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Abstract 23 

Mobile phones and other geolocated devices have produced unprecedented volumes of data 24 

on human movement. Analysis of pooled individual human trajectories using big data 25 

approaches have revealed a wealth of emergent features that have ecological parallels in 26 

animals across a diverse array of phenomena including commuting, epidemics, the spread of 27 

innovations and culture, and collective behaviour. Movement ecology, which explores how 28 

animals cope with and optimise variability in resources, has the potential to provide a 29 

theoretical framework to aid an understanding of human mobility and its impacts on 30 

ecosystems. In turn, big data on human movement can be explored in the context of animal 31 

movement ecology to provide solutions for urgent conservation problems and management 32 

challenges. 33 

  34 
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 37 

Introduction  38 

 39 

Mobility is a central component of human activity, receiving significant allocation of 40 

resources, including time, commodities and energy, with transportation now accounting for 41 

20–25% of global energy use [1]. Development of an understanding of the patterns and 42 

drivers of human mobility is, therefore, a key to optimising this critical element of human 43 

lifestyles in a world increasingly facing resource limitation and growing human impacts on 44 

the biosphere. 45 

   46 
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Until relatively recently, studies of human mobility have focused at the extreme ends of the 47 

spectrum of the scale of movement patterns. At the smallest scales (m-km), the field known 48 

as human behavioural ecology [2] has applied models of optimal foraging theory derived 49 

from animal ecology to identify the key factors shaping foraging subsistence behaviour in 50 

hunter-gatherer communities [2]. At the largest scales (1000s km), the drivers of migrations 51 

of humans within and between countries have been analysed in terms of optimisation of 52 

“push” and “pull” factors [3, 4]. However, these studies focus on only a very limited part of 53 

the spectra of human mobility as it occurs in society today, because the majority of these 54 

movements occur in the context of the day-to-day existence of the 50% of the world’s 55 

population that lives in cities [5]. Empirical studies of human mobility at these scales were 56 

galvanised a decade ago in a seminal paper that based inferences on human movement 57 

patterns on the analysis of circulation of banknotes in the United States [6] (Figure 1). This 58 

contrasts with studies of animal behaviour where technological developments starting with 59 

the ring-banding of birds (7) and culminating with state-of-the-art satellite tracking tags (8) 60 

(Figure 1) has allowed accurate and detailed tracking of the individuals of many species and 61 

has been a major driver of the theory and study of animal movement ecology [7]. 62 

 63 

From the outset of the study of animal movement it has been deemed ethically acceptable to 64 

attach or implant tracking devices to animals to generate detailed datasets of movement 65 

patterns. Until very recently, however, this has not been the case for humans, hence the use of 66 

proxies for the tracking of human movement patterns such as banknotes [6] or the distribution 67 

of family names [8]. However, the arrival of the geolocated smartphone, effectively a 68 

tracking device now voluntarily carried by billions of people, has generated massive volumes 69 

of geo-referenced movements, which now constitute big data. The data from these devices 70 

describe human mobility and behaviour with unprecedented resolution, and for the first time 71 
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in human history, individual patterns of human movement [9-11] and interactions [12-14] can 72 

be revealed at almost every spatial scale with a remarkable degree of detail, immediacy and 73 

precision (Box 1).  With the advent of smartphones and other new technologies such as 74 

wearable fitness trackers, data on mobility at scales relevant to the day-to-day lives of the 75 

majority of human populations exceeds by many orders of magnitude the combined total of 76 

all that is available for any other species on the planet. At the same time, the sheer scale 77 

combined with the difficulties of manipulating and analysing this big data has meant that the 78 

study of patterns in human movements available from these sources has largely been the 79 

province of complex systems analysts. Not surprisingly, results have been interpreted using 80 

the paradigms, such as broad distributions and complex networks, of a research community 81 

dominated by computer scientists and physicists. For the most part, analyses of these data 82 

have taken a “data-mining” approach [15] and little effort has been invested in studies that 83 

are hypothesis-led or based in ecological theory. We argue that ecological approaches could 84 

inform a deeper understanding of the drivers of human mobility given that such data are 85 

much wealthier in motivational content than any available for non-human subjects. Only 86 

human mobility couples movement patterns both to social media and electronic interactions 87 

that can explicitly link movement to individual motivations and outcomes [14, 16]. Together, 88 

this can provide unique insights into the relationships between patterns of human mobility 89 

and the impact of humans on the ecosystems they inhabit and in so doing, offer solutions to 90 

the pressing conservation and management challenges that now confront society.  Here, we 91 

review the most salient studies of human mobility and show how these contribute towards a 92 

framework for the ecology of human mobility. 93 

   94 

Human mobility: insights into populations from individual-based data 95 

 96 
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The accessibility and volume of geo-referenced data sets of individual human movements has 97 

propelled the search for emergent patterns at population scales. Below, we provide examples 98 

of analyses that have expanded our understanding of patterns in human movement, their links 99 

with social structures within societies and show how these reveal parallels to animal studies. 100 

 101 

  Statistics of displacement 102 

The analysis of individual human trajectories shows that the net displacement of humans 103 

between two consecutive positions at time t and t + Δt (Δr=|r(t+Δt)-r(t)|) can be described by 104 

a power law distribution, P(Δr)~Δr-α, where  is a characteristic scaling exponent. 105 

Consequently, individual trajectories cannot be easily characterised by a single displacement, 106 

since both short and long movements can occur. Such a power law distribution is 107 

characteristic of a Lévy distribution (i.e., Lévy flight, or random walks) with the scaling 108 

exponent  < 2 (e.g. [6, 10]). The underlying scaling of human movement thus conforms to 109 

the same pattern described for many animals, notably marine predators. For these species, 110 

including sharks, bony fishes, reptiles and seabirds, Lévy flight is a behaviour that optimizes 111 

the rate at which an animal encounters prey in patchy environments [17, 18]. 112 

  113 

Site fidelity 114 

  115 

Similar to many animals, the most frequent human movements occur around a small set of 116 

highly-visited locations, typically homes, workplaces, shops etc. [19, 20]. A high degree of 117 

site fidelity is thus common to the movement of both many animals (e.g. breeding grounds, 118 

foraging areas, resting sites) and humans. The displacement range (measured by the gyration 119 

radius) for humans can be described by a power law distribution with exponent α = 1.65 120 

truncated by an exponential with a characteristic distance of 350 km [10]. This outcome is a 121 
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consequence of very heterogeneous mobility patterns, with the majority of individuals 122 

moving within a restricted range, whereas others travel over a region that is orders of 123 

magnitude larger (with a gyration radius ranging from 1km to 1,000 km). For animals, site 124 

fidelity is thought to be an outcome of predictable resource availability [21] and there are 125 

clear parallels for human movements given that the urban environments are also very 126 

predictable in the distribution of resources (schools, homes, workplaces etc.). 127 

  128 

Collective patterns of movement 129 

 130 

Aggregation occurs in both animals (e.g. fish, birds, mammals etc.) and humans [22]. The 131 

behaviour imposes constraints on movement patterns and a variety of models derived from 132 

physics have been used to understand and quantify the collective patterns that emerge from 133 

these behaviors. Analyses of commuting fluxes (recursive traveling between home and work) 134 

have been a common subject of studies of collective patterns in human mobility. The 135 

distributions of these fluxes are heavy-tailed [23-26], that is, distributions whose tails are not 136 

exponentially bounded. Spatial distributions of animal movement show similar patterns of 137 

recursive travel, in many cases between foraging, resting and reproductive habitats. These 138 

distributions of travel have been modelled using approaches based on Brownian motion such 139 

as Brownian bridges that aid definition of home ranges and quantify patterns of space use 140 

within the range (e.g. [27]) 141 

 142 

 Relationships between human mobility and social interactions within populations and meta-143 

populations 144 

 145 
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Daily encounters among individuals are the main driver of the formation of social 146 

relationships [28]. Individuals tend to spend more time with people who are friends and 147 

family, making a strong link between physical location and social relationships. 148 

Consequently, the location of any individual can be predicted from the locations of friends 149 

and family and bonds of friendship can be predicted from spatial and temporal co-occurrence 150 

of multiple individuals that are visited regularly by any individual. The probability of being 151 

“socially connected” (i.e., having friendship bonds with others) decays with distance (d) as d- 152 

a [29, 30]. Geolocated data on social interactions, derived from telephone communications or 153 

interactions through online social networks have been used to measure the relationship of 154 

social bonding and geography [30-32]. Bluetooth [33] and radio frequency identification 155 

(RFID) tags have been developed that store proximity data in order to map patterns of social 156 

networks (the sociopatterns project; http://www.sociopatterns.org/) [34]. This latter approach 157 

has been used to map contact patterns in schools [35, 36] , a hospital ward [37], and 158 

conferences [38]. The concept of movement by humans in physical spatial networks [12] has 159 

now been expanded into virtual, digital space through the analysis of proximity networks in 160 

online virtual worlds [39] and social media platforms [12, 39]. This use of human movement 161 

data to understand social interactions is paralleled by a growing interest in the use of multi-162 

individual tracking strategies to study the structure and dynamics of social networks in 163 

populations of wild animals [40, 41]. 164 

 165 

The ecology of human mobility 166 

 167 

The examples above suggest that the ecological principles that explain the movement patterns 168 

of marine and terrestrial animals also govern human mobility. A central paradigm of the 169 

study of animal ecology is that a detailed understanding of movement offers insights into how 170 

http://www.sociopatterns.org/
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variability in the distribution of resources across landscapes affects the performance of 171 

individuals and, in turn, population-level demography [42, 43]. We argue that this concept is 172 

equally applicable to the study of humans and can provide new insights into emergent 173 

behaviors of human populations and the impacts of their movement patterns on the ecology 174 

of ecosystems they inhabit. Furthermore, the analytical approaches developed to link mobility 175 

to social networks offer a powerful tool for gaining insights into the social organization of 176 

animal species [44] (see Outstanding Questions). We illustrate these points with key 177 

examples below. 178 

 179 

Epidemics 180 

 181 

 Compartmental reaction-diffusion models [45] have long been used to describe the dynamics 182 

of population invasion and range expansion in populations of a broad range of species (e.g. 183 

[46]). These models are now also being applied to human populations, notably in the context 184 

of the dynamics of epidemics, where individuals (or “agents”) are divided into different 185 

classes depending on their infectious state. How agents meet and spread the infection follows 186 

patterns dictated by human mobility [47] and are thus central to these models. A 187 

metapopulation approach is commonly used in order to cope with the computational 188 

challenge of having a vast amount of agents that human populations can provide, particularly 189 

on whole country or global scales [48]. These models operate both at large scales and also 190 

within constrained environments such as hospitals, schools or conference venues and at these 191 

smaller scales, have been used to study the spread of disease and to model appropriate health 192 

care responses. Recently, Vanhems et al. [49] showed that in a hospital environment, health 193 

care workers were the subpopulation of individuals that were more likely to act as “super-194 

spreaders” of contagion and thus should be targeted for vaccination[50]. On larger, global 195 
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scales, the impact of multiscale networks of human mobility has been shown to be crucial in 196 

the forecasting of infection routes for global pandemics [23, 50, 51]. Notably, these have 197 

shown how the advent of air transportation has facilitated epidemic spread. For example, in 198 

the Middle Ages the wavefront of infection of the Black Death spread at around 200 km per 199 

year [52], whereas today transport rates of humanity have accelerated, so that such fronts no 200 

longer exist [23]. Importantly, knowledge of human patterns of mobility and social networks 201 

offer the opportunity to model the spread of contagion to reduce the impact of disease [23]. 202 

Such models show that epidemics spread quickly to remote locations (through air 203 

transportation connections), whereas at local scales, the spread patterns follow highly-204 

frequented routes typical of commuting flows. Understanding the impacts of human transport 205 

systems for epidemics is directly relevant to the diffusion of pathogens and invasive species 206 

in ecosystems, as many of these rely on human vehicles, notably airplanes, cars and ships for 207 

long distance transport. These allow pathogens and invasive species to expand their 208 

distributions across natural barriers to movement, broadening their range and impact [53]. 209 

 210 

Diffusion of innovations, opinions and cultural traits 211 

 212 

The diffusion of innovations can be modelled in a manner similar to that of epidemics. The 213 

basic premise of the model is that adopters can be classified as innovators or as imitators and 214 

the speed and timing of adoption of an innovation depends on both the degree of their 215 

innovativeness and strength of imitation among adopters. Both mobility (through face-to-face 216 

contact) and social networks contribute to the social contagion of innovations [54]. 217 

  218 

The diffusion of cultural traits such as words [55], language [56] and opinions [24] have been 219 

shown to be dependent on human mobility both in real and digital space (i.e. face-to-face 220 
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contacts mediated through movement and online connections), although the dynamics of 221 

social interchange might vary. Recent studies have used data bases provided by geo-located 222 

tweets to study the stability of culture and the impact of seasonal tourism on the 223 

heterogeneity of cultural patterns within society [56]. For animals, the biological and 224 

evolutionary significance of social learning has remained a controversial issue, despite clear 225 

evidence of this process in fish, reptiles, birds and mammals [57]. The analysis of movement 226 

patterns to inform the study of social learning in humans might prove a useful direction for 227 

future investigation of parallels between social learning in animals and the development of 228 

culture in humans.  229 

  230 

Behaviours during stress 231 

 232 

In the case of natural disasters or emergencies in confined environments, understanding the 233 

collective behaviour of crowds might help devise better strategies to cope with such events 234 

[58, 59]. Studies of human movement during panic situations show that optimal strategies for 235 

escape from hazardous situations, such as a smoke-filled room, involve a mixture of 236 

individualistic behaviour and collective 'herding' instinct [60]. At larger scales, mobile phone 237 

data has been used to track the movements of people after the 2010 earthquake and 238 

subsequent cholera outbreak in Haiti [61], Hurricane Sandy in the United States [62] and 239 

other disasters [59]. Rapid description of such movement patterns via data from mobile 240 

phones and other devices could allow aid and disaster relief to be targeted more effectively 241 

for communities. Overall, such analyses provide compelling evidence that human escape 242 

reactions conform to the patterns of coordinated collective behavior described for animals. 243 

These result in the synchronized behaviours exhibited by schooling fish and flocking birds 244 

under attack [63]. The finding that animal escape responses rely on rapid and efficient 245 
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transfer of information among individuals, and the diffusion of reactions among neighbors 246 

[64], might help develop predictive frameworks for the response of humans to emergencies or 247 

stress, a major issue for public safety. 248 

 249 

Linking human mobility and animal movement for conservation and management 250 

outcomes 251 

 252 

The analysis and conceptualization of the big data produced by geolinked devices and social 253 

networks allows patterns of human and animal movement to be superimposed and 254 

synthesized to recognize, understand and solve urgent conservation and management 255 

problems. Three key examples of this approach are outlined here.  256 

 257 

Fishing  258 

Accurate and reliable data on the behaviour of fishers fundamentally underpins the successful 259 

management of a fishery. The analysis of big data provided by smartphones and social 260 

networks is poised to revolutionize this process, replacing conventional surveys that are 261 

limited both in accuracy and in spatial and temporal extent due to cost [65]. Mobile phone 262 

apps produce synoptic, real-time data that not only reveals patterns of fishing pressure and 263 

catch and effort data [66], but connectivity in movement patterns of fishers that can also be 264 

used to track the risk of the spread of invasive species. At the scale of stocks, information 265 

from social networks can be used to optimize fishing practices across entire fisheries to 266 

minimize bycatch, enhance sustainability and reduce environmental impacts [67]. Globally, 267 

the introduction of automatic ship identification systems makes it possible to observe the 268 

behaviour and movement patterns of entire fishing fleets and to map compliance with 269 
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management strategies. For the first time, this offers a cost-effective means to address the 270 

issue of illegal fishing on the high seas [68].  271 

 272 

The illegal trade in wildlife 273 

Trade in wildlife is now acknowledged to be a global crisis. The practice is pushing the most 274 

valued species to extinction and depriving many developing countries of billions of dollars of 275 

resources. The quantities of animals and plants involved are truly staggering, as are the losses 276 

to the front-line park ranger community tasked with protecting these resources; it is estimated 277 

that over one thousand rangers have been killed in the line of duty during the last decade 278 

(UNEP http://www.unep.org/documents/itw/ITW_fact_sheet.pdf).    279 

Geolocated devices can play a key role in combating this trade and in safeguarding the lives 280 

of rangers. In India, the smartphone app “Hejji” allows rangers to monitor the movement and 281 

sighting patterns of tigers in protected reserves, and to also place encounters in context, by 282 

adding information on water resources, forest fires, and importantly, suspicious human 283 

activity. Similarly, “Wildapp” is used by rangers in Africa to collate social and environmental 284 

data and track movements of rangers and encounter rates with dead animals. Wildapp is 285 

producing data vital to determining poaching rates 286 

(https://ilabafricastrathmore.wordpress.com/2016/09/20/the-wild-app-helping-conserve-our-287 

wild-animals/).  In Kenya “tenBoma” collates information from rangers, satellite remote 288 

sensing and uses mobile phones confiscated from poachers to expose the social networks that 289 

facilitate the trade (http://www.ifaw.org/sites/default/files/IFAW-tenBoma.pdf). The latter 290 

program illustrates an important point; the same big data and software platforms that can aid 291 

conservation can also facilitate the illegal trade in wildlife.  292 

      293 

Human mobility as a threat to animals 294 

http://www.unep.org/documents/itw/ITW_fact_sheet.pdf
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Our transport systems are responsible for the deaths of many millions of animals and trillions 295 

of insects each year [69]. Road and train networks fragment habitats, form barriers to 296 

migration, act as conduits for the spread of invasive species and are a source of light, noise 297 

and particulate pollution that alter animal behaviour and survivorship. Dead and injured 298 

animals and insects on roads and verges can attract scavengers that are then also at greater 299 

risk of mortality [70]. 300 

 301 

Until recently, mitigation of these effects has been difficult because the quantification of 302 

roadkill is time consuming and effort intensive, limiting the spatial and temporal scope of 303 

data collection. However, there is a recent proliferation of smartphone apps that apply citizen 304 

science approaches to register roadkills. These apps provide data that allows ranking of 305 

species vulnerability, seasonal patterns and monitoring and detection of rare species in 306 

roadkill. Importantly, the data provided by the apps allows identification of roadkill hot spots 307 

and landscape connectivity issues across broad areas, so that managers can take evidence-308 

based actions to mitigate effects. The data can also be used to increase vehicle safety by 309 

incorporating warnings of collision hotspots into GPS navigation systems for cars [71]. These 310 

issues and mitigation approaches are paralleled in marine systems where ship-strike poses a 311 

major threat to marine megafauna (Box 2) 312 

  313 

Future insights on human mobility – lessons from animal ecology and solutions for 314 

management and conservation   315 

 316 

The above examples show how studies of emergent patterns in human trajectories at different 317 

spatial scales are consistent with theory and observations derived for animal movement. 318 

Thus, ecological movement theory can inform our understanding of biological and social 319 
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processes in human societies beyond the phenomenological approach prevalent to date. How 320 

do we facilitate this shift? One obvious route forward utilises the approaches of earlier studies 321 

that examined the movement patterns of hunter-gatherer societies and large-scale migration 322 

patterns [2]. Many of these applied an optimisation framework equivalent to optimal foraging 323 

theory in animal ecology [72, 73] to describe and understand the drivers of movement 324 

patterns. Such frameworks are clearly applicable to analyses of big data because they are 325 

robust in the face of differences in patterns of mobility between humans and animals (Box 3) 326 

and can be applied in contexts well beyond foraging. In some limited circumstances these 327 

ideas are already well developed, such as cost and benefit studies of commuting and urban 328 

sprawl [74, 75]. However, the new generation of wearable devices and the linking of digital 329 

social networks to mobility patterns offers a means to bring a far great degree of complexity 330 

and detail to optimisation studies. 331 

 332 

In turn, the flexibility, detail and immediacy of data gathered by smartphones and geolocated 333 

devices offers new opportunities to improve management and conservation outcomes for 334 

some of the most important ecological issues faced by human society. Minimising adverse 335 

impacts and ensuring sustainable harvests of resources is central to humanity’s future. The 336 

analysis of big data provided by geolocated devices offers a multitude of opportunities 337 

because it provides a cheap and simple means to gather comprehensive and synoptic data sets 338 

that allow visualisation of patterns and interactions within human movement and social 339 

networks at spatial scales that have never been available in the past.  340 

  341 

 342 

Conclusions 343 

 344 
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The infiltration of mobile phones into human societies is now almost complete, with 6.8 345 

billion subscribers (i.e. 96 % of the world population in 2013) [9]. The rapidly developing 346 

study of the patterns of mobility of human populations derived from the big data these and 347 

other digital devices provide has many clear parallels with studies of animal movement. 348 

However, a key difference between the two fields is that the emergent patterns found by the 349 

combined analysis of individual animal trajectories form the evidential basis of the theory of 350 

animal movement ecology [76], whereas human studies do not yet have an equivalent 351 

theoretical framework that operates across all spatial scales. Some argue that such a 352 

framework is unnecessary, because “with enough data, the numbers speak for themselves” 353 

[77]. In reality, all explorations of big data sift through an array of variables and include only 354 

subsets of these in analyses, so that preconceptions of researchers must always influence 355 

results [78]. Optimisation theory provides a relevant, simple and transparent framework for 356 

this process. Because human mobility data can be linked to social networks, economic 357 

transactions and the physiological state of an individual, the currency and constraints both 358 

motivating and limiting movement patterns can be explored in very fine detail. The volume, 359 

scope and immediacy of this big data offers robust and novel insights into some of the major 360 

problems surrounding the sustainable use of ecological resources and the minimisation of 361 

human impacts on terrestrial and aquatic ecosystems that now confront society.  362 

 363 

Box 1. Resolving patterns of human mobility 364 

 365 

 Human mobility has been studied at different levels of resolution. (A) Individual trajectories 366 

of 10,000 people across the USA derived from geolocated twitter data from June 2015. When 367 

analysed as random walks, this data reveals scaling laws that describe the paths followed by 368 

humans, the most basic being the displacement that occurs in a certain time window, 369 
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(Δr=r(t+Δt)-r(t)), whose distribution is heavy-tailed consistent with a power-law P(Δr)~Δr-α 370 

of exponent α=1.59 [6] or 1.75 [10]. (B) To illustrate this point,  we show the analysis of the 371 

worldwide trajectories of 3 million twitter user in June 2015, which shows a displacement 372 

distribution consistent with a power law of exponent α=1.0. The inset shows the 373 

superdiffusive scaling of the average displacement with time (<Δr>(T) ~ Tβ, with β=1.27). 374 

 375 

 (C) The network formed by fluxes of people commuting between counties in the US (data 376 

from US census 2001 [see http://www.census.gov], only the top 20% of the dominant fluxes 377 

shown). Fluxes are explained by population distributions and distances between locations 378 

(encapsulated by the gravity and radiation models of movement). (D) shows the fit of the data 379 

in C (boxplots) to the gravity model (red lines) Nij~ANi
αNj

β/dij
γ, where Nij is the number of 380 

people living in county i and working in county j, Ni (Nj) is the population of county i (j) and 381 

dij is the distance between the centroids of counties i and j; with parameters , α=0.35, β=0.54 382 

and γ=2.7. Top left figure shows the data Nij
D divided by Ni

αNj
β as a function of distance and 383 

the other plots show the data Nij
D divided by the model fit  Nij

M as a function of distance (top 384 

right), population of origin Ni (bottom left) and population of destination Nj.  385 

The knowledge of the laws behind human mobility is used to model processes that are 386 

mediated by human interaction (red boxes). For example, spatiotemporal features of election 387 

results can be reproduced by simple models that take into account human mobility, 388 

particularly the vote-share distributions and spatial correlations (see E). (F) The spatial spread 389 

of epidemics is modelled using our knowledge of human mobility. In (F) we illustrate this by 390 

showing a calculation of the epidemic risk of dengue fever in Pakistan using data on human 391 

mobility and habitat suitability for the animal vector (mosquitos) [79]. 392 

 393 

 394 
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Box 2 Ship-strikes and marine megafauna  395 

 396 

Maritime traffic volumes and vessel speeds have grown rapidly over the last few decades. 397 

Shipping is responsible for the transportation of 90% of global trade [80] and in 2014, there 398 

were 89, 464 registered vessels undertaking commercial passage [81]. (A) shows the average 399 

monthly density of all vessels, calculated on a logarithmic scale per 1 km2grid cell for 2014. 400 

There has also been an emergence of new trade routes in areas that were once relatively 401 

untrafficked, such as the northern sea route through the high Arctic, where there is projected 402 

to be average annual increase in shipping of 20% per year over the next 25 years [82]. The 403 

global increase in shipping has led to a corresponding increase in the number of ship-strikes 404 

on marine megafauna, particularly those species that spend long periods of time near the 405 

surface [83] such as whales, sirenids, turtles, whale (Rhincodon typus) and basking 406 

(Cetorhinus maximus) sharks. There are numerous documented cases of both serious injuries 407 

and mortalities caused by ship-strikes on this fauna [84]. Ship-strikes are exacerbated by the 408 

size and the speed of vessels and the likelihood of collision increases in situations where high 409 

volumes of maritime traffic overlap with areas important to marine megafauna such as 410 

migratory corridors, feeding or breeding grounds [84, 85]. This threat is of most concern for 411 

small populations in near-shore habitats with high levels of maritime traffic. For example, 412 

collisions with vessels are a causative factor that have prevented population recovery in the 413 

North Atlantic right whale (Eubalaena glacialis) despite the cessation of commercial whaling 414 

[86]. Similarly vessels are implicated in the decline in abundance of some whale shark 415 

populations [87] and of some marine turtles (e.g. Chelonia mydas), that display strong site 416 

and migratory route fidelities to areas that overlap with high densities of shipping [88]. 417 

 418 

Mitigation through mobility.  419 



 18 

 420 

The combination of fine scale information on ship movements through the AIS system [68], 421 

and advances in our understanding of animal movement behaviour through extensive 422 

telemetry [7] has enabled real opportunity for effective mitigation. Since U.S. NOAA 423 

regulations lowered ship speed limits in the vicinity of right whale habitats in 2008, deaths 424 

from vessel strikes have declined [89] and devices such as such as Whale Alert: A Tool for 425 

Reducing Collisions Between Ships and Endangered Whales [90]  are now being developed 426 

to initiate real-time mitigation. Big data approaches combined with insights from refinements 427 

of animal movement models provide the potential for real-time dynamic and cost effective 428 

mitigation of this otherwise growing threat. 429 

 430 

 431 

Box 3. Similarities and differences in human and animal mobility 432 

 433 

“Consider the subtleness of the sea; how its most dreaded creatures glide under water, 434 

unapparent for the most part, and treacherously hidden beneath the loveliest tints of 435 

azure..... Consider all this; and then turn to this green, gentle, and most docile earth; 436 

consider them both, the sea and the land; and do you not find a strange analogy to 437 

something in yourself?” 438 

― Herman Melville, Moby-Dick; or, The Whale 439 

 440 

The mobility patterns of humans are most similar to those of many marine animals because, 441 

through the use of technology, we have escaped the constraints of body size that apply to the 442 

movements of most terrestrial species that transport themselves on land [91]. Some of the 443 

other species that have also escaped the constraints of terrestrial locomotion are those that are 444 
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either deliberately or inadvertently included by humans in their travels, such as microbes, 445 

domestic animals and invasive species. Clear examples of convergence in the studies of 446 

animal movement and human mobility are the identification of scaling laws that characterise 447 

movement patterns such as Lévy flight, the characterisation of spatial patterns in residency 448 

such as fidelity, recursive movements, home ranges and in the spread of invasive species and 449 

epidemics. In the case of human epidemics the convergence is complete, since the microbe 450 

both infects and is transported by the human host. However, these comparisons also reveal a 451 

fundamental difference in human and animal search behaviour because today, many human 452 

“foraging” movements are directed; humans often know where the item is before they 453 

embark on a journey to find it. For example, humans are likely to use prior knowledge or to 454 

do a search online to find a restaurant, bar or specific good for sale and then go directly to 455 

that place where the service or item is available. Analysis of the most extensive data sets of 456 

human movements within cities show that this is the case - the majority of movements within 457 

a city by people occur between a home and a workplace [10, 20, 92, 93]. Thus, unlike 458 

animals, most human movements might not necessarily involve (at least extrinsic) searching 459 

behaviour. 460 

  461 

Box 4. Biologging and the internet of things 462 

Predicted growth in the number and capacity of electronic devices will not only increase the 463 

amount of data they provide on human mobility, but also the velocity at which it is generated 464 

and the complexity of information it contains. Wearable devices, such as the “Fitbit” shown 465 

in the photo (A) above provide a new data stream that opens a window into movement and 466 

body physiology [94]. This development mirrors the field of biologging in animals [7] where 467 

tracking tags (B – southern elephant seals, Mirounga leonina, note tag on head of seal) store 468 

both location and data from a variety of sensors that can record body position in three 469 
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dimensions, internal (e.g. heart rate) and environmental (e.g. temperature, depth, altitude etc.) 470 

variables. As they have done for animals, wearable devices will allow the development of 471 

theories connecting human behaviour, body condition and health to movement and activity 472 

[95, 96]. In turn, this will be coupled with innovations that connect objects within human 473 

environments to the internet. Tracking devices are now commonplace not just on people, but 474 

also on all forms of transport (e.g. cars, ships, planes) and the environments in which they 475 

move are being linked by technologies such as smart grids, smart cities and smart homes. By 476 

2020 it is predicted that human society will have 50 billion internet connected devices, with 477 

average ownership of 6.58 devices per person [97]. As a result, humans will move within an 478 

environment described as the “Internet of Things” [98]. Data on movement patterns, the 479 

internal state of the person moving, the environment traversed, and the mode of transport 480 

used will be available at all times and in all environments on the planet, including those that 481 

were once both data-poor and costly to monitor. This has implications for many aspects of 482 

social organisation and behaviour. It will speed the diffusion of innovations, culture and 483 

opinions but also will allow much closer regulation of behaviour. For example, the 484 

remoteness and expense of monitoring the open ocean has meant that these environments 485 

have long been a haven for illegal fishing. Today, vessels are being equipped with AIS 486 

(Automatic Identification Systems) that report positions to satellites to ensure compliance 487 

with fisheries regulations [68]. This type of monitoring can be done remotely and at a fraction 488 

of the cost of most other types of compliance enforcement. 489 

  490 

Glossary 491 

Animal movement ecology describes the patterns, mechanisms, drivers and effects of the 492 

movement of whole organisms from mammals to microbes. The movement ecology 493 

paradigm, a related concept [76], characterizes animal movement as dependent on four 494 
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components: internal state (reason to move), motion (ways to move), navigation (timing and 495 

direction of movement) and external factors that can affect the movement. 496 

 497 

Big data  It is widely agreed [99] that big data shares the characteristics of the “three Vs”: 498 

Volume - data sets are very large and increasing in volume; Velocity - data arrives in a 499 

continuous stream with ever increasing velocity; and Variety – data is provided by a wide 500 

range of sources (e.g. sensors, social media, transaction records, video etc.) that is both 501 

structured and unstructured.  502 

 503 

Collective behaviour in animals refers to the coordinated and emergent behaviours that occur 504 

when individuals aggregate into groups. Classic examples are the behaviour of fishes in 505 

schools or the flight of flocks of birds. Emergent properties involve the transfer of 506 

information among group members and group decision-making so that movements are 507 

synchronised.  508 

 509 

 Data mining is a phenomenological approach to data exploration where there are no a priori 510 

concepts as to what would be a “useful” outcome from the analysis, such as the support or 511 

rejection of theoretical predictions. It can be both predictive, in which case models are used 512 

to predict system states are developed directly from the data, or descriptive, where analyses 513 

uncover patterns within large data sets. 514 

 515 

 Optimisation in the study of animal movement ecology is the theory that animals, through 516 

natural selection, seek to maximise benefits and minimise costs of decision making in a 517 

landscape of variable resources. Two critical elements of this process include currency (the 518 

factor that the animal must maximise), which in movement contexts is typically energy intake 519 
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and constraints, which are the limitations placed on the currency, for example search or 520 

transit time. 521 

 522 

 523 

Social networks are typically networks of friends, acquaintances and work or business 524 

colleagues that are linked by interpersonal relationships. The term can also apply to the 525 

online site or service that serves to create and sustain these interpersonal linkages.  526 

 527 

Outstanding questions 528 

Movement studies of animals, particularly those involving telemetry and biologging (see Box 529 

4) are now generating big data. To what extent can the analytical techniques that have been 530 

applied to human mobility now inform and improve the exploration and understanding of 531 

animal mobility?  532 

 533 

Big data analyses of human movement have been driven by complex system analyses. 534 

Animal movement studies provide a framework within which to ask hypotheses about human 535 

movement, but to what degree do external drivers produced by the complexity of human 536 

sociality, skew the potential outcomes? 537 

 538 

The analysis of data sets of constraints and motivations for human movement poses ethical 539 

issues, even when these use existing public data sets, because the more detail that is added to 540 

the profile of the person that is making a movement, the higher the likelihood that he or she 541 

could be individually identified from results. This is an important issue for research that uses 542 

big data and will be particularly relevant in the context of optimisation studies. 543 

 544 
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 545 

Big data can be used to understand and optimise the management of legitimate activities for 546 

resource extraction such as fishing, but can also empower and facilitate illicit and unregulated 547 

behaviours that now threaten the future of species and even entire habitats. How do we curb 548 

such behaviours when connectivity within the same software platforms can be critical to both 549 

the legal and illegal use of resources?  550 

 551 
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 Box 1. Resolving patterns of human mobility 

 

 

Figure



 Human mobility has been studied at different levels of resolution. (A) Individual 

trajectories of 10,000 people across the USA derived from geolocated twitter data 

from June 2015. When analysed as random walks, this data reveals scaling laws that 

describe the paths followed by humans, the most basic being the displacement that 

occurs in a certain time window, (Δr=r(t+Δt)-r(t)), whose distribution is heavy-tailed 

consistent with a power-law P(Δr)~Δr-α of exponent α=1.59 [6] or 1.75 [10]. (B) To 

illustrate this point,  we show the analysis of the worldwide trajectories of 3 million 

twitter user in June 2015, which shows a displacement distribution consistent with a 

power law of exponent α=1.0. The inset shows the superdiffusive scaling of the 

average displacement with time (<Δr>(T) ~ Tβ, with β=1.27). 

 

 (C) The network formed by fluxes of people commuting between counties in the US 

(data from US census 2001 [see http://www.census.gov], only the top 20% of the 

dominant fluxes shown). Fluxes are explained by population distributions and 

distances between locations (encapsulated by the gravity and radiation models of 

movement). (D) shows the fit of the data in C (boxplots) to the gravity model (red 

lines) Nij~ANi
αNj

β/dij
γ, where Nij is the number of people living in county i and 

working in county j, Ni (Nj) is the population of county i (j) and dij is the distance 

between the centroids of counties i and j; with parameters , α=0.35, β=0.54 and γ=2.7. 

Top left figure shows the data Nij
D divided by Ni

αNj
β as a function of distance and the 

other plots show the data Nij
D divided by the model fit  Nij

M as a function of distance 

(top right), population of origin Ni (bottom left) and population of destination Nj.  

The knowledge of the laws behind human mobility is used to model processes that are 

mediated by human interaction (red boxes). For example, spatiotemporal features of 

election results can be reproduced by simple models that take into account human 



mobility, particularly the vote-share distributions and spatial correlations (see E). (F) 

The spatial spread of epidemics is modelled using our knowledge of human mobility. 

In (F) we illustrate this by showing a calculation of the epidemic risk of dengue fever 

in Pakistan using data on human mobility and habitat suitability for the animal vector 

(mosquitos) [79]. 

 



Box 2 Ship-strikes and marine megafauna 

A)  

 

Maritime traffic volumes and vessel speeds have grown rapidly over the last few decades. 

Shipping is responsible for the transportation of 90% of global trade [80] and in 2014, there 

were 89, 464 registered vessels undertaking commercial passage [81]. (A) shows the average 

monthly density of all vessels, calculated on a logarithmic scale per 1 km2grid cell for 2014. 

There has also been an emergence of new trade routes in areas that were once relatively 

untrafficked, such as the northern sea route through the high Arctic, where there is projected 

to be average annual increase in shipping of 20% per year over the next 25 years [82]. The 

global increase in shipping has led to a corresponding increase in the number of ship-strikes 

on marine megafauna, particularly those species that spend long periods of time near the 

surface [83] such as whales, sirenids, turtles, whale (Rhincodon typus) and basking 

(Cetorhinus maximus) sharks. There are numerous documented cases of both serious injuries 

and mortalities caused by ship-strikes on this fauna [84]. Ship-strikes are exacerbated by the 

size and the speed of vessels and the likelihood of collision increases in situations where high 

Figure



volumes of maritime traffic overlap with areas important to marine megafauna such as 

migratory corridors, feeding or breeding grounds [84, 85]. This threat is of most concern for 

small populations in near-shore habitats with high levels of maritime traffic. For example, 

collisions with vessels are a causative factor that have prevented population recovery in the 

North Atlantic right whale (Eubalaena glacialis) despite the cessation of commercial whaling 

[86]. Similarly vessels are implicated in the decline in abundance of some whale shark 

populations [87] and of some marine turtles (e.g. Chelonia mydas), that display strong site 

and migratory route fidelities to areas that overlap with high densities of shipping [88]. 

 

Mitigation through mobility.  

 

The combination of fine scale information on ship movements through the AIS system [68], 

and advances in our understanding of animal movement behaviour through extensive 

telemetry [7] has enabled real opportunity for effective mitigation. Since U.S. NOAA 

regulations lowered ship speed limits in the vicinity of right whale habitats in 2008, deaths 

from vessel strikes have declined [89] and devices such as such as Whale Alert: A Tool for 

Reducing Collisions Between Ships and Endangered Whales [90]  are now being developed 

to initiate real-time mitigation. Big data approaches combined with insights from refinements 

of animal movement models provide the potential for real-time dynamic and cost effective 

mitigation of this otherwise growing threat. 

 



Box 3. Similarities and differences in human and animal mobility 

 

“Consider the subtleness of the sea; how its most dreaded creatures glide under 

water, unapparent for the most part, and treacherously hidden beneath the 

loveliest tints of azure..... Consider all this; and then turn to this green, gentle, and 

most docile earth; consider them both, the sea and the land; and do you not find a 

strange analogy to something in yourself?” 

― Herman Melville, Moby-Dick; or, The Whale 

 

The mobility patterns of humans are most similar to those of many marine animals 

because, through the use of technology, we have escaped the constraints of body size 

that apply to the movements of most terrestrial species that transport themselves on 

land [91]. Some of the other species that have also escaped the constraints of 

terrestrial locomotion are those that are either deliberately or inadvertently included 

by humans in their travels, such as microbes, domestic animals and invasive species. 

Clear examples of convergence in the studies of animal movement and human 

mobility are the identification of scaling laws that characterise movement patterns 

such as Lévy flight, the characterisation of spatial patterns in residency such as 

fidelity, recursive movements, home ranges and in the spread of invasive species and 

epidemics. In the case of human epidemics the convergence is complete, since the 

microbe both infects and is transported by the human host. However, these 

comparisons also reveal a fundamental difference in human and animal search 

behaviour because today, many human “foraging” movements are directed; humans 

often know where the item is before they embark on a journey to find it. For example, 

humans are likely to use prior knowledge or to do a search online to find a restaurant, 
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bar or specific good for sale and then go directly to that place where the service or 

item is available. Analysis of the most extensive data sets of human movements 

within cities show that this is the case - the majority of movements within a city by 

people occur between a home and a workplace [10, 20, 92, 93]. Thus, unlike animals, 

most human movements might not necessarily involve (at least extrinsic) searching 

behaviour. 

 

 



Box 4. Biologging and the internet of things 

 

 

 

 

 

 

Predicted growth in the number and capacity of electronic devices will not only 

increase the amount of data they provide on human mobility, but also the velocity at 

which it is generated and the complexity of information it contains. Wearable devices, 

such as the “Fitbit” shown in the photo (A) above provide a new data stream that 

opens a window into movement and body physiology [94]. This development mirrors 

the field of biologging in animals [7] where tracking tags (B – southern elephant 

seals, Mirounga leonina, note tag on head of seal) store both location and data from a 

variety of sensors that can record body position in three dimensions, internal (e.g. 

heart rate) and environmental (e.g. temperature, depth, altitude etc.) variables. As they 

have done for animals, wearable devices will allow the development of theories 

connecting human behaviour, body condition and health to movement and activity 

[95, 96]. In turn, this will be coupled with innovations that connect objects within 

human environments to the internet. Tracking devices are now commonplace not just 

on people, but also on all forms of transport (e.g. cars, ships, planes) and the 

environments in which they move are being linked by technologies such as smart 

grids, smart cities and smart homes. By 2020 it is predicted that human society will 

have 50 billion internet connected devices, with average ownership of 6.58 devices 

per person [97]. As a result, humans will move within an environment described as 

A B 
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the “Internet of Things” [98]. Data on movement patterns, the internal state of the 

person moving, the environment traversed, and the mode of transport used will be 

available at all times and in all environments on the planet, including those that were 

once both data-poor and costly to monitor. This has implications for many aspects of 

social organisation and behaviour. It will speed the diffusion of innovations, culture 

and opinions but also will allow much closer regulation of behaviour. For example, 

the remoteness and expense of monitoring the open ocean has meant that these 

environments have long been a haven for illegal fishing. Today, vessels are being 

equipped with AIS (Automatic Identification Systems) that report positions to 

satellites to ensure compliance with fisheries regulations [68]. This type of monitoring 

can be done remotely and at a fraction of the cost of most other types of compliance 

enforcement. 

 



Outstanding questions 

Movement studies of animals, particularly those involving telemetry and biologging (see Box 4) 

are now generating big data. To what extent can the analytical techniques that have been applied 

to human mobility now inform and improve the exploration and understanding of animal 

mobility?  

 

Big data analyses of human movement have been driven by complex system analyses. Animal 

movement studies provide a framework within which to ask hypotheses about human movement, 

but to what degree do external drivers produced by the complexity of human sociality, skew the 

potential outcomes? 

 

The analysis of data sets of constraints and motivations for human movement poses ethical 

issues, even when these use existing public data sets, because the more detail that is added to the 

profile of the person that is making a movement, the higher the likelihood that he or she could be 

individually identified from results. This is an important issue for research that uses big data and 

will be particularly relevant in the context of optimisation studies. 

 

 

Big data can be used to understand and optimise the management of legitimate activities for 

resource extraction such as fishing, but can also empower and facilitate illicit and unregulated 

behaviours that now threaten the future of species and even entire habitats. How do we curb such 

behaviours when connectivity within the same software platforms can be critical to both the legal 

and illegal use of resources?  

Outstanding Questions



Figure 1. Timeline of technological advances in animal movement and human 
mobility. Timeline shows the technological advances from animal movement and 
human mobility research since 1900 to present. GOOS (Global Ocean Observing 
System) is a global system for sustained observations of the ocean and includes 
The Ocean Tracking Network, which is a research effort using a global network of 
acoustic receivers and implanted acoustic transmitters to study the movement 
patterns of fish. Pop-up satellite  archival tags (PSATs) are data loggers with a 
means to transmit the collected data via satellite developed for gill breathing 
animals that spend little time at the surface. The ICARUS Initiative (International 
Cooperation for Animal Research Using Space) is a new animal tracking antenna 
on the International Space Station that would allow smaller tags to send 
data back through the low-orbit satellite. The dollar bill represents the first 
published paper on human mobility, which tracked records of dollar bills across 
the US as a proxy for human movement [6]. 
 

Figure legend
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Highlights 

 

Near universal uptake of smartphones has moved human mobility research into Big 

Data 

 

This data describes human mobility and behaviour with unprecedented resolution 

 

Applying ecological theory provides a framework to inform and predict human 

mobility 

 

Applications include but are not limited to epidemics, commuting, crowd behaviour 

Trends Box
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