum of 38 locations per grid cell. 

Within this region, 1,352 km2 (2 grid cells), consisting of spatially disconnected regions 

between central-eastern Florida and northwest Florida ranked as high occupancy and contained 

~10% of all great hammerhead shark presence records (Figure 4.1 E). Bull sharks were 

distributed in 44,351 km2 (64 grid cells) along the South Florida coast and shelf regions with a 

maximum occupancy of 198 locations per grid cell. Bull sharks showed the most pronounced 

pattern of high occupancy with ~39% of all bull shark presence records located in 1,394 km2 

(two grid cells) of Florida Bay (Figure 4.1 F). 

 

The collective movement patterns of each species, respectively, defined 4, 6, and 4 core 

provinces for tiger, great hammerhead, and bull sharks (Figure 4.4 A-C) with between 2 and 

52 individuals using each province (Figure 4.4 D-F). Core provinces for tiger sharks were 

distributed primarily around south Florida and the southeastern USA coastline. Their largest 

province extended from the east coast of Florida to the northern Bahamas then to South 

Carolina and was visited by 89.7% of tagged tiger sharks (N=52 animals; Figure 4.4 A,D). The 

six core provinces for great hammerheads were spatially disconnected. Their two most utilized 

provinces were each visited by 44.4% of tagged great hammerheads (N=8 sharks visited each 

province) and were located in the Florida Keys, and along Florida’s eastern shelf from Miami 

to central Florida, east of Orlando (Figure 4.4 B,E). The most utilized core marine province for 

bull sharks was located in Florida Bay, and it was visited by 60% of bull sharks (N=12; Figure 

4.4C,F). The fraction of time each animal spent within each core province varied, with some 

animals spending all of their time in one province, while others moved between multiple core 

provinces (Figure 4.4 D-F).  
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Figure 4.2 Complementary cumulative distribution functions (CCDFs) of normalised 

displacements comparing distributions truncated by the best-fit power-law xmin for each 

species (top row) and comparing exponential and lognormal distributions across the full range 

of data (i.e., the complete pdf; bottom row). Results are shown for tiger (A, D; orange), great 

hammerhead (B, E; yellow), and bull sharks (C, F; blue). The vertical line represents their 

average normalised displacement (x=1). CCDFs are overlaid with the best-fit power-law 

(black, dashed line, top row), lognormal (dark grey line), and exponential (light grey line) 

distribution for each species. The best-fit distributions were exponential, 

exponential/lognormal, and lognormal for tiger, great hammerhead, and bull sharks, 

respectively. 
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Figure 4.3 Summary of movement metrics for tiger (orange), great hammerhead (yellow) and 

bull sharks (blue). A) Probability of turning angles between three locations spaced 24 ± 6 hours 

apart. B) Scaling exponents of the root-mean-square displacements with time. C) The average 

number of grid cells visited in randomised trajectories compared to the number of grid cells 

visited in original trajectories. The black line with slope = 1 illustrates an equal relationship 

between cells visited in original and randomised trajectories. D) Example tiger shark trajectory 

(orange) and randomised trajectory (grey), with initial and final coordinates at approximately 

(-79, 26) and (-74, 32), respectively. E) Example bull shark trajectory (blue) and randomised 

trajectory (grey), initial and final coordinates are both at approximately (-81, 25). 
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Figure 4.4 Infomap results showing the ‘core provinces’, defined as regions that were visited by ≥10% of the tagged animals for each species, 

(top row) and plots indicating the fraction of time individuals from each species (as represented by individual rows) spent in each province (bottom 

row). Each colour represents a different core province used by tiger (A, D), great hammerhead (B, E), and bull sharks (C, F) and white cells identify 

areas occupied by each species that did not correspond to a core province (top row). See Table S 4.1 for summary statistics for each tagged shark. 
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The spatial dispersion of each trajectory as identified by our estimation of the gyration radii 

showed both inter- and intraspecific variations, with results ranging from <3 km to >1400 km 

per individual (Figure 4.5). Consistent with this high intraspecific variation, the distribution of 

the entropies showed high variability, with 98%, 89%, and 85% of all tiger, great hammerhead, 

and bull shark trajectories, respectively, having entropies greater than 0.5 (Figure S 4.5 A-C). 

Similarly, the limit of predictability scores were greater than 0.5 for 24%, 55%, and 70% of 

tiger, great hammerhead, and bull sharks, respectively (Figure S 4.5 D-F).  

 

Regularizing the data substantially decreased the sample sizes of each dataset such that they 

contained data from 49, 9, and 16 sharks with N=2,883, 202, and 413 location estimates for 

tiger, great hammerhead, and bull sharks, respectively. Despite the much smaller size of these 

datasets, where data were sufficient to repeat analyses, they led to mostly similar results (refer 

to Annex 1 (Section 4.7) for a full report). The exception was the results for the core provinces 

of tiger and great hammerheads as the regularized datasets did not contain enough information 

for Infomap to identify community patterns and instead, the algorithm primarily identified 

“provinces” that only included the movements of one or two individuals. 

 

4.5 Discussion 

Using a combination of analytical methods derived from statistical physics, we identified the 

search strategies and comprehensively described the movements of three sympatric apex 

predators in productive coastal habitats. Tiger sharks displayed near-random movements 

consistent with a Brownian strategy, great hammerheads showed a mixed-movement strategy 

including both Brownian and resident-type movements, and bull sharks followed a resident 

movement strategy with restricted movements (Table 4.1). As each species used unique 

movement and search strategies, our results provide novel insights into mechanisms that may 

support the co-existence of apex predators and reduce niche overlap. Moreover, our results are 

supported by previous research on the foraging ecology and habitat use of these species and 

combined, these results help elucidate each species’ optimal foraging search strategy in this 

region.  
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Table 4.1 Summary of movement patterns identified from each of the ten statistical physics 

methods applied to tiger, great hammerhead, and bull shark satellite tag data in the present 

study. Note that calculating displacements then fitting distributions to pdfs of displacements 

involves two separate methodologies that are summarized into a single result here (see Methods 

for further details). FL=Florida, TB=Tiger Beach, BAH=Bahamas 

 
 Tiger Sharks Great Hammerheads Bull Sharks 

Distribution of 

Displacements 

Exponential (Brownian) 

distribution 

Exponential & 

lognormal 

(Brownian and 

resident) distributions 

Lognormal (resident) 

distribution 

Turning Angles 
Mostly forward / 

directed movements 
Mixed movements 

Mostly resident 

movements 

Root-mean-square 

Displacements 

Brownian / Super-

diffusive 

Brownian / Super-

diffusive 

Sub-diffusive / 

Brownian 

Randomised 

Trajectories 

Original trajectories 

randomly visited grid 

cells 

Original trajectories led 

to slightly restricted 

space-use 

Original trajectories led 

to slightly restricted 

space-use 

Occupancy 

Widespread distribution 

in coastal and pelagic 

regions; high 

occupancy near TB, 

BAH 

Distributed throughout 

coastal and shelf 

regions; spatially 

disconnected high 

occupancy around FL 

Coastal distribution; 

high occupancy in 

Florida Bay 

Core Provinces 

Interconnected 

provinces between 

southern and eastern FL 

extending northward; 

large province along FL 

East coast 

Spatially disconnected 

provinces around 

eastern-central and 

southern FL 

Small, interconnected 

provinces around south 

FL 

Gyration Radius  
Highest mean and 

largest range 

Intermediate mean and 

range in comparison to 

tiger and bull sharks 

Lowest mean and 

smallest range 

Entropy Highest Moderate Lowest 

Predictability Lowest Moderate Highest 
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Our analytical approach demonstrated that tiger sharks consistently followed a Brownian (near-

random) search strategy with widespread, highly mobile movements throughout the coastal 

and pelagic waters of Florida’s continental shelf and into the Gulf Stream. This is in agreement 

with various global studies describing tiger sharks as nomadic and highly migratory, although 

they are also known to have periods of resident behaviour in localized regions with high 

resource availability (Acuña-Marrero et al., 2017; Meyer, Clark, Papastamatiou, Whitney, & 

Holland, 2009; Werry et al., 2014). Considering the tiger shark trajectories analysed in the 

present study demonstrated Brownian motion, this suggests these animals are moving in 

resource-rich habitats with abundant prey (Humphries et al., 2010; Sims et al., 2012). This 

theory is consistent with tiger sharks being opportunistic feeders with a highly variable diet 

(Lowe, Wetherbee, Crow, & Tester, 1996), and the Gulf Stream being a highly productive 

foraging ground for this species (Hammerschlag et al., 2015; Hammerschlag, Gallagher, 

Wester, Luo, & Ault, 2012a; Lea et al., 2015). Thus, results from our present study indicate 

that tiger sharks are likely able to optimize encounters in this prey-rich environment by 

employing a Brownian search strategy.  

 

Tiger sharks are ubiquitous throughout The Bahamas (e.g., Hansell et al., 2018; Talwar, Stein, 

Connett, Liss, & Brooks, 2020) and their wide-ranging movements, low residency, and high 

activity space have been well-documented in regional tagging studies (Gallagher et al., 2021; 

Hammerschlag et al., 2012a). These previous descriptions of tiger shark movement are broadly 

consistent with those documented here and thus, likely indicate a Brownian strategy. 

Nevertheless, in contrast to these Brownian movements, in the present study, we identified 

exceptionally high tiger shark occupancy within a single grid cell (a relatively small area of 

687 km2) corresponding to the northwest edge of Little Bahama Bank, Bahamas (Figure 4.1 

D). While many tiger sharks were tagged in this area, this species was also tagged at multiple 

other sites throughout South Florida and the Bahamas (Figure 4.1 A), yet no other tagging site 

demonstrated occupancy patterns similar to those reported on the northwest edge of Little 

Bahama Bank. Interestingly, previous acoustic tracking studies of tiger sharks captured at Little 

Bahama Bank have suggested this area is a hot spot for female tiger sharks in the subtropical 

Atlantic (Hammerschlag, Gutowsky, Gallagher, Matich, & Cooke, 2017). Considering 20 of 

the 21 individuals we satellite tagged in and around Little Bahama Bank were female (Table S 

4.1), our results support this assertion. Moreover, reproductive assessments of female tiger 

sharks captured on the northwest edge of Little Bahama Bank have hypothesized that the area 

may serve as a gestation ground and refuge site from male harassment for female tiger sharks 
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(Sulikowski et al., 2016). While the search strategy tiger sharks use at Little Bahama Bank 

remains to be determined, results from the present study in conjunction with previous research 

suggest that female tiger sharks likely exhibit a resident movement strategy in this region. 

Additionally, the stark contrast between tiger shark occupancy around Little Bahama Bank and 

the rest of The Bahamas reaffirms that Little Bahama Bank is a unique region for the species. 

 

Our results show that great hammerheads exhibit intraspecific variation in search strategies 

along Florida’s continental shelf, with some animals displaying Brownian movements and 

others displaying resident-type movements. These differences were not related to individuals’ 

sex, total length, tag duration, or tagging location, and may rather be due to individual 

preferences in habitat or prey. Considering the Brownian and resident movements documented 

here are associated with different resource distributions (widespread and localized 

distributions, respectively; Humphries et al., 2010; Reyna-Hurtado et al., 2012; Schtickzelle et 

al., 2007), our findings are consistent with previous hypotheses suggesting that instead of sex 

or life stage, great hammerhead movements may be related to high prey availability in coastal 

shallow habitats (Guttridge et al., 2017). Indeed, this species has been observed entering coastal 

areas less than 1m in depth to forage (Roemer, Gallagher, & Hammerschlag, 2016). 

Furthermore, the great hammerhead high-use regions identified here (i.e., regions with high 

occupancy and core provinces) may be ecologically significant resource areas. This is of 

particular importance because great hammerheads are classified as Critically Endangered by 

the IUCN (2021).  

 

Bull sharks consistently followed a resident movement strategy with high occupancy and 

restricted movements along the South Florida coastline. In fact, 90% of bull sharks remained 

in core provinces along either the southwest or southeast coast of Florida. These restricted 

movements likely contributed to the higher predictability and slightly lower entropy scores 

observed in bull shark trajectories (in comparison to tiger sharks or great hammerheads). Given 

that bull sharks are generally found in shallow, coastal waters (Ortega, Heupel, Van Beynen, 

& Motta, 2009; Rider et al., 2021) the deeper waters between these habitats may reduce bull 

shark dispersal. Similar residency patterns were also reported by Carlson et al. (2010) who 

attributed this pattern to bull sharks remaining in regions of higher productivity over long 

periods. Within south Florida, adult and subadult bull sharks generally feed in coastal habitats 

(Shiffman et al., 2019) and their diet consists of fishes, such as catfish and elasmobranchs 

(Snelson et al., 1984), which can be readily found in the mangrove and other nearshore coastal 
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habitats of south Florida. Indeed, previous tracking of bull sharks in south Florida indicates 

that bull shark density in Florida Bay was highest in areas of greatest teleost abundance 

(Hammerschlag, Luo, Irschick, & Ault, 2012b). Therefore, the resident movement strategy 

identified for bull sharks is likely attributed to their focus on localized high prey availability in 

the shallow coastal waters of south Florida, confirming the importance of the coastal zone for 

this species.  

 

Statistical physics methods are generally under-used in marine ecology. Our work 

demonstrates how these methods can be used in support of existing methods to provide new 

insights into species’ movement ecology. For example, previous studies applying stable isotope 

analysis to tissues collected from the study species in this region revealed that while these 

species occupy similarly high trophic positions, they exhibit differential use of available 

resource subsidies and display varying degrees of inter- and intraspecific isotopic variation 

(Shiffman et al., 2019; Shipley et al., 2019). The unique search strategies we identified here 

provide insights into this dietary variation. Each movement strategy we detected represents a 

different interaction between a species and the available resources. This may reduce niche 

overlap for these sympatric apex predators. Moreover, an additional stable isotope study by 

Matich, Heithaus, and Layman (2011) determined that while tiger sharks are a true generalist 

species (i.e., individual tiger sharks consistently follow a generalist diet), bull sharks only 

appear to be generalists at the population level due to the high variation in diet among 

individual specialists. The movement patterns of tiger and bull sharks we found here are 

consistent with these dietary patterns, which may explain the processes underlying their 

different movement behaviours. In our study, the tiger sharks occupied a large area 

encompassing many habitat types and were shown to follow Brownian movement patterns. 

This type of movement is likely to enable this species to interact with a wide range of prey 

items, which is consistent with a generalist diet. In comparison, individual bull sharks tended 

to stay in localized areas (i.e., they had small gyration radii and occupied a smaller area). 

Therefore, each individual is more likely to consume prey that is regularly found in their 

localized areas, which is consistent with the specialist diets previously identified.  

 

Our approach provides a valuable framework for describing movement patterns across different 

species and for investigating how different patterns complement each other to better understand 

the ecology of each species. While three unique movement strategies were identified here, it is 

important to note that these methods can identify a range of strategies. In fact, Rodríguez et al. 
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(2017) used a similar combination of methods to describe the movement patterns of southern 

elephant seals and found they use a substantially different strategy. For instance, after 

examining displacement and occupancy patterns (among many other metrics) the authors 

recorded scale-free signatures of movement and determined that their displacement patterns 

differed depending on whether the displacements originated in high or low occupancy 

environments. These results suggested that southern elephant seals used a search strategy that 

relied on prior knowledge of foraging grounds and thus the species may rely on memory to 

identify and travel to specific locations in the pelagic environment. As an additional example, 

Sequeira et al. (2018) analysed displacement patterns and calculated turning angles to identify 

movement patterns of 50 marine vertebrate species. Using this combination of methods, the 

authors were able to determine that marine megafauna primarily show movement patterns 

indicative of searching or foraging behaviours in coastal environments while using more 

directed or ballistic movements in the open ocean.  

 

Our results show that these species have well-established, complementary movement strategies 

that may enable these sympatric predators to co-exist. Furthermore, the co-existence of these 

species is currently supported by the fact that this is a highly productive region that benefits 

from multiple spatial protections (Calich et al., 2018; Graham et al., 2016), including the 

Bahamas Shark Sanctuary and a variety of gear restricted areas within US federal waters. 

However, expected changes associated with anthropogenic developments (e.g., geographic 

shifts associated with climate change) may compromise the well-established food web 

dynamics and movement strategies described here. Our results demonstrate that following a 

comprehensive approach to quantifying animal movements patterns can provide novel insights 

into ecological phenomena and therefore, we encourage researchers to consider this approach 

for future studies of animal movement 
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4.6 Supplementary Information 

 

Table S 4.1 Summary statistics for each shark tagged. Great hammerheads with a * followed 

a lognormal distribution of displacements while those without a * followed an exponential 

distribution, see Figure S 4.2 for details. West FL: West of -80.5˚ longitude, East FL: Between 

-80.5˚ and -79.5˚ longitude, TB (Tiger Beach, Bahamas): East of -79.5˚ longitude and North of 

26.5˚ latitude, Bahamas: East of -79.5˚ longitude and South of 26.5˚ latitude. 

 

Species 

Total 

Length 

(cm) 

Sex 

Tag 

Duration 

(Days) 

Location 

Estimates 

per Individual 

Tagging 

Region 

Tiger 203 F 33.39 12 West FL 

Tiger 241 F 23.00 40 West FL 

Tiger 255 F 190.86 65 West FL 

Tiger 255 F 45.97 84 West FL 

Tiger 250 F 95.42 56 West FL 

Tiger 295 F 127.03 143 West FL 

Tiger 355 F 93.58 314 TB 

Tiger 320 F 98.31 151 TB 

Tiger 295 F 309.41 432 TB 

Tiger 365 F 190.35 373 TB 

Tiger 325 F 230.87 212 TB 

Tiger 280 F 215.98 402 TB 

Tiger 325 F 555.82 507 TB 

Tiger 403 F 183.57 429 TB 

Tiger 286 F 252.20 276 TB 

Tiger 322 F 417.53 437 TB 

Tiger 184 F 84.14 114 West FL 

Tiger 375 F 8.72 30 Bahamas 

Tiger 325 F 39.01 42 Bahamas 

Tiger 310 F 46.57 182 Bahamas 

Tiger 320 F 58.25 85 Bahamas 

Tiger 175 F 383.87 87 East FL 

Tiger 180 F 28.67 73 West FL 

Tiger 305 F 145.08 66 TB 

Tiger 346 F 147.07 36 TB 

Tiger 206 F 55.28 84 East FL 

Tiger 360 F 23.62 32 Bahamas 

Tiger 300 F 57.67 81 West FL 

Tiger 220 F 168.13 34 West FL 

Tiger 369 F 231.55 74 Bahamas 

Tiger 289 F 290.32 254 West FL 

Tiger 357 F 146.96 59 Bahamas 



 

95 

Species 

Total 

Length 

(cm) 

Sex 

Tag 

Duration 

(Days) 

Location 

Estimates 

per Individual 

Tagging 

Region 

Tiger 344 F 129.61 11 TB 

Tiger 294 F 252.51 123 West FL 

Tiger 199 F 149.88 399 East FL 

Tiger 366 F 141.14 28 TB 

Tiger 352 F 185.76 518 TB 

Tiger 300 F 8.77 26 TB 

Tiger 296 F 31.55 97 East FL 

Tiger 356 F 473.63 552 TB 

Tiger 270 F 340.96 227 East FL 

Tiger 324 F 280.95 743 TB 

Tiger 387 F 283.95 264 TB 

Tiger 383 F 5.12 89 TB 

Tiger 250 F 8.47 16 East FL 

Tiger 280 F 291.88 98 East FL 

Tiger 240 F 385.09 307 East FL 

Tiger 263 M 40.55 38 West FL 

Tiger 200 M 126.58 74 West FL 

Tiger 206 M 51.63 48 Bahamas 

Tiger 299 M 39.52 83 West FL 

Tiger 200 M 27.56 83 East FL 

Tiger 230 M 59.62 123 West FL 

Tiger 242 M 4.68 30 East FL 

Tiger 250 M 376.50 345 East FL 

Tiger 352 M 101.12 87 TB 

Tiger 233 M 10.98 30 East FL 

Tiger 245 M 233.00 327 East FL 

Great Hammerhead 265 F 109.54 32 West FL 

Great Hammerhead 295 F 99.86 178 West FL 

Great Hammerhead* 270 F 155.64 89 West FL 

Great Hammerhead 277 F 83.61 28 East FL 

Great Hammerhead 250 F 1.65 16 West FL 

Great Hammerhead* 235 F 35.92 24 East FL 

Great Hammerhead 249 F 6.74 14 East FL 

Great Hammerhead* 277 M 19.85 15 West FL 

Great Hammerhead 262 M 41.36 30 West FL 

Great Hammerhead 345 M 4.51 13 Bahamas 

Great Hammerhead 235 M 1.51 10 West FL 

Great Hammerhead 301 M 3.72 23 West FL 

Great Hammerhead 304 M 15.64 19 West FL 

Great Hammerhead 335 M 33.59 35 West FL 

Great Hammerhead 265 M 52.60 44 TB 

Great Hammerhead 277 M 171.60 114 East FL 

Great Hammerhead* 221 M 25.51 59 East FL 

Great Hammerhead 256 M 74.65 12 East FL 
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Species 

Total 

Length 

(cm) 

Sex 

Tag 

Duration 

(Days) 

Location 

Estimates 

per Individual 

Tagging 

Region 

Bull 176 F 90.74 65 West FL 

Bull 221 F 120.43 10 West FL 

Bull 210 F 36.67 28 West FL 

Bull 176 F 70.51 45 West FL 

Bull 195 F 309.63 81 West FL 

Bull 194 F 103.88 19 West FL 

Bull 176 F 40.09 37 West FL 

Bull 269 F 122.66 44 East FL 

Bull 189 F 116.96 40 East FL 

Bull 230 F 32.85 70 East FL 

Bull 257 F 10.74 17 East FL 

Bull 262 F 44.54 82 East FL 

Bull 227 F 26.73 25 East FL 

Bull 194 F 308.61 48 West FL 

Bull 200 M 130.99 28 West FL 

Bull 170 M 82.01 13 West FL 

Bull 245 M 161.27 14 East FL 

Bull 205 M 567.16 133 East FL 

Bull 194 M 151.04 71 East FL 

Bull 200 M 131.42 69 East FL 

 

 



 

97 

 

Table S 4.2 Summary of distribution fits for probability density functions (pdfs) of normalized tiger, great hammerhead (GH), and bull shark 

displacements. Species: shark displacements analyzed; Dist: distribution fit being analyzed (PL=power-law, Exp=Exponential, LN=lognormal); 

xmin used: distribution’s xmin used to truncate the dataset where applicable; xmin: minimum x value used to fit distribution; Para 1: first distribution 

parameter (i.e., alpha, lambda, or mu); Para 2: second distribution parameter (only applicable to lognormal distribution); Comp. order: order of 

distribution comparisons for Vuong’s likelihood ratio tests, which are order dependent; One-sided p: p-value used to determine which distribution 

was a better fit to the true distribution, with values ≤ 0.1 indicating distribution 1 was a better fit than distribution 2 and ≥ 0.1 indicating that 

distribution 1 was not a better fit than distribution 2; Best model: best fit model from likelihood ratio tests; Two-sided p: p-value used to determine 

if one model was closer to the true distribution than the other, with p values ≤ 0.1 indicating one model was closer to the true distribution; 

Conclusion: summarized results for Vuong’s tests; AIC and weighted AIC (wAIC) values; Best model: best fit model from AIC comparisons; 

Conclusions: summarized AIC results. Best-fit models and corresponding parameters for each species are highlighted with grey and bold font.  
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Figure S 4.1 Map of the study area with relevant locations labelled for spatial reference. 
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Figure S 4.2 Complementary cumulative distribution functions (CCDFs) of normalized 

displacements for individual great hammerhead sharks. Individuals are presented in order of 

their wAIC scores with best-fits ranging from Exponential (“Exp”, top-left) to Lognormal 

(“LN”, bottom right), labels in each plot indicate best-fit. Both distributions were fit to 

complete pdfs of displacements.  
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Figure S 4.3 Probabilities of tiger, great hammerhead, and bull shark turning angles calculated 

from 10 temporal periods (1-10 days ± 6 hrs). Each line represents a different temporal period. 
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Figure S 4.4 Inter- and intraspecific results from randomised trajectories. Rank plot illustrating 

the average number of grid cells visited in randomised trajectories by tiger, great hammerhead 

(GH), and bull sharks (A). The average number of grid cells visited in randomised trajectories 

compared to the number of grid cells visited in original trajectories for tiger (B), great 

hammerhead (C), and bull sharks (D). 
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Figure S 4.5 Percentage of individual tiger (orange), great hammerhead (yellow), and bull 

sharks (blue) entropy (A-C) and limit of predictability (D-F) scores. 

A) 
 

B) 
 

C) 
 

D) 
 

E) 
 

F) 
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4.7 Annex 1: Results from Regularized Datasets  

 

Figure A 4.1 Tracked locations (A-C) and occupancy results (D-F) for tiger (top row), great 

hammerhead (middle row), and bull sharks (bottom row). Location estimates are shown for 

tiger (A; N=2,883), great hammerhead (B; N=202), and bull sharks (C; N=413). Tagging 

locations are shown with black circles where size represents the number of animals tagged (left 

panel). Occupancy results are displayed as percent of maximum occupancy (% Max 

Occupancy; M), where occupancy values describe the total number of location estimates within 

each 0.25˚ x 0.25˚ grid cell divided by grid cell area in km2 (calculated using spherical 

coordinates for each location), for tiger (D; M=0.302 km2), great hammerhead (E; M=0.016 

km2), and bull sharks (F; M=0.099 km2) (right panel). 
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Figure A 4.2 Complementary cumulative distribution functions (CCDFs) of normalized 

displacements from regularized datasets comparing distributions truncated by the best-fit 

power-law xmin for each species (top row) and comparing exponential and lognormal 

distributions across the full range of data (i.e., the complete pdf; bottom row). Results are 

shown for tiger (A, D; orange), great hammerhead (B, E; yellow), and bull sharks (C, F; blue). 

The vertical line represents their average normalized displacement (x=1). CCDFs are overlaid 

with the best-fit power-law (black, dashed line, top row), lognormal (dark grey line), and 

exponential (light grey line) distribution for each species. The best-fit distributions were 

exponential, exponential/lognormal, and lognormal for tiger, great hammerhead, and bull 

sharks, respectively.
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Figure A 4.3 Summary of movement metrics for tiger (orange), great hammerhead (yellow) 

and bull shark regularized data (blue). A) Probability of turning angles between three locations 

spaced 24 ± 6 hours apart. B) Scaling exponents of the root-mean-square-displacements with 

time. C) The average number of grid cells visited in randomised trajectories compared to the 

number of grid cells visited in original trajectories. The black line with slope = 1 illustrates an 

equal relationship between cells visited in original and randomised trajectories. Individual 

slopes were 1.14, 1.32, and 1.31, for tiger, great hammerhead, and bull sharks, respectively. D) 

Example tiger shark trajectory (orange) and randomised trajectory (grey), with initial 

coordinates at approximately (-79, 26) and final coordinates at approximately (-74, 32). E) 

Example bull shark trajectory (blue) and randomised trajectory (grey), initial and final 

coordinates are both at approximately (-81, 25). 
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Figure A 4.4 Infomap results from regularized datasets showing the ‘core provinces’, defined as regions that were visited by ≥10% of the tagged 

animals for each species, (top row) and plots indicating the fraction of time individuals from each species (as represented by individual rows) spent 

in each province (bottom row). Each colour represents a different core province used by tiger (A, D), great hammerhead (B, E), and bull sharks 

(C, F) and white cells identify areas occupied by each species that did not correspond to a core province (top row). Infomap identified 14, 21, and 

4 core provinces for tiger, great hammerhead, and bull shark regularized data, respectively; each core province was visited by between 1 and 34 

individuals. 
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Figure A 4.6 Percentage of individual tiger (orange), great hammerhead (yellow), and bull 

shark (blue) entropy (A-C) and limit of predictability (D-F) values calculated with regularized 

data.

B) 
 

A) 

C) 
 

F) 
 

E) 
 

D) 
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Table A 4.1 Summary of distribution fits for probability density functions (pdfs) of normalized tiger, great hammerhead (GH), and bull shark 

displacements from regularized datasets. Species: shark displacements analyzed; Dist: distribution fit being analyzed (PL=power-law, 

Exp=Exponential, LN=lognormal); xmin used: distribution’s xmin used to truncate the dataset where applicable; xmin: minimum x value used to 

fit distribution; Para 1: first distribution parameter (i.e., alpha, lambda, or mu); Para 2: second distribution parameter (only applicable to lognormal 

distribution); Comp. order: order of distribution comparisons for Vuong’s likelihood ratio tests, which are order dependent; One-sided p: p-value 

used to determine which distribution was a better fit to the true distribution, with values ≤ 0.1 indicating distribution 1 was a better fit than 

distribution 2 and ≥ 0.1 indicating that distribution 1 was not a better fit than distribution 2; Best model: best fit model from likelihood ratio tests; 

Two-sided p: p-value used to determine if one model was closer to the true distribution than the other, with p values ≤ 0.1 indicating one model 

was closer to the true distribution; Conclusion: summarized results for Vuong’s tests; AIC and weighted AIC (wAIC) values; Best model: best fit 

model from AIC comparisons; Conclusions: summarized AIC results. Best-fit models and corresponding parameters for each species are 

highlighted with grey and bold font.  
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Chapter 5: Physiological biomarkers provide insights into tiger 

shark movement 

 

5.1  Abstract 

Physiological processes influence the movement behaviour of animals. Understanding 

relationships between physiology and behaviour can lead to breakthroughs in species’ 

movement ecology, but linking ephemeral physiological conditions with movement patterns 

commonly observed at large spatiotemporal scales is challenging. This is especially the case 

for large migratory free-roaming species. Physiological and biological variables, termed 

“biomarkers”, can be used to describe underlying physiological processes that influence 

movement, such as how an animal acquires, stores, and mobilises energy. For large migratory 

predators, such as tiger sharks, ecologically important apex predators notorious for displaying 

unpredictable movement behaviours ranging from residency to highly migratory, biomarkers 

could reveal why individuals perform different types of movement. Here, we aimed to 

determine the relative influence of 50 biomarkers for diet, energy storage, metabolism, 

morphology, reproduction, and health, in addition to seasonality, on the dispersion and scale 

of tiger shark movements across multiple temporal periods (7 – 25 days). Over these temporal 

periods, diet-related biomarkers had the largest relative influence on the movement metrics 

considered, followed by metabolic hormones, energy stores, and morphology. Reproduction, 

health, and season had negligible influence on the movement patterns observed across the 

temporal periods considered. Tiger shark dispersion was largely influenced by diet (a proxy for 

prey availability), while scale of movement was influenced by stored energy and metabolism 

(proxies for energy mobilisation). Combined, these results emphasise the importance of tiger 

sharks acquiring, storing, and mobilising energy as they go about their migrations. Our work 

links physiology to the movement patterns of free-roaming predators for the first time, 

providing important knowledge about the ecology of these species and helping to direct future 

tiger shark research by identifying important physiological biomarkers that influence 

movement. 

 

5.2 Introduction 

Movement is an essential component of animal survival because it underpins critical 

behaviours, such as feeding and mating (Nathan et al., 2008; Sequeira et al., 2018). Animals 
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move to maximise energy balances, with physiological processes governing their movement 

capacity (Goossens et al., 2020). These concepts are central to the movement ecology 

paradigm, which summarises four components of movement: internal state (why animals 

move), motion capacity (how they move), navigation capacity (when and where they move), 

and external factors (e.g., how the environment, predators, or conspecifics affect movement) 

(Nathan et al., 2008). Although the internal state governs movement behaviours, this 

component is seldom investigated. A review of 1000 randomly selected movement ecology 

studies determined that only 11% of studies referenced internal state (Holyoak et al., 2008). 

 

Physiological and biological measures that influence an animal’s internal state, termed 

“biomarkers”, are key to understanding the internal state of animals and can assist in revealing 

how they make movement decisions (e.g., Eikenaar, Hegemann, Packmor, Kleudgen, & 

Isaksson, 2020). Establishing these patterns is especially important for migratory marine 

species, such as large predators, because long-distance migrations are energetically costly (e.g., 

Del Raye, Jorgensen, Krumhansl, Ezcurra, & Block, 2013; O'Connell et al., 2021). Moreover, 

because many of these predators, including one-third of all sharks and rays, are threatened with 

extinction (Dulvy et al., 2021), understanding how and why they move is of the utmost 

importance. Therefore, revealing the link between the observed movements of large free-

roaming sharks and their physiology, particularly their diet, energy storage, metabolism, 

morphology, reproductive state, and health, is a critical knowledge gap in the field of 

movement ecology.  

 

Dietary biomarkers, such as stable isotopes and fatty acid profiles, are proxies for energy 

consumption, describing where individuals source their energy. For instance, stable carbon and 

nitrogen isotopes (𝛿13C and 𝛿15N) can describe the trophic position and habitat where 

individuals feed, respectively. In comparison, fatty acid profiles can determine prey quality and 

basal food chain dependencies (among other patterns) (Munroe, Meyer, & Heithaus, 2018; 

Rangel et al., 2021b). In elasmobranchs, these dietary biomarkers have been used to elucidate 

patterns of residency and migration (Burgess et al., 2018; Couturier et al., 2013; Hussey et al., 

2012; Munroe et al., 2018; Rangel et al., 2021b).  

 

Associated with diet, energy storage biomarkers describe sources of metabolic energy that play 

crucial roles in energy transport. For elasmobranchs, lipids stored in the liver are an important 

energy source during energy-intensive activities, such as migrations and gestation (Ballantyne, 
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1997; Gallagher et al., 2014b; Pethybridge, Parrish, Bruce, Young, & Nichols, 2014). The 

energetic state of an elasmobranch can be determined by measuring concentrations of plasma 

lipids (e.g., triglycerides, cholesterol, or free fatty acids) and associated metabolites such as 

ketone bodies (e.g., acetoacetate and β-hydroxybutyric acid). Increased plasma lipid 

concentrations indicate that either the animal has just eaten and is in the process of storing 

energy or that it is actively using energy reserves (Gallagher et al., 2017; Moorhead et al., 

2021; Valls et al., 2016), while increased ketone bodies occur during high muscular activity or 

starvation (Ballantyne, 1997; Moorhead et al., 2021; Valls et al., 2016). In addition to fuelling 

movement, metabolising lipids also affects liver volume and thus buoyancy control, drag, and 

swimming efficiency (Gleiss, Potvin, & Goldbogen, 2017). For example, Del Raye et al. (2013) 

attributed changes in white shark (Carcharodon carcharias) drift dives across long-distance 

migrations to depletion of lipid reserves and a subsequent decrease in buoyancy.  

 

Biomarkers for energy mobilisation in sharks include metabolic hormones, such as 

glucocorticoids (e.g., corticosteroids), and thyroid hormones (Rangel et al., 2021b). Metabolic 

hormones increase during stressful situations, such as food shortages or the presence of 

predators, and may promote dispersal (Creel, Dantzer, Goymann, & Rubenstein, 2013; 

Goossens et al., 2020). In comparison, thyroid hormones such as thyroxine (T4) and 

triiodothyronine (T3) are biomarkers for energetic adjustments, metabolism, and development 

(Behringer et al., 2018; Rangel et al., 2021b). Combined, biomarkers for diet, energy storage, 

and metabolism determine a shark’s energetic state, with implications for essential biological 

functions, including growth and development. 

 

As animals consume, store, and mobilise energy, their morphology changes, directly 

influencing their movement (Irschick & Higham, 2016); thus, body size and condition are 

biomarkers for morphology. In general, body size positively correlates with an animal’s 

movement capacity, i.e., larger animals can undergo more energetically challenging 

movements than smaller animals (Debeffe et al., 2012). Body condition is an overall health 

index based on an animal’s length and girth (Irschick & Hammerschlag, 2014) that can be used 

as a proxy for accumulated energy stores, such as triglyceride levels (Gallagher et al., 2014b). 

However, the relationship between body condition and movement is not straightforward. Low 

body condition can trigger animals to either reduce movement and save energy or disperse and 

locate resources, while high body condition can support energetically costly behaviours, 

including reproduction and migration (Goossens et al., 2020). 
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Biomarkers for reproductive state, such as reproductive status and sex steroid hormones (e.g., 

progesterone, testosterone, and estradiol), may reveal how sexual development and 

reproductive cycles relate to movement (Sulikowski et al., 2016). Elasmobranch reproduction 

and sexual development are energetically costly and may result in different movement and 

behaviour patterns (Bansemer & Bennett, 2009; Hammerschlag et al., 2018; Speed, Field, 

Meekan, & Bradshaw, 2010). For instance, female elasmobranchs may move into warmer 

water to shorten gestation time and increase birth size, thus lowering the energetic cost of 

reproduction (Jirik & Lowe, 2012; Sulikowski et al., 2016).  

 

Critical biological functions, such as immune responses, can be captured by health-related 

biomarkers, such as blood protein fractions, including Albumin (F1), Alpha-1 Globulins (F2), 

Alpha-2 Globulins (F3), Beta Globulins (F4), and Gamma Globulins (F5), total blood protein 

concentration, and the F3:F4 ratio (AtallahBenson, Merly, Cray, & Hammerschlag, 2020; Cray 

et al., 2015; Haman, Norton, Thomas, Dove, & Tseng, 2012; Hyatt, Field, Clauss, Arheart, & 

Cray, 2016). We identify blood fractions as numbers ranging from F1 to F5 because blood 

fractions were initially identified in mammals, and electrophoresis in sharks may not be 

comparable (Cray et al., 2015; Hyatt et al., 2016). Although elasmobranch immunology is still 

a developing field of research, in birds, immune function has been positively correlated with 

energy stores during long-distance migrations (e.g., the northern wheatear, Oenanthe oenanthe; 

Eikenaar et al., 2020). This relationship may also be present in other migratory species, such 

as elasmobranchs. 

 

To evaluate the relationship between physiology and movement, here we focus on tiger sharks 

(Galeocerdo cuvier) because their movement patterns are notoriously difficult to understand 

and can range from highly migratory to resident (Calich et al., 2021; Ferreira et al., 2015; 

Meyer et al., 2009; Papastamatiou et al., 2013). In general, tiger sharks are a highly mobile, 

globally distributed species that move throughout coastal and open oceans and within tropical 

and temperate waters (Compagno, 1984; Holland et al., 2019). Tiger sharks are highly 

adaptable, and their movements can vary depending on environmental conditions, prey 

availability, and demographics. For instance, long-distance offshore migrations into the 

Atlantic and Pacific Oceans have been associated with shifts in sea surface temperature 

(including annual and climate change-induced shifts) and the movement of prey species 

(Acuña-Marrero et al., 2017; Hammerschlag et al., 2022; Holland et al., 2019). Residency, 

particularly around island regions such as Hawaii, Galapagos, and the Bahamas, has been 
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associated with prey availability, gestation, and refuge (Gallagher et al., 2021; Hammerschlag 

et al., 2017; Holland et al., 2019). Demographics can also play an important role, with sub-

adults and mature females generally occupying coastal waters and shelf habitats, while mature 

males generally occupy offshore habitats (Meyer et al., 2018). While tiger sharks are often a 

solitary, nomadic species, they can coexist in larger groups (e.g., when females congregate in 

the Bahamas; Jacoby et al., 2021). In tiger shark movement studies, it is common for a subset 

of individuals to follow an unexpected movement pattern. For example, 18 of the 20 tiger 

sharks tagged in the Galapagos remained within the Galapagos Marine Reserve while two 

underwent long-distance migrations (Acuña-Marrero et al., 2017). Understanding the drivers 

of these unexpected movement patterns using telemetry tags is difficult because we cannot 

predict which sharks will make offshore migrations (Holland et al., 2019). Improving our 

understanding of the relationship between physiology and tiger shark movement may help 

explain why tiger sharks display different movement patterns. 

 

To better understand the influence of biological and physiological processes on tiger shark 

movement, we have compiled a range of physiological data for satellite-tagged tiger sharks, 

including biomarkers for diet, energy storage, metabolism, morphology, reproduction, and 

health. By combining physiological and tracking data, we aim to determine the relative 

influence of different physiological markers on tiger shark movement and examine 

relationships over multiple temporal scales.  

 

5.3 Methods  

5.3.1 Satellite tag data 

We satellite-tagged 75 female tiger sharks throughout Florida, USA and the Bahamas in both 

the “wet” (May-October) and “dry” seasons (November-April) from 2010 to 2019 (Figure 5.1). 

Sharks were captured using baited circle-hook drumlines with 16/0 5°-offset circle hooks (see 

Gallagher et al., 2014a for further information) and tagged using Wildlife Computers Smart 

Position and Temperature Transmitting satellite tags (SPOT tags). SPOT tags provide location 

estimates via the Argos satellite system with varying degrees of location accuracy, ranging 

from ≤ 250 m to > 5 km (location classes 3 and B, respectively). We filtered the data by 

removing erroneous locations, location estimates identified as highly unreliable by Argos (i.e., 

location class Z), and any location data derived from tags that transmitted for ≤ 7 days as they 

were likely faulty. We then applied a 2 m s-1 speed filter to all locations to remove any 
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additional erroneous positions. The final satellite tag dataset contained 12, 547 location 

estimates with an average trajectory duration of 150.04 ± 131.58 days and a range from 0.29 - 

554.52 days.  

 

 

Figure 5.1 Location estimates from 75 female satellite-tagged tiger sharks (red points) and 

corresponding tagging locations (orange points).  

 

5.3.2 Biomarkers  

We collected data for up to 50 biomarkers from each shark. The biological samples and 

measurements required to calculate each biomarker were collected while the sharks were 

restrained for tagging, which enabled us to record their physiological and physical states at the 

time of capture. All physiological biomarkers were calculated using blood samples because 

they represent biomarkers at the time of capture, instead of representing prey from distant food 

webs that may have been consumed months before capture, as can happen with tissue samples 

(Munroe et al., 2018). In general, blood collection involved collecting 5 – 20 mL of mixed 

venous whole blood from the caudal vein using 18-gauge needles and 10-mL syringes. Once 

collected, a subsample of whole blood was aliquoted and set aside while the remainder was 

centrifuged to collect blood plasma; all samples were placed on ice while in the field before 

being transferred to a -20°C freezer in the laboratory. See references in Table 5.1 for complete 

sample collection and processing details. Whole blood samples were used to calculate carbon 

and nitrogen isotopes, while plasma samples were used for all other physiological biomarkers. 
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Morphology measurements were taken by physically measuring each shark using a measuring 

tape (Irschick & Hammerschlag, 2015). While all length measurements could be collected for 

most animals (85.33 %), we used linear regression to estimate the pre-caudal length (PCL) of 

11 sharks with missing PCL measurements based on their total length (TL) (𝑃𝐶𝐿 =

𝑇𝐿 × 0.812 − 19.267) to allow for body condition calculations following Irschick and 

Hammerschlag (2014).  

 

Many of the biomarker data were highly correlated; therefore, we organised all biomarker data 

into groups based on their biological or physiological functions. In total, we created six 

biomarker groups for: (i) diet, (ii) energy storage, (iii) metabolism, (iv) morphology, (v) 

reproductive state, and (vi) health, with each group containing between four and twenty-five 

biomarkers (Table 5.1). 

 

5.3.3 Combining biomarker and satellite tag data 

The biomarkers examined here are static measurements describing the state of each shark at 

capture, while the satellite tag data represent continuous tracks. To combine these data, we 

used the satellite tag data to calculate movement metrics summarising each shark’s movement 

patterns over time, corresponding with when the biomarkers could have influenced each 

shark’s internal state. Although the turnover rates for most of the biomarkers have not been 

documented in free-swimming apex sharks, it is likely some biomarkers may only describe a 

shark’s internal state for up to 30 days (see review in Moorhead, 2019). For this reason, we 

chose to examine how biomarkers influence tiger shark movement over multiple temporal 

periods, including the first 7, 10, 15, 20, and 25 days after capture. A minimum of 7 days was 

used due to insufficient satellite to calculate movement metrics before 7 days. 

 

We calculated two metrics to quantify individual tiger shark movements within each temporal 

period when tracking data were available following Calich et al. (2021): (i) dispersion rate, 

how far each shark dispersed from its average location and (ii) scale of movement, how their 

movements scaled with time.  
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To describe dispersion, we calculated each shark’s gyration radius (𝑟𝐺), which is the standard 

deviation of the distances between all locations tracked for an individual and their average 

position, following:  

𝒓𝑮 = √
∑[𝒅𝒊𝒔𝒕(�⃗⃗� (𝒕𝒊),  �⃗⃗� 𝑪𝑴)]

𝟐
 

𝑵
 

(5.1) 

where 𝑋 (𝑡𝑖) is the position of an individual at time 𝑡𝑖 and 𝑋 𝐶𝑀 is mean location of each track, 

which is calculated as: 

 �⃗⃗� 𝑪𝑴 = 
∑ 𝒙𝒊⃗⃗  ⃗𝑵

𝒊=𝟏

𝑵
 (5.2) 

where 𝑥𝑖 is each location in a track, and N is the total number of location estimates. We 

converted each shark’s gyration radius to a z-score (𝑧𝑖), which allowed us to compare results 

across individuals while accounting for the high variability between their movements, 

following: 

𝒛𝒊 = 
𝒙𝒊 − 𝝁

𝝈
 (5.3) 

where 𝑥𝑖 is the gyration radius for each individual 𝑖, and 𝜇 and 𝜎 are the mean and standard 

deviation of the gyration radius scores for all individuals, respectively.  

 

To quantify the scale of tiger shark movement with time, we calculated displacements 𝑑 (i.e., 

great circle distances between two location estimates) for all combinations of location estimates 

in a track, recorded them in log-sized time bins 𝑡𝑏, and calculated the root-mean-square value 

of the displacements in each time bin, following:  

𝒅𝑹𝑴𝑺(𝒕𝒃) =  √〈𝒅𝟐(𝒕𝒃)〉 (5.4) 

where 〈𝑑2(𝑡𝑏)〉 is the average squared displacement in each time bin. We then plotted the root-

mean-square displacements with time, such that the slope of this relationship (i.e., the scaling 

exponent) describes the underlying diffusion patterns. We then matched the movement metrics 

calculated for each temporal period (Table S 5.1) with associated biomarker data available for 

each shark. 
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Table 5.1 Groups of biomarkers collected from satellite-tagged tiger sharks. (N) is the number 

of biomarkers included in each group. Biomarker abbreviations are provided in italics, where 

applicable. Sample source describes the biological source of each biomarker. References 

describe how the biomarker data were collected despite some referring to studies involving 

different species (e.g., AtallahBenson et al., 2020; Moorhead et al., 2021). 

 

Biomarker 

group 

(N) 

Biomarkers 
Sample 

source 
References 

    

Dietary 

biomarkers 

(25) 

Carbon (δ13C) and nitrogen 

isotopes (δ15N); fatty acids: C17:0, 

C15:1, C14:0, C16:0, C18:0, C14:1 

(C14:1c), C16:1n7, C18:1n9, 

C18:1n7, C18:2n6 (C18:2n6c), 

C20:5n3, C22:5n3, C22:6n3, 

C20:4n6, C22:4n6, C22:5n6, 

branched fatty acids and odd chain 

fatty acids (BFA-OFA), saturated 

fatty acids (SFA), monounsaturated 

fatty acids (MUFA), 

polyunsaturated fatty acids 

(PUFA), omega-3 PUFA (PUFA 

n3), omega-6 PUFA (PUFA n6), 

ratio of n3 to n6 PUFA (n3/n6) 

Whole blood 

for carbon 

and nitrogen 

isotopes; 

blood plasma 

for dietary 

fatty acids 

Rangel, 

Hammerschlag, 

and Moreira 

(2021a); 

Shiffman, 

Gallagher, 

Boyle, 

Hammerschlag-

Peyer, and 

Hammerschlag 

(2012) 

    

Energy 

storage 

(6) 

triglycerides, cholesterol, free fatty 

acids, acetoacetate (AcAc), beta-

hydroxybutyric acid (BHA), and the 

ratio of AcAc to BHA (AcAc:BHA) 

Blood plasma 

Gallagher et al. 

(2017); 

Moorhead et al. 

(2021) 
    

Metabolic 

hormones 

(4) 

Corticosterone, triiodothyronine 

(T3), thyroxine (T4), and the ratio 

of T3 to T4 (T3:T4) 

Blood plasma 
Rangel et al. 

(2021b) 

    

Morphology 

(4) 

pre-caudal length, fork length, total 

length, and body condition 

Physical 

measurements 

Irschick and 

Hammerschlag 

(2014); Nelson 

(2018) 
    

Reproduction 

(4) 

estradiol, progesterone, 

testosterone, and maturity status 
Blood plasma 

Sulikowski et 

al. (2016) 

    

Health 

(7) 

total protein, albumin (F1), alpha-1 

globulins (F2), alpha-2 globulins 

(F3), beta globulins (F4), gamma 

globulins (F5), and the ratio of F3 

to F4 (F3:F4) 

Blood plasma 
AtallahBenson 

et al. (2020) 
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5.3.4 Boosted regression trees 

We used boosted regression trees (BRTs) to evaluate the relative influence of each biomarker 

(explanatory variables) on the movement metrics we calculated (response variables; Figure 

5.2). BRTs are a statistics-based machine learning technique that use regression trees in 

conjunction with boosting to help models improve predictive performance (Elith, Leathwick, 

& Hastie, 2008). We chose BRTs for this study because they accommodate missing data, allow 

for collinearity among predictor variables, and are appropriate for different types of predictor 

variables (e.g., categorical and numeric; Derville, Constantine, Baker, Oremus, & Torres, 2016; 

Elith et al., 2008; Maxwell et al., 2019). We used a two-part BRT methodology to determine 

how biomarkers influenced tiger shark movement.  

 

During the first part of our BRT methods (“group BRTs”), we focused on determining which 

biomarker from each group had the largest influence on a movement metric. To begin, we 

created a “group dataset” by selecting tiger sharks that had data for a movement metric at a 

specific temporal period (e.g., 7-day dispersion) and at least 75% of the biomarkers from a 

biomarker group (e.g., had at least 19 of the 25 dietary biomarkers). To fit the BRTs, we divided 

the group dataset, using 90% of the data to train the model and 10% for testing. To find the 

optimal BRT parameters, we used a bag fraction of 0.75 and looped through varying values for 

tree complexity (tc, 1-10), learning rate (lr, 0.1-0.0001), and the minimum number of 

observations in terminal nodes (minobs, 5 or 10). Following Elith et al. (2008), we selected the 

combination of tc, lr, minobs values that resulted in the lowest predictive deviance with over 

1000 trees. Using these optimal parameters, we fit a group BRT that ranked each biomarker in 

a group by its relative influence on each movement metric. To account for variation in tiger 

shark biomarker and movement data and to ensure a subset of animals did not bias our results, 

e.g., if the sharks included in the test sample had vastly different movement or biomarker data 

than the sharks in the training sample, we iterated the procedure through all sharks. We did this 

by resampling individual sharks from the group dataset without replacement (when possible) 

to create new training and testing samples at each iteration. We then averaged the relative 

influence of each biomarker from all group BRTs to determine the biomarker with the highest 

average relative influence. We repeated the group BRT procedure with all biomarker groups 

to identify the most influential biomarker from each group.  

 



 

125 

During the second part of our BRT methods (“final BRTs”), we ran the same procedure 

outlined for the group BRTs, except that we created “final datasets” using the most influential 

biomarker from each biomarker group (used as representative of the entire group) together with 

tagging season. Each of the final BRTs determined the relative influence of 7 explanatory 

variables, 6 biomarkers and tagging season (see Table S 5.2 for optimal parameters). We 

repeated our two-part BRT methodology for each movement metric calculated over each 

temporal period. In total, we had sufficient data to create five final BRTs for dispersal 

calculated over 7 – 25 days and four final BRTs for scale of movement calculated over 10 – 25 

days as there was insufficient satellite tag data to calculate this metric over 7 days. Each of the 

final BRTs contained data from 19 – 22 tiger sharks. In addition to examining the relative 

influence of the biomarkers in each final BRT, we also averaged the relative influence of the 

biomarkers from each group across the temporal periods to gain an overall understanding of 

the relative influence of each group on each movement metric. All BRT calculations were 

completed based on the R packages dismo (Hijmans, Phillips, Leathwick, & Elith, 2021) and 

gmb (Greenwell, Boehmke, & Cunningham, 2020), with a slight modification to dismo’s 

gmb.fixed function that allowed us to vary minobs. 

 

5.4 Results 

From the 50 biomarkers examined in this study, dietary biomarkers had the largest influence 

on dispersion in 80% (4/5) of the temporal periods, except at 20 days when morphology was 

slightly more influential (Figure 5.3, Table 5.2). Movement rate was predominately influenced 

by metabolic hormones and energy stores, which had an inverse relationship and alternated 

being the most important throughout the temporal periods (Figure 5.3, Table 5.2). In total, we 

identified 23 influential biomarkers, 17 of which influenced more than 10% of the final BRTs. 

These included: 7 dietary biomarkers (δ13C, δ15N, C18:1n9, C20:5n3, C22:4n6, C22:5n6, and 

C22:6n3), triglycerides, free fatty acids, thyroid hormones (T3 and T4), fork length, precaudal 

length, total length, and blood fractions 1, 3, and 5 (Table 5.2). All other biomarker groups had 

a relatively low influence on movement regardless of the temporal period (see Figure S 5.1 - 

Figure S 5.9 for response plots). 

 

After averaging the influence of each biomarker in a group across all temporal periods, tiger 

shark dispersion was primarily influenced by dietary biomarkers (69% average influence), 

followed by morphology (11.83%), all other groups each influenced less than 9%. In 
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comparison, on average, scale of movement was more influenced by metabolic hormones and 

energy storage (36.93% and 21.38%, respectively) and less by dietary biomarkers, health, and 

morphology (16.15%, 12.59%, 11.46%, respectively).  

 

 

Figure 5.2 A) Histograms of the tiger shark dispersion and B) scale of movement data used in 

the final boosted regression trees (BRTs) and calculated over temporal periods ranging from 7 

– 25 days. Sample sizes for each histogram are provided in the top right corner and reflect the 

sample size in each final BRT. 
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Figure 5.3 The mean relative influence of each biomarker group in the final boosted regression 

trees on A) tiger shark dispersion and B) scale of movement, calculated between 7 and 25 days 

after tagging, when sufficient data were available. The most influential variable in each 

biomarker group was used as a proxy for the overall group; see Table 5.2 for details. 

Biomarkers that consistently influenced < 10% of a movement metric were removed from this 

figure for clarity (i.e., reproduction and season were excluded).  
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Table 5.2 The relative influence of each biomarker included in the final BRTs on tiger shark dispersion and scale of movement calculated over 

multiple time periods. Each column contains the biomarkers used to calculate the final BRTs for a given movement metric and temporal period. 

Each row represents a biomarker group. The relative influence of each biomarker is provided in brackets below each name; higher numbers indicate 

that the variable had a higher influence on movement than the rest of the variables in the column. The most influential variable for each final BRT 

is bold, while variables that influenced less than 10% are in grey. The average influence of each biomarker group on the movement metrics is 

provided in the “Avg” columns; the biomarker group with the highest average influence is in bold. “Overall average” represents the average 

influence of all biomarkers in a group irrespective of movement metric or temporal period. The key biomarkers (i.e., those that influenced more 

than 10% of a BRT) included: five fatty acids (C22:5n6, C20:5n3, C22:4n6, C18:1n9, and C22:6n3), carbon and nitrogen stable isotopes (δ13C 

and δ15N, respectively), triglycerides (TAG), free fatty acids (FFA), two thyroid hormones (triiodothyronine (T3) and thyroxine (T4)), fork length 

(FL), precaudal length (PCL), total length (TL), and health fractions 1, 3, and 5. Biomarkers that were included in the final BRTs but never 

influenced more than 10% included: branched fatty acids and odd chain fatty acids (BFA-OFA), T3:T4, corticosteroids (CORT), testosterone, 

maturity status (Status), blood fraction ratio 3:4 (Fraction 3:4), and season.
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Biomarker 

group 

Dispersion  

(Gyration radius Z-scores) 

Movement rate  

(RMS Hurst exponents) 

7 days 10 days 15 days 20 days 25 days Avg 10 days 15 days 20 days 25 days Avg 

Dietary 

biomarkers 

C22:5n6 

(86.857) 

δ15N 

(80.986) 

δ13C 

(50.468) 

C20:5n3 

(28.469) 

δ13C 

(98.466) 
69.05 

C22:4n6 

(22.937) 

C18:1n9 

(12.872) 

BFA-OFA 

(4.166) 

C22:6n3 

(24.609) 
16.15 

Energy 

storage 

TAG 

(6.772) 

FFA 

(11.122) 

FFA 

(17.563) 

FFA 

(7.511) 

TAG 

(0.635) 
8.72 

TAG 

(34.189) 

FFA 

(1.833) 

FFA 

(37.692) 

FFA 

(11.8) 
21.38 

Metabolic 

hormones 

T4 

(1.048) 

T3:T4 

(0.526) 

T4 

(14.07) 

CORT 

(5.147) 

CORT 

(0.075) 
4.17 

CORT 

(5.168) 

T3 

(73.534) 

T3 

(33.953) 

T3 

(35.049) 
36.93 

Morphology 
FL 

(0.402) 

FL 

(6.365) 

PCL 

(14.434) 

FL 

(37.268) 

FL 

(0.661) 
11.83 

PCL 

(13.507) 

PCL 

(0.297) 

TL 

(11.65) 

FL 

(20.397) 
11.46 

Reproduction 
Testosterone 

(0.1) 

Status 

(0.153) 

Status 

(1.018) 

Status 

(4.944) 

Status 

(0.084) 
1.26 

Status 

(2.379) 

Status 

(0.047) 

Status 

(0.187) 

Status 

(0.524) 
0.78 

Health 
F3 

(4.799) 

F5 

(0.651) 

F5 

(1.765) 

F1 

(15.829) 

Fraction 3:4 

(0.077) 
4.62 

F3 

(19.082) 

F5 

(11.407) 

F1 

(12.351) 

F1 

(7.529) 
12.59 

Season 
Season 

(0.022) 

Season 

(0.196) 

Season 

(0.68) 

Season 

(0.83) 

Season 

(0.001) 
0.35 

Season 

(2.736) 

Season 

(0.01) 

Season 

(0.002) 

Season 

(0.093) 
0.71 
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5.5 Discussion 

Tiger sharks are notorious for following unpredictable movement patterns, yet the 

physiological drivers that affect their internal state and lead to these movements are rarely 

investigated. Here, we evaluated the influence of 50 biomarkers in addition to seasonality on 

tiger shark movement and found that diet has the highest relative influence on movement, 

followed by metabolic hormones, energy stores, and morphology. Reproduction, health, and 

season did not influence movement over the temporal periods examined here. Biomarkers for 

diet had the largest influence on tiger shark dispersion, suggesting it is influenced by prey 

availability. However, available energy may govern the scale of movement, with biomarkers 

for energy storage and metabolic hormones having the largest influence for that metric.  

 

Dietary biomarkers provide insights into bottom-up processes that impact the nutritional status 

and trophic levels of consumers and can be used to identify foraging locations. Here, the types 

of dietary biomarkers identified as the most influential (i.e., δ13C, δ15N, C18:1n9, C20:5n3, 

C22:4n6, C22:5n6, and C22:6n3) were highly variable, likely due to the diverse diets of tiger 

sharks (e.g., Aines et al., 2018). This combination of dietary biomarkers indicates that trophic 

position and foraging location influence tiger shark movement (Munroe et al., 2018) and that 

the sharks are foraging on herbivorous and carnivorous prey from diverse habitats and broad 

temperature ranges. C22:5n6, the most influential dietary fatty acid we identified, and 22:4n6 

can indicate top predators (such as tiger sharks) foraging on fish and cephalopods in water 

temperatures above 21 °C, possibly near urban environments (Meyer, Pethybridge, Nichols, 

Beckmann, & Huveneers, 2019; Rangel et al., 2021a). In comparison, C18:1n9 is a marker of 

carnivory that can indicate foraging in non-urban environments (Dalsgaard, St. John, Kattner, 

Müller-Navarra, & Hagen, 2003; Falk-Petersen, Hagen, Kattner, Clarke, & Sargent, 2000; 

Meyer et al., 2019; Rangel et al., 2021a). These results are consistent with the tiger sharks 

being tagged in urban locations near Miami and non-urban environments near the Bahamas. 

While C22:5n6, 22:4n6, and C18:1n9 suggest movement behaviour consistent with known 

tiger shark foraging and habitat use patterns throughout Florida and the Bahamas, other fatty 

acids, such as C20:5n3 and C22:6n3 can indicate first- and second-order carnivores foraging 

on phytoplankton, zooplankton, or macroalgae in deep-sea waters below 10°C (Dalsgaard et 

al., 2003; Kelly & Scheibling, 2012; Meyer et al., 2019). These markers indicate that tiger 

sharks might be foraging on deep-sea prey, likely through their consumption of mid-trophic 

level consumers that have previously foraged on deep-sea prey. The relationship between tiger 
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shark movement and this trophic linkage to deep-sea prey warrants further investigation 

because while tiger sharks have been documented swimming to depths below 1 km (Afonso & 

Hazin, 2015), they are not generally known to forage on deep-sea prey. The two latter fatty 

acids (C20:5n3 and C22:6n3) are essential fatty acids with important physiological functions 

affecting growth and survival (Mejri, Tremblay, Audet, Wills, & Riche, 2021), and high values 

have been documented in pelagic, fast-swimming fish (Gladyshev, Sushchik, Tolomeev, & 

Dgebuadze, 2018), which supports our findings that these are likely physiologically important 

biomarkers for tiger shark movement. 

 

Our results suggest that the scaling of tiger shark movements is fuelled by energy stored as 

triglycerides and free fatty acids. These results are consistent with Gallagher et al. (2017), who 

analysed triglycerides and free fatty acids within the context of shark activity levels and 

energetic demands, hypothesising that triglycerides are associated with “low-cost” movements 

while free fatty acids are associated with “highly active sharks”. This also indicates that the 

sharks may have been using ketone bodies and cholesterol for other metabolically important 

aspects of tiger shark biology, such as reproduction (e.g., Moorhead et al., 2021). A common 

concern about lipid (e.g., triglyceride and free fatty acids) plasma measurements is that they 

can reflect either an animal storing recently acquired energy (i.e., the animal ate recently) or 

mobilising previously-stored energy from the liver (Gallagher et al., 2017; Moorhead et al., 

2021; Valls et al., 2016). Because we worked with data from multiple tiger sharks, our results 

likely reflect a mixture of the two scenarios. However, we can deduce that it is unlikely that 

their movements resulted from high muscular activity or a starvation (i.e., low lipid) scenario 

because we did not find evidence of ketone bodies influencing movement. As the tagged sharks 

likely had ample energy reserves, the relationships between movement, triglycerides, and free 

fatty acids documented here were likely due to casual movement or opportunistic foraging. 

 

Thyroid hormones had the largest influence on tiger shark movement within the metabolic 

hormone biomarker group. Thyroid hormones have previously been associated with migration 

in dogfish (Squalus acanthias; Woodhead, 1966); however, they are more commonly 

associated with feeding. Interactions between feeding and thyroid status have been shown in 

several fish species because the thyroid axis plays a role in regulating appetite, responding to 

changes in feeding status, and metabolising nutrients (Deal & Volkoff, 2020). Moreover, food 

quality can also influence the thyroid axis in fish, such that high or low protein diets can change 

plasma T3 and T4 levels (Deal & Volkoff, 2020). Combining this information with the fact 
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that we identified a range of dietary biomarkers, triglycerides, and free fatty acids as influential 

emphasizes the importance of foraging and available energy for tiger shark movement.  

 

Morphology only had a slight influence on tiger shark movement; however, all three length 

measurements were occasionally influential, suggesting a relationship between body length 

and movement capacity. We did not find that body condition influenced tiger shark movement, 

even though body condition can predict energy stores and be positively correlated with 

triglycerides, a key energy storage biomarker (Gallagher et al., 2014b). This may be because 

body condition is an indirect measurement of energy reserves, and thus, variables directly 

describing a shark’s energetic state were more influential. Alternatively, the relative 

importance of diet and energy storage biomarkers suggests that the tiger sharks tracked here 

likely had ample energy reserves; if all individuals were consistently satiated, there may not 

have been enough variation in the body condition scores to elicit a response from the BRTs.  

 

While health can influence movement (i.e., blood fractions influenced a maximum of 19% of 

a final BRT), biomarkers for diet and energy were more influential. This may indicate that 

these animals were similarly healthy, which would be consistent with our theory that the 

animals had ample energy reserves. However, future research is required to investigate how 

health influences tiger shark movement and further develop these hypotheses.  

 

Reproduction and season were not identified as important biomarker groups in this study. 

These results were surprising because many of these tiger sharks were in different reproductive 

states and were tagged within a known tiger shark reproductive hotspot North of Little 

Bahamas Bank (Sulikowski et al., 2016). Female tiger movements within this region have been 

described as restricted, leading to the hypothesis that residency in this region may accelerate 

embryo development and reduce the gestation period (Sulikowski et al., 2016). We also know 

that tiger sharks follow seasonal migrations (e.g., Hammerschlag et al., 2022). An important 

consideration for these results is that reproduction and season are longer-term variables, yet 

here, we examined movement between 7 and 25 days, which may not have been long enough 

to capture the influence of these known drivers of movement.  

 

To our knowledge, this is the first study investigating how a comprehensive selection of 

physiological and biological variables influence the movement of a large, free-roaming marine 

apex predator. We identified key biomarkers that influence movement and developed a 
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methodological approach for determining the relative influence of these highly correlated 

biological variables on animal movement. The key biomarkers examined here also demonstrate 

the value of collecting blood samples. We encourage other shark researchers to consider 

incorporating biomarkers for diet, energy storage, and metabolism into future studies of shark 

movement to help develop the field of movement physiology. Our results highlight critical 

links between tiger shark physiology and movement, provide valuable knowledge about tiger 

shark foraging ecology, and help direct tiger shark research by identifying important 

physiological movement drivers that could be investigated further in future studies.  
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Sat tag number 
Total track 7 Days 10 Days 15 Days 20 Days 25 Days 

N loc N days N loc N days N loc N days N days N loc N days N loc N days N loc 

74 102 48.45 23 6.10 29 9.99 47 15.00 70 19.46 79 23.53 

75 57 31.09 1 NA 7 7.63 15 14.58 31 19.98 49 24.10 
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Table S 5.2 Summary statistics of the optimal parameters used to create the final boosted regression trees. When the optimal parameters varied 

between different combinations of sharks, the values are presented as mean ± standard deviation. “N combos” indicates the total number of shark 

combinations required until all sharks were used to test the BRTs. “N training” and “N test” indicate the number of sharks in the training and test 

datasets, respectively. “N total” indicates the total number of sharks in the BRT. 

 

Days 
Tree 

complexity 

Learning 

rate 

Minimum 

observations 

Bag 

fraction 

Minimum 

deviance 
N trees N combos N training N test N total 

Dispersion (Gyration radius Z-scores) 

7 1 0.022 ± 0.041 5 0.75 0.79 ± 2.21 4010 ± 2823.89 10 17 2 19 

10 1.64 ± 0.5 0.002 ± 0.003 5 0.75 0.91 ± 1.94 3436.36 ± 3292.8 11 20 2 22 

15 1.36 ± 0.5 0.012 ± 0.029 5 0.75 0.71 ± 1.21 3800 ± 3604.16 11 20 2 22 

20 1 0.02 ± 0.039 5 0.75 0.25 ± 0.32 3527.27 ± 3525.36 11 19 2 21 

25 1 0.064 ± 0.05 5 0.75 0.54 ± 0.59 3563.64 ± 3329.65 11 19 2 21 

Movement rate (RMS Hurst exponent) 

10 1 0.032 ± 0.047 5 0.75 0.02 ± 0.02 4510 ± 3718.56 10 17 2 19 

15 1 0.002 ± 0.003 5 0.75 0.06 ± 0.12 3430 ± 2457.21 10 18 2 20 

20 1 0.013 ± 0.031 5 0.75 0.02 ± 0.02 3640 ± 2963.56 10 18 2 20 

25 1 0.015 ± 0.03 5 0.75 0.02 ± 0.02 3000 ± 3694.44 10 17 2 19 
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Figure S 5.1 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in tiger shark dispersion (y-axis) over 7 days. Blue lines represent the average response from 

all tiger sharks, green area represents the standard error around the mean, and grey lines 

represent responses from different sample groups. Plots are presented from most influential 

(top left) to least influential (bottom right), with relative influence and specific variable being 

measured provided in brackets. 
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Figure S 5.2 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in tiger shark dispersion (y-axis) over 10 days. Blue lines represent the average response from 

all tiger sharks, green area represents the standard error around the mean, and grey lines 

represent responses from different sample groups. Plots are presented from most influential 

(top left) to least influential (bottom right), with relative influence and specific variable being 

measured provided in brackets.  
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Figure S 5.3 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in tiger shark dispersion (y axis) over 15 days. Blue lines represent the average response from 

all tiger sharks, green area represents the standard error around the mean, and grey lines 

represent responses from different sample groups. Plots are presented from most influential 

(top left) to least influential (bottom right), with relative influence and specific variable being 

measured provided in brackets.  
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Figure S 5.4 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in tiger shark dispersion (y axis) over 20 days. Blue lines represent the average response from 

all tiger sharks, green area represents the standard error around the mean, and grey lines 

represent responses from different sample groups. Plots are presented from most influential 

(top left) to least influential (bottom right), with relative influence and specific variable being 

measured provided in brackets.  

  



 

143 

 

Figure S 5.5 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in tiger shark dispersion (y axis) over 25 days. Blue lines represent the average response from 

all tiger sharks, green area represents the standard error around the mean, and grey lines 

represent responses from different sample groups. Plots are presented from most influential 

(top left) to least influential (bottom right), with relative influence and specific variable being 

measured provided in brackets.  
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Figure S 5.6 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in the scale of tiger shark movement (y axis) over 10 days. Blue lines represent the average 

response from all tiger sharks, green area represents the standard error around the mean, and 

grey lines represent responses from different sample groups. Plots are presented from most 

influential (top left) to least influential (bottom right), with relative influence and specific 

variable being measured provided in brackets.  
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Figure S 5.7 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in the scale of tiger shark movement (y axis) over 15 days. Blue lines represent the average 

response from all tiger sharks, green area represents the standard error around the mean, and 

grey lines represent responses from different sample groups. Plots are presented from most 

influential (top left) to least influential (bottom right), with relative influence and specific 

variable being measured provided in brackets.  
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Figure S 5.8 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in the scale of tiger shark movement (y axis) over 20 days. Blue lines represent the average 

response from all tiger sharks, green area represents the standard error around the mean, and 

grey lines represent responses from different sample groups. Plots are presented from most 

influential (top left) to least influential (bottom right), with relative influence and specific 

variable being measured provided in brackets.  
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Figure S 5.9 Plots illustrating how biomarker groups and season (x-axes) respond to changes 

in the scale of tiger shark movement (y axis) over 15 days. Blue lines represent the average 

response from all tiger sharks, green area represents the standard error around the mean, and 

grey lines represent responses from different sample groups. Plots are presented from most 

influential (top left) to least influential (bottom right), with relative influence and specific 

variable being measured provided in brackets.  
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Chapter 6: General Discussion 

 

6.1 Thesis Overview  

In my thesis, I demonstrate the applicability of cross-disciplinary approaches for investigating 

how and why animals move and facilitate the use of these methods by ecologists. Here, I 

created an R package, PhysMove, as a platform to simplify the use of statistical physics-based 

methods in an ecological context. PhysMove enables comprehensive descriptions of species’ 

movements, search strategies, and space-use patterns, in addition to intraspecific movement 

metrics (Chapter 3). I applied these methods in a novel way to demonstrate their ability to 

comprehensively investigate the movement patterns and search strategies of three sympatric 

shark species in the northwest Atlantic Ocean (Chapter 4; Calich et al., 2021). I also identified 

important physiological drivers of tiger shark movement by developing a modelling framework 

that integrates animal physiology, ecology, and statistical physics (Chapter 5). Taken together, 

my research demonstrates how an innovative application of cross-disciplinary methodologies 

can lead to new insights into movement and foraging ecology.  

 

6.2 Bridging gaps between scientific disciplines 

While science has historically had great advancements based on the contributions of individual 

geniuses, such as Einstein and Newton, teamwork and collaborations are increasingly 

responsible for the production of knowledge (Van Noorden, 2015; Wuchty, Jones, & Uzzi, 

2007). Research built on collaborations between disciplines is particularly valuable for 

understanding complex intractable issues facing the global community, such as those related 

to climate, water, energy, and health (Ledford, 2015; Nature, 2015). As shown here, cross-

disciplinary collaborations between ecologists, physiologists, mathematicians, and physicists 

have immense value for understanding animal movement ecology (Giuggioli & Bartumeus, 

2010; Hays et al., 2016; Nathan et al., 2022).  

 

Statistical physics methods can provide insights into how animals move, yet they are rarely 

used in ecology. To facilitate the use of statistical physics-based methods in ecology and help 

bridge the gap between these disciplines, I created the PhysMove R package, which describes 

and demonstrates statistical physics-based methods within an ecological context (Chapter 3). 

PhysMove is versatile, enabling investigations of specific ecological questions, such as “what 

search strategies do species use to locate resources?”, as well as broader ecological questions, 
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such as “how do species move?”. Furthermore, because these methods are broadly applicable 

to studies of animal movement, they are suitable for analyses across aquatic and terrestrial taxa. 

This wide breadth of possible applications will help advance the field of movement ecology, 

enabling the identification of key movement strategies and drivers.  

 

A unifying theme throughout my thesis is the importance of search strategies and foraging as 

key drivers of shark movement. Previous ecological studies using statistical physics-based 

methods have determined that in pelagic environments where prey are sparsely distributed, 

marine predators follow more predictable and directed movements, and some show Lévy 

behaviour (Humphries et al., 2010; Sequeira et al., 2018). However, in coastal environments, 

marine megafauna (including predators) follow more complex movement patterns (Sequeira et 

al., 2018). My results provide a new perspective by highlighting that complex animal 

movements documented in coastal waters may be composed of diverse movement strategies 

(e.g., Brownian and resident strategies) that likely relate to resource partitioning (Chapter 4; 

Calich et al., 2021). To further investigate drivers of shark movement, I integrated knowledge 

from animal physiology, movement ecology, and statistical physics to present the first 

comprehensive analysis investigating how a range of physiological variables can influence 

shark movement decisions. I identified diet, stored energy, and metabolism as key biomarkers 

for tiger shark movement (Chapter 5). Combining results from Chapters 4 and 5, I provide 

quantitative evidence that tiger, great hammerhead, and bull shark movements relate to 

foraging and resource availability and help address fundamental questions about how and why 

sharks move. These results can help support the development of conservation management 

plans that consider how species’ movement strategies and drivers influence their exposure to 

anthropogenic threats, such as overfishing and climate change (FAO, 2018; Hughes et al., 

2018; Lotze et al., 2019; Wassmann, Duarte, Agustí, & Sejr, 2011).  

 

6.3 Mitigating impacts of anthropogenic threats  

6.3.1 Overfishing and bycatch 

Overfishing and bycatch are the leading causes of shark decline, threatening over one-third of 

all shark and ray species with extinction; science-based management areas, catch limits, and 

methods for reducing mortality are urgently needed to protect these species (Dulvy et al., 2021; 

Pacoureau et al., 2021). Cross-disciplinary analyses that consider how and why sharks move 

could be valuable for developing effective management plans because they enable the 
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identification of species’ overall movement strategies and factors that may increase residency 

in key regions, such as gestation or high prey density. These considerations are important 

because spatially static management areas are not always effective for conserving migratory 

marine megafauna (Lascelles et al., 2014), and they can have economic consequences for 

fisheries (e.g., Li & Pan, 2011). In fact, a recent survey of members from the largest 

professional shark and ray research societies indicated that instead of static no-take marine 

protected areas, members are generally more supportive of year-round closures in key regions 

(e.g., bycatch hotspots or nurseries) and dynamic time-restricted area closures (Shiffman & 

Hammerschlag, 2016).  

 

Understanding how and why species move could play a vital role in developing dynamic and 

effective conservation management plans; as such, cross-disciplinary approaches represent an 

exciting new focus for future conservation initiatives. Dynamic conservation management 

tools use real-time data to identify regions where species are likely to occur (Pons et al., 2022), 

and they are already starting to be developed. For example, the USA National Oceanic and 

Atmospheric Administration (NOAA) created TurtleWatch, a dynamic tool that uses real-time 

sea surface temperatures to create daily maps identifying the locations of temperature-specific 

isotherms where turtles are likely to be present, helping to reduce loggerhead and leatherback 

sea turtle interactions with swordfish fisheries in the North Pacific (Howell et al., 2015). As 

telemetry datasets continue to improve, dynamic spatial management plans for reducing 

bycatch, including shark bycatch, are becoming increasingly feasible; a cross-disciplinary 

approach incorporating statistical physics-based methods into these plans could help increase 

their effectiveness. For example, suppose a vessel was actively catching a bycatch species. In 

that case, it may benefit from a model that identified environmental conditions to avoid and 

used random walkers designed to emulate the movement strategy of the bycatch species (e.g., 

following the distribution of their displacements and turning angle patterns) to predict how far 

the vessel would need to travel before it could resume fishing. Dynamic conservation 

management tools will be increasingly valuable for reducing bycatch while supporting fisheries 

as climate change drives changes in species’ distributions (Pons et al., 2022) 
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6.3.2 Climate change 

Understanding how species’ distributions and ranges are, or will be, affected by climate change 

is of significant conservation concern (Perry, Low, Ellis, & Reynolds, 2005; Poloczanska et 

al., 2013) because these changes may alter ecosystem dynamics (Bastille-Rousseau et al., 

2018a) or shift species outside of protected regions, rendering them vulnerable to exploitation 

(Selden et al., 2020). Knowledge of species’ movement strategies will help identify climate 

change-mediated shifts, and as such, cross-disciplinary approaches will play a key role in future 

conservation efforts. For example, bull sharks use a resident movement strategy, and once they 

are in a suitable habitat, they are unlikely to relocate unless it becomes too energetically costly 

to remain there (Calich et al., 2021; Matich & Heithaus, 2012). However, observed and 

predicted changes to warming oceans indicate species’ distributions will shift or expand 

poleward as local temperatures increase (e.g., Birkmanis, Freer, Simmons, Partridge, & 

Sequeira, 2020; Hammerschlag et al., 2022; Hazen et al., 2013; Niella, Butcher, Holmes, 

Barnett, & Harcourt, 2022; Sanford, Sones, García-Reyes, Goddard, & Largier, 2019; Sequeira, 

Mellin, Fordham, Meekan, & Bradshaw, 2014). As a result, poleward movements of bull sharks 

that move them outside of their resident ranges could indicate a climate-change mediated stress 

response (Bangley, Paramore, Shiffman, & Rulifson, 2018).  

 

Identifying species movement strategies may also provide insights into the quantity of data 

required to identify climate change-mediated shifts. For example, considering bull sharks have 

a well-established resident strategy, deviations from this strategy will be more easily noticed 

than species with more diverse movement strategies, such as tiger sharks. As a result, 

discerning climate change-mediated shifts for species with diverse movement strategies will 

likely require larger datasets than for resident species. Thus, the cross-disciplinary approaches 

identified here may also play an important role in guiding the methodologies of future 

movement studies.  

 

6.4 Future considerations 

While this thesis focused on cross-disciplinary approaches between ecology, physics, and 

physiology, additional disciplines should also be considered for future studies of animal 

movement. For instance, the field of “physiologging”, which uses animal-borne electronic 

devices to record physiological variables, represents an exciting opportunity for cross-

disciplinary approaches between ecology and medicine (Hawkes, Fahlman, & Sato, 2021). 
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Wearable devices used to monitor human health, such as glucose, lactate, or heart rate 

monitors, are non-invasive and have multiple sensors, the development of these types of 

devices for animals could provide invaluable opportunities to drive scientific advances 

(Hawkes et al., 2021). Incorporating these types of physiological data into movement ecology 

studies could also improve our ability to predict how animals respond to changes in their 

external environment (Williams et al., 2021). Moreover, the application of these devices in a 

controlled environment, such as an aquarium, could help identify biomarker turnover rates and 

provide context for interpreting physiological data for free-roaming sharks.  

 

Much like cross-disciplinary approaches, deploying multiple biotelemetry or biologging tags 

on an animal (i.e., multi-tagging) can provide unique insights into movement behaviours. 

Throughout this thesis, I highlighted that foraging is a key driver of shark movement; however, 

these conclusions are based on movement patterns and physiological variables; future studies 

would benefit from ground-truthing foraging events. Multi-tagging sharks with satellite tags 

and biologging tools, such as accelerometers, which record two or three-dimensional 

acceleration at a high enough resolution to discern tail beats (Bouyoucos et al., 2017), or 

camera tags, which record video as animals move, would allow for the confirmation of foraging 

events and could help identify foraging-specific movement signatures. Furthermore, as 

biologging and biotelemetry tools can be exceptionally flexible, they are well suited for cross-

disciplinary analyses (Payne et al., 2014). 

 

6.5 Concluding summary  

Animal movement influences patterns of biodiversity and regulates the structure and function 

of ecosystems (Hussey et al., 2015; Kays et al., 2015). Documenting animal movement patterns 

is of the utmost importance for addressing conservation initiatives. Cross-disciplinary 

approaches, such as those presented here, can be used to evaluate unexploited theories and 

provide new insights into animal movement patterns (Hays et al., 2016; Sutherland et al., 

2013). To encourage the use of cross-disciplinary approaches in ecology, I created an R 

package that will make using key statistical physics methods easily accessible, and I 

demonstrated how these methods can be used to determine how species move. Furthermore, 

combining knowledge from physiology, ecology, and statistical physics, I developed an 

innovative modelling framework, providing insights into why species move. My results 

demonstrate the value of cross-disciplinary approaches and have implications for shark 
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conservation and management, providing insights into how foraging, and thus resource 

availability, influence movement. My research (including my thesis chapters and other 

publications I co-authored throughout my PhD; see Section 6.6 for details) serve to increase 

awareness of the value of cross-disciplinary approaches and encourage their use in future 

studies. Integrating methods derived from statistical physics into an ecological context presents 

an exciting new research focus that is likely to lead to significant advancements in this new era 

of big data in movement ecology. 
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6.6 Related studies accepted for publication during my PhD  

Morgan, A. Calich, H., Sulikowski, J., Hammerschlag, N. 2020. Evaluating spatial 

management options for tiger shark (Galeocerdo cuvier) conservation in US Atlantic 

Waters, ICES Journal of Marine Science, 77(7-8), 3095–3109.  

doi:10.1093/icesjms/fsaa193 

Sequeira, A.M.M., Hays, G.C., Sims, D.W., Eguíluz, V.M., Rodríguez, J.P., Heupel, M.R., 

Harcourt, R., Calich, H., Queiroz, N., Costa, D.P., Fernández-Gracia, J., Ferreira, L.C., 

Goldsworthy, S.D., Hindell, M.A., Lea, M.-A., Meekan, M.G., Pagano, A.M., Shaffer, 

S.A., Reisser, J., Thums, M., Weise, M. & Duarte, C.M. (2019) Overhauling Ocean 

Spatial Planning to Improve Marine Megafauna Conservation. Frontiers in Marine 

Science, 6, 639. doi:10.3389/fmars.2019.00639 

Sequeira, A.M.M., Heupel, M.R., Lea, M.A., Eguiluz, V.M., Duarte, C.M., Meekan, M.G., 

Thums, M., Calich, H.J., Carmichael, R.H., Costa, D.P., Ferreira, L.C., Fernandez-

Gracia, J., Harcourt, R., Harrison, A.L., Jonsen, I., McMahon, C.R., Sims, D.W., 

Wilson, R.P. & Hays, G.C. (2019) The importance of sample size in marine megafauna 

tagging studies. Ecological Applications, 29(6), e01947. doi:10.1002/eap.1947 
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