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Abstract  

Aim: Habitat selection is a behavioural mechanism by which animals attempt to maximize their inclusive 

fitness while balancing competing demands, such as finding food and rearing offspring while avoiding 

predation, in a spatially and temporally heterogeneous environment.  Different habitat characteristics 

may be associated with each of these demands, implying that habitat selection varies depending on the 

behavioural motivations of the animal.  Here, we investigate behaviour specific habitat selection in 

African elephants and discuss its implications for distribution modelling and conservation. 

Location: Northern Botswana, Africa, case study. 

Methods: We use Bayesian state-space models to characterize location time-series data of elephants 

into two behavioural states (encamped and exploratory).  We then develop habitat selection models for 

each behavioural state and contrast them to models based on data pooled among behaviours. 

Results: Spatial predictions of habitat use were often markedly different among the models. Behaviour-

specific and pooled habitat selection models differed in model structure, the magnitude of model 

coefficients, and the form of the selection curve (linear or quadratic).  Selection was typically strongest 

in the behaviour-specific models, though this varied according to behavioural state and habitat 

covariate.   

Main conclusions: Ignoring behavioural states often had important consequences for quantifying 

habitat selection.  Quantifying selection irrespective of behaviour (among all behaviours) can obscure 

important species-habitat relationships, thereby risking weak or incorrect inferences.  Behaviour-specific 

habitat selection provides greater insight into the process of habitat selection and can improve 

predictive habitat selection estimates.  As some behaviours are more relevant to specific conservation 

objectives than others, focusing on behaviour-specific selection could improve how habitats are 

prioritized for conservation or management. 
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Introduction 

Animals must resolve a wide range of competing demands to survive and reproduce: find food, water 

and mates, avoid predators, defend a territory and care for offspring.  These competing demands often 

mean that animals must prioritize actions or behaviours to meet one goal at the expense of another.  

Good foraging areas, for instance, may also be associated with higher mortality risk (Nielsen et al., 

2006), or defending a territory may occur at the cost of acquiring food (Switalski, 2003).  Although some 

behaviours can occur synchronously as a result of multitasking (Fortin et al., 2004), many behavioural 

strategies are employed asynchronously, often because the habitat characteristics associated with 

meeting different needs are spatially segregated.  For instance, in an environment where food is patchily 

distributed, foraging within patches and moving between patches occur asynchronously (Owen-Smith et 

al., 2010). 

Habitat selection modelling is used to quantify species-habitat relationships and may contribute 

to conservation and management (see Boyce & McDonald, 1999; Chetkiewicz et al., 2006; Nielsen et al., 

2006).  However, as a consequence of competing demands, habitat selection may vary considerably 

depending on the behavioural priorities of the animal.  Pooling data among behaviours can then result 

in three inferential pitfalls when quantifying habitat selection.  First, if behaviours have opposing habitat 

selection patterns we may fail to detect selection.  Consequently, a coefficient of zero in a habitat 

selection model that averages selection among all behaviours cannot be used as a basis for suggesting 

that there is no selection with respect to that covariate.  Second, we may underestimate the strength of 

selection and, therefore, the importance of some habitats to an animal.  For instance, strong but 

infrequent behaviour-specific selection for a critical habitat may be concealed by weak or no selection 

for that habitat at other times.  Third, the direction or shape of the selection curve (how the probability 

of use changes as a function of a habitat covariate) is likely to be sensitive to behaviour.  For instance, 

selection for a habitat characteristic may be positive during one behaviour, yet negative during another, 

or a selection curve may be approximately linear for one behaviour but better represented by a 

quadratic expression for another.  Incorrect assessment of the importance, strength and form of 

selection ultimately reduces the inferential power of the resulting habitat selection models and has 

implications for the utility of these models when applied to conservation and management.  Implicit in 

the application of a behaviour-pooled habitat selection model to make predictions of space use in new 

areas or to different times is the assumption that the ratio of behaviours from which the overall 

selection patterns arise will not change.   



 
 

Behaviour-specific habitat selection has received limited attention because habitat selection is 

often based on location data (e.g. telemetry data) that lacks a behavioural context (Beyer et al., 2010).  

Although the expression of behaviour is not recorded by satellite collars, behavioural state-space 

models (Morales et al., 2004) provide a framework by which behavioural “states” or “modes” can be 

estimated based on path characteristics (Beyer et al. 2013).  These methods use the step length (or 

movement rate) and turn angle characteristics of the movement path to classify locations into different 

behavioural states based on a mixture of random walks (Morales et al., 2004).  Here, we use this 

approach to test for behavioural differences in habitat selection using elephant telemetry data as a case 

study.  In the dry season, African savannah elephants (Loxodonta africana) must fulfill competing 

physiological requirements.  For instance, individuals must visit water regularly to meet several 

physiological needs (Wright & Luck, 1984; Harris et al., 2008; Loarie et al., 2009).  However, areas near 

water often are nutritionally depleted in the dry season (de Beer et al., 2006), so elephants travel away 

from water in search of forage.  Elephants also reduce their mortality risk by avoiding human 

settlements (Roever, van Aarde, & Chase, 2013a).  We use a Bayesian state-space framework to classify 

telemetry locations into “encamped” and “exploratory” behavioural states and use resource selection 

functions to characterize habitat selection in each state.  We find that the importance, strength and 

form of selection differ between behavioural states and among animals.  We conclude that behaviour-

specific selection provides greater insight into species-habitat relationships and offers opportunities for 

improving predictive estimates of spatial use that may be relevant for conservation and management. 

Methods 

Study Area and elephant data 

The study area was located in northern Botswana and included Chobe National Park, Makgadikgadi 

National Park, Moremi Game Reserve and Nxai Pan National Park (Fig. 1).  It encompassed an area of 

74,355 km2 and was bounded to the north by Namibia and the east by Zimbabwe.  Vegetation in the 

study area was primarily deciduous dry woodlands and interspersed grasslands (Chase, 2011), and 

terrain in the region was relatively flat, with the steepest slopes occurring along the Chobe River.  Areas 

of high human use were mostly located around the periphery of the study area.    

 Within the study area, 11 elephants were collared with GPS collars (Africa Wildlife Tracking, 

Pretoria, South Africa) between August 2009 and September 2011.  Collars were programmed to locate 

animals every hour, and only data from the 2011 dry season (July to November, inclusive) was used in 



 
 

this analysis.  We had more than 1,000 locations per individual for this period, resulting in five females 

and six males with a total of 36,023 locations (see Table S1 in Supporting Information).  For each 

individual, seasonal ranges were based on the 95% isopleths of a Gaussian kernel density estimate 

(Geospatial Modelling Environment; Beyer, 2011) using smoothed cross-validation (SCV) bandwidth 

estimators from the ‘ks’ library in R (Duong, 2012). 

Movement models 

Following Morales et al (2004) and McClintock et al (2012) we model movement as a combination of 

one or more discrete-time random walks (RWs), each characterized by distributions of movement rates 

(rt; the velocity between two consecutive spatial locations Xt and Xt+1) and turn angles (φt; the angular 

difference in direction of travel between two consecutive steps, Xt-1 to Xt and Xt to Xt+1). When multiple 

RWs are used, each observation yt (t = 1, …, T) must be assigned to one of the RWs and parameters 

estimated for the probability distributions describing each RW. This can be formulated as a state-space 

model whereby a latent (unobserved) state indicator                 , where M is the number of 

movement states considered, is used to associate each observation with a RW (Morales et al 2004). For 

each RW, movement rates and turn angles are assumed to be independent and identically distributed, 

with movement rates drawn from a gamma distribution with rate parameter a i and shape parameter bi, 

and turn angles drawn from a wrapped Cauchy distribution with parameters µi and ρi (           ) 

representing the mean turn angle and dispersion parameters respectively. The movement process is 

thus a discrete-time, continuous-space, multi-state random walk with movement rate [  |   

                  and turn angle [  |                      . Specifically, the probability density 

functions describing these distributions are: 

    |       
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where                         . Note that if a = 1 the gamma distribution reduces to 

the exponential distribution. When ρ = 0 the probability density is uniform over the circular range 0-2π, 

and becomes more peaked at µ as ρ approaches 1. 



 
 

Under the assumption that the movement rates and step lengths within each behavioural state 

are independent, the joint likelihood for rt and φt, conditional on state vector Z is: 

   |   ∏    |   

 

   

    |    

We evaluate three movement models. In the simplest (“single”) movement model there is only one 

behavioural state (M=1), no latent variables because      for all t. In the “double” and “switch” 

models we hypothesize there are two behavioural states (M=2) including an “encamped” state (i = 1) 

and an “exploratory” state (i = 2) that is characterized by faster movement rates and greater directional 

persistence than the encamped state. In the double model the probability of being in each state is 

assumed to be independent of previous states or environmental variables: 

                        

where ηi is the fixed probability of being in state i at any time t, and ∑      
   . In the switch model the 

current state, Zt, is related to the state of the animal in the previous time step, Zt-1. Specifically, switches 

between states are characterized by a first-order Markov process in discrete time (McClintock et al 

2012): 

[  |                                  

and  

             |         

where ψk,i is the probability of switching from state k at time t - 1 to state i at time t, and ∑        
   . 

This is equivalent to the “double-switch” model in Morales et al.  (2004). 

The multistate models reflect the assumption that the exploratory state is characterized by 

movement rate and turn angle distributions with greater or equal mean movement rate and directional 

persistence, respectively, relative to the encamped state. Two constraints on priors were used to ensure 

that state index 2 always represented the exploratory state. Without these constraints the two states 

can be assigned different index values (1 or 2) among MCMC chains and these values can even switch 

within a single MCMC chain, complicating the interpretation of the posterior samples. The means of the 

encamped ( ̅ ) and exploratory ( ̅ ) gamma distributions were sampled using priors  ̅           and 

 ̅              ̅ , where          is a uniform distribution in the range 0-1.6 (1.6 was the maximum 

movement rate observed among all steps and animals). The two rate parameters of the gamma 



 
 

distributions (a1, a2) were then sampled from vague priors (                       , 

                       ), and the shape parameters (b1, b2) were calculated deterministically by 

dividing the rate parameter by the mean (        ̅ ,         ̅ ). The priors for the dispersion 

parameters of the wrapped Cauchy distribution, ρ1 and ρ2, involved sampling two random variables from 

uniform distributions in the range [0, 1] and assigning the smaller of them to ρ1. All other variables were 

sampled from vague priors. Specifically, η and ψ were sampled from uniform distributions in the range 

[0, 1], and µ was sampled from a uniform distribution over the range [0-10π] (the large range here helps 

to prevent boundary effects in the posteriors for µ. 

Models were fit using Monte Carlo Markov Chain (MCMC) techniques implemented in the 

software JAGS (Plummer, 2003) using three chains with a burn-in period of 10,000 samples, which were 

discarded, followed by 50,000 samples, thinned to retain every 25th sample, resulting in 2,000 

independent samples per chain from the posterior distribution of each parameter. Chains were 

initialized by sampling from the prior distributions (see Appendix S1 for full details). Every model was 

checked for convergence to a stationary distribution using the Gelman-Rubin convergence statistic (R; 

Gelman & Rubin, 1992), whereby R < 1.1 indicates convergence, and by visually examining plots of the 

chains and autocorrelation plots for each chain.  R was calculated using the “gelman.diag” function in 

the “coda” library in R (R Development Core Team, 2011).  Model selection was informed by the widely 

applicable information criteria (WAIC; Watanabe, 2010).    

Resource selection models 

Using the top-ranked movement model for each individual, we partitioned the telemetry locations into 

encamped and exploratory behavioural states and quantified habitat selection for each behavioural 

state and for the pooled data (all telemetry locations irrespective of behavioural state).  Resource 

selection for each individual was estimated by comparing the telemetry locations to random locations 

using the logistic form of the resource selection probability function (Manly et al., 2002; Lele & Keim, 

2006).  Random locations were generated within the seasonal range of each individual at a density of 12 

points per km2.  The same set of random locations was used for the pooled, encamped and exploratory 

habitat selection models.     

Selection was quantified for habitat covariates known to influence elephant habitat selection 

(Roever et al., 2012).  Elephants are known to respond to water, slope, vegetative cover and human 

presence.  The spatial location of water was mapped using community contributed GPS data from 

Tracks4Africa (Pretoria, South Africa) and was manually validated using Landsat imagery. In northern 



 
 

Botswana, water other than in rivers is scarce during the dry season; therefore, we used only water 

bodies classified as main rivers, river deltas, dams and man-made watering holes for this dry season 

analysis.  Distance to water was calculated for all landscape locations.  Slope was calculated from a 90m 

digital elevation model (Jarvis et al., 2006), and percent tree cover at a 500m resolution was obtained 

from Moderate Resolution Imaging Spectrometer (MODIS) Vegetation Continuous Fields product 

(Hansen et al., 2006).  The 500 m tree cover layer was resampled to a 90 m resolution using a cubic 

convolution interpolation to match the resolution of the other datasets.  Finally, human density data at 

a 1km resolution was obtained from Landscan (2008) daily human population data.  Hoare and Du Toit 

(1999) found that elephants avoid areas with greater than 16 people/ km2, so we identified all areas 

with human densities greater than this value and calculated distance to these high human use areas.  All 

geospatial analysis was completed using the Spatial Analyst extension of ArcGIS 10.0 (ESRI, Redlands, 

California) and Geospatial Modelling Environment (Beyer, 2011).   

Using the suite of habitat covariates described, five candidate models were formulated (Table 

1), and Bayesian information criterion (BIC; Schwarz 1978) was used to identify the top-ranked habitat 

selection model for the two behavioural state datasets and the pooled dataset of each individual.  

Covariates with Pearson’s r > 0.6 were not included in the same model.  For six individuals, distance to 

water was correlated with distance to humans, so only candidate models 1 and 2 were evaluated.  To 

assess the fit of the top-ranked model for each individual, we used k-fold cross validation (k=5), 

whereby, for each individual, a model is iteratively (k times) fit to 80% (1 – N/k) of the data and 

validated using the remaining 20% (N/k) of the data.  Fit is quantified using the Spearman rank 

correlation coefficient based on the frequency of used points in each of 10 equal area bins of predicted 

values (see Boyce et al., 2002).  For the pooled model the full dataset was used for fitting and validation, 

while only the data corresponding to each behavioural state was used to fit and validate the behaviour-

specific models.  Selection probabilities for habitat covariates were calculated using: 

                ⁄        (2) 

where w(x) is the resource selection probability function, X is a matrix of habitat covariates (including a 

column of ones representing the intercept term) and β is the vector of maximum likelihood estimates of 

the model coefficients.    To assess overall predictive power, we compared the model fit of the pooled 

model against a behaviourally averaged model,      ∑        
 
   , for each individual where pi is the 

proportion of locations in the ith behavioural state and w(xi) is the resource selection model for that 



 
 

state.  We quantified model fit of both the pooled and averaged model using the Spearman rank 

correlation coefficient as described above.   

Finally, to test whether selection for habitat covariates differed significantly between the 

encamped and exploratory states, we contrasted exploratory (0) and encamped (1) data for each 

individual using latent selection difference (LSD) functions (Czetwertynski, 2007; Latham et al., 2011).  

Because availability remains constant across behavioural states for each individual, this model provides 

direct comparisons of selection with significance and strength measures (Czetwertynski, 2007).   For 

each individual, the same model structure was used as in the top-ranked model from the use versus 

available analysis; however, if model structure between the encamped and exploratory state differed, 

we used the more complete model.  To reduce the probability of a Type I error resulting from serially 

correlated telemetry data, we used Newey-West variance inflation when estimating standard errors 

(Newey & West, 1987, Nielsen et al. 2002). Using auto-correlation functions (ACF), we found evidence of 

temporal autocorrelation in the step lengths of individuals every 12 hours in the pooled elephant data.  

This pattern was corroborated with the classified behavioural data, as the mean time an individual spent 

in the same state ranged from 3 to 12 hours among individual.  To be conservative, we used a lag of 12 

for all individuals and models.  All analysis were conducted in R (R Development Core Team, 2011) using 

the “ResourceSelection” library (Lele et al., 2011).   

Results 

The switch model, in which the probability of switching between states was explicitly estimated, was the 

top-ranked movement model for most (9 of 11) individuals (see Table S2-3).  However, for males 

EM0190 and EM0198 the double model, which indicated that switching probabilities among states could 

be reasonably approximated as constants, was the top-ranked model.  Although the switch model was 

the highest-ranked model using WAIC for animal EM0195, it was characterized by long periods (>18 

days) of no state switching.  This is not consistent with our knowledge of elephant behaviour and was 

not supported by the double model, so for this animal we used the double model.  In all cases, the 

behavioural state models far out-ranked the reference model (the single behavioural state model).  

Locations classified as exploratory had longer step lengths and greater directional persistence than 

points classified as encamped, which were generally clumped with shorter step lengths and larger turn 

angles (Fig. 2).     



 
 

The model structure of the pooled and behaviour-specific habitat selection models sometimes 

differed.  While 7 of 11 individuals had top-ranked model structure that did not vary among behavioural 

states (pooled, encamped, exploratory), for four elephants the encamped or exploratory model 

structure differed from that of the other two models (Table 2).  When model structure varied between 

behavioural states, the pooled model structure did not consistently resemble one movement state 

preferentially.  Instead, the pooled model structure was generally the same as the behavioural state 

with the most complex structure (i.e. with the most covariates).   

The top-ranked habitat selection models provided good fit to the data using k-fold cross 

validation tested with the Spearman rank correlation coefficient (rs ≥ 0.68, p <0.05) for all elephants 

(Table 2).   For EM0192 the pooled model fit was relatively low (rs = 0.68, p < 0.05), but the encamped (rs 

= 0.84, p < 0.01) and exploratory (rs = 0.92, p < 0.01) model fit was better.   Averaging the behaviour-

specific models for EM0192 into a behaviourally averaged model then provided moderately better fit (rs 

= 0.96, p < 0.01) than the pooled model, which did not incorporate behaviour; however fit of both 

models were significantly positive.  For all other elephants, the behaviour-averaged model and the 

pooled model performed equally well (see Fig. S1).   

Coefficient values often differed markedly between the state-specific and pooled models (Fig. 3, 

see Fig S2 for confidence intervals).  With respect to selection for slope, for example, among all animals 

we found that the encamped and exploratory states were associated with a 15% increase (± 36% s.d.) 

and a 35% decrease (± 51% s.d.) in the magnitude of the coefficient relative to the pooled selection 

model, respectively, although the response of individuals varied (e.g. Fig. 3).  For EM0181, distance to 

human development was a statistically significant predictor of habitat selection in the encamped and 

pooled model, but this variable was not included in the top ranked model for the exploratory datasets.  

We also found that behaviour influenced whether the 95% confidence intervals of the coefficient 

crossed zero (hereafter “significance”).   For individual EF0199, for example, selection for water was 

significant in the encamped and exploratory models, yet in the pooled model, selection for water was 

not significant (see Table S4).   

In addition to strength and significance, we also found the form of the selection curve changed.  

For the two females and two males displayed in Fig. 3, for example, there were marked differences in 

selection between the exploratory, encamped and pooled models with respect to distance to water and 

proportion of tree cover (also see Fig. S2).  For EF0194, the relationship was linear in the exploratory 

state, yet quadratic in the pooled and encamped states for these two covariates.   We also expected to 



 
 

find differences with respect to the sign (e.g. positive or negative) of the selection coefficient; however, 

for the elephants examined here, we found very few sign changes.  All of the differences we did observe 

were associated with quadratic covariates, resulting in changes to the form of the quadratic function.  .  

While selection for steeper slopes was consistent across the four animals in the example, the strength 

(i.e. slope) of the selection coefficients varied.     

The differences in habitat selection coefficients identified between the encamped and 

exploratory states were significant in many cases (Table 3).  For most individuals (9 of 11), we found 

significant differences in selection for at least one habitat covariate between the encamped and 

exploratory behavioural states.  For six of these individuals, selection varied significantly for two or more 

habitat covariates.   These differences in the habitat selection coefficients resulted in markedly different 

habitat use patterns (e.g. EF0197; Fig. 4).  Despite the differences in habitat selection observed here, 

consistencies in habitat selection also often occurred among the behaviour specific models.  For 

example, EF0191 and EF0196 had no significant differences in selection between the encamped and 

exploratory states for any habitat covariate examined here.   

Discussion 

We demonstrate that behaviour-specific habitat selection provides greater insight into species-habitat 

relationships compared to models that pool data among behaviours.  In particular, we found evidence of 

all three inferential pitfalls in our case study.  First, opposing selection for a habitat covariate among 

behavioural states ”cancelled out” in a pooled model, resulting in the conclusion that selection was 

either weak or non-existent with respect to this covariate.  With female EF0199, for example, selection 

for water was significant in both behaviour-specific models, yet was not significant in the top ranked 

pooled model.   Second, the strength of selection was substantially underestimated for some habitat 

covariates when pooling data from different behavioural states.  Selection by elephants for slope was on 

average 15% larger in the encamped model and 35% smaller in the exploratory model compared to the 

pooled model.  Finally, the form of the selection curve (how relative probability of use changes as a 

function of a habitat covariate) was sensitive to behavioural state.  For five animals, the shape of the 

response changed from a straight line to a quadratic function (Fig. 3).  Thus, if habitat selection is 

multimodal, driven by behaviour-specific habitat associations and movement characteristics, then the 

mean selection pooled among all behaviours may provide poor insight into selection.  Furthermore, 

incorrect assessment of the importance of habitat covariates, or the strength or form of selection, is 



 
 

problematic for the extrapolation of selection models to estimate selection in other areas or at other 

times.  Although only observed for a subset of individuals and covariates, this work highlights the 

existence and importance of these inferential pitfalls. 

An important implication of our work is that if habitat selection is behaviour-specific then we 

must understand both how selection varies among behavioural states and the factors determining the 

proportion of time spent in different behavioural states.   Implicit in the use of pooled selection models 

for predictive purposes, for instance, is the assumption that the ratio of behaviours from which the 

overall selection patterns arise will not change.  Here, elephants spent approximately equal proportion 

of time in the encamped and exploratory behavioural states (47.9% and 52.1%, respectively, s.d. 18.8%).  

This likely contributed to the similar model fit of the pooled and behaviourally averaged habitat 

selection models (see Fig. S1).   However, no studies have examined how elephant behaviour changes as 

a function of resource availability.  The proportions of time spent in different behaviours may vary 

temporally as climatic conditions alter the availability of water, vegetation and shade cover.  High 

behavioural plasticity would further reduce the robustness of habitat selection models to other 

locations and times.  While only two behaviours were assessed here, additional subdivision of elephant 

behaviour may further elicit insightful elephant-habitat associations. 

Another important implication of this work is that quantifying behaviour-specific selection 

reduces the risk of failing to identify important habitat selection patterns.  Though model structure did 

not vary between behaviours for most elephants examined here, the significance and strength of 

selection coefficients did, and in one instance a significant covariate in the encamped and exploratory 

models was not significant in the top model for the pooled dataset (i.e. EF0199 and selection for water).  

Pooling location data may obscure selection for habitats that occur uncommonly or briefly, but still have 

important effects on survival or fitness.  In the African savannah, for example, accessing watering holes 

is essential for many species, but watering holes are also dangerous places because predators often 

concentrate around them (de Boer et al., 2010).  Thus under conditions where the animal is not 

experiencing water or thermal stress, animals may spend much of their time away from watering holes 

and visit them only briefly, despite their importance for survival.   

Incorporating behaviour into habitat selection estimates provides a more mechanistic 

perspective on species-habitat relationships and offers opportunities for the development conservation 

and management initiatives.  If some behaviours contribute more to the fitness of individuals than 

others, the habitat associated with these particular behaviours may provide opportunities for improving 



 
 

management or conservation efficiency and effectiveness.     Corridors, for example, are often designed 

using the habitat preferences of one or more species (Chetkiewicz et al., 2006).  Designing corridors 

based on the habitat selection (i.e. Roever et al. 2013b) during the exploratory behavioural state, for 

example, may better facilitate corridor use and animal movement in heterogeneous landscapes.  

Incorporating behaviour into habitat selection studies allows us to identify those behaviours most 

important for fitness or conservation and tailor management action towards the facilitation of those 

goals. Conversely, some habitat characteristics may be important for animal selection irrespective of 

behaviour, and these similarities in selection also add to our understanding of the biology of species.   

The disconnect between studies of animal behaviour and habitat selection often results as a 

consequence of those two disciplines operating at different spatiotemporal scales (Lima & Zollner, 

1996).  Animal behaviour studies generally examine fine scale selection of microhabitats or food items, 

whereas habitat selection studies typically assess species-habitat relationships at broader scales.  The 

challenge has been how to integrate these two (Lima & Zollner, 1996).  Distinguishing behaviour-specific 

selection can provide new insights into species-habitat relationships.  In our case study, the strength of 

selection for one of the female elephants (EF0197) was strongest in the encamped state and the spatial 

distribution of selected habitats were patchy (Fig. 4(c)) compared to the more uniform distribution of 

selected habitat for the exploratory state (Fig. 4(d)).  Averaging these two behaviour specific models 

then resulted in a noticeable different resource selection function (Fig. 4(b)) than that of the pooled 

model (Fig. 4(a)), although both provided good fit to the data.   

Ultimately, models that combine both movement modelling and habitat selection in a single 

framework are likely to offer the greatest inferential power because these two processes are not 

independent (Beyer et al., 2010; Fieberg et al., 2010).  For instance, habitat effects can be incorporated 

into state-space movement models (Morales et al., 2004; Jonsen et al., 2005; Forester et al., 2007; 

Eckert et al., 2008) and into diffusion models (Moorcroft et al., 2006; Johnson et al., 2008).  These 

methods are, however, often computationally intensive or analytically intractable and impractical to 

apply to large telemetry datasets.  In lieu of these more comprehensive approaches, we used state-

space models to estimate behavioural states based only on the characteristics of the movement paths 

(but not habitat covariates), and we subsequently quantified habitat selection using generalized linear 

models for each animal.  Although not an ideal solution, it does demonstrate the premise of this work: 

that resource selection is behaviour-specific. 



 
 

Using more mechanistic models of species-habitat relationships at the level of the individual 

may also improve our ability to predict distribution at the population level, though scaling up from 

individuals to populations is not straightforward.  Selection varies as a function of the samples of use 

and availability, making it difficult to directly compare selection quantified over different availabilities 

(Beyer et al., 2010). Although one common approach to making population-level inferences is to 

estimate population-averaged selection (e.g. the marginal inferences from a generalized linear mixed 

model where individual is treated as a random effect), it might be better to quantify selection in terms 

of functional responses (Mysterud and Ims, 1998), whereby selection is modelled as a function of the 

availabilities of all habitats (Matthiopoulos et al., 2011). By explicitly quantifying how selection changes 

as availability changes, predictions from functional response models are likely to be more robust when 

applied to new regions (where animals were not sampled). Using a functional response model to make 

spatial predictions of population distribution requires an understanding of how social interactions affect 

availability (i.e. determining an appropriate scale over which to assess availability in order to apply the 

functional response model), which is an area of active research. 

In conservation, the aim of habitat selection studies is often to predict changes in habitat use 

based on some future scenario, alternative management strategy, or predict species distribution in a 

new region.  Yet if we fail to understand the processes driving selection, our projections and any 

subsequent inferences could be weak or incorrect.  By incorporating behavioural processes into habitat 

selection we might move a step beyond describing patterns to better understanding the behavioural 

mechanisms that drive selection processes (Beyer et al., 2010).  As habitat selection studies are applied 

increasingly to conservation issues such as reserve and corridor design (e.g. Cabeza et al., 2004; 

Chetkiewicz & Boyce, 2009; Roever et al., 2013b), it is imperative that estimates are robust and that 

habitat is appropriately characterized in ways that are most relevant to the survival and, ultimately, 

fitness of wildlife species.   
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Table 1. Competing habitat selection models relating habitat use to distance to water (“water”), percent 

tree cover (“tree”), slope, and distance to human settlement (“human”). The number of parameters (K) 

includes an intercept term. Models were fit to behavioural state-specific and pooled datasets and 

ranked using BIC.   

Name Candidate Model K 

1. Landscape water + tree + slope  4 

2. Landscape (non-linear) water + (water)2 + tree + (tree)2 + slope  6 

3. No Slope water + (water)2 + tree + (tree)2 + human + (human)2 7 

4. Full (humans linear) water + (water)2 + tree + (tree)2 + slope + human 7 

5. Full water + (water)2 + tree + (tree)2 + slope + human + (human)2 8 

 

 

  



 
 

Table 2. The top-ranked pooled and behavioural-state specific habitat selection model, model weight 

(w), and Spearman rank correlation coefficient (rs) derived from the k-fold cross validation, for each 

animal. Models were fit separately to each individual. See Table 1 for a description of models.   

 

  Pooled   Encamped   Exploratory 

Elephant Model w rs   Model w rs   Model w rs 

EF0191 3 0.94 0.94 

 

3 0.99 0.92 

 

3 1.00 0.89 

EF01941 2 1.00 1.00 

 

2 1.00 0.99 

 

1 0.99 0.87 

EF0196 5 1.00 0.99 

 

5 1.00 0.99 

 

5 1.00 1.00 

EF01971 2 1.00 0.99 

 

1 0.97 0.99 

 

2 1.00 0.98 

EF01991 1 0.90 0.76 

 

2 0.67 0.92 

 

1 1.00 0.75 

EM0181 5 1.00 0.85 

 

5 0.96 0.95 

 

1 0.72 0.87 

EM01871 2 1.00 0.93 

 

2 1.00 0.81 

 

2 1.00 0.98 

EM01901 2 1.00 0.98 

 

2 0.52 0.98 

 

2 1.00 0.99 

EM0192 3 1.00 0.68 

 

3 1.00 0.84 

 

3 0.92 0.92 

EM01951 2 1.00 0.92 

 

2 1.00 0.94 

 

2 1.00 0.93 

EM0198 5 1.00 0.94   5 1.00 0.95   5 1.00 0.99 

 1 Correlations occurred between water and humans, so only models 1-2 were considered for model 
selection.   



 
 

Table 3. The difference in selection between the exploratory (0) and encamped (1) behavioural states as 

quantified by latent selection difference functions for each elephant using Newey-West variance 

inflation.  All but two individuals had significant (*) differences in selection for at least one habitat 

covariate.  

 
EF0191 

 

EF0194 
 

EF0196 
 

EF0197 
 

EF0199 
 

 

water† 16.03 
  

5.70 
  

-2.19 
  

-25.06 * 
 

-7.37 * 
 

  

(water)2
†† -30.56 

  
-3.67 * 

 
0.89 

  
13.23 * 

    
  

tree 7.19 
  

17.79 * 
 

3.62 
  

-8.62 * 
 

1.88 * 
 

  

(tree)2 -29.17 
  

-53.68 * 
 

0.44 
  

23.67 * 
    

  

slope 
   

-0.12 
  

0.03 
  

0.18 
  

0.10 
  

  

human 0.35 
     

0.07 
        

  

(human)2
† -0.46           -0.19                   

                  

 
EM0181 

 

EM0187 
 

EM0190 
 

EM0192 
 

EM0195 
 

EM0198 

water† 7.05 
  

-28.59 * 
 

0.38 
  

0.96 
  

22.16 * 
 

69.57 * 

(water)2
†† 2.20 

  
10.17 * 

 
0.03 

  
0.03 

  
-3.18 * 

 
-50.70 * 

tree 13.99 * 
 

-1.52 
  

-0.36 
  

13.86 * 
 

5.52 
  

6.31 
 (tree)2 -62.32 * 

 
1.41 

  
-7.13 

  
-30.89 

  
-38.38 * 

 
-8.75 

 slope 0.10 
  

-0.16 
  

0.42 * 
    

0.08 
  

0.35 * 

human -0.13 
        

0.46 * 
    

1.58 * 

(human)2
† 0.87                 -0.46 *         -1.53 * 

† Coefficients multiplied by 100; †† Coefficients multiplied by 1000 

  



 
 

List of Figures 

Figure 1. Study area located in northern Botswana (Albers Equal Area Conic projection).  The study area 

included 3 national parks and 1 game reserve (dark grey), along with multiple wildlife management 

areas (light grey). 

 

Figure 2. Elephant telemetry locations classified into encamped and exploratory behavioural states for 

one representative individual elephant (EM0181).  Turn angle (circular plots in radians) and movement 

rate (m/s) differed between the two states, with the exploratory state exhibiting faster, more directed 

movement.  Insets display the histogram of observed values (grey) and fitted distribution (black line). 

 

Figure 3. Probability of selection for distance to water, proportion of tree cover and slope as a function 

of behavioural state for four representative elephants.   Selection in the pooled model (solid line) 

differed in importance, strength and form of the selection (e.g. linear versus quadratic) from the 

encamped (short dashed line) and exploratory (long dashed line) behavioural state models.   

 

Figure 4.  Spatial predictions of probability of selection for one elephant (EF0197) based on the pooled 

(a), behaviourally averaged (b), encamped (c) and exploratory (d) habitat selection models.  The black 

line is the seasonal range boundary based on the 95% isopleths of the kernel density estimate.   
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Appendix S1.  

Model fitting in JAGS 

Here, we reproduce the code used to fit the three movement models using JAGS. In all three models the 

observed data include the movement rates and turn angles characterising each step (“mr” and “ta” 

variables respectively). In the double and switch models the “idx” variables represents the vector of 

movement states. 

 

1. The single model is a simple correlated random walk model with no behavioural states (used as a 

reference model): 

 
model{ 

for(t in 1:N){ 

     mr[t] ~ dgamma(b, a) 

     ones[t] ~ dbern(wc[t]) 

     wc[t] <- (1/(2*Pi)*(1-rho*rho)/(1+rho*rho-2*rho*cos(ta[t]-mu)))/500 

} 

b ~ dgamma(0.001, 0.001) 

a ~ dgamma(0.001, 0.001) 

mu ~ dunif(0,31.41593) 

rho ~ dunif(0,1) 

Pi <- 3.14159265359 

} 

 
2. The double model is a combination of two random walks, each with different step length and 

movement rate distributions. The indices [1] and [2] correspond to parameter values associated with 

the first and second behavioural states respectively. There is a constant probability, p (or 1-p), of being 

in the first (or second) state. 

 
model{ 

for(t in 1:N){ 

     idx[t] ~ dcat(nu[]) 

     mr[t] ~ dgamma(b[idx[t]], a[idx[t]]) 

     ones[t] ~ dbern(wc[t]) 

     wc[t] <- (1/(2*Pi) * (1-rho[idx[t]]*rho[idx[t]]) / 

(1+rho[idx[t]]*rho[idx[t]]-2*rho[idx[t]]*cos(ta[t]-mu[idx[t]])))/500  

} 

mn[1] ~ dunif(0,1.6) 

eps ~ dunif(0,1.6) 

mn[2] <- mn[1] + eps 

b[1] ~ dgamma(0.001, 0.001) 

b[2] ~ dgamma(0.001, 0.001) 

a[1] <- b[1]/mn[1] 

a[2] <- b[2]/mn[2] 



 
 

mu[1] ~ dunif(0,31.41593) 

mu[2] ~ dunif(0,31.41593) 

eps3 ~ dunif(0,1) 

eps4 ~ dunif(0,1) 

rho[1] <- min(eps3,eps4) 

rho[2] <- max(eps3,eps4) 

p ~ dunif(0,1) 

nu[1] <- p 

nu[2] <- 1 - p 

Pi <- 3.14159265359 

} 

 
3. The switch model is also a combination of two random walks, but the probability of switching from 

one state to another depends on the previous behavioural state of the animal (variable q). 

 
model{ 

for(t in 2:N){ 

     nu[t,1] <- q[idx[t-1]] 

     nu[t,2] <- 1-q[idx[t-1]] 

     idx[t] ~ dcat(nu[t,]) 

     mr[t] ~ dgamma(b[idx[t]], a[idx[t]]) 

     ones[t] ~ dbern(wc[t]) 

     wc[t] <-  

(1/(2*Pi)*(1-rho[idx[t]]*rho[idx[t]])/(1+rho[idx[t]]*rho[idx[t]]-

2*rho[idx[t]]*cos(ta[t]-mu[idx[t]])))/500  

} 

mn[1] ~ dunif(0,1.6) 

eps ~ dunif(0,1.6) 

mn[2] <- mn[1] + eps 

b[1] ~ dgamma(0.001, 0.001) 

b[2] ~ dgamma(0.001, 0.001) 

a[1] <- b[1]/mn[1] 

a[2] <- b[2]/mn[2] 

mu[1] ~ dunif(0,31.41593) 

mu[2] ~ dunif(0,31.41593) 

eps3 ~ dunif(0,1) 

eps4 ~ dunif(0,1) 

rho[1] <- min(eps3,eps4) 

rho[2] <- max(eps3,eps4) 

q[1] ~ dunif(0,1) 

q[2] ~ dunif(0,1) 

phi[1] ~ dunif(0,1) 

phi[2] <- 1-phi[1] 

idx[1] ~ dcat(phi[]) 

Pi <- 3.14159265359 

} 

 
Script files were used to fit these models in JAGS. An example of a script file used to fit the double model 

is: 

 
model in "m2double.txt" 

data in "eledatamdoubleuid1.txt" 



 
 

compile, nchains(3) 

load dic 

initialize 

update 10000 

monitor mn, thin(25) 

monitor b, thin(25) 

monitor mu, thin(25) 

monitor rho, thin(25) 

monitor p, thin(25) 

monitor deviance, thin(25) 

monitor idx, thin(25) 

update 50000 

coda *, stem("codadoubleuid1") 

 
This script indicates a burn-in period of 10,000 MCMC steps, and then records parameter values over a 

further 50,000 MCMC steps, thinned to 1 in 25 to reduce autocorrelation in the posterior samples. 

  



 
 

 

Figure S1 (a).  Comparison of the model fit for the pooled (solid line) and behaviourally averaged 

(dashed line) habitat selection models for female elephants.  Good model fit is indicated by a greater 

number (No.) of elephant locations in highly suitable habitat.  Fit using Spearman rank correlation 

coefficient was significantly increasing (rs = 0.67, p < 0.05) for all models.  Model fit was similar between 

the pooled and averaged models.  
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Figure S1 (b).  Comparison of the model fit for the pooled (solid line) and behaviourally averaged 

(dashed line) habitat selection models for male elephants.  Good model fit is indicated by a greater 

number (No.) of elephant locations in highly suitable habitat.  Fit using Spearman rank correlation 

coefficient was significantly increasing (rs = 0.67, p < 0.05) for all models except the averaged model for 

EM0181 (rs = 0.42, p = 0.23).  Model fit was similar between the pooled and averaged models; however, 

model fit was slightly better EM0181 in the pooled model and EM0192 in the behaviourally averaged 

model.  

  

0

200

400

1 3 5 7 9

N
o

. o
f 

Lo
ca

ti
o

n
s

0

200

400

600

800

1 3 5 7 9

N
o

. o
f 

Lo
ca

ti
o

n
s

0

300

600

900

1 3 5 7 9

N
o

. o
f 

Lo
ca

ti
o

n
s

0

400

800

1200

1 3 5 7 9

N
o

. o
f 

Lo
ca

ti
o

n
s

0

200

400

600

800

1 3 5 7 9

N
o

. o
f 

Lo
ca

ti
o

n
s

Habitat Suitability

EM0181 EM0187

EM0190 EM0192

EM0195

0

200

400

600

1 3 5 7 9

N
o

. o
f 

Lo
ca

ti
o

n
s

Habitat Suitability

EM0198



 
 

 

Figure S2 (a). Probability of occurrence as a function of distance to water.  The black line is for the 

pooled model, and the red and blue lines are for the encamped and exploratory models, respectively.  

This is an adaptation of Figure 3 with the 95% confidence intervals included (dashed lines). 

 



 
 

 

Figure S2 (b). Probability of occurrence as a function of proportion tree cover.  The black line is for the 

pooled model, and the red and blue lines are for the encamped and exploratory models, respectively.  

This is an adaptation of Figure 3 with the 95% confidence intervals included (dashed lines). 

 



 
 

 

Figure S2 (c). Probability of occurrence as a function of slope.  The black line is for the pooled model, and 

the red and blue lines are for the encamped and exploratory models, respectively.  This is an adaptation 

of Figure 3 with the 95% confidence intervals included (dashed lines). 

  



 
 

Table S1. Summary of elephant telemetry data. 

Elephant Sex 
Home range 

size (km2) 
Elephant 
locations 

Available 
locations 

EF0191 F 413 3559 2476 

EF0194 F 1714 3527 1028 

EF0196 F 1422 3601 8531 

EF0197 F 124 3300 743 

EF0199 F 167 3539 1004 

EM0181 M 245 1122 1472 

EM0187 M 713 2416 4278 

EM0190 M 465 3445 2791 

EM0192 M 915 3394 5490 

EM0195 M 647 3509 3880 

EM0198 M 1425 3416 8550 

 

  



 
 

Table S2. Results of model selection to classify animal movement into discrete behavioural states for 

individual elephants.  The change in WAIC (ΔWAIC) from the top model is presented.   

  
ΔWAIC 

Elephant Sex Single Double Switch 

EF0191 F 1794.979 652.911 0 

EF0194 F 3029.835 773.543 0 

EF0196 F 3306.429 477.609 0 

EF0197 F 2193.285 336.931 0 

EF0199 F 2522.902 163.227 0 

EM0181 M 1826.146 204.495 0 

EM0187 M 1287.706 339.144 0 

EM0190 M 2446.046 0 172.787 

EM0192 M 2963.300 368.540 0 

EM0195 M 1852.469 195.571 0 

EM0198 M 1339.648 0 196.664 

 

  



 
 

Table S3. Estimated parameter values and convergence metrics for the top model of the state-space 

behaviour classification.  Alpha (a) and beta (b) are the rate and shape parameters, respectively, for the 

turn angle distribution of the exploratory (1) and encamped (2) movement states.  Mu (µ) and rho (ρ) 

are the mean turn angle and dispersion parameters, respectively, for the wrapped Cauchy turn angle 

distribution. The probability of remaining in the current state(q) is present only in the switch model. 

Elephant 
Top 
model Parameter Mean Lower CI Upper CI R(hat) 

R(hat) 
Upper CI 

EF0191 switch a1 0.041 0.035 0.048 0.042 1.001 

  
a2 0.176 0.166 0.186 0.176 1.001 

  
b1 0.937 0.861 1.015 0.938 1.000 

  
b2 1.882 1.717 2.067 1.878 1.000 

  
µ 1 -0.008 -0.216 0.186 -0.007 1.000 

  
µ 2 0.020 -0.016 0.055 0.020 1.000 

  
ρ 1 0.234 0.164 0.294 0.235 1.001 

  
ρ 2 0.602 0.581 0.623 0.602 1.000 

  
q1 0.769 0.726 0.807 0.770 1.000 

  
q2 0.122 0.099 0.148 0.122 1.000 

  
deviance 45563.424 45433.190 45695.405 45562.900 1.001 

EF0194 switch a1 0.052 0.049 0.056 0.052 1.000 

  
a2 0.296 0.280 0.312 0.296 1.001 

  
b1 1.053 0.998 1.111 1.052 1.000 

  
b2 2.448 2.191 2.731 2.442 1.000 

  
µ 1 -0.010 -0.052 0.031 -0.010 1.000 

  
µ 2 0.011 -0.008 0.029 0.011 1.000 

  
ρ 1 0.531 0.505 0.555 0.531 1.000 

  
ρ 2 0.807 0.793 0.821 0.807 1.000 

  
q1 0.921 0.906 0.934 0.921 1.001 

  
q2 0.134 0.112 0.156 0.133 1.000 

  
deviance 42641.734 42546.195 42740.803 42641.300 1.000 

EF0196 switch a1 0.051 0.046 0.056 0.051 1.000 

  
a2 0.302 0.287 0.318 0.302 1.000 

  
b1 0.816 0.770 0.862 0.816 1.000 

  
b2 2.089 1.904 2.289 2.087 1.000 

  
µ 1 0.001 -0.108 0.108 0.002 1.000 

  µ 2 -0.011 -0.033 0.011 -0.012 1.001 

  ρ 1 0.284 0.245 0.321 0.284 1.000 

  ρ 2 0.755 0.738 0.772 0.755 1.001 

  q1 0.854 0.832 0.874 0.854 1.000 

  q2 0.172 0.151 0.195 0.172 1.000 

  deviance 45738.958 45633.393 45850.800 45738.500 1.001 

  



 
 

Table S3. (cont.)  

Elephant 
Top 
model Parameter Mean Lower CI Upper CI R(hat) 

R(hat) 
Upper CI 

EF0197 switch a1 0.016 0.015 0.017 0.016 1.001 

  
a2 0.076 0.071 0.081 0.076 1.001 

  
b1 1.612 1.486 1.746 1.611 1.000 

  
b2 1.474 1.325 1.644 1.470 1.000 

  
µ 1 1.137 0.704 1.615 1.134 1.001 

  
µ 2 0.017 -0.047 0.080 0.017 1.000 

  
ρ 1 0.100 0.063 0.136 0.100 1.002 

  
ρ 2 0.487 0.457 0.519 0.488 1.000 

  
q1 0.830 0.802 0.856 0.830 1.001 

  
q2 0.183 0.151 0.217 0.183 1.000 

  
deviance 36051.166 35899.500 36206.200 36050.150 1.004 

EF0199 switch a1 0.021 0.019 0.023 0.021 1.002 

  
a2 0.115 0.108 0.123 0.115 1.001 

  
b1 0.996 0.932 1.067 0.995 1.000 

  
b2 1.609 1.448 1.786 1.607 1.000 

  
µ 1 -0.064 -0.319 0.189 -0.061 1.000 

  
µ 2 0.033 -0.005 0.071 0.033 1.000 

  
ρ 1 0.145 0.102 0.188 0.145 1.000 

  
ρ 2 0.627 0.604 0.651 0.627 1.000 

  
q1 0.834 0.804 0.860 0.834 1.000 

  
q2 0.177 0.150 0.205 0.176 1.000 

  
deviance 40405.427 40241.095 40570.303 40404.550 1.001 

EM0181 switch a1 0.048 0.044 0.053 0.048 1.002 

  
a2 0.237 0.220 0.255 0.237 1.000 

  
b1 0.928 0.862 0.995 0.929 1.000 

  
b2 1.807 1.610 2.035 1.803 1.001 

  
µ 1 0.026 -0.074 0.123 0.026 1.000 

  µ 2 -0.011 -0.035 0.013 -0.011 1.000 

  ρ 1 0.349 0.296 0.398 0.350 1.001 

  ρ 2 0.783 0.764 0.801 0.783 1.000 

  q1 0.872 0.844 0.898 0.873 1.002 

  q2 0.164 0.136 0.193 0.164 1.000 

    deviance 29710.592 29615.593 29811.303 29710.200 1.001 

 

  



 
 

Table S3. (cont.)  

Elephant 
Top 
model Parameter Mean Lower CI Upper CI R(hat) 

R(hat) 
Upper CI 

EM0187 switch a1 0.050 0.045 0.054 0.050 1.000 

  
a2 0.168 0.153 0.186 0.168 1.000 

  
b1 0.995 0.941 1.049 0.995 1.000 

  
b2 1.639 1.457 1.845 1.635 1.001 

  
µ 1 0.059 -0.091 0.220 0.057 1.000 

  
µ 2 -0.042 -0.095 0.011 -0.042 1.000 

  
ρ 1 0.201 0.164 0.236 0.202 1.000 

  
ρ 2 0.612 0.571 0.653 0.612 1.000 

  
q1 0.916 0.890 0.939 0.917 1.000 

  
q2 0.194 0.154 0.235 0.193 1.003 

  
deviance 42864.441 42722.895 43006.803 42863.650 1.001 

EM0190 double a1 0.019 0.014 0.024 0.018 1.006 

  
a2 0.139 0.126 0.152 0.138 1.005 

  
b1 0.962 0.869 1.080 0.957 1.001 

  
b2 1.576 1.276 1.892 1.574 1.004 

  
µ 1 2.383 -3.003 3.077 2.655 1.001 

  
µ 2 0.012 -0.048 0.072 0.011 1.002 

  
ρ 1 0.090 0.024 0.170 0.088 1.003 

  
ρ 2 0.448 0.410 0.487 0.448 1.001 

  
p 0.370 0.285 0.450 0.372 1.006 

  
deviance 41711.325 41461.988 42041.125 41697.400 1.002 

EM0192 switch a1 0.036 0.033 0.039 0.036 1.001 

  
a2 0.232 0.215 0.251 0.232 1.002 

  
b1 0.942 0.891 0.995 0.941 1.000 

  
b2 1.498 1.346 1.664 1.495 1.000 

  
µ 1 0.096 0.028 0.164 0.095 1.000 

  
µ 2 0.015 -0.006 0.036 0.015 1.000 

  ρ 1 0.385 0.349 0.419 0.386 1.000 

  ρ 2 0.797 0.780 0.813 0.797 1.001 

  q1 0.897 0.877 0.915 0.898 1.002 

  q2 0.177 0.151 0.204 0.176 1.002 

    deviance 41391.126 41281.190 41505.705 41390.400 1.002 

 

  



 
 

Table S3. (cont.)  

Elephant 
Top 
model Parameter Mean Lower CI Upper CI R(hat) 

R(hat) 
Upper CI 

EM0195 double a1 0.005 0.005 0.006 0.005 1.000 

  
a2 0.105 0.100 0.110 0.105 1.003 

  
b1 2.043 1.656 2.478 2.034 1.000 

  
b2 0.845 0.797 0.896 0.844 1.001 

  
µ 1 -0.273 -3.134 3.135 -2.909 1.000 

  
µ 2 -0.037 -0.089 0.013 -0.037 1.000 

  
ρ 1 0.291 0.208 0.375 0.291 1.000 

  
ρ 2 0.435 0.413 0.457 0.435 1.000 

  
p 0.148 0.125 0.172 0.148 1.000 

  
deviance 41905.882 41725.298 42089.005 41903.400 1.002 

EM0198 double a1 0.007 0.006 0.008 0.007 1.001 

  
a2 0.074 0.070 0.079 0.074 1.001 

  
b1 1.424 1.189 1.698 1.419 1.000 

  
b2 1.025 0.938 1.126 1.023 1.001 

  
µ 1 2.597 -3.117 3.123 2.977 1.008 

  
µ 2 -0.075 -0.146 -0.003 -0.075 1.001 

  
ρ 1 0.338 0.251 0.401 0.341 1.000 

  
ρ 2 0.406 0.375 0.437 0.406 1.000 

  
p 0.217 0.183 0.256 0.216 1.001 

    deviance 26653.950 26491.693 26815.503 26654.600 1.000 

 

  



 
 

Table S4. Full model results for the resource selection probability function (RSPF) for each individual and 

behavioural state. 

 
Pooled 

 
Encamped 

 
Exploratory 

 
Beta SE     Beta SE     Beta SE   

EF0191 
           (Intercept) -12.695 5.819 * 

 
-46.050 0.292 * 

 
-17.183 2.718 * 

water -0.099 0.041 * 
 

-0.039 0.037 
  

-0.198 0.036 * 

(water)2
† 0.418 0.710 

  
-0.701 0.823 

  
2.516 0.605 * 

tree -5.362 1.223 * 
 

-0.917 0.366 * 
 

-8.116 0.664 * 

(tree)2 -4.151 5.869 
  

-25.742 1.634 * 
 

5.621 2.291 * 

human 0.557 0.100 * 
 

1.065 0.033 * 
 

0.671 0.041 * 

(human)2
† -0.766 0.128 * 

 
-1.424 0.045 * 

 
-0.904 0.053 * 

            EF0194 
           

(Intercept) -1.304 0.158 * 
 

-2.274 0.160 * 
 

-1.109 0.188 * 

water -0.090 0.020 * 
 

-0.048 0.024 * 
 

-0.041 0.006 * 

(water)2
† 0.001 0.063 

  
-0.322 0.086 * 

    
tree 14.432 1.981 * 

 
31.813 2.268 * 

 
2.051 0.537 * 

(tree)2 -31.046 6.542 * 
 

-84.724 7.368 * 
    

slope 1.062 0.092 * 
 

1.149 0.106 * 
 

0.893 0.154 * 

            EF0196 
           

(Intercept) -8.199 1.224 * 
 

-14.276 1.779 * 
 

-6.928 1.096 * 

water -0.004 0.008 
  

-0.009 0.010 
  

0.006 0.010 
 

(water)2
† -0.039 0.022 

  
-0.010 0.028 

  
-0.066 0.029 * 

tree 7.342 0.378 * 
 

8.391 0.592 * 
 

4.897 0.583 * 

(tree)2 -14.044 1.444 * 
 

-11.538 2.302 * 
 

-12.242 2.236 * 

slope 0.384 0.015 * 
 

0.415 0.026 * 
 

0.363 0.035 * 

human 0.138 0.009 * 
 

0.173 0.012 * 
 

0.117 0.013 * 

(human)2
† -0.295 0.024 * 

 
-0.381 0.030 * 

 
-0.244 0.034 * 

            EF0197 
           

(Intercept) -3.206 0.144 * 
 

-2.968 0.150 * 
 

-3.927 0.214 * 

water 0.175 0.025 * 
 

0.059 0.009 * 
 

0.355 0.037 * 

(water)2
† -0.639 0.116 * 

     
-1.608 0.172 * 

tree 2.513 0.986 * 
 

-1.107 0.430 * 
 

6.451 1.406 * 

(tree)2 -10.810 2.361 * 
     

-22.791 3.414 * 

slope 2.683 0.166 *   3.205 0.267 *   1.820 0.212 * 

† Coefficients and standard errors were multiplied by 100. 

  



 
 

Table S4. (cont.) 

 
Pooled 

 
Encamped 

 
Exploratory 

 
Beta SE     Beta SE     Beta SE   

EF0199 

           (Intercept) 1.237 0.214 
  

-1.185 3.331 
  

0.585 0.221 * 

water 0.046 0.029 * 
 

0.074 0.081 
  

0.153 0.034 * 

(water)2
† 

    
-0.779 0.396 * 

    tree -8.339 0.725 * 
 

-0.500 2.160 
  

-8.583 0.712 * 

(tree)2 

    
-5.040 5.078 

     slope 1.674 0.287 * 
 

0.694 0.438 
  

0.797 0.161 * 

            EM0181 

           (Intercept) -6.485 3.526 
  

-3.576 1.795 * 
 

-2.667 3.472 
 water -0.028 0.016 

  

-0.002 0.019 
  

-0.035 0.012 * 

(water)2
† 0.301 0.070 * 

 

0.410 0.098 * 
    tree 6.068 0.794 * 

 

15.105 2.118 * 
 

-2.714 1.296 * 

(tree)2 -37.361 4.548 * 
 

-82.541 13.239 * 
    slope 0.405 0.033 * 

 

0.528 0.065 * 
 

0.340 0.081 * 

human 0.106 0.026 * 
 

0.084 0.034 * 
    (human)2

† -1.119 0.218 * 
 

-0.966 0.315 * 
    

            EM0187 

           (Intercept) -7.120 7.617 
  

-18.697 5.875 * 
 

-1.350 3.828 
 water -0.414 0.009 * 

 
-0.542 0.011 * 

 
-0.174 0.061 * 

(water)2
† 1.892 0.050 * 

 
2.386 0.065 * 

 
0.906 0.359 * 

tree -8.037 0.546 * 
 

-8.793 0.708 * 
 

-6.294 6.464 
 (tree)2 13.822 2.347 * 

 

14.040 3.037 * 
 

12.190 18.840 
 slope -0.087 0.025 * 

 

-0.152 0.016 * 
 

0.048 0.061 
             EM0190 

           (Intercept) -1.309 0.428 * 
 

-2.639 0.872 * 
 

-0.631 0.425 
 water -0.087 0.030 * 

 

-0.037 0.032 
  

-0.123 0.032 * 

(water)2
† 0.329 0.082 * 

 
0.183 0.083 

  
0.436 0.084 * 

tree -3.403 1.935 
  

-2.863 1.841 
  

-3.841 2.237 
 (tree)2 0.787 6.418 

  
-1.004 6.224 

  
2.343 7.843 

 slope 1.459 0.150 *   1.399 0.209 *   1.409 0.162 * 
 † Coefficients and standard errors were multiplied by 100. 

 

 

 



 
 

Table S4. (cont.) 

  Pooled    Encamped     Exploratory  

 
Beta SE     Beta SE     Beta SE   

EM0192 

           (Intercept) -35.671 1.814 * 
 

-23.394 6.148 * 
 

-7.364 2.208 * 

water -0.047 0.006 * 
 

-0.037 0.013 * 
 

-0.064 0.015 * 

(water)2
† 0.028 0.018 

  
-0.035 0.044 

  
0.088 0.033 * 

tree 3.069 0.618 * 
 

6.336 1.424 * 
 

-2.680 1.483 
 (tree)2 -7.438 2.273 * 

 
-11.055 5.124 * 

 
4.496 1.723 * 

slope 0.653 0.014 * 
 

0.923 0.071 * 
 

0.325 0.050 * 

human -0.779 0.017 * 
 

-1.078 0.086 * 
 

-0.415 0.062 * 

(human)2
† 

           
            EM0195 -9.533 4.047 * 

 
-18.614 8.839 * 

 
-9.699 0.789 * 

(Intercept) 0.296 0.021 * 
 

0.614 0.065 * 
 

0.263 0.021 * 

water -0.527 0.034 * 
 

-1.017 0.112 * 
 

-0.477 0.035 * 

(water)2
† 2.126 0.575 * 

 

4.743 2.482 
  

2.233 0.415 * 

tree -8.508 2.317 * 
 

-32.048 10.297 * 
 

-7.829 1.465 * 

(tree)2 0.719 0.037 * 
 

0.815 0.013 * 
 

0.700 0.037 * 

slope 

                       EM0198 -46.281 6.971 * 
 

-86.426 11.190 * 
 

-38.357 8.130 * 

(Intercept) 0.237 0.020 * 
 

0.675 0.048 * 
 

0.145 0.021 * 

water -1.112 0.115 * 
 

-4.443 0.329 * 
 

-0.438 0.122 * 

(water)2
† 6.262 1.344 * 

 

10.485 2.221 * 
 

5.500 1.381 * 

tree -11.778 3.076 * 
 

-16.952 5.627 * 
 

-10.837 3.151 * 

(tree)2 0.874 0.042 * 
 

1.234 0.066 * 
 

0.760 0.027 * 

slope 1.542 0.191 * 
 

2.968 0.347 * 
 

1.244 0.198 * 
† Coefficients and standard errors were multiplied by 100. 
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