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Social interactions are a significant factor that influence the decision-making
of species ranging from humans to bacteria. In the context of animal migration,
social interactions may lead to improved decision-making, greater ability
to respond to environmental cues, and the cultural transmission of optimal
routes. Despite their significance, the precise nature of social interactions in
migrating species remains largely unknown. Here we deploy unmanned
aerial systems to collect aerial footage of caribou as they undertake their
migration from Victoria Island to mainland Canada. Through a Bayesian
analysis of trajectories we reveal the fine-scale interaction rules of migrating
caribou and show they are attracted to one another and copy directional
choices of neighbours, but do not interact through clearly defined metric or
topological interaction ranges. By explicitly considering the role of social infor-
mation on movement decisions we construct a map of near neighbour
influence that quantifies the nature of information flow in these herds. These
results will inform more realistic, mechanism-based models of migration in
caribou and other social ungulates, leading to better predictions of spatial
use patterns and responses to changing environmental conditions. Moreover,
we anticipate that the protocol we developed here will be broadly applicable to
study social behaviour in a wide range of migratory and non-migratory taxa.
This article is part of the theme issue ‘Collective movement ecology’.

1. Introduction

Migrating species play a keystone role in the functioning of many ecosystems;
they transport nutrients, connect disparate communities and act as both major
resource consumers and prey for resident species [1]. Recent technological devel-
opments have led to an unprecedented insight into the movement patterns of
animals [2]. However, despite the fact that many species migrate in groups
[3,4], most studies of animal migration neglect the potential role of social inter-
actions on movement decisions. Much research has shown that interactions are
important to consider, both in the context of collective animal behaviour [4-8]
and more generally in the study of complex systems [9].

While the potential importance of interactions in the decision-making of
animal groups is recognized, the barrier to quantifying these interactions among
wild, free-ranging animals is the difficulty in obtaining simultaneous, fine-scale
trajectories for every animal in a group [10]. Such trajectories are more easily
obtained for small-bodied animals in a laboratory setting, and have been used
to infer rules of social interactions in several species [11-13]. Video footage has
also been used to analyse interaction rules in the field [14-16] but these studies
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are restricted to non-migratory situations, where foraging or
predator evasion, rather than navigation or large-scale move-
ment are the primary motivation.

Increasingly, GPS (Global Positioning System) collars have
been used to obtain simultaneous trajectories of multiple indi-
viduals within a group [17]. For some species that form
cohesive and stable groups, all individuals have been tracked
[18] including for migratory species such as bald ibis (Geronticus
eremita) [19]. In other cases it has been possible to track the
majority of individuals in the group. Crofoot et al. [20] were
able to capture, tag and track over 80% of the adult members
of ababoon troop (Papio anubis) and obtained high temporal res-
olution movement data over a two week period [21-24]. For
species that form dynamic groups, or those where it is only poss-
ible to track smaller proportions of the group, social interactions
have still been investigated using GPS data [25]. Several studies
have examined the relationship between individuals and group
average headings or centroids [26,27] revealing how individuals
respond to collective properties of the group. Pairwise inter-
actions have also been analysed using GPS collars [28] and
passive integrated transponder (PIT) tags [29] to infer the
structure of social networks underlying movement data.

While GPS collars are able to collect the high frequency
data required to detect and differentiate between interaction
rules [23,24,26], there are limitations. The proportion of indi-
viduals within a group that can be tracked is strongly
dependent on the size and stability of groups, and the logis-
tics of capturing and tagging animals. Recent advances in
unmanned aerial systems (UAS) [30-33] and automated
computer vision [34,35] offer a complementary technology
to the use of individual telemetry with the potential to deliver
the simultaneous trajectories needed to infer interaction rules
of wild populations in a variety of settings [10]. In this work,
we applied these technologies to understand how social inter-
actions among conspecifics influence the movement decisions
of a free-ranging migratory ungulate in the Canadian Arctic.

Barren-ground caribou (Rangifer tarandus groenlandicus) are
highly social [36] and make some of the longest terrestrial
migrations on the planet [37]. The purpose of these migrations
is to travel from more southerly wintering grounds to discrete,
population-specific, high-latitude calving grounds. Herding
behaviour is important during migration, because the locations
of, and routes to, these calving sites are passed down through
social learning [38]. Moreover, dispersal between these sites
appears to be socially mediated, through fission—fusion
dynamics on the wintering grounds [39]. Additionally, recent
research suggests that social interactions influence directional
decisions during migration [27]. However, the precise nature
of those social interactions for caribou remains unclear.

Dolphin and Union caribou are genetically different from
other barren-ground caribou (Rangifer tarandus groenlandicus)
and from Peary caribou (Rangifer tarandus pearyi) [40,41] and
display distinct behaviours. Although adopting an individua-
listic calving strategy like the Peary caribou, they aggregate in
numbers on the southern coast of Victoria Island, Nunavut,
as sea-ice forms, before crossing the ice to continue their
fall migration to their wintering grounds on the Canadian
mainland [42,43].

We developed a UAS-based approach to study in situ the
collective movement behaviour of Dolphin and Union cari-
bou. Filming was undertaken in November 2015 as the
caribou approached the coast of Victoria Island prior to cross-
ing to the mainland (see electronic supplementary material for

details). Footage was obtained using a commercially available n

unmanned aerial system, the 3D Robotics Solo, and processed
using the open source computer vision package OPENCV.
Once tracked the footage resulted in 12 h 40 min worth of indi-
vidual tracks, with an average track length of 59s and a
maximum length of 9 min. Herds consisted of up to 51 individ-
uals with an average herd size of 15.26. We use a Bayesian
approach to infer interaction rules [13,44,45] for groups of
migrating caribou and predictive information criteria [46,47]
to determine the most parsimonious mathematical description
of these interactions.

A still image taken from the obtained video footage is
shown in figure 1. From the tracked data positions and head-
ings of all individuals were recorded. Heat maps of relative
positions and orientations of neighbours are shown in
figure 2. These heat maps emphasize the clear tendency of
caribou herds to form lines as they migrate. Figure 2a
shows that neighbour density is centred front and back of
an individual at a distance of approximately 2 m. The lines
caribou form tend to be well-aligned with lower variance in
heading along the front-back axis (figure 2b). Although
there is higher variation in the headings of neighbours to
the left and right of individual caribou, figure 2c shows that
herds display consistent aligned motion.

From continuous trajectories properties of caribou move-
ment were calculated. Figure 2d shows the autocorrelation in
movement direction for all individuals. A change in the rate
of decay in correlation is apparent after 2s so we select this
interval as the time scale for our analysis; however, our
results were not sensitive to this particular value (see
electronic supplementary material, figure S4).

2. Movement model

To analyze movement decisions we employ a discrete-time
continuous-space biased random walk model. Based on the
autocorrelation of the continuous trajectories we discretize tra-
jectories into movement steps of 2 s duration then, following
the approach of McClintock et al. [48], each movement step
is modelled as a random draw from a wrapped Cauchy distri-
bution centred on an expected heading. The probability the
movement step at time f is in the direction 6; is given by
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(2.1)

where \; is the expected heading defined as a function of
model parameters «, and p determines the variance around
this heading, i.e. the amount of unpredictability of the
movement process.

The expected heading for each step reflects a tendency for
movement to be biased by a variety of factors, including environ-
mental features, the positions of conspecifics and the persistence
of individual motion. Within the framework proposed by
McClintock et al. [48] various drivers of movement may be incor-
porated into the model by taking \; to be a weighted average of
the heading indicated by each potential influence.

Given a model of \;, equation (2.1) allows us to obtain a
likelihood function for the parameters of the model and the
predictability of movement p given this model (see electronic
supplementary material for further details). From this likeli-
hood function, we may compare the performance of
various models of interaction and employ computational
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Figure 1. Study system. (a) Map of study area on Victoria Island, Canada. Red stars indicate location of (multiple) UAV flights. (b) Portion of a still from

UAV-collected video footage of caribou herd.

Bayesian methods using the PYMC package [49] to obtain
posterior distributions of parameter values conditional on
the observed data.

In total, we compare eight models that incorporate three
potential drivers of movement decisions: directional persist-
ence, environmental features and social cues. The expected
heading used within equation (2.1) is a weighted average of
the headings associated with each of these factors,

A = atan2(asin i, + Bsin ¢, + ysin 6,1, cos ¥, (22)

+ Bcos ¢, + ycos 6;_1), '
where a+ B+ y=1, iy is the heading dictated by social
cues, ¢, is an estimate of environmental forces, and 6;_; is
the previous heading.

By taking o= =0 we obtain the simplest model that
assumes movement follows a correlated random walk [50].
Here the only predictor of step direction is the heading at
the previous time step. If 8> 0 then a model that incorpor-
ates the features of the environment, such as trails or
obstacles, is obtained. As the true nature of these features is
unknown, we estimate these features as in Dalziel et al. [27]
by examining the average heading of all individuals within
the herd at each fixed point in space.

To incorporate the effects of social cues on movement
decisions and create a socially informed correlated random
walk model [51], we incorporate a social heading into the
model that is a function of the headings and positions of
near neighbours. We evaluate the performance of three forms
of interactions: a metric interaction zone where individuals
are influenced equally by all neighbours within a fixed range,
a topological interaction model where the nearest K neighbours
affect decisions, and a model where influence decays exponen-
tially with distance, akin to the local crowded horizon model
proposed in Viscido et al. [52]. We assess all three sets of

interaction rules, with and without alignment forces, meaning
a total of six socially informed movement models are com-
pared. The mathematical details of each of these models can
be found in the electronic supplementary material along with
a validation of the approach on individual-based simulations
of interacting and non-interacting individuals responding to
various external cues.

3. Model comparison

The different models described above were compared using
two predictive information criteria, WAIC (widely applicable
information criterion) [53] and DIC (deviance information cri-
terion) [54]. Both these model comparison statistics make use
of the posterior parameter distributions to estimate out-of-
sample model fit. They are thus less reliant on the asymptotic
assumptions of criteria based on maximume-likelihood esti-
mates and have been shown to be effective tools in the
analysis of collective movement data [55].

Relative scores and model rankings are shown in table 1
while posterior statistics from Markov chain Monte Carlo
(MCMC) runs are shown for each model in the electronic sup-
plementary material. The results in table 1 show clearly the
influence of social interactions on the fine-scale movements
of caribou. The random walk model, which is simply a corre-
lated random walk, is the worst performing model and we
take this as a baseline for model scores. A significant improve-
ment is attained if we also make use of the average headings of
the herd (excluding the focal individual) at each point in space.
This environment model makes use of herd movements to esti-
mate the environmental pathways that individuals follow but
has no explicit inter-individual interactions.

By incorporating social behaviour, models are greatly
improved, with all models that include direct social
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Figure 2. Relative positions and velocities. (a) Heatmap of relative positions. Values indicate the probability a neighbour is located in that position relative to a focal
individual. (b) Variance in average heading. Values show the circular variance of the headings of individuals at each location. (c) Relative orientation. The average
heading of individuals within each cell is projected onto the vector pointing toward the focal individual. The length of the resultant vector is shown. Positive
(negative) values indicate movement towards (away from) the focal individual. (d) Autocorrelation in movement heading as a function of time. (e) Probability
of movement step heading change within a 2 s interval. Line shows a fitted Gaussian curve (= 0, o = 6.54).

interaction outperforming the simpler models. The closest
approximation to the real interactions between caribou is
found using the exponentially decaying model with align-
ment. A plot of the weighting given to neighbours in the
best-fitting model is shown in figure 3. We note that both
information criteria provide almost identical model rankings,
with only the exponential decay and metric models without
alignment showing inconsistent results.

All models with alignment forces display a better agree-
ment with the data, showing that both attraction and
copying directional choices play an important role in driving
movement decisions, and this finding is independent of the
exact model used to approximate interactions. In order to
better understand the relative performance of the models,
models are set at their maximum-likelihood parameter
values and the difference in their performance as a function
of the distance to the nearest and second nearest neighbours
is shown in figure 3b—c. The average difference in the prob-
ability of an observed movement step given the exponential
model and the topological model is shown in figure 3b,
while the difference between the exponential model and the
metric model is shown in figure 3c.

While the plots are smoothed and do not represent a
formal analysis of the effect of distance, they do provide a
heuristic insight into the reasons for the performance of the
models. The topological model most closely matches
the data when only a single neighbour exerts influence (as
the optimal value of K=1). Figure 3b shows that the

topological model performs badly when this closest neigh-
bour is far away, as the model assumes this individual
exerts an influence when it is effectively out of range. The
topological model also performs far worse than the metric
model when the second closest neighbour is nearby. This
reveals that the second neighbour is important and impacts
decisions, although not with the same weight as the closest
neighbour.

The difference in influence of neighbours is clear when
comparing the metric model (all neighbours weighted
equally) with the exponentially decaying model as shown
in figure 3c. The decaying model performs better when
both the first and second neighbours are close by as it pro-
vides less weighting to the information provided by the
second individual. The metric model is better when the clo-
sest neighbour is further away. In this scenario the
decaying model is optimized to accurately reflect the relative
weighting between first and second neighbours, and
performs badly when these neighbours are both further away.

4. Variation in social information use

Model comparisons were performed under the assumption
that all individuals make use of social cues in the same
manner. In reality this will not be true and we expect that
age, sex, social status and reproductive status will affect the
use of social cues. Variation in an individual’s behaviour
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Figure 3. Inferred interaction rules. (a) Weighting given to neighbours as a function of their position relative to the focal individual for the best-fitting model.
Parameters of social interaction model are taken from maximum a posteriori probability estimates. (b) Relative performance of exponential decay model versus
topological model. We use the optimal parameters for each model then compare performance as a function of the distance to the nearest neighbour and the
second nearest neighbour. Positive values indicate a movement step was more likely given interactions follow the decaying model than the topological model.
Data is binned into 1 m bins, an average difference in probability for each bin is calculated, and the results are smoothed using a Gaussian filter. Shaded regions
indicate the standard error. (¢) Relative performance of exponential decay model versus metric model. As in (b), positive values indicate the decay model has higher
relative performance.

Table 1. Model selection scores.

model social AWAIC rank ADIC rank
exponential decay + alignment Y —3265 1 —3306 1
metric + alignment Y —3213 2 —3226 2
metric Y —3166 3 —3176 4
exponential decay Y —3160 4 —3187 3
topological 4 alignment Y —3031 5 —3050 5
topological Y —2933 6 —2959 6
environment N —1768 7 —1770 7
random walk N 0 8 0 8
over time will also occur due to the changing motivations individual tracks, displaying a zoomed-in video of the indi-
and pressures that drive caribou movement patterns through- vidual in question, then manually annotating the track with
out the year. Detecting variation in social information use a key to indicate its demographic class.
between and within individuals will provide important The parameters of the interaction model are then inferred
insight into the leadership dynamics of these herds, and using MCMC methods [49]. First comparing the overall soci-
also help reveal the drivers of the migration. ality of each class, we observe that calves display higher
Within the framework outlined above we are able to reliance on social cues, while the more mature bulls are far
detect significant variation in the behaviour of individuals more autonomous and give lower weighting to near-neighbour
according to their life stage. We manually classified each cari- interactions (figure 4a). Variation is also observed in
bou as either a calf, an adult (small bulls, cows and yearlings) the nature of interactions themselves. In figure 4b the align-
or a large bull. Assignment was performed after trajectories ment strength for adults and calves is shown. There is a

were linked and the process involved iterating over all clear difference here with calves showing little alignment,
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Figure 4. Variation in social information use. (a) Posterior distribution for
weighting given to social cues, when individual caribou are classified as
either calf, large bull or adult (small bulls, cows and yearlings). (b) Compari-
son of the posterior distribution of the alignment strength for adult caribou
(not including large bulls) and calves. Parameters are shown for the exponen-
tial decay model. Clear variation is shown, with calves displaying greater
tendency for attraction rather than aligning with neighbours.

meaning maintaining proximity is the primary motivation.
Adults, however, make greater use of the directional cues
provided by neighbours.

These results are consistent with prior expectations about
how different individuals are influenced by social interaction;
however, they reveal that the framework we employ is able
to detect and quantify this variation. This shows that our
inferential framework is a means to examine how social infor-
mation is used at different life stages, how this behaviour
varies throughout the year, and whether persistent variation
in tendencies to lead or follow [56] are found within certain
individuals.

5. Discussion

Our study quantifies the role of social influence on fine-scale
movement decisions in migrating caribou. In contrast to pre-
vious studies on other species, our results suggest that both
alignment and attraction forces are important and that neither
metric (interacting with all neighbours within a fixed distance)
nor topological (interacting with the nearest K neighbours)
interaction rules best represent the data. Instead a model
that assigns a relative weighting to neighbours according to
distance best approximates the underlying decision process.
Additionally, we reveal there are strong differences in both

the strength and nature of social information use between
different sexes and age classes.

Although a discrete time model, the correlated random
walk model is designed to cope with directional persistence
[57], hence our approach is robust to the choice of time step.
To ensure our results hold as the time step varies we per-
formed our analysis using discrete time intervals of varying
lengths from 1 to 10 s. We find our results are consistent over
different intervals with the exponential decay model the best
fitting model for each choice of interval (these results are
shown in the electronic supplementary material, figure S4).
Further, we examine the properties of the social vectors that
result from each of our models and find there is nothing inher-
ently more predictive about the social vectors for each model in
terms of how stable they are over time, or how variable they are
(see the electronic supplementary material, figure S3).

While animal social interactions are complex and cannot
be represented mathematically in all but the simplest of organ-
isms, our approach shows that models can provide insight into
the key factors driving movement decisions. The modelling
framework developed in McClintock ef al. [48] combined
with empirical estimation of social and environmental influ-
ence, such as those revealed in this work, have the potential
to create flexible, yet rigorous, predictive models of movement
for a range of taxa and environments.

The need for powerful movement and spatial use models
is especially apparent for migratory species. As, by their
nature, migratory populations cover a large area, the effect
of a cessation of a migration has far-reaching ecological and
sociological implications for the communities and ecosystems
involved [1,58,59]. In the case of caribou, extensive efforts
have been made to model their movement in an attempt to
better understand their ecology and predict the future
impacts of development and climate change [60—64]. Collec-
tive behaviour is ubiquitous in migratory populations such as
these, and is thought to play a key role in driving patterns of
migration and dispersal [65-68]. As movement decisions are
frequently collective decisions that are influenced by the
nature of social interactions and group level properties, it is
essential that collective behaviour is incorporated into the
modelling framework [69,70].

Ultimately, collective behaviour is important because social
dynamics can have population-level implications [71]. For
example, they can influence trophic interactions [72,73] and
population dynamics [8] and lead to density-dependent dis-
persal [66]. In the context of migration, theory suggests that
social travel [74] can lead to sudden collapses in migratory
populations and a cessation of the migration [75,76]. Consistent
with that hypothesis, the Dolphin and Union caribou studied
here stopped migrating in the early 1900s when the population
reached very low numbers [77]. The migration resumed in the
mid-1970s once the population had increased [43,59,78], how-
ever further investigation is required in order to establish the
mechanism and direction of causality underlying this link
between migratory behaviour and population size.

The framework we have developed has the potential to
provide much insight into the behaviour of natural popu-
lations. If embedded within longitudinal studies and
combined with movement and environmental data collected
at multiple scales [79], this approach will contribute to our
understanding of how individual behaviour scales up to
effective group-level functioning in a wide variety of taxa
and ecological contexts.
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6. Material and methods

All video processing was performed using open source freely
available software packages. For computational Bayesian calcu-
lations we used the PyMC software package [49]. Further details
of all methods can be found in the electronic supplementary
material.

Ethics. This work was conducted under Nunavut Wildlife Research
Permit #W1L2015-037 and with IACUC exemption (07/10/2015). All
UAV flights were in compliance with Transport Canada regulations.
Data accessibility. Individual caribou trajectories are available from
Enlighten: Research Data (http://dx.doi.org/10.5525/gla.research-
data.579) and movebank.org (project ##416289710). Source code is
available at https://github.com/ctorney/dolphinUnion.

Author’s contributions. This study was designed by A.M.B. and C.J.T. All
authors undertook or assisted with fieldwork. C.J.T. processed and
analysed the data. CJ.T. and AM.B. wrote the manuscript with
input from all authors.

Competing interests. We declare we have no competing interests.

Funding. Funding was provided by the National Science Foundation
grant 10S-1545888 (A.M.B.), and a James S. McDonnell Foundation
Studying Complex Systems Scholar Award (C.J.T.).

Acknowledgments. We are very grateful to Ivorson Maksagak, Susan
Kutz, Jeff Turner, Shane Black, John Sauro, David Mariez, Mike Berg-
mann, David Bird, Paul Pace, NORAL, the Government of Nunavut,
Department of Environment, the Santa Fe Institute, Canada North
Outfitting, Wild Canadian Year Productions, Peterson’s Point Lake
Lodge and the Ekaluktutiak Hunters & Trappers Organization for
advice and valuable logistical support in the field.

References

Bauer S, Hoye BJ. 2014 Migratory animals couple
biodiversity and ecosystem functioning worldwide.

Multi-scale inference of interaction rules in animal
groups using Bayesian model selection. PLoS

movement in wild baboons. Science 348,
1358—-1361. (doi:10.1126/science.aaa5099)

Science 344, 1242552. (doi:10.1126/science. Comput. Biol. 9, €1002961. (doi:10.1371/journal. 23. Farine DR, Strandburg-Peshkin A, Berger-Wolf T,
1242552) pcbi.1002961) Ziebart B, Brugere I, Li J, Crofoot MC. 2016 Both

2. Kays R, Crofoot MC, Jetz W, Wikelski M. 2015 14. Lukeman R, Li YX, Edelstein-Keshet L. 2010 nearest neighbours and long-term affiliates predict
Terrestrial animal tracking as an eye on life and Inferring individual rules from collective behaviour. individual locations during collective movement in
planet. Science 348, aaa2478. (doi:10.1126/science. Proc. Natl Acad. Sci. USA 107, 12 576—12 580. wild baboons. Sci. Rep. 6, 27704. (doi:10.1038/
aaa2478) (doi:10.1073/pnas.1001763107) srep27704)

3. Milner-Gulland E, Fryxell JM, Sinclair AR. 2011 15. Ballerini M et al. 2008 Interaction ruling animal 24.  Strandburg-Peshkin A, Farine DR, Crofoot MC,
Animal migration: a synthesis. Oxford, UK: Oxford collective behaviour depends on topological rather Couzin ID. 2017 Habitat and social factors shape
University Press. than metric distance: evidence from a field study. individual decisions and emergent group structure

4. Ward A, Webster M. 2016 Sociality: the behaviour of Proc. Natl Acad. Sci. USA 105, 1232—1237. (doi:10. during baboon collective movement. elife 6,
group-living animals. Berlin, Germany: Springer. 1073/pnas.0711437105) €19505. (doi:10.7554/eLife.19505)

5. Couzin I. 2007 Collective minds. Nature 445, 16. Evangelista DJ, Ray DD, Raja SK, Hedrick TL. 25. Merkle JA, Sigaud M, Fortin D. 2015 To follow or
715-715. (doi:10.1038/445715a) 2017 Three-dimensional trajectories and network not? How animals in fusion—fission societies handle

6. Berdahl A, Torney {J, loannou (C, Faria JJ, Couzin analyses of group behaviour within chimney conflicting information during group decision-

ID. 2013 Emergent sensing of complex swift flocks during approaches to the roost. making. Ecol. Lett. 18, 799—806. (doi:10.1111/
environments by mobile animal groups. Science Proc. R. Soc. B 284, 20162602. (doi:10.1098/rspb. ele.12457)
339, 574-576. (doi:10.1126/science.1225883) 2016.2602) 26. Langrock R et al. 2014 Modelling group dynamic

7. Codling EA, Bode NW. 2014 Copycat dynamics in 17.  Nagy M, Couzin ID, Fiedler W, Wikelski M, Flack A. animal movement. Methods Ecol. Evol. 5, 190—199.
leaderless animal group navigation. Mov. Ecol. 2, 2018 Synchronization, coordination and collective (doi:10.1111/2041-210X.12155)

11. (doi:10.1186/2051-3933-2-11) sensing during thermalling flight of freely migrating ~ 27. Dalziel BD, Corre ML, C6té SD, Ellner SP. 2016

8. Sigaud M, Merkle JA, Cherry SG, Fryxell JM, Berdahl white storks. Phil. Trans. R. Soc. B 373, 20170011. Detecting collective behaviour in animal relocation
A, Fortin D. 2017 Collective decision-making (doi:10.1098/rsth.2017.0011) data, with application to migrating caribou.
promotes fitness loss in a fusion-fission society. Fcol. ~ 18. Nagy M, Akos Z, Biro D, Vicsek T. 2010 Hierarchical Methods Ecol. Evol. 7, 30—41. (doi:10.1111/2041-
Lett. 20, 33—40. (doi:10.1111/ele.12698) group dynamics in pigeon flocks. Nature 464, 210X.12437)

9. Anderson PW et al. 1972 More is different. Science 890—893. (doi:10.1038/nature08891) 28. Scharf HR, Hooten MB, Fosdick BK, Johnson DS,
177, 393-396. (doi:10.1126/science.177.4047.393)  19. Voelkl B, Portugal SJ, Unsdld M, Usherwood JR, London JM, Durban JW. 2016 Dynamic social

10. Hughey LF, Hein AM, Strandburg-Peshkin A, Jensen Wilson AM, Fritz J. 2015 Matching times of leading networks based on movement. Ann. Appl. Stat. 10,
FH. 2018 Challenges and solutions for studying and following suggest cooperation through direct 2182-2202. (doi:10.1214/16-A0AS970)
collective animal behaviour in the wild. Phil. reciprocity during V-formation flight in ibis. Proc. 29. Farine DR, Aplin LM, Garroway CJ, Mann RP,
Trans. R. Soc. B 373, 20170005. (doi:10.1098/rsth. Natl Acad. Sci. USA 112, 2115—-2120. (doi:10.1073/ Sheldon BC. 2014 Collective decision making and
2017.0005) pnas.1413589112) social interaction rules in mixed-species flocks of

1. Katz Y, Tunstrem K, loannou CC, Huepe C, Couzin ID. ~ 20. Crofoot M, Kays R, Mxxx W. 2015 Data from: Shared songbirds. Anim. Behav. 95, 173—182. (doi:10.
2011 Inferring the structure and dynamics of decision-making drives collective movement in wild 1016/j.anbehav.2014.07.008)
interactions in schooling fish. Proc. Natl Acad. Sci. baboons. Movebank Data Repository. (doi:10.5441/  30. Koh L, Wich S. 2012 Dawn of drone ecology: low-
USA 108, 18 720—18 725. (d0i:10.1073/pnas. 001/1.kn0816jn) cost autonomous aerial vehicles for conservation.
1107583108) 21. LiJ, Brugere |, Ziebart B, Berger-Wolf T, Crofoot M, Tropical Conser. Sci. 5, 121-132. (doi:10.5167/

12. Herbert-Read JE, Perna A, Mann RP, Schaerf TM, Farine D. 2015 Social information improves location uzh-72781)

Sumpter DJ, Ward AJ. 2011 Inferring the rules of prediction in the wild. In Trajectory-Based Behavior ~ 31. Anderson K, Gaston KJ. 2013 Lightweight
interaction of shoaling fish. Proc. Natl Acad. Sci. USA Analytics - Papers Presented at the 29th AAAI Conf. unmanned aerial vehicles will revolutionize spatial
108, 1872618 731. (d0i:10.1073/pnas. on Artificial Intelligence, Austin, TX, 25—30 January. ecology. front. Ecol. Environ. 11, 138—146. (doi:10.
1109355108) See http://www.aaai.org. 1890/120150)

13. Mann RP, Perna A, Strémbom D, Garnett R, Herbert- 22 Strandburg-Peshkin A, Farine DR, Couzin ID, Crofoot ~ 32. Christie KS, Gilbert SL, Brown CL, Hatfield M,

Read JE, Sumpter DJT, Ward AJW, Sporns 0. 2013

MC. 2015 Shared decision-making drives collective

Hanson L. 2016 Unmanned aircraft systems in

S8€0£L0T *€LE g 205 "y "supi] iyd  bio'buysijgndfaposieforqgsi H


http://dx.doi.org/10.5525/gla.researchdata.579
http://dx.doi.org/10.5525/gla.researchdata.579
https://github.com/ctorney/dolphinUnion
https://github.com/ctorney/dolphinUnion
http://dx.doi.org/10.1126/science.1242552
http://dx.doi.org/10.1126/science.1242552
http://dx.doi.org/10.1126/science.aaa2478
http://dx.doi.org/10.1126/science.aaa2478
http://dx.doi.org/10.1038/445715a
http://dx.doi.org/10.1126/science.1225883
http://dx.doi.org/10.1186/2051-3933-2-11
http://dx.doi.org/10.1111/ele.12698
http://dx.doi.org/10.1126/science.177.4047.393
http://dx.doi.org/10.1098/rstb.2017.0005
http://dx.doi.org/10.1098/rstb.2017.0005
http://dx.doi.org/10.1073/pnas.1107583108
http://dx.doi.org/10.1073/pnas.1107583108
http://dx.doi.org/10.1073/pnas.1109355108
http://dx.doi.org/10.1073/pnas.1109355108
http://dx.doi.org/10.1371/journal.pcbi.1002961
http://dx.doi.org/10.1371/journal.pcbi.1002961
http://dx.doi.org/10.1073/pnas.1001763107
http://dx.doi.org/10.1073/pnas.0711437105
http://dx.doi.org/10.1073/pnas.0711437105
http://dx.doi.org/10.1098/rspb.2016.2602
http://dx.doi.org/10.1098/rspb.2016.2602
http://dx.doi.org/10.1098/rstb.2017.0011
http://dx.doi.org/10.1038/nature08891
http://dx.doi.org/10.1073/pnas.1413589112
http://dx.doi.org/10.1073/pnas.1413589112
http://dx.doi.org/10.5441/001/1.kn0816jn
http://dx.doi.org/10.5441/001/1.kn0816jn
http://www.aaai.org
http://dx.doi.org/10.1126/science.aaa5099
http://dx.doi.org/10.1038/srep27704
http://dx.doi.org/10.1038/srep27704
http://dx.doi.org/10.7554/eLife.19505
http://dx.doi.org/10.1111/ele.12457
http://dx.doi.org/10.1111/ele.12457
http://dx.doi.org/10.1111/2041-210X.12155
http://dx.doi.org/10.1111/2041-210X.12437
http://dx.doi.org/10.1111/2041-210X.12437
http://dx.doi.org/10.1214/16-AOAS970
http://dx.doi.org/10.1016/j.anbehav.2014.07.008
http://dx.doi.org/10.1016/j.anbehav.2014.07.008
http://dx.doi.org/10.5167/uzh-72781
http://dx.doi.org/10.5167/uzh-72781
http://dx.doi.org/10.1890/120150
http://dx.doi.org/10.1890/120150

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

4,

45.

46.

47.

wildlife research: current and future applications of
a transformative technology. Front. Ecol. Environ.
14, 241-251. (doi:10.1002/fee.1281)

Schiffman R. 2014 Drones flying high as new tool
for field biologists. Science 344, 459. (doi:10.1126/
science.344.6183.459)

Liu K, Skibbe H, Schmidt T, Blein T, Palme K, Brox T,
Ronneberger 0. 2014 Rotation-invariant HOG
descriptors using Fourier analysis in polar and
spherical coordinates. Int. J. Comput. Vis. 106,
342-364. (doi:10.1007/511263-013-0634-2)

Torney (J et al. 2016 Assessing rotation-invariant
feature classification for automated wildebeest
population counts. PLoS ONE 11, e0156342. (doi:10.
1371/journal.pone.0156342)

Lent PC. 1966 Calving and related social behaviour in
the barren-ground caribou. Z Tierpsychol. 23, 701-
756. (doi:10.1111/j.1439-0310.1966.th01707.x)
Bergerud AT, Luttich SN, Camps L. 2007 Return of
caribou to Ungava, vol. 50. Montreal, Canada:
McGill-Queen’s University Press.

Gunn A, Miller FL. 1986 Traditional behaviour

and fidelity to caribou calving grounds by barren-
ground caribou. Rangifer 6, 151—158. (doi:10.7557/
2.6.2.640)

Boulet M, Couturier S, Cote SD, Otto RD, Bernatchez
L. 2007 Integrative use of spatial, genetic, and
demographic analyses for investigating genetic
connectivity between migratory, montane,

and sedentary caribou herds. Mol. Ecol. 16,

4223 -4240. (doi:10.1111/.1365-294X.2007.
03476.x)

Zittlau KA. 2005 Population genetic analyses of
North American caribou (Rangifer tarandus).
Edmonton, AB: University of Alberta.

McFarlane K, Gunn A, Strobeck C. (eds) 2009 Proc.
from the Caribou Genetics and Relationships
Workshap, Edmonton, Alberta, March 8—9, 2003.
Yellowknife, NT: Department of Environment and
Natural Resources, Government of the Northwest
Territories.

Nishi JS, Buckland L. 2000 An aerial survey of
caribou on western Victoria Island (5—17 June
7994). Ottawa, ON: Department of Resources,
Wildlife, and Economic Development, Government
of the Northwest Territories.

Poole KG, Gunn A, Patterson BR, Dumond M. 2010
Sea ice and migration of the Dolphin and Union
caribou herd in the Canadian Arctic: an uncertain
future. Arctic 4, 414—428. (doi:10.14430/
arctic3331)

Mann RP. 2011 Bayesian inference for identifying
interaction rules in moving animal groups. PLoS ONE
6, €22827. (doi:10.1371/journal.pone.0022827)
Strandburg-Peshkin A et al. 2013 Visual sensory
networks and effective information transfer in
animal groups. Curr. Biol. 23, R709—-R711. (doi:10.
1016/j.cub.2013.07.059)

Burnham KP, Anderson D. 2003 Model selection and
multi-model inference. A practical information-
theoric approch. Berlin, Germany: Springer.
Gelman A, Hwang J, Vehtari A. 2014 Understanding
predictive information criteria for Bayesian models.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Stat. Comput. 24, 997—-1016. (doi:10.1007/s11222-
013-9416-2)

McClintock BT, King R, Thomas L, Matthiopoulos J,
McConnell BJ, Morales JM. 2012 A general discrete-
time modeling framework for animal movement
using multistate random walks. Ecol. Monogr. 82,
335-349. (doi:10.1890/11-0326.1)

Patil A, Huard D, Fonnesheck CJ. 2010 PyMC:
Bayesian stochastic modelling in Python. J. Stat.
Softw. 35, 1-81.

Barton KA, Phillips BL, Morales JM, Travis JM. 2009
The evolution of an intelligent dispersal strategy:
biased, correlated random walks in patchy
landscapes. Oikos 118, 309—319. (doi:10.1111/j.
1600-0706.2008.16936.x)

Haydon DT, Morales JM, Yott A, Jenkins DA, Rosatte
R, Fryxell JM. 2008 Socially informed random walks:
incorporating group dynamics into models of
population spread and growth. Proc. R. Soc. B 275,
1101-1109. (doi:10.1098/rsph.2007.1688)

Viscido SV, Miller M, Wethey DS. 2002 The dilemma
of the selfish herd: the search for a realistic
movement rule. J. Theor. Biol. 217, 183—194.
(doi:10.1006/jtbi.2002.3025)

Watanabe S. 2010 Asymptotic equivalence of Bayes
cross validation and widely applicable information
criterion in singular learning theory. J. Mach. Learn.
Res. 11, 3571-359%4.

Spiegelhalter DJ, Best NG, Carlin BP, Van Der Linde
A. 2002 Bayesian measures of model complexity
and fit. J. R. Stat. Soc. Ser. B 64, 583—639. (doi:10.
1111/1467-9868.00353)

Ferguson EA, Matthiopoulos J, Insall RH, Husmeier
D. 2016 Inference of the drivers of collective
movement in two cell types: Dictyostelium and
melanoma. J. R. Soc. Interface 13, 20160695.
(doi:10.1098/rsif.2016.0695)

del M Delgado M, Miranda M, Alvarez SJ, Gurarie E,
Fagan WF, Penteriani V, di Virgilio A, Morales JM.
2018 The importance of individual variation in the
dynamics of animal collective movements. Phil.
Trans. R. Soc. B 373, 20170008. (doi:10.1098/rsth.
2017.0008)

Fagan WF, Calabrese JM. 2014 The correlated
random walk and the rise of movement ecology.
Bull. Ecol. Soc. Am. 95, 204—206. (doi:10.1890/
0012-9623-95.3.204)

Runge CA, Martin TG, Possingham HP, Willis SG,
Fuller RA. 2014 Conserving mobile species. Front.
Ecol. Environ. 12, 395-402. (doi:10.1890/130237)
WKSS. 2007 West Kitikmeot Slave Study State of
Knowledge Report—2007 Update. See http:/
wwwenrgovntca/sites/default/files/reports/west_
kitikmeot_slave_study_2007_updatepdf.

Bergman (M, Schaefer JA, Luttich S. 2000 Caribou
movement as a correlated random walk. Oecologia
123, 364-374. (doi:10.1007/5004420051023)
Avgar T et al. 2015 Space-use behaviour of
woodland caribou based on a cognitive movement
model. J. Anim. Ecol. 84, 1059—1070. (doi:10.1111/
1365-2656.12357)

Bastille-Rousseau G, Potts JR, Schaefer JA, Lewis
MA, Ellington EH, Rayl ND, Mahoney SP, Murray DL.

63.

64.

65.

66.

67.

68.

69.

70.

1.

72.

73.

74.

75.

2015 Unveiling trade-offs in resource selection of
migratory caribou using a mechanistic movement
model of availability. Ecography 38, 1049—1059.
(doi:10.1111/ec0g.01305)

Nicholson KL, Arthur SM, Horne JS, Garton EO,
DelVecchio PA. 2016 Modeling caribou movements:
seasonal ranges and migration routes of the Central
Arctic herd. PLoS ONE 11, €0150333. (doi:10.1371/
journal.pone.0150333)

Leblond M, St-Laurent MH, Coté SD. 2016 Caribou,
water, and ice—fine-scale movements of a
migratory arctic ungulate in the context of climate
change. Mov. Ecol. 4, 1. (doi:10.1186/540462-015-
0066-1)

Mueller T, 0'Hara RB, Converse SJ, Urbanek RP,
Fagan WF. 2013 Social learning of migratory
performance. Science 341, 999—1002. (doi:10.1126/
science.1237139)

Berdahl A, Westley PA, Levin SA, Couzin ID, Quinn
TP. 2016 A collective navigation hypothesis for
homeward migration in anadromous salmonids. Fish
Fisheries 17, 525—-542. (doi:10.1111/faf.12084)
Hardesty-Moore M et al. 2018 Migration in the
Anthropocene: how collective navigation,
environmental system and taxonomy shape the
vulnerability of migratory species. Phil. Trans. R. Soc.
B 373, 20170017. (doi:10.1098/rsth.2017.0017)
Yeakel JD, Gibert JP, Gross T, Westley PAH, Moore
JW. 2018 Eco-evolutionary dynamics, density-
dependent dispersal and collective behaviour:
implications for salmon metapopulation robustness.
Phil. Trans. R. Soc. B 373, 20170018. (doi:10.1098/
rsth.2017.0018)

(alabrese JM, Fleming CH, Fagan WF, Rimmler M,
Kaczensky P, Bewick S, Leimgruber P, Mueller T.
2018 Disentangling social interactions and
environmental drivers in multi-individual wildlife
tracking data. Phil. Trans. R. Soc. B 373, 20170007.
(doi:10.1098/rsth.2017.0007)

Strandburg-Peshkin A, Papageorgiou D, Crofoot MC,
Farine DR. 2018 Inferring influence and leadership
in moving animal groups. Phil. Trans. R. Soc. B 373,
20170006. (doi:10.1098/rsth.2017.0006)

Westley PAH, Berdahl AM, Torney CJ, Biro D. 2018
Collective movement in ecology: from emerging
technologies to conservation and management.
Phil. Trans. R. Soc. B 373, 20170004. (doi:10.1098/
rsth.2017.0004)

Fryxell JM, Berdahl AM. 2018 Fitness trade-offs of
group formation and movement by Thomson'’s
gazelles in the Serengeti ecosystem. Phil.

Trans. R. Soc. B 373, 20170013. (doi:10.1098/rsth.
2017.0013)

Fryxell JM, Mosser A, Sinclair AR, Packer C. 2007 Group
formation stabilizes predator— prey dynamics. Nature
449, 1041-1043. (doi:10.1038/nature06177)
Berdahl AM, Kao AB, Flack A, Westley PAH, Codling
EA, Couzin ID, Dell Al, Biro D. 2018 Collective animal
navigation and migratory culture: from theoretical
models to empirical evidence. Phil. Trans. R. Soc. B
373, 20170009. (doi:10.1098/rsth.2017.0009)
Fagan WF, Cantrell RS, Cosner C, Mueller T, Noble
AE. 2012 Leadership, social learning, and the


http://dx.doi.org/10.1002/fee.1281
http://dx.doi.org/10.1126/science.344.6183.459
http://dx.doi.org/10.1126/science.344.6183.459
http://dx.doi.org/10.1007/s11263-013-0634-z
http://dx.doi.org/10.1371/journal.pone.0156342
http://dx.doi.org/10.1371/journal.pone.0156342
http://dx.doi.org/10.1111/j.1439-0310.1966.tb01707.x
http://dx.doi.org/10.7557/2.6.2.640
http://dx.doi.org/10.7557/2.6.2.640
http://dx.doi.org/10.1111/j.1365-294X.2007.03476.x
http://dx.doi.org/10.1111/j.1365-294X.2007.03476.x
http://dx.doi.org/10.14430/arctic3331
http://dx.doi.org/10.14430/arctic3331
http://dx.doi.org/10.1371/journal.pone.0022827
http://dx.doi.org/10.1016/j.cub.2013.07.059
http://dx.doi.org/10.1016/j.cub.2013.07.059
http://dx.doi.org/10.1007/s11222-013-9416-2
http://dx.doi.org/10.1007/s11222-013-9416-2
http://dx.doi.org/10.1890/11-0326.1
http://dx.doi.org/10.1111/j.1600-0706.2008.16936.x
http://dx.doi.org/10.1111/j.1600-0706.2008.16936.x
http://dx.doi.org/10.1098/rspb.2007.1688
http://dx.doi.org/10.1006/jtbi.2002.3025
http://dx.doi.org/10.1111/1467-9868.00353
http://dx.doi.org/10.1111/1467-9868.00353
http://dx.doi.org/10.1098/rsif.2016.0695
http://dx.doi.org/10.1098/rstb.2017.0008
http://dx.doi.org/10.1098/rstb.2017.0008
http://dx.doi.org/10.1890/0012-9623-95.3.204
http://dx.doi.org/10.1890/0012-9623-95.3.204
http://dx.doi.org/10.1890/130237
http://wwwenrgovntca/sites/default/files/reports/west_kitikmeot_slave_study_2007_updatepdf
http://wwwenrgovntca/sites/default/files/reports/west_kitikmeot_slave_study_2007_updatepdf
http://wwwenrgovntca/sites/default/files/reports/west_kitikmeot_slave_study_2007_updatepdf
http://wwwenrgovntca/sites/default/files/reports/west_kitikmeot_slave_study_2007_updatepdf
http://dx.doi.org/10.1007/s004420051023
http://dx.doi.org/10.1111/1365-2656.12357
http://dx.doi.org/10.1111/1365-2656.12357
http://dx.doi.org/10.1111/ecog.01305
http://dx.doi.org/10.1371/journal.pone.0150333
http://dx.doi.org/10.1371/journal.pone.0150333
http://dx.doi.org/10.1186/s40462-015-0066-1
http://dx.doi.org/10.1186/s40462-015-0066-1
http://dx.doi.org/10.1126/science.1237139
http://dx.doi.org/10.1126/science.1237139
http://dx.doi.org/10.1111/faf.12084
http://dx.doi.org/10.1098/rstb.2017.0017
http://dx.doi.org/10.1098/rstb.2017.0018
http://dx.doi.org/10.1098/rstb.2017.0018
http://dx.doi.org/10.1098/rstb.2017.0007
http://dx.doi.org/10.1098/rstb.2017.0385
http://dx.doi.org/10.1098/rstb.20170004
http://dx.doi.org/10.1098/rstb.20170004
http://dx.doi.org/10.1098/rstb.2017.0013
http://dx.doi.org/10.1098/rstb.2017.0013
http://dx.doi.org/10.1038/nature06177
http://dx.doi.org/10.1098/rstb.2017.0009

76.

maintenance (or collapse) of migratory populations.
Theor. Ecol. 5, 253—264. (d0i:10.1007/s12080-011-
0124-2)

Berdahl A, van Leeuwen A, Levin SA, Torney CJ.
2016 Collective behaviour as a driver of critical
transitions in migratory populations. Mov. Ecol. 4,
18. (doi:10.1186/540462-016-0083-8)

71.

78.

Gunn A, Russell D, Eamer J. 2011 Northern caribou
population trends in Canada. Technical Thematic

Report no. 10. Ottawa, ON: Canadian Councils of 79.

Resource Ministers.

Gunn A, Buchan A, Fournier B, Nishi J. 1997 Victoria
Island caribou migrations across Dolphin and Union Strait
and Coronation Gulf from the mainland coast, 1976 —

1994. Yellowknife, NT: Northwest Territories Department n

of Resources, Wildlife, and Economic Development.
Torney (J, Grant C. Hopcraft J, Morrison TA, Couzin D,
Levin SA. 2018 From single steps to mass migration:
the problem of scale in the movement ecology of the
Serengeti wildebeest. Phil. Trans. R. Soc. B 373,
20170012. (doi:10.1098/rsth.2017.0012)

G8€0/L0T *€LE g 05 Y "suvi “fiyd  bio-buiysiigndfiaposiedorqiss


http://dx.doi.org/10.1007/s12080-011-0124-2
http://dx.doi.org/10.1007/s12080-011-0124-2
http://dx.doi.org/10.1186/s40462-016-0083-8
http://dx.doi.org/10.1098/rstb.2017.0012

	Inferring the rules of social interaction in migrating caribou
	Introduction
	Movement model
	Model comparison
	Variation in social information use
	Discussion
	Material and methods
	Ethics
	Data accessibility
	Author’s contributions
	Competing interests
	Funding
	Acknowledgments
	References


