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Abstract. We present a framework for fitting multiple random walks to animal move-
ment paths consisting of ordered sets of step lengths and turning angles. Each step and
turn is assigned to one of a number of random walks, each characteristic of a different
behavioral state. Behavioral state assignments may be inferred purely from movement data
or may include the habitat type in which the animals arelocated. Switching between different
behavioral states may be modeled explicitly using astate transition matrix estimated directly
from data, or switching probabilities may take into account the proximity of animals to
landscape features. Model fitting is undertaken within a Bayesian framework using the
WinBUGS software. These methods allow for identification of different movement states
using several properties of observed paths and lead naturally to the formulation of movement
models. Analysis of relocation data from elk released in east-central Ontario, Canada,
suggests a biphasic movement behavior: elk are either in an ‘*“encamped”’ state in which
step lengths are small and turning angles are high, or in an ““exploratory’ state, in which
daily step lengths are several kilometers and turning angles are small. Animals encamp in
open habitat (agricultural fieldsand opened forest), but the exploratory stateis not associated

with any particular habitat type.
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INTRODUCTION

Over limited time scales, the path of a moving in-
dividual often can be characterized by relatively simple
mathematical models. Examples of such models in-
clude biased random walks and correlated random
walks (Okubo 1980, Turchin 1998, Okubo and Levin
2001). Over longer time scales, these models often fail
to describe patterns of movement because of the like-
lihood that individuals change movement behavior
(Firle et al. 1998, Morales and Ellner 2002). One way
to accommodate these multiple behaviorsis to develop
different movement models for a number of discrete
modes or states of movement (Grinbaum 2000, Skal ski
and Gilliam 2003). In order to characterize long-term
movement of individuals over landscapes, it is nec-
essary to estimate both the parameters of the model
governing movement in each behavioral state and the
rate of transitions between states. Data from VHF ra-
dio-tagging or radio collars that use Global Positioning
Systems (GPS collars) can be used to locate the spatial
position of individuals at discrete time intervals and
make possible the reconstruction of movement paths
of animals. An important methodological question is
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how to make inferences about different movement be-
haviors, given movement paths. This requires answers
to three main questions: (1) how to distinguish different
movement states from relocation data; (2) how to pa-
rameterize movement models for each different state;
and (3) how to model transitions between different
states.

Recent analyses of animal movement data have fo-
cused on the distributions of distance moved or move-
ment rate (Viswanathan et al. 1996, Johnson et al. 2002,
Viswanathan et al. 2002). Other analyses rely on sum-
mary properties of movement paths, such as fractal
dimension (Nams 1996, Fritz et al. 2003) or first pas-
sage times (Fauchald and Tveraa 2003). We propose
instead to fit mixtures of random walk models directly
from observed trajectories. Furthermore, we present
ways to incorporate environmental factors into such
models.

Combining relocation datawith GIS (Geographic In-
formation System) mapping is a potentially powerful
way of deducing the influence of |landscape features on
movement behavior. For example, we might expect an
animal to move quickly through suboptimal habitat, but
to slow down on encountering improved habitat. Con-
sider, for instance, an individual performing an area-
restricted search (Kareiva and Odell 1987, Bell 1991).
When it is in an intensive search state (for example
after encountering a habitat patch with abundant food),
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the animal’s step lengths will be short, turns will be
frequent, and turning angles large. In contrast, exten-
sive search states will be characterized by longer step
lengths and small, infrequent turning angles (Zollner
and Lima 1999).

Identifying movement states based on location data
requires decomposing a single observed bivariate dis-
tribution (step lengths and turning angles) into two or
more bivariate distributions (one for each behavioral
state identified). Using both step length and turning
angles to attempt this decomposition is likely to be
more powerful than using just one variable. The prob-
ability distributions used to characterize step length
should be carefully chosen. When an individual is in
a behavioral state characterized by small-scale move-
ments, the most common step lengths should be short,
(i.e., the mode of the step length distribution will be
located relatively close to zero), and when in a behav-
ioral state characterized by larger scale movements, the
most common step lengths should be longer. Conse-
quently, the distributions selected to model step length
in different behavioral states should have different
modes. This is in contrast to the case of multiple ex-
ponential distributions used by Johnson et al. (2002),
in which the mode of the step length distribution for
both small- and large-scale movements is the same and
very small.

Here, we use relocation data from GPS-collared elk
to classify movement into states, a small-scale move-
ment pattern corresponding to elk that are*‘ encamped”’
(Bailey et al. 1996), and larger scale movements un-
dertaken between camps, which we will refer to as the
“exploratory’ state. Specifically we attempt to:

1) devise a statistical basis for partitioning animal
movements into multiple states based on ordered series
of step lengths and turning angles;

2) include in this approach a method for estimating
the switching rates between movement states;

3) show how landscape data can be integrated into
this approach to explore whether certain particular
landscape features are associated with movement state
transitions.

Such an analysis would be extremely difficult using
classical methods of analysis; therefore we perform
inference with WinBUGS (Bayesian Analysis Using
Gibbs Sampler (Spiegelhalter et al. 1999; freely avail-
able online)® using data from the movement paths of
four elk reintroduced into east-central Ontario.

METHODS

The data

GPS collars were fitted to four cow elk (Cervus ela-
phus) that were translocated with 116 other elk from
Elk Island National Park, Alberta to east-central On-
tario, Canada as part of aprovincial reintroduction pro-

5 (http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/con-
tents.shtml)
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gram. Locations used in this study were the first ob-
tained each day, typically at 02:00, but sometimes at
00:00 or 04:00 hours, depending on fix availability. An
average speed of travel was calculated for each ap-
proximate 24-h period by dividing the distance between
successive locations by the time interval that separated
them. Turning angles (in radians) were calculated for
each trajectory. GPS paths were overlaid on aclassified
Landsat TM (Thematic Mapper) image obtained from
the Ontario Land Cover Data Base (Spectranalysis-Inc.
1999), with a pixel resolution of 25 m. Major habitat
types were enumerated as follows:. (1) water, (2)
swamp, (3) treed wetland, (4) open forest, (5) non-treed
wetland, (6) mixed forest, (7) open habitat, (8) dense
deciduous forest, (9) coniferous forest, and (10) alvar
(dwarf shrubs and limestone grasslands).

GPS fixes (obtained with an accuracy of 10—20 m)
from four collars (elk-115, 161, 287, and 363) were
obtained for 158, 164, 194, and 218 days, respectively,
following release on 15 April 2001. Corresponding net
displacements (straight-line distance from rel ease point
to the last relocation) were 7.1, 124.7, 89.5, and 92.5
km, respectively. Because all 120 released animals
were VHF-collared we know from their combined tra-
jectories that three of these individuals were mostly
solitary, whereas elk-115 was within 2 km of other
collared animals for much of itstracked history. During
the duration of the study, there was no snow accu-
mulation at any time, and none of the animals calved.
Displacement—time plots indicated no common effects
of season or of the rut (data not shown).

Models

We assume that the movement path of an individual
is composed of one or more random walks (RWs), each
characterized by distributions of step lengths and turn-
ing angles. Correlated random walks (CRW) occur
when turning angles are concentrated around zero (Tur-
chin 1998). When multiple RWs are considered, we
want to classify each observation as belonging to one
of these RWs and to obtain the parameters for each of
them. Obviously such a formulation potentially may
be applied to movement paths from any species and,
as we discuss later, may be fitted at the individual and
population level.

The general model structure can be formulated as a
latent variable model where each observation vy, (t =
1, ..., T) is associated with an unobserved (latent)
state-indicator variable I, = i, i O {1, ..., M} where
M is the number of different movement states consid-
ered. In thisway, every observation is assigned to only
one of M movement states. Observations y, = [r,, ¢,
are pairs of daily average movement rates and turning
angles. Conditioned on the ith movement state, each
observation is assumed to be independently drawn from
aWeibull distribution (for step length) with parameters
g and b, (i O{1, ..., M}), and wrapped Cauchy dis-
tribution (for turning angles) with parameters p; and p;
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(i O{1, ..., M}). For agiven vector of states I, the
likelihood function is

P(yla, b, p, p) = E W(rllalti bl,)c(¢t| s p) (D)

where W and C denote Weibull and wrapped Cauchy
distributions, respectively. Part of the analysisinvolves
finding the best combination for the elementsin I. As
the number of observations and behavioral states in-
creases, it becomes infeasible to evaluate all possible
forms of I, and Bayesian methods become particularly
useful in determining the best fitting combination. The
Weibull distribution takes the following form:

W(X) = abxb-texp(—axPb). 2

Note that if b = 1, this reduces to an exponential dis-
tribution. For b = 1, the distribution has an exponential
tail, and when b < 1, the distribution has afat tail. The
mode of the Weibull distribution is[(b — 1)/ab]* when
b > 1, and is zero otherwise. A justification for the
use of the Weibull distribution is presented in the Dis-
cussion. Wrapped Cauchy distributions are governed
by two parameters: ., the mean direction; and p, the
mean cosine of the angular distribution. The density
function (Fisher 1993) is

1 Lot
C) = o T4 07~ 20 cosld — )

O=¢=2m O0=sp=1 3

As p goes to zero, the distribution converges to a uni-
form distribution over the circle. As p goes to one, the
distribution tends to one the point distribution concen-
trated in the direction of .

Different movement models can be constructed by
fitting different numbers of RW models (corresponding
to different behavioral states) to the data and by making
the switching rate between these different RWs fixed,
or dependent on one or more landscape features. We
present results for seven models (WinBUGS code is
provided in the Supplement):

1) “Single,” asingle RW. The entire movement path
is assumed to be generated within a single movement
state, and we estimate parameters for step length dis-
tribution (a and b) and turning angle distribution (w
and p) for this state.

2) “‘Double,” a mixture of two RWs with no model
for switching. Each observation is assigned to one
movement state independently of previous states. For
this model we need to estimate parameters for step
length and turning angles in each state. In addition, for
every observation we need estimates for the probability
(mip of being in one or the other movement state.

3) ““Doublewith covariates.” The same asmodel (2),
but the probability of being in a movement state is
related to habitat type h in which the individual is cur-
rently located (out of H possible habitat types) via a
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logit link with v, parameters estimated directly from
the data:

Ny = exp(vy)/[1 + expvy)]  h=1,...

Mz =1 — my 4

where m;, is the mixture coefficient for the tth obser-
vation and determines the probability that the individ-
ual was in the ith movement state.

4) ““Double-switch,” two RWs with fixed switching
probabilities. Switching behavior between movement
states is explicitly modeled. At each time step, an in-
dividual can decide to change from the current move-
ment state to a different one with fixed probability. For
two possible movement states, we have a2 X 2 matrix
that defines the probabilities g; of being in movement
statei at timet + 1 given that the individual isin state
j at time t.

5) ** Switch with covariates.”” The same as model (4),
but with switching probability from the exploratory to
the encamped movement state (g,,) being a function of
distance to open sites:

"
eXp(Bl + hgl mhdh)

, H

O21

H
1+ eXp(Bl + 2 mhdh>
h=1

Ou=1-0x %)

where B, and m, are parameters, and d, is distance (in
kilometers) to habitat h. The rational e behind this mod-
el is that elk may be more likely to switch from the
exploratory state to encamped movement when they
are close to habitats in which they can obtain forage.
A switch from encamped to exploratory state could be
related to the internal state of the individual or to some
other factor, but we chose not to include covariates in
the determination of this transition probability. Egs. 4
and 5 are “‘logit” links to transform the real covariates
to the [0, 1] responses.

6) ‘“ Switch-constrained.” This model is identical to
model (4) except that the mode in the exploratory step
length distribution is forced (by constraining the prior
distribution) to have a mode greater than zero (i.e., b,
> 1).

7) " Triple-switch,”” three RWs with fixed switching
probabilities. This is a three-state analogue of model

(4.
Priors

The use and choice of priors is probably the most
controversial aspect of Bayesian methods (Dennis
1996). We used vague priors whenever possible (Table
1), except for the ** Switch-constrained”” model, as pre-
viously indicated.

The models were fitted using Monte Carlo Markov-
Chain (MCMC) techniques implemented within the
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TaBLE 1. Prior distributions.
Prior
Parameter distribution Interpretation
a gamma(0.01, 0.01) Scale parameter for Weibull distribution describing step length for the ith movement
state.
ep: gamma(0.01, 0.01) Difference between a; and a . ; when multiple walks fitted (g, ., = & + eps).
b, gamma(0.01, 0.01) Shape parameter for Weibull distribution describing step length for the ith movement
state.
e uniform(—mr, ) Mean direction for turning angles for the ith movement state.
o uniform(0, 1) Mean cosine for turning angles for the ith movement state.
My uniform(0, 1) Mixture coefficient for the tth observation: the probability that the tth observation is
in movement state 1 (m,, = 1 — my,).
v, norma(o, o), o = Coefficients in Eq. 4 relating state of individual to habitat in which it currently re-
100 sides.
B, norma(0, o), o = Intercept in Eq. 5 relating probability of switching to distance to open habitat.
100
m, normal (0, o), o = Slope in Eq. 5 relating probability of switching to distance to open habitat.
100
(o uniform(0, 1) Transition probability from the ith to the jth movement state.

software WinBUGS 1.4 (Spiegel halter et al. 1999). For
each model we ran four MCMC chains for 20000 it-
erations and examined autocorrelations and conver-
gence to stationary distributions in sample paths of the
parameters. Operationally, convergence is reached
when the quantiles of interest for the posterior distri-
butions do not depend on the starting points of the
Markov chain simulations. WinBUGS calculates the
Gelman-Rubin convergence statistic, as modified by
Brooks and Gelman (1998). This test compares vari-
ance between and within several Markov chains runin
parallel and with different initial points. Under con-
vergence, the ratio of pooled to within variances should
asymptote to one. We also checked that the width of
the central 80% interval of the pooled runs and the
average width of the 80% intervals within individual
runs had stabilized.

Model comparison and goodness of fit

Spiegelhalter et al. (2002) proposed a‘‘ Deviance In-
formation Criterion’” (DIC) as a natural generalization
of Akaike's Information Criterion (AIC). Asin AIC
and other model comparison tools, DIC consists of two
terms, one representing goodness of fit and the other
a penalty for increasing model complexity. Model fit
is summarized by the expectation of the posterior dis-
tribution of the ““Bayesian Deviance”’ (Dev), which is
calculated from the posterior distributions of the set of
parameters 6 as follows:

Dev(8) = —2log P(y]|6). (6)

Model complexity is measured by the ** effective num-
ber of parameters,” pp, defined as expected deviance
minus deviance evaluated at expectations for the pos-
terior of the set of parameters, that is, mean deviance
minus deviance of the means (see Spiegelhalter et al.
[2002] for the derivation of pp):

Po = Dev(6) — Dev(d). )
DIC is defined as follows:

DIC = Dev(d) + 2pp. ®)

We do not use DIC as astrict criterion for model choice;
rather we use it as a method for screening alternative
formulations in order to produce a set of candidate
models for further consideration.

The joint posterior distribution of parameters gen-
erated by the MCMC simulation can be used to check
the ability of models to reproduce observed properties
of the data We asked whether movement paths sim-
ulated with model parameters could produce autocor-
relation functions (acf's) for mean daily movement
rates similar to those observed in the data. Autocor-
relation in movement rate reflects the temporal struc-
ture of changes in movement behavior. For 5000 rep-
licates, we sampled from the joint posterior distribution
of model parameters. A movement path was then sim-
ulated with each set of sampled parameters, and we
calculated the acf of daily distance moved. In thisway,
we produced a ‘‘posterior predictive distribution’
(Brooks and Gelman 1998) for the acf that can be com-
pared to the observed one. Note that DIC assesses how
well a particular model fits the daily movement rate
and turning angles, whereas by doing the check on the
posterior predictive distribution of the autocorrelation
function, we are assessing the ability of models to fit
a property of whole movement paths that are not ex-
plicitly included in the model.

REsSULTS

Convergence of the Markov chains was usually
reached during the first few hundred iterations and au-
tocorrelation was indistinguishable from zero for lags
greater than 5. In order to be conservative, wediscarded
the first 5000 iterations and kept every 10th MCMC
sample for posterior estimation. Thus, the posterior dis-
tribution of each parameter was estimated from a sam-
ple of 4 X 1500 independent MCMC observations.
Tables of all estimated parameters (means and 95%
credible intervals) are included in Appendix A; DIC



2440 JUAN MANUEL

MORALES ET AL. Ecology, Vol. 85, No. 9

TaBLE 2. DIC (deviance information criterion) values for the seven models examined, with

the effective number of parameters, pp.

Elk-115 Elk-163 Elk-287 Elk-363

Model DIC Po DIC Po DIC Po DIC Po
Single 1083 4 804 4 902 4 1138 4
Double 1054 91 738 65 807 59 1056 76
Double with covariates NC NC 695 30 801 60 1040 32
Double switch 991 10 688 6 699 18 1033 47
Switch with covariates 1195 23 NC NC 724 16 1320 15
Switch constrained 984 8 644 16 689 17 945 19
Triple switch 896 19 641 23 626 16 960 54

Note: NC indicates that MCMC failed to converge.

values for each model and modal step lengths for each
movement state are reported in Tables 2 and 3.

Step length distributions derived from fitting a‘‘ sin-
gle’” RW wereall zero-modal and fat-tailed, with mean
values ranging from 0.99 to 1.32 km/d. The mean turn-
ing angle for all four animals was 165°, suggesting a
high tendency to reverse direction, but the mean cosine
of the turning angle was low, indicating a high variance
around this tendency (all turning angle means reported
are circular means; Fisher [1993]).

The ““double” model, in which there are two RWs
and no model for switching (and therefore no con-
straints on changing from one movement state to an-
other), place elk in the encamped state ~60% of the
time (range 0.47-0.70). Expected daily movement rates
in the encamped state range from 0.14 to 0.70 km/d,
and in the exploratory state from 1.651 to 3.26 km/d.
However, the Weibull distributions governing move-
ment in the exploratory state are zero-modal and fat-
tailed, indicating that most movement rates in the ex-
ploratory state are very close to zero, in contradiction
to our interpretation of movement for this behavior.
The mean turning angle for all individuals in the en-
camped state was 172°, indicating many reversals, but
was only 20° in the exploratory state.

The ‘““double with covariates’ model, in which the
probability of being in any one movement state may
be a function of the habitat type in which the animal
is located, yielded RWs broadly similar to those of the
‘‘double’” model previously described (except for elk-
115, for which this model failed to converge). The
principal difference was that animals were identified
as being in the encamped mode a greater proportion of
the time (range 0.81-0.88) relative to the ‘‘double”
model, and that the step length distribution in the ex-
ploratory state tended to have an interior mode (in con-
trast to the simpler double model) and a slightly in-
creased mean. No habitat variables were associated
with individuals when in an exploratory state, but all
individuals were more likely to be in an encamped state
when in open habitat. Other habitat types associated
with the encamped state were mixed forest and alvar
(elk-287); and water, dense deciduous forest, and co-
niferous forest (elk-363).

The ‘‘double switch” model (in which switching
rates between movement rates are estimated from the
data) yielded very similar resultsto the *“ double’” mod-
el for step length, turning angles, and time spent in
each movement state. Daily switching probabilities
from encamped to exploratory states ranged from 0.096

TABLE 3. Maodes for different movement states (all values have units of km/day).

State Double with Switch with  Switch Triple
and elk Single Double covariates Switch covariates constrained switch
State 1
Elk-115 0.000 0.331 NC 0.293 0.000 0.000 0.000
Elk-163 0.000  0.008 0.000 0.010 NC 0.000 0.019
Elk-287 0.000 0.061 0.024 0.017 0.021 0.015 0.050
Elk-363 0.000  0.082 0.088 0.073 0.000 0.006 0.000
State 2
Elk-115 0.000 NC 0.000 3.927 3.538 0.146
Elk-163 0.000 0.000 0.000 NC 4.429 0.000
Elk-287 0.000 1.910 0.940 0.000 1.783 0.190
Elk-363 0.000 2.912 0.000 1.846 4.004 0.079
State 3
Elk-115 2.784
Elk-163 0.590
Elk-287 0.682
Elk-363 0.000

Notes: NC indicates that MCMC failed to converge. Models are defined in Methods: Models.
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Fic. 1. Turning angles and step distributions for elk-287
in two behavioral states as inferred using the ‘*‘ switch-con-
strained model.”” Turning angles (visualized using polar plots)
have Wrapped Cauchy distributions with parameters p; and
p; corresponding to the mean of their posterior distributions.
Step lengths have Weibull distributions with parameters a
and b, corresponding to the mean of their posterior distri-
butions. Bars are observed frequencies of movements (km/
d).

t0 0.295, and from exploratory to encamped statesfrom
0.085 to 0.399.

The ‘“‘switch with covariates’ model (in which
switching probability may be a function of distance to
various habitat types) generated results similar to those
of the ‘“double with covariates,” i.e., a greater pro-
portion of time in the encamped state (0.78-0.91), a
longer mean step length in the exploratory mode (3.65—
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5.53 km/d), and a tendency for the step length distri-
bution to have an interior mode in the exploratory state.
However, the switching rates were not related to dis-
tance to any habitat type for any of the individuals (no
m, significantly different from zero) except for elk-363,
for which the propensity to switch from exploratory to
encamped state increased with distance from open hab-
itat.

The **switch constrained”” model yielded RWs very
similar to those of ** switch with covariates” and ** dou-
ble with covariates.”” Mean values of step length varied
from 0.233 to 0.659 km/d in the encamped state, and
from 5.23 to 7.00 km/d in the exploratory state. Modes
in the exploratory state varied from 1.78 to 4.43 km.
Daily switching probabilities from encamped to ex-
ploratory state ranged from 0.047 to 0.156, and switch-
ing from exploratory to encamped states ranged from
0.372 t0 0.616. Fig. 1 illustrates fitted distributions for
turning angles and step length for elk-287 in the two
movement states.

The “‘triple switch”” model, in which three RWs are
fitted with switching parameters, tends to divide the
encamped state into two further states: an almost sta-
tionary state in which movement rates are very low
(0.03-0.11 km/d) and alow movement state (0.33-0.73
km/d). However, it leaves the parameters for the ex-
ploratory state almost unchanged compared to those of
““switch constrained,” ‘‘switch with covariates,”” and
““double with covariates” models. The proportion of
time spent in the exploratory state is almost identical
to that of these other three models, but the proportions
of time spent in the almost stationary and |low-move-
ment states are variable with the individual (ranges
0.10-0.40 and 0.40-0.80, respectively). Fig. 2 shows
the assignment of movement states with all of the mul-
tiple mixed RW models fitted to elk-163, together with

Daily movement rate

Julian date (day 1 = 1 January)

FiG. 2. Activity bar showing the assignment of behavioral states through time for all multiple RW (random walk) models
fitted to elk-163: A, ““Double”’; B, ‘“Double with covariates’’; C, ‘‘Double switch’’; D, ‘Switch constrained’’; E, *‘ Triple
switch.” Gray bars correspond to the exploratory state, white bars to the encamped state, and black bars to the fastest
movement state in the ** Triple switch’” model. Dots above the activity bars indicate daily movement rate on log scale. Models

are defined in Methods. Models.
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Fic. 3. Autocorrelation functions (acf’s) of daily move-
ment rate for observed and modeled elk paths for lags 1-60
for al four individuals. The left-hand column has acf’s cor-
responding to the ** double-switch’ model, and the right-hand
column corresponds to acf’s from the *‘ switch-constrained”
model. Lines connecting solid circles (data points) are ob-
served acf’s. Thin lines are 95% credibility intervals for the
acf’s of modeled paths (5000 replicates).

step length data for the movement path of this indi-
vidual.

DIC values for each model indicated that rank order
of performance of these different models varied with
individuals (Table 2). Mixed multiple RWs were usu-
ally supported by a considerable margin over a single
RW. Furthermore, more structured models with explicit
“switch’” parameters or models that linked movement
states to habitat tended to outperform theless structured
““‘double’” model in which states were freely assigned.
“Single’” and ‘‘double-switch”” models were always
among the least supported three models for all indi-
viduals; ‘‘triple” and ‘‘switch-constrained” were al-
ways ranked first or second in the level of support.
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Comparing the autocorrelation structure in the model
output and the data provides a further means by which
model fit to the temporal structure of observed data
may be judged. In Fig. 3, acf’s from observed data are
compared with those predicted by the ** double-switch”
and ‘‘ switch-constrained” models applied to the four
individuals. The ““ switch-constrained’’ model provides
an improved representation of the observed acf for elk-
115, 163, and 363 compared to the ‘‘ switch model.”
This improvement arises because the constrained mod-
el forces a nonzero mode on the step length distribu-
tion, which is modeled with zero-modal distributions
by the unconstrained model. There is no noticeable
improvement for elk-287 because the step length dis-
tribution is nonzero modal in both versions of the mod-
el. In general, only those models that adopted distri-
butions with nonzero modes for the exploratory state
were able to faithfully represent the observed structure
in the acf.

DiscussioN

Identifying behavioral states based on some set of
observations is a common methodological problem in
behavioral ecology. For example, Sibly et al. (1990)
developed a method to identify different behavioral
states based on the rate of some activity such as the
pecking of afeeding bird. They assumed that pecking
is a Poisson process (i.e., events arise at random and
independently of the timing of any previous event),
which means that the time interval between events will
be exponentially distributed (Karlin and Taylor 1975).
Nonlinear curve fitting on log-transformed frequencies
of waiting times between events can be used to ask
whether the observed pecking intervals are best de-
scribed by one or multiple exponential distributions,
each corresponding to a different behavioral process.
This approach was modified by Johnson et al. (2002)
in order to identify scales of movement in caribou.
Frequency distributions of rates of movement obtained
from animal locations collected using GPS collarswere
modeled with one, two, or three exponential distribu-
tions. Threshold values (or *‘scale criteria’’) were used
to differentiate between movement rates corresponding
to different categories of movement scale. Other tech-
niques have been developed to identify scale ‘‘do-
mains”’ (Wiens 1989) from movement paths. Changes
in the fractal dimension (tortuosity) of movement paths
have been interpreted as changes in movement behavior
across scales (Nams 1996, Fritz et al. 2003). Similarly,
Fauchald and Tveraa (2003) used changes in the var-
iance of first passage times to measure how much time
an animal uses within an area of a given spatial scale.

We have presented a general and flexible framework
by which movement paths may be described and be-
havioral states of animalsinferred. Thisframework has
several advantages over previous approaches: (1) it
uses information from both turning angles and step
lengths in assigning behavioral states to movement
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events; (2) it accounts for temporal ordering of the data;
(3) it provides ameans of directly estimating switching
rates between behavioral states; (4) it allows formu-
lation of models in which the habitat that individuals
are located in, or the proximity of different habitat
types, might influence behavioral state; (5) it leads nat-
urally to the formulation of models of movement as
opposed to just a classification of movement states or
the determination of scale domains.

Our approach is similar to that of Blackwell (1997)
and Jonsen et al. (2003). However, both of their studies
used Gaussian distributions to model the distance
moved in each dimension of a plane, instead of mod-
eling step length and turning angles. We propose the
use of Weibull distributions to model the distance
moved for the following reason. Suppose that during
the time period between successive GPS fixes, the an-
imal performs an unobserved ‘‘microscale’ correlated
random walk. Given enough time, such a CRW will
converge to normal diffusion, in which displacement
distance (r) after time t is given by the probability
density function:

f(r) = ﬁ exp(—ﬁ) ©

where D is the diffusion rate. Eq. (9) is equivalent to
the two-parameter Weibull density (Eqg. 2) with shape
parameter b = 2 and a scale parameter a = 1/4Dt (Cain
1991). Convergence to a simple diffusion and, hence,
to a Weibull distribution with shape parameter 2 for
the distance moved is expected even for mixtures of
CRWs (Skellam 1973, Morales 2002, Skalski and Gil-
liam 2003). Of course, there is no reason to suppose
that the distribution describing the displacement of an
individual has converged to a Weibull distribution over
the time interval between location fixes (convergence
is less likely when this interval is short, or when in-
dividuals move little, and presumably is more likely
when movement rate is higher). However, a Weibull
distribution (with b # 2) may be flexible enough to
accommodate departures from this convergence. For
example, Rudd and McEvoy (1996) found that Weibull
distributions provided good fit to observed cinnabar
moth (Tyria jacobeae) displacement. The Weibull dis-
tribution not only describes the distribution for distance
moved under simple diffusion, but also it has a very
flexible shape, which may approximate the distribution
of distance moved under other forms of movement. The
only drawback of the Weibull is that its density at zero
distance is undefined for some combinations of param-
eters.

Given the high accuracy of GPS fixed locations, and
the relatively large distances moved each day by these
elk, we chose to ignore measurement error. However,
itisstraightforward to incorporate known measurement
error in these analyses by specifying informative priors
on measured variables (e.g., Jonsen et al. 2003). Be-
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cause we only have datafor four animals, we havefitted
models to each path, but our models can be extended
to include a population level by adding hyper-prior
distributions; i.e., adding prior distributions for the pa-
rameters of prior distributions (Jonsen et al. 2003).
Each individual is assumed to sample its movement
parameters (for example, the mean cosine of turning
angles for the encamped mode) from a common, pop-
ulation-level distribution of individual parameters. A
hierarchical approach would also permit an assessment
of the degree of individual variability in movement
behavior. In Appendix B, we provide an example of
such a hierarchical approach applied to data simulated
using a switching model with parameters similar to
those found for our four elk. Further details on hier-
archical Bayesian models can be found in Wikle (2003)
and in the WinBUGS user manual (Spiegel halter et al.
1999).

Elk are complex, cognitive animals, and it would be
naive to assume that their movement paths could be
fully described by simple memory-less models of the
type described here. Inevitably such models will only
succeed in characterizing certain aspects of their move-
ment paths. However, our analysis suggests that, at
least over the period of a few months, elk movement
may be thought of as multiphasic: elk spend the ma-
jority of their time in an encamped state (in which step
lengths are of the order of hundreds of meters, and
turning angles tend to be very high), or in an explor-
atory state (in which daily step lengths are several ki-
lometers, and turning angles are lower; see Fig. 1).
Application of the ‘“double with covariates” model
consistently reveals that animals are likely to encamp
in open habitat (agricultural fields and opened forest),
but finds no habitat associationsin the exploratory state
(Appendix A, Table A3).

Visual inspection of movement paths suggested that
elk alternate between at least two types of movement
and that a single movement model such asaCRW could
not adequately represent their behavior. DIC valuesin-
dicate that models with two movement states usually
outperformed the ‘‘single’” model, indicating that
movement of elk isindeed better described asamixture
of movement behaviors rather than a single process,
even if we use very flexible distributions for turning
angles and distance moved. However, our simplest bi-
phasic models (‘*double’” and *“switch’”) usually fitted
fat-tailed and zero-modal distributionsto infrequent ex-
ploratory moves. This presumably helped to account
for variation in small- to medium-sized steps. We con-
sidered the identification of a second state associated
with exploratory behavior, in which the most common
moves were very small to be biologically problematic
because, by definition, we expect the exploratory state
to consist of long step lengths. The problem may be
overcome in two ways: (1) constrain the second Wei-
bull distribution to have a mode greater than zero, or
(2) add a third state that results in subdivision of the
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encamped state into two states permitting very small
and small steps, leaving the exploratory state to be
described by a distribution with nonzero mode char-
acteristic of longer step lengths. Although it is not clear
that this triple-phase model containing the ‘“‘very small
steps”’ really represents discrete behavioral states, or
is biologically informative with respect to larger scale
movement patterns, it does provide an improved fit of
the model to the data.

The interpretation of DIC requires caution. Although
DIC values for the ‘‘switch-constrained” model are
smaller than those of the unconstrained ** switch’” mod-
el, only the differences for elk-163 and elk-363 are
larger than 10 units. Because the constraint that we
imposed corresponds to putting a very strong prior on
movement length in the exploratory state, which will
have a large effect on DIC, we do not regard DIC as
an appropriate criterion for choosing between these
models. Thus amore sophisticated assessment of model
adequacy is required to compare models in which pa-
rameter values are constrained. Rather than looking for
the smallest DIC value, we suggest that it is important
to consider the ability of models to fit different aspects
of data, especially those that have not been explicitly
modeled. For example, our insistence on having non-
zero modes for the exploratory state is justified by the
fact that only in those cases in which the exploratory
state had a mode away from zero were we able to
simulate autocorrelation functions similar to those ob-
served for elk (Fig. 3). We interpret the apparent cy-
clicity in observed autocorrelation in the rate of move-
ment as being a consequence of individuals moving at
a similar rate while in a particular movement state,
acting in conjunction with switching between move-
ment states that results in a characteristic time spent
in each state (see also Fig. 2).

The generality and flexibility of methods presented
here comes with the cost of computing time and need
for careful assessment of MCMC convergence. How-
ever, the availability of WinBUGS software makes im-
plementation of numerical techniques relatively easy
and it also provides useful diagnostic tools. As with
any Bayesian method, an explicit quantification of un-
certainty in model parameters is given by their pos-
terior distributions. Because we have used very vague
priors (Table 1) and have a large number of sample
points in each path, we expect that these posterior dis-
tributions will be determined largely by the data. The
use of informative priors in the *‘ switch-constrained’
model seems justified on biological grounds and on
model fit.

Simple, homogenous movement models have suc-
ceeded in describing relatively short-term movement
paths within homogeneous environments. Describing
movement paths in heterogeneous environments and
over longer time scales for large cognitive animals will
require more sophisticated models that account for
greater behavioral complexity. Fitting these more so-
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phisticated models to data is technically challenging,
but the increasing development and use of MCMC
methods represents a promising means by which this
challenge may be met.
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APPENDIX A
Mean and 95% credibility intervals for the posterior distributions of model parameters are available in ESA’s Electronic

Data Archive: Ecological Archives E085-072-A1.

APPENDIX B
A hierarchical analysis of simulated movement data is available in ESA’s Electronic Data Archive: Ecological Archives

E085-072-A2.

SUPPLEMENT
The WinBUGS code for analysis of movement paths is available in ESA’s Electronic Data Archive: Ecological Archives

E085-072-S1.



