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Abstract. The identification of important habitat and the behavior(s) associated with it is critical to
conservation and place-based management decisions. Behavior also links life-history requirements
and habitat use, which is key to understanding why animals use certain habitats. Animal population
studies often use tracking data to quantify space use and habitat selection, but they typically either
ignore movement behavior (e.g., foraging, migrating, nesting) or adopt a two-stage approach that
can induce bias and fail to propagate uncertainty. We develop a habitat-driven Langevin diffusion
for animals that exhibit distinct movement behavior states, thereby providing a novel single-stage
statistical method for inferring behavior-specific habitat selection and utilization distributions in
continuous time. Practitioners can customize, fit, assess, and simulate our integrated model us-
ing the provided R package. Simulation experiments demonstrated that the model worked well
under a range of sampling scenarios as long as observations were of sufficient temporal reso-
lution. Our simulations also demonstrated the importance of accounting for different behaviors
and the misleading inferences that can result when these are ignored. We provide case studies
using plains zebra (Equus quagga) and Steller sea lion (Eumetopias jubatus) telemetry data. In
the zebra example, our model identified distinct “encamped” and “exploratory” states, where the
“encamped” state was characterized by strong selection for grassland and avoidance of other veg-
etation types, which may represent selection for foraging resources. In the sea lion example, our
model identified distinct movement behavior modes typically associated with this marine central-
place forager and, unlike previous analyses, found foraging-type movements to be associated with
steeper offshore slopes characteristic of the continental shelf, submarine canyons, and seamounts
that are believed to enhance prey concentrations. This is the first single-stage approach for infer-
ring behavior-specific habitat selection and utilization distributions from tracking data that can be
readily implemented with user-friendly software. As certain behaviors are often more relevant to

specific conservation or management objectives, practitioners can use our model to help inform
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the identification and prioritization of important habitats. Moreover, by linking individual-level
movement behaviors to population-level spatial processes, the multistate Langevin diffusion can

advance inferences at the intersection of population, movement, and landscape ecology.

1 Introduction

The identification of important habitat is critical to wildlife population management and conser-
vation, as well as our understanding of the links between animal behavior and their environment
(e.g., Camaclang et al., 2015; Rice et al., 2017; Lennox et al., 2019; Dougherty et al., 2022).
This is often accomplished through animal-borne telemetry studies that attempt to quantify habi-
tat selection and/or utilization distributions (e.g., Hooten et al., 2017; Matthiopoulos et al., 2020).
These statistical methods include kernel density estimators (e.g., Worton, 1989), Brownian bridges
(e.g., Horne et al., 2007), resource selection functions (e.g., Manly et al., 2010), step selection
functions (e.g., Thurfjell et al., 2014; Fieberg et al., 2021), discrete-space movement models (e.g.,
Wilson et al., 2018), and, more generally, spatio-temporal point process models (e.g., Johnson
et al., 2013). There has also been recent work developing local (i.e., step-by-step) individual-level
movement models that scale in time and space to the expected (population-level) utilization distri-
bution in a coherent framework (e.g., Michelot et al., 2019a; Potts and Schlédgel, 2020), including
the habitat-driven Langevin diffusion of Michelot et al. (20195). Each approach has its pros and
cons (for brief reviews, see Michelot et al., 2019b; Northrup et al., 2022), but all suffer from one
clear deficiency: they assume movement characteristics and/or habitat selection do not change as a
function of behaviors (e.g., resting, foraging, nesting) arising from an animal’s internal state (e.g.,
fatigue, hunger, reproductive instinct).

This would be less important if animals selected for the same habitat characteristics regardless
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of behavior, but this is known to be untrue (e.g., Bouyer et al., 2015; Northrup et al., 2022). For
example, migratory birds prefer different habitat types for winter, summer, and stop-over sites, and
their movement properties will depend on whether they are resting, nesting, foraging, or migrat-
ing. Marine central-place foragers, such as pinnipeds and seabirds, typically use land (or ice) for
resting, molting, and reproduction, but forage at sea. Other specific examples include behavior-
dependent habitat selection in foraging and non-foraging movements of zebras (Dougherty et al.,
2022), encamped and exploratory movements of African elephants (Roever et al., 2014), sage
grouse (Picardi et al., 2022), and black bears (Karelus et al., 2017), resting, foraging, and trav-
elling in wild pigs (Clontz et al., 2021) and African lions (Suraci et al., 2019), within-patch and
between-patch movements in caribou (Johnson et al., 2002) and California pumas (Zeller et al.,
2014), resting and active movements in Canada lynx (Squires et al., 2013), resting, predatory, and
travelling movements in coyotes (Wilson et al., 2012), and resting, running, and travelling move-
ments in African wild dogs (Abrahms et al., 2016). Clearly, attempting to infer habitat selection
and utilization distributions across individuals exhibiting a range of different behaviors in response
to internal and external drivers could result in erroneous inferences and potentially ineffective man-
agement decisions (e.g., Wilson et al., 2012; Roever et al., 2014; Abrahms et al., 2016; Dougherty
et al., 2022; Picardi et al., 2022). As certain behaviors are often more relevant to specific conser-
vation or management objectives, behavior-specific inferences could help improve our ability to
identify and prioritize important habitats.

Linking habitat and the behavior(s) associated with it has benefits beyond informing behavior-
and place-based management decisions that are critical to conservation (e.g., Lennox et al., 2019;
Glennie et al., 2022; Northrup et al., 2022). For example, ignoring behavior limits our ability
to understand habitat use in the context of fitness and natural selection. Behavior provides the

fundamental link between life-history requirements and habitat use, and it is therefore key to un-
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derstanding why animals use certain habitats (e.g., Nathan et al., 2008; Beyer et al., 2010; Owen-
Smith et al., 2010). Linking such individual-level movement behaviors to population-level spatial
processes are also key to advancing inferences at the intersection of population, movement, and
landscape ecology (e.g., Morales et al., 2010; McClintock et al., 2022).

Despite a clear need and desire, current statistical approaches to inferring behavior-specific
habitat selection and utilization distributions from tracking data are limited (e.g., Thurfjell et al.,
2014; Northrup et al., 2022). Most adopt a two-stage approach (e.g., Johnson et al., 2002; Squires
et al., 2013; Roever et al., 2014; Zeller et al., 2014; Picardi et al., 2022), where commonly a
discrete-time hidden Markov model is first used for behavioral state classification based on move-
ment step lengths and turn angles (e.g., “encamped” vs. “exploratory” sensu Morales et al., 2004),
and then separate step selection analyses (e.g., Thurfjell et al., 2014) are performed using only
the locations corresponding to the behavior(s) of interest. However, such approaches typically ig-
nore habitat in the behavioral classification stage and fail to propagate state uncertainty into the
habitat selection stage. This can conflate the movement and selection processes, particularly if the
habitat-independent movement properties are not sufficiently distinct among the states, thereby in-
ducing bias and underestimation of uncertainty (e.g., Prima et al., 2022; Pohle et al., 2023). Other
approaches attempt to account for behavioral changes by performing independent analyses of sub-
sets of the data (e.g., by season; Rice et al., 2017), but these require a priori determination of
when these shifts occur and do not allow for the pooling of information among subsets or testing
hypotheses related to when and why these changes occur. The dynamic Brownian bridge model
of Kranstauber et al. (2012) does account for variability in the variance parameter of the Brownian
motion using behavioral change point analysis, but the resulting utilization distribution is an amal-
gam of this behavioral variation that, as with other Brownian bridge approaches, is not a function of

habitat covariates (i.e., linking space use to habitat thus still requires a two-stage approach). Ped-
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ersen et al. (2011) proposed a Bayesian continuous-time, discrete-space hidden Markov model to
simultaneously account for behavior state switching and heterogeneous space use, but the resulting
“residency distributions” are not a function of habitat covariates and cannot be directly interpreted
as utilization distributions.

The multistate step selection model of Nicosia et al. (2017) is, to our knowledge, the first
single-stage approach that can account for different movement behavior states and propagate state
uncertainty into the estimation of habitat selection parameters. Their model relaxes the standard
step selection analysis assumptions of time-invariant movement and selection processes, as well
as the assumption of serially uncorrelated movement (by modeling the latent movement behavior
state sequence as a discrete-time Markov chain). However, unlike other commonly used hidden
Markov models of animal movement (e.g., Morales et al., 2004; Jonsen et al., 2005; Langrock
et al., 2012; McClintock et al., 2012), the utility of their approach is limited because it does not
accommodate multiple individuals, missing or temporally-irregular data, or habitat covariates for
the state transition probabilities (e.g., for testing hypotheses related to the drivers of movement
behavior dynamics). Recent extensions have attempted to address several of these limitations (e.g.,
Prima et al., 2022; Klappstein et al., 2023), but, as a step selection model, the approach of Nicosia
et al. (2017) describes selection at a local scale that strongly depends on the (temporally-regular)
scale of the observed data and the specific choice of the movement (or “availability”) kernel (e.g.,
Thurfjell et al., 2014). Although not addressed by Nicosia et al. (2017), estimation of the utilization
distribution from step selection analyses typically requires simulation (e.g., Signer et al., 2017;
Klappstein et al., 2023) or solving for the steady-state distribution of the underlying movement
model (if it exists; e.g., Potts et al., 2014). With model fitting based on a custom expectation-
maximization algorithm, the approach of Nicosia et al. (2017) is also computationally demanding

and, in the absence of flexible user-friendly software, is unfortunately not readily accessible to
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practitioners.

We address these shortcomings by developing a habitat-driven Langevin diffusion for animals
that exhibit distinct movement behavior states, thereby providing a novel single-stage approach
for inferring behavior-specific habitat selection and utilization distributions in continuous time.
To facilitate implementation by non-statisticians, we provide a user-friendly R package for cus-
tomizing, fitting, assessing, and simulating the model. Practitioners can therefore readily apply
the multistate Langevin diffusion to better understand why animals use certain habitats and to help
inform behavior- and place-based management decisions. After presenting the model in the next
section, we perform simulation experiments assessing its performance under a range of sampling
scenarios. We then provide two case studies using plains zebra (Equus quagga) and Steller sea
lion (Eumetopias jubatus) data that have served as illustrative examples in previous (single-state)
habitat selection analyses, and we highlight some of the potential advantages and challenges of the

proposed approach.

2 Methods

2.1 Multistate Langevin diffusion

Michelot et al. (2019b) recently formulated a habitat-driven Langevin diffusion for inferring (individual-

level) movement and (population-level) utilization distributions from animal tracking data. This

continuous-time model can be written as the solution to the stochastic differential equation (SDE):
1
dp; = §2Vlog7r () dt + VEdB,, €))

where p, is location at time ¢, 3 is a variance-covariance matrix for the random Brownian motion
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component, V is the gradient operator, m (p,) is the utilization distribution evaluated at g, and
B; stands for standard Brownian motion (i.e., a continuous-time random walk). A key feature
of the model is that the solution for Eq. 1 is a continuous-time Markov process with stationary
(utilization) distribution 7, and this is specified using the form of a resource selection function

(e.g., Manly et al., 2010):

m (1| B) = ; 2)

VA

exp (i e (1) B (
Jiexp <ZkK:1 zx (2) 5k> }1

where xj (@) is the value of the kth habitat covariate (with continuous first-order partial deriva-
tives) evaluated at location p, [ is the corresponding coefficient for covariate k, and M is the
study area. In other words, the movement model is a continuous-time random walk with drift
towards higher values of the utilization distribution. The potential function governing local (step-
by-step) individual-level movements thus scales up in space and time to the expected (population-
level) utilization distribution, which is expressed as a simple parametric function of the habitat
covariates (e.g., elevation, slope, distance to forest, snow depth, relative prey abundance). The po-
tential function steers movement toward (or away from) particular habitat features based on their
gradients, much like a ball rolling along a hilly surface. The gradient is a vector field of partial
derivatives pointing in the direction of the greatest rate of increase in the habitat covariate, with
length corresponding to the rate of increase in that direction. Thus §; < 0 indicates the animal
generally moves to areas with lower values of covariate k, 5, > 0 indicates movement to areas
with higher values, and 8, = 0 indicates no movement response.

While mathematically and theoretically appealing, the Langevin diffusion unrealistically as-
sumes that the movement properties do not change with behavior. The movement scale and habitat

selection parameters remain constant regardless of whether an animal is, for example, resting,

7
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nesting, foraging, dispersing, or migrating. Just as in step selection analysis (e.g., Roever et al.,
2014), this can induce bias in habitat selection estimates when applied to tracks that exhibit mul-
tiple movement behavior modes. However, several challenges arise when attempting to formulate
a Langevin diffusion for animals that can switch among S movement behavior states, each ex-
hibiting its own scale (or speed), potential surface, and corresponding utilization distribution. We
require a mixture of S Langevin diffusions, where the (microscopic) movement properties and the

(macroscopic) utilization distribution are conditional on the state active at time ¢ (s;):
1
dpy = §EstVIOg s, (pe) dt + 5 dBy 3)

and
exp Zk 1'Ik ﬁsk

ms (1| Bs) = €

1CL'k Bsk z

Qexp
for state s € {1,2,...,5}. We therefore have both ah observed (continuous) movement process
(u;) and an unobserved (discrete) state process (s;) to contend with. While this task may seem
intimidating, we will rely on several simplifications and approximations to make it more tractable.
Hidden Markov models (HMMs; e.g., Zucchini et al., 2016) provide a framework for simul-
taneously modeling the latent (or “hidden”) state process and, conditional on the state process,
observations arising from the movement process through time. Discrete-time HMMs are routinely
used in ecology to infer hidden state dynamics from indirect observations (e.g., McClintock et al.,
2020), where it is assumed that the observation and state-switching times are discrete and regular.
They characterize the state process (s;) as a first-order Markov chain with .S x S state transition
probability matrix I' = {~, ;}, where =, ; is the state transition probability from state ¢ at time ¢ to
1. Although still relatively rarely used for ecological applica-

state j at time ¢ 4+ 1 and Z}il Vi =

8
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ss where ¢;; > 0fori # jand ¢;; =

7 transition probabilities can be calculat

tions, HMMs can also be formulated for state and observation processes occurring in continuous

time. The hidden state process of a continuous-time HMM is characterized by its infinitesimal

St+1 = 1 St+1 = 2 St+1 = S
—q1,1 q1,2 q1,5 s =1
= 42,1 —@2,2 q2,s Sp =2 , 5)
gds1 qs,2 —qs,s | |5t = S

Zj ; ¢,j- If Q is constant from time ¢ to time ¢ + 1, the state

(i1 | e, 32, B, 5] EN( ¢+ +

A
éEstV log s,

using the matrix exponential, I'; = exp (Q4;), where
A, is the (irregular) time interval between observations ¢ and ¢ + 1. For the continuous-time ob-
servation process (ft;), we can approximate the solution to Eq. 3 using a more intuitive discrete
approximation (e.g., Kloeden and Platen, 1992). By using an Euler discretization scheme to ap-

proximate the stochastic differential equation, the multistate Langevin diffusion can be expressed

(e | B) ,Atzst) ©)

o forte {1,...,T}, where Viogm, (1 | Bs) = S0, BerVar (p).
Crucially, continuous-time HMMs for animal movement behavior typically suffer from a vio-

196 lation of the so-called “snapshot” property (e.g., Glennie et al., 2022). The snapshot property is

197 violated when observations depend on A; as in Eq. 6, and, therefore, the observed locations (zt;)

198 depend on the behavioral state sequence over the entire interval between times ¢t and ¢t + 1. While

199

9

exact solutions exist for reconstructing the entire sequence, they are currently prohibitively de-
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manding in terms of computation (e.g., Blackwell, 2018). We will instead adopt a more pragmatic
approach and assume the A, are sufficiently small relative to the scale of state switching (as is also
required in applications of discrete-time HMMs). For this to be reasonably satisfied, an intuitive
rule-of-thumb is A; < ﬁ(q) (Glennie et al., 2022). Michelot et al. (2019b) demonstrated that
the Langevin diffusion requires A; to be sufficiently small in order for the Euler approximation
scheme to recover the habitat selection (3) and scale (X) parameters. If A, is too large, the mag-
nitude of 3 tends to be underestimated (although the sign of the effects, i.e., selection or avoidance,
tends to be estimated correctly) and, to a lesser extent, 3. tends to be underestimated. Thus, given
A,; must already be relatively small for the Euler approximation to be reliable, the snapshot prop-
erty is also likely to be reasonably satisfied for hidden state processes with moderate to high levels
of serial correlation relative to the temporal resolution of the observations (see Simulation study).

With the state and observation process models in place, the continuous-time HMM likelihood

can be evaluated using the efficient forward algorithm to integrate over the latent states:

L(6|p)=206P t[ Pi| 1, (7
2
where & = (01,09, . .., 0g) are the initial state probabilities,
%thl |Ht7075t:1] 0 0 (
0 [[_Lt+1 | l.,l,t,e,st :2] 0
P, = ;8
[ll't+1 | th,075t = S]_ (

( : :

0 is a vector of the model parameters, and 1 is an S-vector of ones. Hypotheses about the drivers of

10
This article is protected by copyright. All rights reserved.

85UB01 SUOILIOD BB [geal|dde au3 Aq peusenob 8 SSPIe VO ‘85N J0 S3|NI Joj AXIqIT BUIUO AB]IA UO (SUORIPUOD-PUB-SWUIBY/WO00 A8 1M ARRIq1BUTIUO//SARY) SUORIPUOD PUe SWIS L 8U3 89S * [£202/0T/0T] U0 ARIqIT 8uluO A8|1M ‘uoiBuiusem JO AIsAIIN AG 98T Ad8/200T OT/I0P/W00" A8 1M AeIq Ul U0 S eUINO fese//sdny Wwoly papeojumoq ‘ef ‘02 TE686T



217

218

219

n
n
o

N
N

n
N
N

223

224

225

226

227

228

229

230

231

232

233

234

235

Accepted Article

236

237

238

239

behavioral state dynamics can be incorporated by expressing ¢ and/or I'; as a function of explana-
tory covariates (e.g., sex, age, habitat), but for I'; they are assumed to be either time-independent
or piecewise-constant time-dependent covariates. A movement trajectory alone can often be in-
sufficient for distinguishing certain behaviors (e.g., “resting” vs. “foraging”), and additional data
streams (e.g., dive activity, accelerometer, heart rate) can be readily included in P; to help distin-
guish states with similar movement properties (e.g., McClintock et al., 2013; DeRuiter et al., 2017,
see Illustration: Steller sea lions).

While the most general model includes state-dependent coefficients (3;) and scale (X;) pa-
rameters, this could in some cases result in overfitting and loss of biological interpretation (e.g.,
Phillips et al., 2015; Pohle et al., 2017). A more parsimonious parameterization could maintain
state-dependent coefficients and a constant scale either for all states or for a smaller subsets of
states (see Illustration: Steller sea lions). Alternatively, some or all of the coefficients could be
kept constant while maintaining state-dependent scale parameters. In the material that follows, we
will assume the scales of movement in each direction are equal and independent, that is, 3, = afI,

where o2 is the scale (or speed) parameter for state s € {1,..., S} and I is the identity matrix.

2.2 Model fitting and checking

The multistate Langevin diffusion benefits from standard HMM machinery for inference, including
direct numerical maximization of the likelihood (Eq. 7), local and global state decoding based on
the forward-backward and Viterbi algorithms, stationary state probability distribution calculation
(by solving AQ = 0 for Zle As = 1), likelihood-based model selection procedures such as the
Akaike or Bayesian Information Criterion (AIC or BIC), and assessment of goodness-of-fit based
on pseudo-residuals (e.g., Zucchini et al., 2016). Pseudo-residuals rely on evaluating the cumula-

tive distribution function (CDF) of the observations, and, while the the CDF of Eq. 6 could be used,
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a more meaningful interpretation for animal movement is provided by the Mahalanobis distance
(see Appendix S1: Section S1 of Supporting Information). All of these inferential procedures
for the multistate Langevin model have been incorporated into R package moment uHMM (version
2.0.0; McClintock and Michelot, 2018) via the £it CTHMM function for fitting continuous-time
HMMs using maximum likelihood methods. The data preparation function prepData can also
now automatically calculate gradients, Vxy (u), for regular discretized grids of habitat covariates

using bilinear interpolation (e.g., Kirkland 2010, pp. 261-263; Gardner et al. 2022).

2.3 Model simulation

If the hidden state process does not depend on location or time (i.e., no spatio-temporal covariates
are included on the state transition rates), then it is straightforward to simulate the waiting time
from time index 7 until the next state switch at time index 7 + 1 as A, ~ Exponential (—gs. s, ),
where A, is the time interval between time indices 7 and 7+1, s, 11 = j | s, ~ Categorical (
for j # s;, and ¢s, ; is the jth element in row s, of Q. If the hidden state process depends on lo-
cation or time, it can be simulated exactly by adapting the approach of Blackwell et al. (2016)
as described in Appendix S1: Section S2. The state-dependent movement process can then be
approximated using Eq. 6, where the quality of the approximation increases as A, decreases.
momentuHMM now includes the simCTHMM function for HMM data simulation in continuous
time (either “from scratch” or from a fitted model) , thereby facilitating further exploration of the

multistate Langevin model’s properties and simulation-based assessments of goodness-of-fit.

12
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280

281

2.4 Simulation study

We performed a simulation study to evaluate the performance of the multistate Langevin model
relative to the single-state model when fitted to data generated from a S = 2 state model across
a range of expected values for A;. We constructed K = 4 spatial covariates over a discretized
201 x 201 grid of G = 40401 cells centered at the origin, where the first three covariates (x1, zo, T3)
were randomly generated with the simSpatialCov function in R package Rhabit (Gloaguen
and Michelot, 2020) and the fourth covariate (x4) was calculated as the squared Euclidean distance
between the centroid of each cell and the origin. The habitat coefficients for state 1 were 3 1 = 6,
B2 = —4, fi3 = —5, and f14 = —0.1, while the coefficients for state 2 were 321 = —4,
fa2 = 6, Baz = 5, and B4 = —0.1. The movement scale was smaller in state 1 (¢7 = 5) than
in state 2 (02 = 7.5). Michelot et al. (2019b) proposed a Metropolis-adjusted Langevin algorithm
(MALA) for assessing the accuracy of the Euler approximation (Eq. 6), where higher acceptance
rates indicate a better approximation of the true process. At A; = 0.01, the MALA acceptance rates
for each state were 99.5% (state 1) and 99.3% (state 2), indicating that the simulated (discretized)
process is a good approximation of the true SDE for both states. The MALA acceptance rates were
slightly lower for the movement properties of state 2 (likely attributable to the faster speed of state
2), but mean acceptance rates for both states were > 93% for A; < 0.1 (i.e., at > 10% of the
temporal resolution of the generating process; see Appendix S1: Section S3, Figure S1). Michelot
et al. (2019b) demonstrated that MALA acceptance rates that were > 95% generally resulted in
little bias, but the performance of the approximation is expected to decline as A; increases (and
MALA acceptance rates decrease). To demonstrate how the speed of movement (relative to A,
3, and the scale of the covariate grid) can affect model performance, we performed an additional

simulation study using the same design points but with o7 = 0.5 and 02 = 2.5. At these slower
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speeds, the mean MALA acceptance rates were > 95% for all A; < 1 (i.e., at > 1% of the
temporal resolution of the generating process) for state 1 and > 95% for all A; < 0.2 for state 2
(see Appendix S1: Section S3, Figure S2).

Tracks of length 7" = 50000 for N = 20 individuals were simulated at a “high” temporal
resolution using Eq. 6 with A; ~ Exponential(100) (such that E(A;) = 0.01), with log(q12) =
log(g2,1) = —2 (such that serial correlation in the hidden state process is relatively high). Initial lo-
cations were assigned for individual n € {1,2,..., N} by: 1) drawing the initial state s,, ; € {1, 2}

from a categorical distribution with equal probability; 2) drawing the initial grid cell g,, | s, 1 ~

K
. - - - - - exp( ey 2 (cg)Bsy, 1 k)
Categorical (Wsn’l), where 7w, | = ((%1,1, Msp1,29 -+ ,7Tsn,1,G),an,hg = 5o (s a1 3)’
= = n,1ls

and xy(c,) is the value of the kth covariate evaluated at the centroid of cell g (c,); and 3) setting

Mn,1 = Cg4,. After the “high” resolution tracks were simulated, they were subsampled uniformly at

random to form seven datasets with increasing A, such that E(A;) € {0.01,0.02,0.05,0.1,0.2,0.5,1}

(respectively corresponding to 100%, 50%, 20%, 10%, 5%, 2%, and 1% of the temporal resolu-
tion of the data-generating process). For each subsampled dataset, both the generating 2-state
Langevin model (Eq. 7) and the single-state Langevin model were fitted to the pooled data includ-
ing all N individuals using maximum likelihood methods. Thus the pooled datasets consisted of
NT = 1,000,000 observations for the scenario with E(A;) = 0.01, but only N7'/100 = 10, 000
observations for the scenario with E(A;) = 1. This process was repeated 100 times for sum-
marizing estimator performance under each A, scenario. Data simulation and model fitting were
performed using R package momentuHMM (version 2.0.0; McClintock and Michelot, 2018), with

code available in Supporting Information.
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2.5 Illustration: plains zebra

To illustrate a potential workflow for practitioners, we use a plains zebra GPS telemetry track
from previous habitat selection analyses (Michelot et al., 2020; Klappstein et al., 2023). Loca-
tions were collected every 30 minutes from January to May 2014 in Hwange National Park (Zim-
babwe). The track consists of 7' = 7121 locations, with 125 missing observations resulting in
Ay € {30,60,90, 120,150} mins with respective frequencies of 7002, 114, 1, 1, and 2 obser-
vations. The habitat layer is a vegetation map consisting of 1510 x 1686 0.03 km? grid cells,
with four categories (grassland, bushed grassland, bushland, and woodland; see Fig. 1). Because
the Langevin model requires habitat covariates to have continuous first-order partial derivatives,
we calculated the shortest Euclidean distance from each cell to each habitat category using the
raster: :distance function (Hijmans, 2023) and used these distances as the habitat covari-
ates (r; = “d2grass”, xy = “d2bushgrass”, r3 = “d2bush”, and z, = “d2wood”, respectively).
Because the habitat covariates are the distance (in km) from each vegetation type, a negative coef-
ficient indicates selection (i.e., movement toward the vegetation type) and a positive coefficient in-
dicates avoidance (i.e., movement away from the vegetation type). We calculated the gradients for
each distance covariate (V) via bilinear interpolation using the momentuHMM: : prepData
function. We then fit a S = 2 state model using the momentuHMM: : £it CTHMM function, where
such models typically identify a slow (i.e., “encamped”) and a fast (i.e., “exploratory’’) movement
behavior state (e.g., Morales et al., 2004). To facilitate comparisons with previous analyses, we

extended Eq. 6 to include state-dependent terms for short-term persistence in velocity (s ):

A 4
[Htﬂ \ e, X, 3, St] =N My + (Nt - /fl'tfl) Atﬁst,o + thst Z ﬁst,kvxk (Mt) ) Atzst 9
k=1
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for s, € {1,2}. Similar to Klappstein et al. (2023), we included a cyclical time of day covariate on

the state transition rates:

27Tht . 27Tht
log (gi j+) = i jo + ;1 COS ( 51 > <Fai,j72 sin ( 51 ) ( (10)

for i # j, where h; is the time of day in hours (i.e., h; € {0,1,...,23}). After fitting the model,

we calculated the (state-dependent) utilization distributions over the discretized grid of covariates

as:

s (cy | Bs) = eXp (22:1 1(cy) B k) /
9 ZZGZI exp (Zizl xk(cl)ﬂs’k)

1D
for s € {1,2}, where c, is the coordinates for the centroid of cell g, () is the value of the kth
habitat covariate evaluated at c,, and G = 2,545, 860 cells. Post analysis included calculation of
the Viterbi-decoded states (using momentuHMM: : viterbi), stationary state probablities (using
momentuHMM: :plotStationary), pseudo-residuals (using moment uHMM: : plotPR), and
MALA acceptance rates (using a modified version of Rhabit: : : simMALA). Although there is
no theoretical “overall” utilization distribution for the multistate Langevin model, we calculated

a weighted average of the state-dependent utilization distributions for comparison with previous

analyses, where the weights were determined from the time spent in each state based on the Viterbi

algorithm:
2
(e, | B) = Zﬁsws (g | By, (12)
s=1
ST I(3=8)A¢ - . . . . .. .
where w, = =t=1-"—"—" "3, is the Viterbi-decoded state at time ¢, and I is the indicator function.

23:1 Ay

Data and code for reproducing the entire analysis are available in Supporting Information.
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2.6 Illustration: Steller sea lions

In Appendix S1: Section S5, we provide a fully-worked example application using Steller sea lion
(SSL) satellite telemetry data, including background information, data collection, model specifica-
tion, model fitting, model checking, and biological interpretation. The dataset consists of location
and conductivity (i.e., wet/dry) data collected from N = 3 adult females tagged over winter in the
Aleutian Islands of Alaska, USA (Fig. 2). Both Wilson et al. (2018) and Michelot et al. (2019b)
found distance to the nearest haul-out or rookery site to be by far the most important predictor for
the movements of these SSLs, where movements became faster and more directed toward the sites
as this distance increased. This is not surprising given adult female SSLs are central-place foragers
that must make frequent, but relatively short, foraging trips from these sites (e.g., Raum-Suryan
etal., 2004). When not foraging, they tend to rest or care for young at or around these sites on land
(i.e., “haulout”). The movement behavior therefore changes based on whether the animal is on a
foraging trip or at a site. Furthermore, foraging trips can consist of benthic near-shore foraging
and/or off-shelf foraging farther away from land. We therefore fitted a suite of multistate Langevin
models (ranging from S = 2 to S = 5 states) intended to distinguish these movement behaviors
(e.g., “outbound”, “foraging”, “inbound”, “haulout”) and compared these state-specific inferences
with those from single-state analyses. By explicitly disentangling the different movement behav-
iors SSLs exhibit as central-place foragers, multistate models could potentially provide additional
insights about foraging habitat selection and activity budgets for these physiologically important
behaviors. For each movement behavior state, habitat selection (and the corresponding utiliza-
tion distribution) was modeled as a function of depth, sea floor slope, a depth x slope interaction
(“depth:slope”), distance to the nearest haul-out or rookery site (“d2site”), and squared distance

to site (“d2site2”; Appendix S1: Section S5, Figure S12). Distance to site was also included as a
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state transition rate covariate.

With S states, K = 5 habitat covariates, R = 1 state transition rate covariate, and N = 3
individuals, a fully unconstrained joint likelihood with individual-level effects on all parameters
would include (S — 1) + (S + KS)+ S(S —1)(R + 1) parameters (corresponding to §, P, and T,

respectfully) for each individual:

N Th
LO|p)=]]6:Puni|]]FniPrs| L (13)
n=1 t=2

We therefore imposed some biologically reasonable constraints to reduce the number of estimated
parameters, thereby facilitating both model fitting and interpretation. Complete technical details
can be found in Appendix S1: Section S5, but we found that additional constraints were necessary
for the S = 4 and S = 5 state models because the inclusion of more than two or three o,, ; terms,
respectively, for each individual resulted in much more unstable optimization of the likelihood and
a merging of “outbound”, “inbound”, and “foraging” movements into one or more states with no
plausible explanation in terms of central-place foraging. For the most heavily-constrained 4-state
model (1 = “outbound”, 2 = “foraging”, 3 ="“inbound”, 4 = “haulout”), the scale of movement
was divided into two main categories while allowing the general movement patterns of a marine
central-place forager to be preserved. The first scale category, “at sea”, is intended to capture
the “outbound”, “foraging”, and “inbound” movement states associated with foraging trips. The
second category, “haulout”, is intended to capture periods that tend to be dry with little horizontal

movement. In this more heavily constrained model, the “at sea” states shared a scale parameter
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(07 4g) but had their own habitat selection coefficients (3, for s € {1,2,3}):

[“’n,t+1 ’ Nn,h 07 Sn,t] =

N (l-‘l’n,b U%{OAtI) if Sn,t =4

(14)
Thus the “haulout” state (s, ; = 4) is a continuous-time simple random walk (with scale parameter

oro), and, while “at sea”, each individual is assumed to have the same underlying state-dependent

utilization distribution, 7, , ( it ﬁsn,t) or s,: € {1,2,3}, buteach animal is allowed to traverse
the different surfaces at their own speed ( i 4g)- For the most heavily-constrained 5-state model
including an additional “foraging” state (1 = “outbound”, 2 = “foragingl”, 3 =* foraging2”, 4 =
“inbound”, 5 = “haulout”), both “foraging* states shared the same utilization surface (i.e., 3 =

Bs), but the additional “foragingl” state was allowed to have its own speed (thereby potentially

capturing slower horizontal movements that can occur near shore or during benthic foraging trips):

(
2
Un,AsAn,t
Q( e+ BT log (fo

_— 0'2 n .
(M1 | B, 0,504 = ( nt + "’22A v/ log 72 (fnt | Bo2) ;Ui,gAn,tI> if s, =2
N (“n,tv U%{OAn,tI) if Snit = 5
“ (15)

The models were compared and assessed using a combination of AIC, pseudo-residual plots,
and biological interpretation (e.g., Pohle et al., 2017). We also examined state transition rate (Q)
estimates for evidence of potential violations of the snapshot property, as well as MALA accep-
tance rates for evaluating the quality of the Euler approximation (see Appendix S1: Section S5).
Data and code for reproducing this analysis using moment uHMM are available in Supporting In-
formation.
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3 Results

3.1 Simulation study

The multistate model performed nominally under the data-generating scenarios with E(A;) = 0.01.
The magnitude of the habitat coefficients and (to a lesser extent) the scale parameters tended to be
underestimated as A; increased, but the sign of the habitat effect (i.e., selection or avoidance) was
always preserved (Figs 3 and Appendix S1: Section S3, Figure S3). This nevertheless resulted in a
gradual degradation of the estimated state-dependent utilization distributions as A, increased (Figs
4 and Appendix S1: Section S3, Figure S4). The state transition rates were generally well esti-
mated, but state decoding became less reliable as A, increased (Appendix S1: Section S3, Figures
S5-S6). This is likely attributable to the (fine-scale) movement properties of the states becom-
ing more difficult to distinguish at coarser observation times, as well as violations of the snapshot
property. With log(g12) = log(g21) = —2, we would expect violation of the snapshot property
to become more problematic for scenarios with E(A;) > 0.1, which is where bias in the scale
parameters becomes more noticeable and state decoding accuracy begins to decline more rapidly.
However, the degradation in model performance as A, increased was mitigated in the simulation
scenarios with slower speeds (i.e., with o7 = 0.5 and 2 = 2.5). This is likely attributable to the
Euler discretization scheme being a better approximation at slower speeds (relative to A, 3, and
the scale of the covariate grid) and more distinct state-dependent observation distributions.

The single-state Langevin model produced spurious inferences about all of the habitat effects
with the exception of x4, where the effect was the same for both states (Appendix S1: Section S3,
Figures S7-S8). With 0 = 5 and o5 = 7.5, the single-state model tended to “split the difference”
between the two states, with no estimated effect for x1, a moderate positive effect for z-, and a

smaller positive effect for z3 (Appendix S1: Section S3, Figure S7). However, as evident from the
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simulation scenarios with o7 = 0.5 and 02 = 2.5 (Appendix S1: Section S3, Figure S8), these
patterns are likely the result of a complicated combination of factors, including the spatial autocor-
relation structure of the underlying state-dependent utilization distributions, the scale parameters
of the two states, and the amount of time spent in each state. The estimated utilization distribution
is therefore a spurious amalgam that reflects space use but cannot be reliably interpreted in terms
of the habitat covariates (Appendix S1: Section S3, Figures S9-S10). This relatively simple sim-
ulation study demonstrates the importance of accounting for different behaviors when attempting
to infer utilization distributions, as well as the misleading inferences that can result when these

behaviors are ignored.

3.2 Illustration: plains zebra

The S = 2 state model identified an “encamped” state with less short-term directional persistence
(10 = 0.0018, 95% CI: 0.0014, 0.0021) and slower speed (o1 = 0.0083, 95% CI: 0.0081, 0.0086)
and an “exploratory” state with more short-term directional persistence (819 = 0.020, 95% CI:
0.019, 0.021) and faster speed (02 = 0.075, 95% CI: 0.073, 0.077). The “encamped” state was
characterized by strong selection for grassland and avoidance of the other vegetation types (Fig.
1), which is consistent with previous findings (Michelot et al., 2020) and may represent selec-
tion for foraging resources. Conversely, the “exploratory” state was characterized by avoidance
of bushed grassland and woodland. We found strong evidence of an effect of time of day on the
state transition rate from the “encamped” state to the “exploratory” state (o 20 = —4.73, 95% CI:
—4.82, —4.64; a1 21 = —0.31, 95% CI: —0.44, —0.19; a1 22 = 0.24, 95% CI: 0.12, 0.35), but
not vice versa (g 10 = —4.14, 95% CI: —4.22, —4.05; a1 = —0.01, 95% CI: —0.12, 0.10;
a1 = —0.07, 95% CI: —0.20, 0.06). The resulting stationary state probabilities suggest the

zebra wast more likely to be in the less active “encamped” state in the afternoon and evening, and
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it was most likely to be in the more active “exploratory” state in the morning (Fig. 1). Based on the
Viterbi-decoded states, the majority (63%) of the time series was spent in the “encamped” state.
Plots of the Viterbi-decoded states relative to the state-dependent utilization distributions confirm
the “encamped” state tended to be more clustered in the vicinity of grassland, whereas the “ex-
ploratory” state tended to be more dispersed (Fig. 1). Unlike the multistate step selection function
of Klappstein et al. (2023), where selection for grassland or bushed grassland was found in both
states, the multistate Langevin model appears to have more clearly distinguished the biological
behaviours in this example. Nevertheless, the weighted average of the state-dependent utilization
distributions (Eq. 12) is quite similar to the estimated utilization distributions from previous stud-
ies (Michelot et al., 2020; Klappstein et al., 2023, Fig. 1). While we emphasize that Eq. 12 has no
theoretical underpinnings, it is nevertheless reassuring that this crude approximation is consistent
with simulation-based approaches.

MALA acceptance rates were 99.96% overall (99.98% for the “encamped” state and 99.91%
for the “exploratory” state), indicating the Euler discretization scheme is a good approximation for
this dataset. Pseudo-residual plots indicate the model captures the overall patterns in the data fairly
well, but some of the shorter and longer displacements were not well characterized by the model
(see Appendix S1: Section S4, Figure S11). Additional model structure (or states) would likely
be required to improve the fit, but the need for this will generally be case-dependent based on the

objectives of the study (e.g., Pohle et al., 2017).

3.3 Illustration: Steller sea lions

As detailed in Appendix S1: Section S5, AIC values for the 1-3 state models and the more heavily
constrained 4- and 5-state models (Eqs 14 and 15) overwhelmingly supported the 5-state model

(Appendix S1: Section S5, Table S1). In contrast to the best-supported single-state model (Table
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1), the 4- and 5-state models were able to identify movement properties (and corresponding utiliza-
tion distributions) characteristic of a marine central-place forager, with movement behaviors that
could be reasonably characterized as “outbound”, “foraging”, “inbound”, and “haulout”. State-
decoded activity budgets indicate these individuals devoted the majority of their time (>65%) to
“foraging” behavior (Appendix S1: Section S5, Table S3). While distance to site tended to domi-
nate the “outbound” and “inbound” states, the “foraging” state of the 4-state model suggests selec-
tion of shallower depths (Bgepm,2 = 1.47, 95% CI: 1.02,1.92) and steeper slopes (Bsiope,2 = 3.77,
95% CI: 3.08,4.46), but not too shallow or sloped (Bgepth:siope,2 = —3.69, 95% CI: —4.36, —3.02),
and a relatively weak attraction to the sites (Bqosie,2 = —2.30, 95% CI: —3.35, —1.25; Table 2).
The resulting “foraging” utilization distribution reflects these relationships between depth, slope,
and distance from site, where the shallower and sloped areas within ~250 km of the sites may be
serving as a proxy for aggregations of available prey species (Fig. 5). Patterns for the “outbound”,
“inbound”, and “foraging2” states of the 5-state model were similar to those of the 4-state model,
but the “foragingl” state exhibited much slower speeds and, with a relatively strong attraction to
the sites (Baasie,2 = —38.47, 95% CI: —49.81, —27.13; Table 3), was almost entirely located near
shore. This additional “foraging” state could be describing benthic near-shore foraging, but it could
also simply be capturing periods in the water near sites in response to environmental conditions
(e.g., tides, weather), perceived threats, and social dynamics. The multistate models were much
more useful for elucidating state-specific relationships with slope, supporting the idea that only
presumed foraging behaviors occurred in areas with steeper slopes. Seemingly, the 5-state model
distinguished slower movements associated with nearshore gradual slopes (“foraging1”) that char-
acterize areas around preferred SSL sites (Ban, 2005) from faster movements associated with off-

shore steeper slopes (“foraging2”) characteristic of the continental shelf, submarine canyons, and

seamounts. These features coupled with oceanographic conditions are believed to enhance prey
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concentrations and appear to be targeted by SSLs (Merrick and Loughlin, 1997; Lander et al.,
2020).

MALA simulations for the 1- and 5-state models yielded overall acceptance rates that were
> 91% (Appendix S1: Section S5, Table S4), but the 4-state model had overall acceptance rates
ranging from 80% (track 2) to 90% (track 3). MALA acceptance rates during intervals assigned to
the “foraging” states were generally highest, while those assigned to the “outbound” and “inbound”
states were generally lowest (likely attributable to the faster speeds, steeper potential surfaces,
and larger A; observed for these states). Estimated sojourn times for the multistate models are
more difficult to assess because transition rates were modeled as a function of distance to site,
but, for the 4- and 5-state models excluding the “d2site” covariate, the minimum sojourn times
<ﬁ(q)> ere estimated as 2.2 and 2.4 hrs, respectively. Approximately 20% of the observed A,
were greater than these minimum expected sojourn times, indicating there were likely some time
steps that were too long for the snapshot property to be satisfied. When examining the estimated
sojourn times as a function of distance to site, most of these potential violations of the snapshot
property occurred in close proximity (< 5 km) of the sites and were absorbed by the “foraging”
states (Appendix S1: Section S5, Figure S14). This suggests finer temporal resolutions may be
required to accurately characterize Steller sea lion movement behavior in the vicinity of rookeries,
where behaviors appear to frequently change in response to changing environmental conditions
and complex social dynamics.

Similar to Michelot et al. (20195), we found the single-state Langevin model to be a poor fit
for these data. Pseudo-residual plots show that the 4- and 5-state models are much better fits, with
the 5-state model best explaining slower movements and most of the residual autocorrelation (Ap-

pendix S1: Section S5, Figure S15). However, none of the models were able to capture some of

the fastest movements, which becomes more apparent when comparing the observed and predicted
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steps under each model (Appendix S1: Section S5, Figure S16). The failure of the models to cap-
ture these features could be attributable to many factors, including additional unmodeled individual
or temporal heterogeneity, missing habitat covariates, or location measurement error. When simu-
lating from the fitted models, the single-state model does not produce foraging trips characteristic
of central-place foragers, whereas the 4- and 5-state models yield multiple foraging trips both near-
shore and off-shelf (Fig. 6). The simulated tracks also illustrate features that are missing from the
models, including short-term directional persistence (i.e., the observed tracks appear smoother),
fidelity to particular sites, and prohibition of movements across land. Despite these shortcomings
and room for improvement, the multistate models nevertheless provide much better fits to the data,
additional biological inferences, and more realistic simulations of central-place foraging relative

to the single-state model.

4 Discussion

We have developed a habitat-driven Langevin diffusion for animals that switch among distinct
movement behavior states and their corresponding utilization distributions. It combines desirable
properties of the Langevin diffusion (e.g., continuous time, closed-form steady state distribution)
with the inferential machinery of hidden Markov models. Unlike discrete-time HMMs or step se-
lection functions, the multistate Langevin diffusion does not require that location data be collected
(or interpolated) at regular time intervals. Because it is formulated in continuous space, the result-
ing inferences are also not sensitive to a particular space discretization (unlike the discrete-space
models of Pedersen et al., 2011; Wilson et al., 2018). Unlike two-stage approaches, the multistate
Langevin model accounts for state uncertainty and helps avoid confounding of the movement and

habitat selection processes. An additional advantage is that, under the Langevin model, the mi-
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croscopic rules of individual animal movement scale up in time and space to yield a closed form
for the utilization distribution that is a simple parametric function of the spatial covariates (unlike
other approaches that require simulation; e.g. Potts et al., 2014; Signer et al., 2017). To our knowl-
edge, this is the first single-stage approach for estimating behavior-specific habitat selection and
utilization distributions from tracking data that can be readily implemented with user-friendly soft-
ware. The multistate Langevin model can be combined with auxiliary (biotelemetry) data streams
to help distinguish movement behavior states with similar trajectories. In the absence of auxiliary
data, the model can still disentangle such states as long as the underlying behavior-specific uti-
lization distributions are sufficiently distinct (unlike standard “step and turn” movement HMMs;
e.g. Langrock et al., 2012; McClintock et al., 2013). By facilitating the estimation of state-specific
utilization distributions, such inferences can inform behavior- and place-based management deci-
sions critical to conservation (e.g., Lennox et al., 2019; Glennie et al., 2022) and help improve our
understanding of habitat use at both the individual (e.g., fitness) and population (e.g., density and
dynamics) level (e.g., Beyer et al., 2010; Morales et al., 2010).

Compared with existing approaches for quantifying behavior-specific habitat selection, the
multistate Langevin model has statistical advantages, theoretical appeal, and benefits from all of
the inferential tools of other animal movement HMMs, such as the derivation of activity budgets,
calculation of stationary state probabilities, and straightforward testing of hypotheses related to
drivers of behavioral dynamics. However, it can be more limited in application owing to both its
additional complexity and its simplifying assumptions. As we demonstrated, the model is not well
suited for location data that are infrequently observed relative to the spatial scale of the movement
behaviors of interest (owing to the Euler approximation) or for behaviors that are short-lived rel-
ative to the temporal resolution of the data (owing to violations of the snapshot property). For

example, we found the temporal resolution of the SSL data to be inadequate for characterizing
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movement behavior within close proximity of rookeries and haul-out sites, likely a result of rapid
short-term responses to environmental conditions and complex social dynamics around the sites.
Our model can also be more difficult and slower to fit, where, for more complex models, we found
optimization of the likelihood to be more unstable and sensitive to initial parameter values.

The habitat-driven Langevin diffusion is still relatively new, and there remains more to learn
about its properties, including performance under a broader range of simulated and applied sce-
narios, the scale of local movement relative to the scale of the spatial covariates, and the effects of
smoothing the spatial scale of habitat covariates (e.g., as a proxy for local decision making based
on perception or memory). The Langevin model also requires that habitat covariates have con-
tinuous first-order partial derivatives, which is not the case for categorical covariates (e.g., habitat
type), although such features can often be incorporated using distance-based metrics (e.g., distance
to water, distance to forest). These issues are also relevant to our multistate generalization, but with
additional considerations for behavior and assumptions such as the snapshot property.

We have skirted the snapshot property by assuming A, is reasonably small relative to the serial
correlation in the state process. While we expect this to be less of a concern as tracking technology
continues to improve, it will not always be reasonable or obtainable in practice. Obtaining rea-
sonably small A; could be accomplished through study design by programming tracking devices
to record locations at a high temporal resolution relative to the behaviors of interest. For lower
resolution observations, interpolation methods could potentially be used to augment the data with
additional observations at a higher temporal resolution. The latter is routinely done in marine stud-
ies (e.g., DeRuiter et al., 2017; Wilson et al., 2018) to account for location measurement error and
temporally-irregular observations. Alternatively, the model could be fitted in a Bayesian frame-
work using Monte Carlo methods to integrate over the true (and/or missing) locations as well as

the (unknown) times of state switches (e.g., Jonsen et al., 2005; Blackwell, 2018; Michelot et al.,
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2019a) or, in a Frequentist framework, possibly using a two-stage multiple imputation approach
based on interpolation at a high temporal resolution (e.g., McClintock, 2017). However, the mul-
tistate Langevin model is more complicated than those typically fitted when using interpolation
approaches, and two-stage methods based on basic continuous-time correlated random walks may
not be sufficient in this case. Bayesian or two-stage Frequentist approaches could also be employed
for handling missing covariate values, or, if time-varying covariates are measured at a finer reso-
lution than the observed locations, the approximation of Mews et al. (2022) could be used. These
remain important topics warranting further investigation.

Practitioners wishing to customize, fit, assess, and simulate the multistate Langevin model can
now do so using R package moment uHMM (version 2.0.0 and higher; McClintock and Michelot,
2018). Users already familiar with moment uHMM should find using the new functions associ-
ated with continuous-time HMMs (e.g., £1t CTHMM, simCTHMM) relatively straightforward, but
additional details can be found in the package help files and vignette. All utility functions that
come with the package, such as those for AIC model selection, calculating pseudo-residuals, local
and global state decoding, and visualizing results have been extended to continuous-time models.
An option for fitting models using Template Model Builder (TMB; Kristensen et al., 2016; Mich-
elot, 2023) has also been added to momentuHMM, where its use of automatic differentiation to
calculate gradients can often result in faster and more stable optimization (relative to alternative

gradient-based routines that rely on numerical differentiation).
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Table 1: Estimated habitat selection coefficient (3) and scale (0?) parameters from the best-
supported 1-state Langevin movement model for three Steller sea lion tracks in the Aleutian Islands
of Alaska, USA. Standard errors (SE), lower 95% confidence intervals (LCI), and upper 95% confi-
dence intervals (UCI) are also reported. Note that positive habitat coefficients for “depth”, “slope”,
and “d2site” indicate selection of (i.e., movement toward) shallower waters, steeper slopes, and
greater distances, respectively. Habitat selection coefficient confidence intervals that do not over-

lap zero are highlighted in bold.

Parm. Est. SE LCI UCI
Baepn  -0.05 0.12 -0.30 0.19
Bsope 025 0.08 0.10 0.40
Bacpthisiope  -0.28  0.08  -0.42  -0.13
Barite  -1.14 0.38 -1.88 -0.40
Baziez  -2.75 0.58 -3.89 -1.62
o1 248 002 243 252
o9 3.09 0.03 3.03 3.15
o3 255 0.04 247 263
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Table 2: Estimated habitat selection coefficient (3) and scale (0?) parameters from the best-
supported 4-state Langevin movement model for three Steller sea lion tracks in the Aleutian Islands
of Alaska, USA. Standard errors (SE), lower 95% confidence intervals (LCI), and upper 95% confi-
dence intervals (UCI) are also reported. Note that positive habitat coefficients for “depth”, “slope”,
and “d2site” indicate selection of (i.e., movement toward) shallower waters, steeper slopes, and
greater distances, respectively. Habitat selection coefficient confidence intervals that do not over-

lap zero are highlighted in bold.

Parm. Est. SE LCI UCI
Baepth,1 041 0.81 -1.19 2.00
Bstope,1 044 021 -0.87 -0.02
Baepthisiope,r 0.69 035 0.01  1.38
Basiex 9555 2.81 90.04 101.07
Bazsitez,1  -30.04 241 -34.76 -25.32
Baepth,2 147 023 102 192
Bstope,2 377 035 3.08 446
Baepthisiope,2 =369 034 -4.36  -3.02
Bazsite,2 230 053 -335 -1.25
Baepth,3 405 074 -550 -2.61
Bsiope,3 030 0.16 -0.62 0.02
Baepsiope.s ~ 0.17 025 033 0.67
Bazies  -82.05 245 -86.86 -77.25
Baitez,s  14.68 1.86 11.03  18.33
0145 206 002 202 209
0945 243 002 238 248
0345 2.17 0.03 211 223
oHO 0.00 0.00 0.00 0.00
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Table 3: Estimated habitat selection coefficient (3) and scale (0?) parameters from the best-
supported 5-state Langevin movement model for three Steller sea lion tracks in the Aleutian Islands
of Alaska, USA. Standard errors (SE), lower 95% confidence intervals (LCI), and upper 95% confi-
dence intervals (UCI) are also reported. Note that positive habitat coefficients for “depth”, “slope”,
and “d2site” indicate selection of (i.e., movement toward) shallower waters, steeper slopes, and
greater distances, respectively. Habitat selection coefficient confidence intervals that do not over-

lap zero are highlighted in bold.

Parm. Est. SE LCI UCI
Baepth 1 0890 072 -052 231
Bsiope,1 -0.13  0.19 -0.50 0.24
ﬁdepth:slop&l 0.32 0.30 -0.27 0.91
Baxsiten 5452 235 4992 59.13
Basitez1  -18.14 191 -21.89 -14.40
Baepth.2 832 584 -3.12 19.76
Bsiope,2 1148 1292 -13.84 36.81
Bueptsiopez 1077 12.45  -35.18  13.64
Bazsitez  -38.47 579 -49.81 -27.13
Baeptn,3 024 025 -024 073
Bsiope,3 1.65 034 099 232
Baepthstope,s  -1.71 033 =237 -1.06
Bazsite,3 320 072 -4.62  -1.79
ﬁdepth’4 -2.20 0.65 -3.48 -0.92
Bitope.4 022 0.13 -048 0.04
Baepsiope.s 020 020 -0.20  0.60
Bazsites  -48.85 217 -53.10 -44.61
Bazsite,4 962 172 626 12.99
0148 258 003 251 264
T4 328 005 3.18 3.37
0348 280 005 270 2091

01,2 034 001 032 0.36

02,2 023 001 022 0.25

03,2 047 002 043 0.51

oHo 0.00 0.00 0.00 0.00
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Figure 1. Data and results from the 2-state plains zebra analysis, including: (a) the track rela-
tive to the four vegetation types (grassland = “grass”, bushed grassland = “bushgrass”, bushland =
“bush”, woodland = “wood”); (b) the estimated habitat selection coefficients and 95% confidence
intervals for the two states (blue = “encamped”, orange = “exploratory”); (c) the estimated station-
ary state probabilities and 95% confidence intervals as a function of time of day; and the estimated
(log-scale) utilization distributions for (d) the “encamped” state (7;), (e) the “exploratory” state
(m3), and (f) the weighted average of the state-dependent utilization distributions (7) based on the

estimated amount of time spent in each state.

Figure 2. Three Steller sea lion tracks in the Aleutian Islands of Alaska, USA, relative to sea floor

depth (km from maximum depth).

Figure 3. Boxplots of 100 estimates of the habitat selection parameters for state 1 (31 1, 51 2, 81.3, B1.4;

top row), habitat selection parameters for state 2 (321, 522, 82,3, 32,.4; middle row), the state tran-
sition rates (log(q;2) and log(ga,1); bottom left), and the scale parameters (0%, o3; bottom right)
for the 2-state Langevin model under different time intervals of observation. Dashed colored lines

indicate the true values of the parameters for state 1 (red) and state 2 (blue).

Figure 4. One realization of the true (top row, first two columns) and estimated state-dependent
utilization distributions for the 2-state Langevin model under different time intervals of observa-
tion, A, € {0.01,0.02,0.05,0.1,0.2,0.5, 1}, where “UD1” indicates the utilization distribution for

state 1 and “UD?2” indicates the utilization distribution for state 2.

Figure 5. Estimated (state-dependent) utilization distributions and Viterbi-decoded state assign-
ments for the best supported 1- (left column), 4- (middle column), and 5-state (right column)

Langevin movement models for three Steller sea lion tracks in the Aleutian Islands of Alaska,
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USA. Utilization distributions are plotted on the log scale. Enlarged versions of each panel can be

found in Supporting Information.

Figure 6. Simulated tracks for a) three Steller sea lions in the Aleutian Islands of Alaska, USA,
generated from the parameter estimates of the best-supported b) 1-state, c) 4-state, and d) 5-state
Langevin movement models. Simulated tracks are plotted on top of the estimated (state-dependent)
utilization distributions (“foraging” and “foraging2” for the 4- and 5-state models, respectively),
which are presented on the log scale. Enlarged versions of each panel can be found in Supporting

Information.
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