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It is generally assumed that high-resolution movement data are needed to extract meaningful decision-making patterns of animals on
the move. Here we propose a modified version of force matching (referred to here as direction matching), whereby sparse movement
data (i.e., collected over minutes instead of seconds) can be used to test hypothesized forces acting on a focal animal based on their
ability to explain observed movement. We first test the direction matching approach using simulated data from an agent-based model,
and then go on to apply it to a sparse movement data set collected on a troop of baboons in the DeHoop Nature Reserve, South Africa.
We use the baboon data set to test the hypothesis that an individual’s motion is influenced by the group as a whole or, alternatively,
whether it is influenced by the location of specific individuals within the group. Our data provide support for both hypotheses, with
stronger support for the latter. The focal animal showed consistent patterns of movement toward particular individuals when distance
from these individuals increased beyond 5.6 m. Although the focal animal was also sensitive to the group movement on those occa-
sions when the group as a whole was highly clustered, these conditions of isolation occurred infrequently. We suggest that specific
social interactions may thus drive overall group cohesion. The results of the direction matching approach suggest that relatively sparse
data, with low technical and economic costs, can be used to test between hypotheses on the factors driving movement decisions.

Key words: baboon, behavior, De Hoop Nature Reserve, force matching, optimization, social groups, sparse movement data.

INTRODUCTION through technical developments. Although battery life may
improve, allowing more than short high-resolution snapshots of
activity (Strandburg-Peshkin et al. 2015), equipment failure will
persist. Moreover, the need to attach devices to the animals can
raise ethical, logistical, and technical issues (Handcock et al.
2009). There are also economic costs that may limit access to
some researchers or require sampling of only a very few indi-
viduals. Even in cases where one can capture all members of a

Fine-grained analyses of the movement strategies of mobile ani-
mals have benefited enormously from technical advances in global
positioning systems (GPS). Increased miniaturization, higher
frequency capture rates, and longevity of battery life all permit
the collection of rich data sets from animal-mounted GPS units
(Nathan et al. 2008; Cagnacci et al. 2010). In association with

the development of new analytical techniques (Laube et al. 2005; ; ) S .
Gurarie et al. 2009; Dalziel et al. 2015; De Groeve et al. 2015), social group, repeated immobilization to affix and retrieve col-
lars and data may limit researchers’ ability to rely on these

techniques alone.
Many social animals, most notably primates, can be habituated
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such data are beginning to provide answers to long-standing ques-
tions in movement ecology and are driving new research programs,

particularly with respect to social animals (Lukeman et al. 2010; . o
Hebblewhite and Haydon 2010; Krause et al. 2013; Kays et al and followed sufficiently closely to allow human observers to mimic
9015; Strandburg-Peshkin et al 2’015) ’ automatic spatial data collection with handheld GPS dataloggers

(Sugiura et al. 2011; Aureli et al. 2012; Heesen et al. 2015). This
method reduces costs and may lift other logistical constraints, but
the resolution of the data (i.e., number of records per unit time) is
far lower than that deliverable by fully automated, animal-mounted
techniques. Nevertheless, if' such data can be shown to produce
Address correspondence to T.R. Bonnell. E-mail: Tylerbonnell@uleth.ca. reliable spatiotemporal movement patterns, then low-resolution

There are, however, some limitations associated with the use of
animal-attached GPS devices, not all of which can be addressed
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approaches may offer a sustainable, flexible, and reliable alternative
approach to automated methods.

Here, we address the extent to which the individual actions that
underpin observed collective motion can be detected as the tempo-
ral resolution of data is lowered. To do so, we implement a modified
version of Eriksson et al.’s (2010) force matching method, which
we refer to as “direction matching.” This approach sets behavioral
rules that determine motion and then fits parameters to these rules
that minimize the deviation between observed and predicted move-
ments. These rules are used both to describe those elements of the
environment to which an individual is sensitive (i.e., will respond to
by moving) and the kinds of behavioral response elicited. Here, the
“force” in direction matching can be considered to be an estimate
of the magnitude of this sensitivity.

To test how the temporal resolution of data affects the reli-
ability of movement trajectories, we use agent-based modeling to
specify the rules governing individual movement in a simulated
group of agents. We specify these rules based on the empirical find-
ings described by Strandburg-Peshkin et al. (2015), obtained using
high-resolution data from animal-attached GPS units. We record
the resultant trajectories of our simulated agents based on similar
high-frequency sampling and then subsample these trajectories to
generate data sets of differing temporal resolution. We then apply
direction matching to each of these and assess the extent to which
the results obtained are able to identify the rule that we had built
into the agents. In this way, we can determine the extent to which
the direction matching approach is able to: 1) identify the true con-
ditions under which a given behavior occurs and 2) accurately iden-
tify the correct behavior as temporal resolution declines.

As a second step, we apply this approach to real-world movement
data collected from a wild troop of baboons (Papio hamadryas ursinus).
We offer a “proof of concept” illustration of the way in which our
method enables researchers to test between different hypotheses
explaining observed movement. Current theories of group move-
ment are based on both leadership and consensus formation within
the group (Conradt and Roper 2005; King et al. 2008). In baboons,
for example, it has been shown that individuals are sensitive both
to the number of initiators and to their directional agreement (DA;
Strandburg-Peshkin et al. 2015). There is also evidence to suggest
that individuals are more likely to follow those with whom they
share close social affiliations (King et al. 2011). These potential
rules of thumb, for example, follow close social affiliates or fol-
low the majority of the group, are not necessarily mutually exclu-
sive, which presents a real challenge when attempting to identify
or differentiate between the possible mechanisms behind observed
motions. For example, in the case of 2 clusters of initiators within
a group, a larger group of initiators may be more likely to contain
close social affiliates than a smaller group of initiators. This might
lead to the observation that, on average, individuals move more
toward the majority when, in fact, patterns of affiliation between
individuals might be responsible. Using data from a focal individual
as a case study, we therefore test the extent to which the movement
of the focal animal is 1) sensitive to the spatial position of the group
as a whole and 2) sensitive to the spatial positions of particular indi-
viduals within the group, and whether it is possible to assess which
is the most influential.

MATERIALS AND METHODS
Direction matching for sparse data sets

The force matching method proposed by Eriksson et al. (2010) iden-
tifies optimal models of interactions in animal groups by adapting
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the method used to describe interactions among particles (Ercolessi
and Adams 1994). In essence, it develops models that describe how
other group members (hereafter “associates”) influence a focal ani-
mal and then compares how well these models match the observed
motion of the focal animal. As the method deals with measures of
force (Force = Mass X Acceleration), it relies on knowing the accel-
cration of each individual at each time point in order to calculate
the forces exerted on any one animal by its associates.

In sparsely measured movement data, acceleration cannot be
estimated accurately, which presents a problem in applying the
force matching method to coarse-grained data sets (Kriksson et al.
2010). If we modify our predictions, however, from those dependent
on acceleration to those based solely on the direction of travel—a
measure casily estimated for sparse movement data—it is possible
to apply a version of force matching that allows us to quantify the
influence that others have on the direction of travel of a focal indi-
vidual (Figure 1): We therefore refer to this as direction matching.
It is then possible to test models that describe how the specific loca-
tions or movements of others influence the movement of a focal
animal. This enables us to address questions about whether individ-
uals show signs of moving to the center of the group, for example,
or whether they avoid higher ranking individuals.

Specifically, our proposed procedure follows 3 steps: 1) Identify
a focal individual and, at each observed point (x, y), measure its
observed direction of travel to the subsequent observation point
(ﬁ{ =(xl+1 XV T ,yt) / | |xl+1 XD T | |) and the direc-
tion of travel from the preceding observation (o,_, ); 2) use linear
interpolation between sequential observations of all associates
to estimate their position and their direction relative to the point
of observation of the focal animal (9, ;) (Figure 1). By using this
approach, we generate a data set containing the observed direction
of travel associated with a given spatial structure of associates. It is
then possible to 3) use this spatial structure to search for a model
that minimizes the squared difference between the observed and

|2 , where 9, is the
4 represents estimated

predicted direction of travel: €=[[9,,~9, .
observed direction of travel at time and 9,
direction of travel based on hypothesized functional relationships
between external factors and direction of travel taken by a focal
animal.

There are 3 sources of errors associated with this approach that
increase as the data become more sparse. First, when the time
elapsed between the current and succeeding observations increases
(Alyexe = 4 — 1), the estimated direction of travel will be influenced
increasingly by other events that occur between the 2 time points,
rather than by only the group structure at time ¢ Second, as the
time elapsed between preceding and current observation points of
the focal individual increases (A, = 4 — (), the previous bear-
ing will have decreasing influence on the subsequent one. The third
source of error results from the interpolation of associates’ posi-
tions and directions of travel, as the error of both estimates will

increase as data become more sparse.

Simulated data set

To test the feasibility of the direction matching approach, we used
Repast Simphony (North et al. 2013) to simulate a group of agents
(N = 14) with fixed behavioral rules (i.e., known behavior). The
model was based loosely on the findings of Strandburg-Peshkin
et al. (2015), who used a high-resolution data set (every second), in
which stationary baboons showed a sensitivity to following moving
animals, “initiators,” if there were many of them and they were in
high DA. The authors quantified DA of the initiators as 1 minus the
total circular variation of the angles from a focal individual to each
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Diagram of data extraction method for coarse data. The focal animal’s location is indicated by black circles, whereas gray circles identify the estimated

position of other group members at the same observation time. The observed direction of travel (9, ;) between {, and ¢ is then contrasted with the modeled

direction of travel (9, ).

initiator (min = 0, max = 1) (Figure 2). To mimic these findings,
we developed a simulation model of a group of agents with simple
foraging behaviors. These agents actively search/move for food
patches located on a 2D landscape and maintain cohesion by mov-
ing toward the group once an isolation threshold has been reached
(Supplementary Figure S1 and Table S1). This isolation threshold
was based on the magnitude of the DA and the sum of inter-indi-
vidual distances (D) to all associates from the focal agent. DA pro-
vided a measure of the relative clustering of associates in terms of
direction from the focal agent, and the D threshold captures the
relative spread of the group from the focal agent (Iigure 2). Agents
would thus surpass the isolation threshold when the group was
spread out and their directional clustering was high. Specific val-
ues for defining this threshold were chosen to produce active move-
ment in the simulated group (D > o4 = 1000 m, DA > a4, = 0.8))
(Figure 2). Individuals in the group were also given a preference for
one individual in the group, such that, when they were not hun-
gry, the individual moved toward a prespecified associate within
the group when that associate was not within a social radius ().
Preferences in the simulated group (i.e., who moves toward whom
in the group) were assigned in a way that allowed us to test the
abilities of the direction matching method to extract attraction
coefficients from different attraction structures: 1) chains of attrac-
tions, 2) triadic attractions, and 3) reciprocal attraction structures
(presented in the results section below). This simulation generated
group movement data in which both anti-isolation behaviors and
preferential movement behaviors toward specific individuals in the
groups were present, providing a test of the abilities of the direc-
tion matching approach to identify the correct behaviors taking
place within the group. This simulation generated movement data
in which behavior was not constant: Foraging individuals moved in
a straight line or toward food patches when these were available,

CcV D

High

m Low

Figure 2
Diagram of DA and total inter-individual distance (D). Both measures are
egocentric, focusing on a focal animal.

and only moved based on the position of other group members
when the isolation threshold was exceeded or when not hungry. We
simulated a group of 14 individuals for a period of 48h, recording
every agent’s position at 1-s intervals.

We generated additional data sets by progressively degrading
the simulated data by sampling from a distribution of increasingly
sparse revisit times. We used our own observed data on the move-
ment patterns of baboons (see below) as a base estimate of the gen-
eral structure of revisit times (i.e., the time elapsed between data
points recorded for a given animal) captured in the field by a single
observer, where the best fit distribution by maximum likelihood
was lognormal with shape = 6.1 and scale = 0.6. We altered this
distribution by shifting the shape parameter to produce a range of
revisit time distributions, varying from more to less frequent revisits
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(i.e., mean revisit times of 1, 5, 10, 15, and 20min). Using these
probability distributions, we resampled from the full simulated data
set (1's) to generate data sets of increasingly dispersed observations,
mimicking variation in capture times (Figure 3), containing respec-
tively: 172775 (1s), 3247 (I min), 610 (5min), 323 (10min), 212
(15min), and 151 (20 min) observations. Additionally, we quantified
the effect of increasing the duration over which observations were
recorded (referred to as the “extent” of the data below) to assess
whether increasing sample size in this way could compensate for
reduced data resolution. To do so, we simulated additional move-
ment data sets to provide 48, 96, 144, and 192h of movement data
with a temporal resolution of 10-min mean revisit times, contain-
ing respectively 323 (48h), 662 (96h), 967 (144 h), and 1310 (192h)

observations.

Baboon data set

Our field data set consisted of 74 days of full-day follows of a
baboon troop at the De Hoop Nature Reserve in South Africa
(Barrett et al. 2004). Individual GPS points of all adult group
members (V= 14) were collected continuously throughout the day
by an observer walking repeatedly from one end of the group to
the other (Andrienko et al. 2013; Dostie et al. 2016). A GPS point
was taken on all adults present in the group by holding the GPS
receiver above the animal (or as close as possible) to record its
position and individual identity. In field tests, the GPS receivers
were found to be accurate to within 2-5 m. This generated 61 842
points, with a mean revisit time for each individual of 9min
(median 7min). The distribution of revisit times was lognormal
shaped (shape = 6.1 and scale = 0.6), with a long right hand side

Behavioral Ecology

tail, where 90% of all revisit times were less than 15 min. For our
sample focal animal from this group—AS, the second highest
ranking female—this provided 4998 observation points covering
708 h. As the points were not collected concurrently, linear inter-
polation between observation points was used to estimate associ-
ates’ positions at the observed times of AS (see Direction matching for
sparse data sets section).

ANALYSIS
Direction matching models tested

We propose 2 models based on an individual’s response to group
isolation and social isolation, respectively (Equations 1 and 2).
These allow us to test 2 hypotheses concerning the way that animals
are thought to maintain cohesion within a group: one in which the
animal is largely responding to the group as a set of homogenous
individuals and the other where individuals respond to the group as
a heterogeneous collection of individuals. Equation 1 assumes that
the motion of the focal animal is solely influenced by the group,
whereas Equation 2 includes the influence of both the group as
a whole and individuals within the group. By incorporating both
hypotheses within Equation 2, we can compare between these 2
hypotheses.

0, =B, + (chi’cm | D, >0, and DA, >a’d) (1)

9, = Bbﬁz—l + (chi}CM | D, >0, and DA, >ada)+ i (Bx,]z’}l,] I D‘.N >(xs) (2)
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750 1,000

(a) Positions of simulated agents over a 100-min period, with increasingly sparse observations: (b) 1-min, () 5-min, (d) 10-min, (¢) 15-min, and (f) 20-min

mean revisit times. The thick black line/point represents the position of the focal individual on which the direction matching was applied, associates are

assigned smaller points with gray shading.
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where 9, is the observed travel direction of the focal animal 7 and is
influenced by external factors: @,_, is the previous direction of travel
(i.e., previous bearing), D¢y is the circular mean of the directions
to all associates from the focal animal 7, and 9, ; is the direction to
individual j from focal animal ¢ (Figure 4). The parameters [, Bems
and f,; represent the weights of each influencing factor, and each
provides the strength of its predictive influence on the focal individ-
ual’s direction of travel. Parameters oy, 0t4,, and o, are estimates of’
the conditions in which a focal individual is considered isolated, for
example, a highly spread group (0,5) in which DA is high (0,,) and/
or the distance from preferred group associates is high a,. We mea-
sured group isolation of the focal animal ¢ at time ¢ in terms of DA in
associates (DA) and the spread of associates (D)) relative to the focal
individual. Social isolation of the focal individual ¢ at time ¢ was mea-
sured as the straight line distance between 2 individuals (D,;).

Fitting direction models

We used GeoTools in java (www.geotools.org) to develop a tool that
extracts the direction of travel of a focal individual, the position and
direction of travel of associates, the mean circular angle, and inter-
mdividual distances at each observation time. The output from this
tool can then be treated as an overdetermined system of equations,
describing changes in x and y positions. In the case of linear equa-
tions, it is then possible to fit parameters by a least squares method
(X =(A'A)" A'Y). Alternatively, with nonlinear equations, such as
Equations 1 and 2, optimization methods can be used. We used the
DEoptim algorithm (Mullen et al. 2011) in the R environment (R
Core Team 2015) to minimize the sum of squares difference between
observed and predicted direction of motion. As our equation is lin-
ear with conditional statements, we used the DEoptim algorithm
to select values for the conditional parameters (04,0, and o). We
then used nonnegative least squares (Soctaert et al. 2009) to solve
the remaining linear equations and return the sum of squares dif-
ference between observed and predicted directions of travel to the
DEoptim algorithm. Nonnegative least squares were used as we are
interested only in attractive influences in our hypothesis. This opti-
mization method reduces the parameter space explored by DEoptim
(i.e., parameter space of 3) and takes advantage of the linear aspects
of Equations 1 and 2. For the simulated data sets, the range explored
by DEoptim of the 3 conditional parameters was set at 0-5000 m for

Figure 4
Visual diagram of Equation 2 applied to one focal baboon (AS).
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a4, 0—1 m for a,, and 0-100 m for a,. For the baboon data set, we
kept the range of conditional parameters the same as in the simu-
lated case, but increased the range for social distance (o) to 0-1000
m, as we are less certain about the potential range of this parameter.
As autocorrelation was present in the residuals of models for higher
frequency data sets, all confidence intervals (Cls) for attraction coef-
ficients were estimated using a block bootstrapping approach, using
1 h as the geometric mean value of block length (Politis and Romano
1994; Canty and Ripley 2016).

RESULTS
Simulation results

Effect of temporal resolution

When the frequency of the simulated data was at the maximum
temporal resolution (i.e., 1-s observations), the direction match-
ing approach successfully identified the influence of the group
as a whole on focal animal (agent 0) movements (., = 0.85)
(Figure 5a). Similarly, estimates of the influence of associates
on direction of travel were all 0, except for the one individual
(agent 2) to which the focal animal was attracted in the simula-
tion (3p, = 0.001). However, the 95% CI for B, contained 0 (95%
CI: 0, 0.004) suggesting uncertainty in this estimate. Not surpris-
ingly, the estimated coefficient of the previous direction of travel
was also found to have a strong influence on the observed direction
of travel (3, = 0.91). Furthermore, the method was able to iden-
tify the correct conditional parameters defining when anti-isolation
behaviors, that is, movement toward the group mean direction or
movement toward a social partner, would occur: o5y = 350.12,
CI = 349.83, 350.39; a4, = 0.80, CI =0.801, 0.800; a, = 3.9,
CI = 0.0, 8.2, with the social parameter estimate o, containing 0
within the estimate of the 95% CI. As we resampled the data to
lower temporal resolutions, we quickly lost accuracy in the esti-
mates of 0, 0,4,, and o (I'igure 6). More promisingly, however, the
ability to distinguish between competing hypotheses was much less
sensitive to reductions in data frequency (Iigure 5): Specifically, the
estimated coefficients for direction to group as a whole (2,,) were
consistently present, with larger uncertainty around the estimate as
temporal resolution was lowered. Estimated coefficients for direc-
tion to associates quickly lost the ability to distinguish between
influence from the true attraction to agent 2 and influence from
agent 3 (Iigure 5). In the simulation, agent 2 was attracted to
agent 3, forming a link: 0 — 2 — 3. The estimated coeflicients
consistently distinguished agents 2 and 3 from influence of all
other agents up to 10- to 20-min temporal resolutions, where the
estimated coeflicients suggest attraction to agent 1 (in the simula-
tion, agent 1 is attracted to the same agent as agent 0: i.e., | — 2).

Effect of temporal extent

When the time frame over which the data were analyzed was
increased from 48 to 96, 144, and 192h, we found that the esti-
mates of coeflicients and conditional parameters became more
accurate (Iigures 7 and 8). Estimates of conditional parameters
gained only marginal improvements, whereas at 192h of observa-
tion, estimates of the coeflicients for direction toward specific asso-
ciates (9; ;) more confidently identify agents 2 and 3 as having an
influence on motion of the focal agent 0.

Estimating attractions within the group
When the estimated attractions between individuals in the group
were compared using the 1-s data set and the 10-min data set
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against the true (simulated) attractions, we found that estimates
produced a different pattern of attractions depending on the reso-
lution of the movement data (Figure 9). The low frequency data
set (10min) produced estimates that captured the general flow of
attraction, with individuals showing estimates of moving toward
individuals “downstream” of their true social attractions. For exam-
ple, in the simulation, agent 4 moved toward agent 5 when not

hungry. When using sparse data, the direction matching method
estimated positive influence coefficients to 6 and 12 as well as
5. This is, however, a sense in which all these individuals form a
“chain” of attraction, that is, in the simulation agent 4 is attracted
to 5,5 to 6,and 6 to 12.

The high-frequency data (1), in contrast, showed the ability to
correctly identify the specific nature of these individual attractions.
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Figure 8

The estimated influence coefficients as the extent of data is increased from (a) 48h, (b) 96h, (c) 144h, and (d) 192h. Estimated coefficient for previous
direction of travel (b), direction toward the mean group direction (cm), and direction from the focal agent 0 to cach agent in the group are presented along
the x axis. Vertical bars are the 95% Cls.

Nevertheless, there was a clear effect whereby individuals that per- socially isolated due to the attractions of others, were found to have
formed fewer social movements in the simulation, that is, those smaller estimated influence coefficients (r = 0.9, P < 0.001). This
at the center or downstream of the flow of attraction, and so less may be a consequence of the fact that, as the recording frequency
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Actual: simulation

Figure 9

Estimated: 1 sec resolution
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Estimated: 10 min resolution

Attraction networks for the true attractions implemented in the simulation, estimated influence coefficients using high-frequency data (1-s revisit time),

and estimated influence coefficients using sparse movement data (10-min revisit time). Revisit time refers to the average time between observations of an

individual in the group, in which location and id were recorded.

¢

0.44
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6 7 8 9 11 12 13

External factor

Figure 10

The estimated influence from one focal baboon in the observed GPS data. External factor “b” represents the previous bearing, “cm” represents the pull

toward the mean circular direction of the group from the focal individual, and the numbered factors represent the pull toward specific individuals in the

group.

of the data increased, the relative proportion of observed directions
of travel that were influenced by movement toward a social partner
was reduced. Over a period of 1h, for example, observed directions
of travel at intervals of 1s might be the result of attraction toward
a social partner only a few times, whereas a 5-min revisit time will
generate a relatively higher proportion of observed directions of
travel due to attractions toward a social partner.

This can be seen in the increase in the magnitude of the uncer-
tainty around the estimated coeflicients as temporal resolution is
decreased: At 1s, the difference between the estimate and its associ-
ated 95% upper CI (standardized by the estimate: i.c., (Bgo — upper
CI) / Bgg) is 2.6, at 1 min 0.1, at 5min 0.3, at 10min 0.4, at 15min
0.9, and at 20min 1.0, that is, we get a U-shaped curve. As the

95% CI was calculated via bootstrapping, we would expect that at
1-s intervals, where many of the observed directions of travel are
not based on direction to social partners, random sampling would
increase the uncertainty of the estimate. At decreased temporal
resolutions, more of the observed directions of travel are related
to movement to social associates, thus reducing the uncertainty of
the estimate. As the temporal resolution is further decreased, we
again see an increase in uncertainty due to the fact that, with lon-
ger periods between observations, there are increasing numbers
and sequences of behaviors. In the case of our simulated popula-
tion, 1 min would seem the optimal point at which to collect data
in order to reduce the uncertainty around these social attraction
estimates. These effects are especially clear in the cluster of agents
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11, 12, and 13 (i.e., a triadic attraction structure), where agents
upstream of the cluster show increasing estimates of influence
compared with those at the center (Figure 9). In this cluster (11, 12,
and 13), the estimated influence coefficients are an order of magni-
tude lower, with the influence coeflicient between 11 and 12 being
correctly identified as greater than 0, but containing 0 in its 95%
CI. Similarly, this is the case with the reciprocal attractions between
individuals 7 and 8, as well as the other triadic structure containing
individuals 0 and 2 (Figure 9).

Baboon results

Applying the direction matching method to a sample focal animal
in our real baboon data set, using Equation 1, we found that AS
was sensitive to the previous bearing (9,_)) and the position of the
group as a whole (9,). More specifically, the model suggested that,
when DA in the group was above 0.13 and the spread of the group
was larger than 5.1 m, the focal animal was influenced by mean
group direction. These conditions apply in 96% of the observa-
tions, indicating a wide-spread influence of the group on travel
direction.

When we applied Equation 2 to the baboon data set in order
to test between the 2 hypotheses of cohesion (i.e., sensitivity to
the group vs. sensitivity to specific individuals), we found that AS’s
direction of travel showed signs of being sensitive to previous
bearing (9,_,), the group as a whole (2,,), and specific individuals
within the group (9, ) (Figure 10). The largest influence on direc-
tion of travel was that of the previous heading of the animal (9,_,).
When we examine the estimated isolation conditions under which
the 9, and 9, ; influenced travel direction, we found that 7, was
estimated to become a factor only when the magnitude of DA
was greater than 0.94 and where the sum of the inter-individual
distances (D) was not influential (95% CI = 0, 15.6 m). The DA
condition (i.e., DA > 0.94) occurred in only 4.2% of the data, sug-
gesting that moving toward the group as a whole was infrequent
and occurred only when DA was very high. In terms of moving
toward particular animals in the group, AS was sensitive (in order
of highest to lowest effect) to the highest ranking female (SA, id 9),
the alpha male (SC, id 11), the third highest ranking female (VI,
id 13), and a low ranking female (AC, id 1) (Figure 10). She also
showed signs of attraction toward a transient subadult male (KN,
id 0). AS was estimated to be attracted to these specific individu-
als when their distance was more than 5.6 m (95% CI = 1, 10.2
m). All estimates of attraction coefficients to other animals in the
group had 95% ClIs that included 0. Calculating the proportion of
variation in direction of travel explained by each model, as 1 minus
the residual sum of squares over the total sum of squares, we find
that the 7 of Equation 1 was 0.30, whereas the »* of Equation 2
was 0.32.

DISCUSSION

Our results indicate that sparse data are able to estimate functional
relationships between specific contexts and particular movement
behaviors and thus can be used to interrogate the individual move-
ment behaviors that underpin the coordinated movement of social
groups. Although we lost accuracy, as well as the power, to identify
the correct model structure as the data became increasingly sparse,
this was ameliorated by increasing the extent of the data set. At
present, extended periods of observations using animal-mounted
products are limited by battery life, whereas data collection by field
researchers, at least in principle, offers the possibility of long-term
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observations, such that collection of sparse movement data may
be more feasible for many field researchers. In addition, given that
increasing the extent of the observational period will almost cer-
tainly result in capturing a broader range of social and ecological
conditions, models fitted to increasingly large data sets should also
provide more generalized results. This suggests that the direction
matching approach with sparse data is well suited to detecting com-
mon and consistent patterns of motion. This is useful for ques-
tions concerning behavioral responses to frequently encountered
social and ecological conditions (e.g, dyadic interaction within
groups, common group formations/structures, or reducing isola-
tion), but less useful for identifying specific behavioral responses to
rare events, where higher frequency data and a focus on shorter
time scales are likely necessary. Our simulation also suggested that
parameter estimation of the contexts under which a behavioral
pattern occurred will similarly benefit from high-resolution data.
Importantly, however, comparisons that assessed the relative mag-
nitude of influential factors were less sensitive to data resolution
(Figure 5).

Estimating attractions between individuals in the group using
direction matching suggests that there is a tradeoff when varying
the temporal resolution of the observed data set. When the resolu-
tion of the data set was reduced (average 10min between points),
the direction matching method was able to estimate the general
flow of attraction between individuals in the group, whereas the
high-frequency data set direction matching was able to correctly
identify specific between-individual attractions, albeit at a cost of
increased sensitivity to the proportion of time individuals spent
performing this attraction behavior. This sensitivity resulted from
increased variation in movement behavior as temporal resolution
was increased.

One way to think about these results, then, is to envisage adjust-
ing the focus on a microscope: At sparse temporal resolutions, we
can extract a group-level view of inter-individual influence pat-
terns, but as we adjust the focus and increase temporal resolution,
we achieve a more detailed account of the influence between spe-
cific individuals in the group, at the cost of increased variation or
noise. That is, estimates of influence using coarse movement data
sets are more heavily influenced by the attraction patterns of oth-
ers in the group (e.g., 4 attracted to 5, 5 attracted to 6, etc.) which
therefore provides a group-level view of social attractions whereas,
for data sets with increased temporal resolution, these effects are
reduced, which allows the identification of individual-level esti-
mates (Figure 9).

As individuals cluster together spatially in the simulation due to
their specific attractions, it is perhaps not surprising that the ability
to estimate attractions between specific individuals within clusters
is reduced when using sparse data. This suggests that the degree to
which a population is spatially clustered will be an important factor
in the ability of the method to identify the correct influence when
using increasingly sparse data sets. For example, a group that is
consistently tightly clustered will have significantly less variation in
the direction of groupmates, limiting the ability of direction match-
ing to estimate attraction weights. In such a case, we would expect
that higher frequency follows would be required to achieve specific
between-individual estimates. Conversely, in groups that are more
widely dispersed, with a high degree of within-group structure,
the use of direction matching is likely to be robust to reductions in
temporal resolution of the movement data set. This suggests that
the overall spatial geometry of a social group is an important con-
sideration when choosing a resolution at which to collect data on

9T0Z ‘S 800100 U0 3bpuguI 10 AsBAIUN T /BI0'S[eUINO [pI0JX0"008URq//:dNY WO} PaPeo luMoQ


http://beheco.oxfordjournals.org/

Page 10 of 11

individual movement patterns and applying direction matching to
gain insight into inter-individual influence patterns.

When applied to a focal individual, the direction matching
approach found consistent patterns that suggested preferential
movement toward particular individuals. Specifically, our focal ani-
mal was most sensitive to location of the highest ranking females
(SA = rank 1 and VK = rank 3) and the alpha male (TR), which
accords with social association data collected independently of the
GPS values (Barrett L, Henzi SP, unpublished data). Given the
sparse nature of our data set, we treat these estimates of moving
toward specific individuals as the consequence of other group-
mate attractions as well, thereby proving an estimate of the flow
of attraction in the group. As found elsewhere, with high-resolution
data (Strandburg-Peshkin et al. 2015), the mean group direction
was also influential in explaining the observed motion of a single
animal, although this only emerged when the DA of the group was
high (i.e., highly clustered in one direction from the focal animal).

By assessing multiple possibilities within a single model, the direc-
tion matching approach provides a tool that can help tease apart
the relative influence of a range of potential factors in explaining
observed motion. Complicating the comparisons between the ten-
dencies to move in the mean group direction versus attraction to
specific individuals, however, is their relatedness. For example, the
correlation between mean direction of the group and the direction
to the highest ranking female (SA) relative to the focal animal (AS)
was = 0.59 (¢ = 71.66, df = 9610, P < 0.001). Nevertheless, when
both mean group direction and individuals considered (Equation
2), we found that AS was most influenced by SA, although SA was
not the animal whose movement was most closely aligned to the
mean group direction (this was VK, with a value of » = 0.69). AS’s
movement therefore appeared to be more sensitive to that of SA,
rather than to the mean direction of the group, so it does seem pos-
sible to tease apart these different patterns despite the correlation
between the 2 rules. The results from Equation 2 suggest, though,
that when the DA of the group was high, the mean direction of the
group became more influential than the direction of any particu-
lar individual (Figure 10), although it is clear that such conditions
occurred only infrequently (4.2% of the data).

Given that force matching is derived from physics and deals with
particle interactions, rather than the behavior of animate agents, it
raises an interesting issue regarding interaction among animals, and
what is meant by “force.” Along with changing the name to direc-
tion mapping, we also suggest relaxing the assumption that individ-
ual animals will always react instantaneously to all changes in their
associates’ positions (as might be expected of a physical system). We
assume, instead, that certain factors, such as those we consider here
(associates’ positions and mean direction of the group), will intro-
duce a consistent bias in observed motion. Direction matching can
then be used to estimate this bias and the conditions under which it
emerges (e.g., the mean direction of the group only becomes influ-
ential when DA in the group is high, as we found there), and such
estimates can then be used to test between competing hypotheses
about the factors that are driving observed motion.

Summary

Our results suggest that, within determinable limits, our proposed
modification to the method of force matching (i.e., direction
matching) can be used successfully to extract patterns of individual
movement from temporally sparse movement data. We demon-
strate this using simulation models to recover a prespecified pattern

Behavioral Ecology

of behavior. Applying our approach to data from wild baboons,
we were able to identify consistent behavioral responses in a focal
baboon in relation to the movements of others. Given the wide
availability and low cost of handheld GPS devices, we suggest that
sparse movement data sets of social groups can provide a valuable
means for developing and empirically testing models of how indi-
viduals control their local social and ecological environments.

SUPPLEMENTARY MATERIAL

Supplementary material can be found at http://wwwhbecheco.
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