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ABSTRACT
Aim: Animal movements are a fundamental process affecting communities and ecosystems. Quantifying habitat selection 
across species and habitats is key for understanding how animals respond to environmental change. Currently, we lack compar-
ative studies that examine how habitat selection varies across species traits and landscapes. We aim to quantify global patterns 
of habitat selection to help understand the fundamental drivers of movement behaviour.
Location: Global.
Time Period: Contemporary.
Major Taxa Studied: Terrestrial mammals.
Methods: We estimated selection coefficients for terrain ruggedness, vegetation productivity, human population density and 
distance to roads of individual terrestrial mammals through step-selection analysis of 1344 GPS tracks across 48 species. We 
quantified intra- and interspecific variation and tested whether selection coefficients were associated with species traits and 
habitat availability.
Results: We observe an overall avoidance of roads and areas of high human population density as well as rugged terrain, 
with a large proportion of individuals selecting for areas of intermediate NDVI. However, we also found large intraspecific 
variation in habitat selection and show that this variation is predicted by local and landscape-level environmental conditions 
rather than species traits. Individuals in more remote areas exhibited weaker functional responses to human presence than 
those in more disturbed areas. Avoidance of rugged terrain is also context-dependent, with stronger avoidance when local 
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ruggedness is high. The only exception to the observed intraspecific variability is consistent species-level responses to road 
proximity.
Main Conclusions: Our findings contribute to the understanding of habitat selection by terrestrial mammals, showing that 
selection is largely shaped by environmental conditions and that animals exhibit high plasticity in their responses. Our results 
also provide further evidence for the significant impact of roads on animal movement. These insights can help us to understand 
the potential effects of environmental change on the behaviour of mammal species around the world.

1   |   Introduction

Global environmental change has wide-ranging effects on 
animal behaviour (Doherty et al. 2021), which may generate 
human-wildlife conflicts and alter ecosystem functioning 
(Wilson et  al.  2020). Human-modified landscapes have par-
ticularly strong impacts on the movement of animals (Tucker 
et  al.  2018; Doherty et  al.  2021), which in turn affects pro-
cesses such as seed dispersal (Tucker et al. 2021), biomass and 
nutrient flows within and between ecosystems (Bauer and 
Hoye  2014), disease transmission (Omondi et  al.  2020) and 
habitat modification (Martin et  al.  2018; Maher et  al.  2023). 
The disruption of animal movement can have wide-ranging 
consequences for communities and ecosystems (Wilson 
et  al.  2020). To mitigate these impacts, it is essential to un-
derstand the fundamental ecological processes underlying 
movement not only within single species and populations, 
but also across species through comparative studies (Tucker 
et al. 2018, 2023).

Comparative movement studies have so far focused on de-
scriptive measures of space use and movement patterns. For 
example, existing studies have found differences in move-
ment distances and home range sizes between trophic levels, 
with carnivores generally utilising larger areas than herbi-
vores (Tucker et al. 2014, 2018; Fauvelle et al. 2017; Noonan 
et al. 2020). Human activities are associated with an increase 
in displacement across several taxonomic groups (Doherty 
et  al.  2021), a decrease in the median and long-movement 
distances of terrestrial mammals (Tucker et  al.  2018) and a 
reduction in home range size and the proportion of available 
habitat (Hirt et al. 2021). These studies demonstrate that there 
are considerable generalities in species' responses to human 
activities around the globe and that species traits can be key in 
understanding how animals react to environmental change. 
Habitat selection—the preference or avoidance of certain en-
vironmental features or resources—is another fundamental 
aspect of animal behaviour that emerges from encountering 
habitats due to movement (Nathan et  al.  2008; Van Moorter 
et al. 2016). However, generalities in what influences habitat 
selection across species have not been investigated, despite 
it being a crucial part of an individual's movement process. 
Investigating generalities in habitat selection across species 
requires a unified approach in which selection responses are 
directly comparable.

Here, we present the first comparative study of habitat selec-
tion patterns using GPS data from 48 medium to large-bodied 
terrestrial mammal species and 34 countries. We used an in-
tegrated step-selection approach (Avgar et al. 2016) to quan-
tify selection patterns for 1344 individuals and to examine 

inter- and intraspecific variation in selection. We then related 
habitat selection to species traits (body size, relative brain size, 
trophic level) as well as environmental availability to explore 
functional responses across species, i.e., the extent to which 
animals change their selection depending on the environmen-
tal conditions, such as the availability of a certain resource or 
habitat type (Mysterud and Ims 1998; Mason and Fortin 2017) 
or the degree of human activity (Burton et al. 2024). We de-
fined environmental availability at two levels: step-level 
availability and track-level availability. Step-level availabil-
ity reflects the local conditions at an animal's given location, 
which affects its next movement decision at a point in time. 
Track-level availability represents the environmental condi-
tions that the animal moves in along the entirety of its track, 
reflecting the landscape it lives in.

We quantified habitat based on a few key characteristics rel-
evant to many species. Vegetation productivity, quantified by 
the Normalised Difference Vegetation Index (NDVI), is often 
used as a proxy for resource availability across ecological 
studies (Pettorelli et al. 2011). The Terrain Ruggedness Index 
(TRI) is commonly used to quantify elevational differences in 
a landscape (Nellemann and Fry 1995), as it affects the energy 
that animals need to expend in order to move around their 
habitat (Shepard et  al.  2013). We included distance to roads 
and human population density as previous studies revealed 
significant avoidance responses to roads (Barry et  al.  2020; 
Bastianelli et  al.  2024) as well as areas with high human 
population density (Dellinger et  al.  2013). We expected that 
animals will generally avoid areas of higher TRI (Shepard 
et  al.  2013), with larger-bodied species showing stronger 
avoidance due to the higher energetic costs of moving across 
terrain (Taylor et  al.  1972). We expected that many animals 
would select for intermediate values of NDVI, because it has 
been shown that high-NDVI areas such as closed-canopy 
forests can provide less foraging resources below the canopy 
than more open areas (e.g., Prokopenko et  al.  2017; Jones 
et al. 2019). We also expected animals to avoid roads and areas 
with high human population density, in line with previous 
studies (Tucker et al. 2018, 2023; Barry et al. 2020; Bastianelli 
et al. 2024; Dellinger et al. 2013), with the possible exception 
of species that are well-adapted to human landscapes (e.g., 
agricultural areas). The impacts of roads are strongest in 
their immediate vicinity (de Jonge et  al.  2022), resulting in 
a functional response, where animals will increasingly avoid 
roads and areas with high human population density when 
in areas of higher human impact (i.e., low average distance 
to roads and high human population density). Finally, we an-
alysed whether habitat selection is related to species' traits, 
as we expected potential differences in selection between spe-
cies in relation to trophic level (Rosenheim 2004), body size 
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(Gil-Sánchez et al. 2025), as well as relative brain size, where 
larger relative brain size is related to better spatial memory 
and more efficient navigation capacity (Nathan et  al.  2008; 
Fagan et al. 2013).

2   |   Methods

2.1   |   Individual Step-Selection Responses

2.1.1   |   Movement Data

We compiled GPS tracking data for 1344 individuals from 48 
terrestrial mammal species, collected by co-authors during 
1998–2023 across 34 countries (Table  S1). Due to the inher-
ent constraints of GPS tracking, our dataset is limited to 
medium to large-bodied mammal species. We removed unre-
alistic movements using a threshold speed of > 4 m/s (Tucker 
et al. 2018, 2023), and removed the first seven days of track-
ing to eliminate potential effects from capturing (Stiegler 
et  al.  2024). We used the R package amt (Signer et  al.  2019) 
to resample all trajectories to 6-h steps (the finest temporal 
grain that allowed us to retain most individuals of most spe-
cies) with a 15% (54 min) tolerance interval. The final tracks 
had a median length of 1129 steps at 6-h time steps (mean: 
1372.4 steps; 25th percentile: 544.5 steps; 75th percentile: 
1675.2 steps). A median length of 1129 consecutive 6-h steps 
would correspond to a median track length of 282 days, yet 
tracks can contain gaps and thus cover slightly longer peri-
ods than implied by their number of steps. For an overview of 
the number of individuals per species see Table S1. To assess 
whether 6-h steps are appropriate for capturing independent 
movement decisions, we measured autocorrelation in the ab-
solute headings of each individual track using correlograms 
(see Supporting Information Methods 1), which showed near 
zero autocorrelation across individuals and species at 6-h in-
tervals (Figures S3 and S4).

2.1.2   |   Environmental Data

For our analysis, we included MOD13Q1 V6.1 16-day NDVI 
obtained through the Env-DATA system (Dodge et al. 2013) at 
250-m resolution using inverse-distance interpolation, TRI as 
calculated using the terra R package based on SRTM elevation 
data accessed via elevatr (Hollister et  al.  2017) at zoom level 
11 and resampled to 250-m resolution, 5-year human popula-
tion density from the European Commission Joint Research 
Centre Data Catalogue (GHS-POP R2023A) resampled from 
native 100-m resolution to 250-m resolution, and distance to 
the nearest major road (up to and including tertiary roads fol-
lowing the OpenStreetMap classification system) based on 2016 
OpenStreetMap data accessed through WorldPop (WorldPop, 
2018) and resampled from 100-m resolution to 250-m resolution 
because this was the finest resolution at which NDVI data was 
available. For the time-varying covariates NDVI and human 
population density, we always used the temporally closest avail-
able data layer. We transformed all variables except for NDVI 
using log (X + 0.01) transformation because of their positively 
skewed distributions including true zero values. We then stan-
dardised all covariates using z-transformation based on their 

respective mean and standard deviation values across the entire 
dataset.

2.1.3   |   Integrated Step-Selection Model

Step-selection analyses (SSA) quantify the relative importance of 
environmental heterogeneity in an individual's movement deci-
sions at a fine spatial grain. SSA uses movement data to compare 
steps taken relative to alternative steps that were available to the 
individual, but which were not selected at the time. A conditional 
logistic regression model is then used to estimate selection coef-
ficients for each environmental variable included in the analysis. 
These selection coefficients indicate an individual's preference for 
the respective environmental variable and, crucially, are simulta-
neously estimated with the movement parameters, accounting for 
the fact that movement and resource selection are not independent 
(Avgar et al. 2016).

We generated 20 alternative steps for each “used” step using 
the amt R package (Signer et  al.  2019), based on step lengths 
and turning angles sampled from gamma and von Mises dis-
tributions fitted to each individual track, respectively. We an-
notated the endpoints of all used and available steps with the 
environmental covariates outlined above. We then fitted a single 
step-selection model to each individual track (Equation 1). We 
included the log-transformed TRI, human population density 
and distance to the nearest major road in the model, as well as 
the linear and quadratic term for NDVI to allow for selection of 
intermediate NDVI. To test for a functional response in habitat 
selection, we calculated the step-level availability of each covari-
ate as the average covariate value across each cluster (i.e., each 
set of one used and its corresponding 20 available steps). We in-
cluded an interaction of each covariate term with its respective 
step-level availability in the model (Equation 1):

where ŵ(x) is the estimated step-selection function, TRI is the 
TRI, roadD is the distance to the nearest road, NDVI is NDVI, 
popdens is the human population density, SL is the step length, 
TA is the turning angle and covariate terms with overlines indi-
cate cluster-level mean values.

For some individuals, the annotated covariate data had large 
gaps or showed zero variance. This was due to gaps in the 
NDVI data (n = 20 individuals, 1.5% of the dataset), lack of 
variance in distance to roads (n = 121 individuals, 9.0%, in-
cluding all individuals of Ovibos moschatus, for which the 
nearest major road was located across the ocean), or indi-
viduals in remote areas with zero human population density 
along their entire track (n = 226 individuals, 16.8%). In those 
cases, we fitted a simpler model without the covariate of con-
cern and the associated interactions. Given the overall size 
of the dataset, we did not expect these slight reductions in 
sample size to affect the modelling outcomes. Additionally, 

(1)

ŵ(x)=exp
(

�1 TRI+�2 roadD+�3 popdens+�4 NDVI

+�5 NDVI
2+β6 log (SL)+β7 cos (TA)+�8(log(SL) ∗ cos(TA))

+β9
(

TRI∗TRI
)

+β10
(

roadD∗ roadD
)

+β11
(

popdens∗popdens
)

+ β12
((

NDVI+NDVI2
)

∗NDVI
))
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the respective coefficients for the removed variables and their 
standard errors were set to NA before proceeding with further 
analysis. We further conducted a sensitivity analysis with an 
additional time of day term to account for different behaviours 
during daytime and nighttime. While there were some differ-
ences in daytime and nighttime selection within individuals 
(Figures  S6 and S7), this distinction did not result in differ-
ences in the cross-species analyses we conducted, and we do 
not include it here.

2.1.4   |   Processing Selection Coefficients

We extracted all selection coefficients and their associated 
standard errors from each individual step-selection model 
(Equation 1). We excluded one individual of Martes foina from 
further analysis as its model produced a negative adjusted 
shape parameter, an indicator of poor model fit. Four individ-
ual models (0.3% of the dataset) returned non-numeric stan-
dard errors for the quadratic or linear NDVI coefficient. For 
these individuals, we excluded all NDVI-related coefficients 
from further analysis. To test for a functional response at the 
step level, we used the individual models to calculate selec-
tion coefficients at six fixed step-level availability levels (see 
Table 1). These coefficients can be interpreted as the individu-
al's selection response to the respective variable when it finds 
itself in an environment with the given step-level availability 
value. For example, the human population density selection 
coefficient at a step-level availability of 100 people/km2 de-
scribes the selection of that animal when the average of the 
human population density values across the end points of its 
theoretically available next steps is 100 people/km2.

The linear and quadratic coefficients for NDVI are not indepen-
dent as they together describe a single parabolic response curve. 
To interpret these coefficients, we translated the coefficients 
into two independent and more ecologically relevant descrip-
tors of the quadratic response curve: the NDVI value at which 
the parabolic response reaches its vertex point (from hereon ver-
tex coordinate), and the distance between the vertex point and 
the focus point of the parabola along the y-axis (from hereon 
focal length). This is similar to the characterisation of environ-
mental niches as Gaussian curves by Panzacchi et  al.  (2015), 
but also allows for non-Gaussian responses, such as selection 
for either high or low, and selection for both extreme high and 
low values. For example, for an individual that selects for inter-
mediate NDVI values while avoiding areas of very low and very 
high NDVI, the vertex coordinate indicates the highest-selected 
NDVI value, whereas the focal length describes the width of the 
quadratic response—a large focal length indicates more gener-
alist behaviour, while a small focal length would indicate more 
specialist behaviour (Figure S1). Further, the sign of the focal 
length indicates whether the parabola opens upwards (selection 
for extremes) or downwards (intermediate selection). Following 
the numbering of coefficients in Equation (1), we calculated the 
vertex coordinate as follows:

and the focal length as follows:

Since all covariates were standardised before running iSSA, 
we back-transformed the NDVI vertex coordinates from stan-
dardised NDVI to regular NDVI units. We grouped response 
curves into six classes (convex, concave, accelerated increase, 
accelerated decrease, decelerated increase, decelerated de-
crease) based on the sign of their focal length and whether their 
vertex points were within or outside the [0.1] interval.

2.2   |   Interspecies Habitat Selection Analysis

2.2.1   |   Predictor Variables

We annotated each individual selection coefficient with mean 
species body mass (grams), brain mass (grams), and trophic 
level (herbivore, omnivore, carnivore) from the COMBINE 
database (Soria et al. 2021). The dataset covered a body mass 
range from 1.3 (Martes martes) to 4565 kg (Loxodonta afri-
cana), and included 26 herbivores, 12 omnivores, and 10 carni-
vores. The focus on medium to large-bodied mammal species 
reflects the body size constraints of GPS tracking devices. To 
account for the allometric relationship between body mass 
and brain mass, we conducted a phylogenetic least squares 
regression analysis between log-transformed species brain 
mass and log-transformed body mass for all species present 
in both the COMBINE database and the mammalian phylog-
eny published by Upham et al. (2019). We then extracted the 
normalised residuals from this model for the species present 
in our dataset as a measure of relative brain size (Benson-
Amram et al. 2016), with negative values indicating a below-
average brain-to-body mass ratio. These residuals ranged 
from −1.613 (Procyon lotor) to 3.150 (Lycaon pictus). To test 
for a functional response at the individual track level, we also 
calculated track-level availability for each individual as the 
mean covariate value across all used and available steps. This 
is similar to taking the average covariate value across a spe-
cies' home range, yet gives increased weight to areas that an 
animal moves in more frequently.

2.3   |   Statistical Analysis

We fitted linear mixed-effects models, using selection co-
efficients (or, in case of NDVI, derived selection metrics) at 
each step-level availability level as response variables. As pre-
dictors, we used the species traits described above (log body 
mass, relative brain mass, trophic level) as well as the individ-
ual's track-level availability. Since most species in our data-
set are herbivorous, we used the ‘herbivore’ level as reference 
level for the trophic level factor. In all linear mixed-effects 
models, we accounted for the data structure using species as 
a random intercept.

We used a model selection approach to identify the most parsi-
monious models, fitting and comparing all possible candidate 
models—including a null model—based on maximum likeli-
hood estimation using the lme4 package (Bates et al. 2015) and 

(2)VNDVI = −
�4
2�5

(3)FLNDVI =
1

4�5
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dredge() from the MuMIn package (Barton and Barton 2015). 
We identified the best-supported models using the Bayesian 
information criterion (BIC), as BIC reduces the risk of over-
fitting compared to other methods such as the Akaike infor-
mation criterion (Raffalovich et al. 2008). We then refitted the 
best-supported models using restricted maximum likelihood 

(REML) and the Nelder–Mead optimisation algorithm (Nelder 
and Mead  1965), since the default BOBYQA algorithm used 
by lmer() caused convergence issues in some models. Due 
to non-normality in the data, we transformed all response 
variables using the log-modulus transformation (John and 
Draper 1980), defined as logmod(y) = sign(y) ∗ log(|y| + 1). This 

TABLE 1    |    The explanatory variables included in the best-supported models explaining variability in selection coefficients (or descriptors, for 
NDVI) for environmental and anthropogenic variables included in the models.

Variable 
(units)

Step-level 
availability

Terms of 
best model ICC

Selection 
coefficient

Step-level 
availability

Terms of 
best model ICC

Road distance 
(m)

0 Track-level 
availability

0.781 NDVI focal 
length

0 Track-level 
availability

0.000

250 Track-level 
availability

0.257 0.2 Track-level 
availability + 

log (bodymass)

0.000

500 Track-level 
availability

0.184 0.4 Track-level 
availability

0.000

1000 Track-level 
availability

0.109 0.6 (intercept-only) 0.000

2000 Track-level 
availability

0.058 0.8 (intercept-only) 0.000

5000 Track-level 
availability

0.044 1 (intercept-only) 0.000

Pop. density
(people/km2)

0 Track-level 
availability

0.008 NDVI vertex 0 (intercept-only) 0.007

50 Track-level 
availability

0.077 0.2 Track-level 
availability

0.002

100 Track-level 
availability

0.099 0.4 (intercept-only) 0.000

200 Track-level 
availability

0.122 0.6 (intercept-only) 0.011

400 Track-level 
availability

0.146 0.8 (intercept-only) 0.041

800 Track-level 
availability

0.170 1 (intercept-only) 0.043

Terrain 
ruggedness 
(TRI)

0 Track-level 
availability

0.299

0.2 Track-level 
availability

0.060

0.4 (intercept-
only)

0.083

0.6 (intercept-
only)

0.094

0.8 (intercept-
only)

0.103

1 (intercept-
only)

0.111

Note: Step-level availability indicates the average local environmental value for each variable in its associated units. All models include random intercepts for species. 
ICC = interclass correlation coefficient of the best model, where 0 indicates that all variation lies within species (no effect of species identity on habitat selection) and 1 
indicates no within-species variation (habitat selection determined by species identity). For all slopes and intercepts, see Table S1.
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transformation allows for the logarithmic yet continuous scal-
ing of approximately symmetric data, which includes both 
positive and negative values with long tails. In all cases, we 
included the coefficients' inverse squared SEs as regression 
weights to give higher weights to coefficients that were esti-
mated with higher confidence. For the calculations of the stan-
dard errors of linear combinations of selection coefficients, 
see Supporting Information Methods 2. To assess the relative 
contribution of intraspecific and interspecific variability to 
the variability observed across the individual coefficients, we 
calculated the intraclass correlation coefficient (ICC) as out-
lined by Nakagawa and Schielzeth (2010). ICC ranges between 
0 and 1 and in our case estimates the proportion of variance in 
the model explained by the random effect species.

3   |   Results

3.1   |   Individual Step-Selection Responses

The extracted selection coefficients were variable across spe-
cies (Figure  1A–F); however, we did find general patterns of 
avoidance of roads, high human population density, and rug-
ged terrain and a tendency of preference for intermediate NDVI 
values. Specifically, we observed that most animals avoided 
roads, as indicated by positive coefficients reflecting that ani-
mals are selecting for distances further away from the nearest 
road (Figure  1A,B). This avoidance was stronger when closer 
to a road (Figure 1A), but still persisted at larger distances for 
many species (Figure 1B). For human population density, we ob-
served very weak selection at low step-level population density 
(Figure 1C) and more avoidance at higher step-level population 
density (Figure  1D), although the variation was considerable 
and only in a few species all individuals consistently avoided 
areas with higher human population density (Figure  1C,D). 
Selection coefficients for terrain ruggedness indicated prefer-
ence for more rugged terrain only at low step-level ruggedness 
(Figure 1E), and only a few species, such as Lynx lynx and Gulo 
gulo, showed consistent selection for more rugged terrain across 
all individuals (Figure 1E,F).

Individuals in environments with high productivity (high track-
level NDVI) tended to be slightly more specialised (i.e., showing 
a larger focal length) in their NDVI responses than individuals in 
low-productivity environments. This difference in specialisation 
was slightly stronger when local productivity was low, meaning 
that animals in an overall highly productive environment show 
more specialised selection when they find themselves in a local 
gap in productivity. Individuals in high-productivity areas also 
tended to have higher NDVI vertices. As for most individuals 
the response curve was concave (Figure 2), the vertices mostly 
represent the NDVI selection optima, meaning that at higher 
landscape productivity, animals also select for areas of higher 
productivity. For examples of how individual NDVI responses 
change with changing step-level availability, see Figure S2.

3.2   |   Interspecies Habitat Selection Analysis

For most selection coefficients, BIC-based model selection 
identified either the model containing track-level availability 

or the intercept-only model as the best-supported model 
(Table  1), and the species traits considered in our analysis 
were not included. The only exception to this was the NDVI 
focal length model at step-level NDVI of 0.2, where a weak 
signal of body size was retained in the best candidate model. 
Interspecific variation as quantified by ICC was generally very 
low (Table 1). As the ICC metric represents the proportion of 
variance in the model that is explained by the random effect, 
in this case species, this finding indicates high intraspecific 
variability in selection. The only exception was road selection 
at zero distance from the nearest road (Table 1), that is, when 
an animal is on a road, where 78.1% of the variation in the 
data could be explained by differences among species, indi-
cating that all individuals of a given species show very similar 
responses to roads.

Animals in less disturbed areas such as remote parts of 
Canada and Brazil (large track-level mean distance to roads 
and low human population density) tend to show consistent 
avoidance of roads, with little influence of step-level avail-
ability on selection coefficients (Figure  3A). They also avoid 
areas of high human population density, although this avoid-
ance depends on the step-level conditions and becomes less 
strong as the step-level human population density decreases 
(Figure 3B). Animals in areas with higher road density show 
strong availability-dependence in road selection, with strong 
avoidance when close to roads but a strong tendency to move 
towards a road when they are further away (Figure 3A). Their 
response to human population density is consistently positive 
and less dependent on step-level conditions (Figure  3B). For 
terrain ruggedness selection, we observed availability depen-
dence only at low step-level ruggedness, where animals liv-
ing in overall more rugged areas showed selection for areas 
of higher ruggedness. Animals living in largely flat environ-
ments always avoid rugged terrain, although more strongly at 
high step-level ruggedness (Figure 3C).

4   |   Discussion

In this study, we found significant intraspecific variation in 
habitat selection and reinforced the importance of environmen-
tal conditions at both local and landscape-level in determining 
movement. Differences in selection between individuals of the 
same species generally surpass differences between species. Our 
results suggest that mammals exhibit an inherently high degree 
of behavioural plasticity in their habitat selection and exhibit 
a functional response to environmental conditions. We show 
that some behaviours, such as the avoidance of areas with high 
human impact, can be observed across species and continents. 
These findings are in line with observations made previously 
in species-level studies, such as the general avoidance of roads 
and densely populated areas (Prokopenko et al. 2017; Doherty 
et al. 2021; Bastianelli et al. 2024). We also show that animals 
generally exhibit a slight preference for flatter terrain likely 
to reduce energy expenditure (Shepard et  al.  2013), although 
there is considerable variation in the dataset. Species outside of 
these trends generally are adapted to living in rugged terrain 
(e.g., L. lynx, G. gulo), or use human landscape features such as 
fields and plantations for food and shelter (e.g., Lepus europaeus, 
Vulpes vulpes, Capreolus capreolus). The dominating selection 
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for intermediate NDVI is also in line with previous studies, par-
ticularly for herbivores, which often select for areas of interme-
diate vegetation cover (Prokopenko et al. 2017; Jones et al. 2019).

Further, we show that the species traits included here are not 
informative for predicting habitat selection at the step-selection 

scale, likely due to the large amount of intraspecific variation 
in selection. Instead, we demonstrate that the environmental 
conditions along the entire track predict habitat selection bet-
ter than the species traits we included, while the functional re-
sponse to the track-level environment changes depending on 
the immediate step-level availability and the habitat variable 

FIGURE 1    |    Habitat selection coefficients for distance to the nearest road (A, B), human population density (C, D), and Terrain Ruggedness Index 
(TRI) (E, F) at low and high step-level availability values for the different species analysed. The number of individuals sampled per species differs 
between covariates due to gaps in data. The green line indicates a selection coefficient of zero (equivalent to no preference for higher or lower values). 
Species are ordered by median selection coefficient.
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8 of 13 Global Ecology and Biogeography, 2026

FIGURE 2    |    Distribution of Normalised Difference Vegetation Index (NDVI) response curve shapes depending on local (step-level) conditions. 
Numbers next to the bars indicate the number of individuals with the given response curve shape. Concave curves indicate intermediate selection, 
convex curves indicate extreme selection, decreasing curves indicate selection for lower NDVI, increasing curves indicate selection for higher NDVI. 
Total n = 1322 individuals with NDVI coefficients. For 21 individuals, NDVI was removed from the step-selection model due to large data gaps or 
lack of variance (see Section 2).

FIGURE 1    |     (Continued)
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in question. Interestingly, the role of roads appears to be an 
exception to this overall finding. Our results show that when 
animals are in the immediate vicinity of a major road (i.e., at 
a step-level availability of zero), 78.1% of the variation in se-
lection coefficients is explained. This indicates that immediate 
barrier effects are very similar across individuals of the same 
species. These findings support the previously found strong ef-
fect of roads on animal behaviour (Barry et al. 2020; Bastianelli 
et al. 2024) and suggest that the avoidance of human impacts 
can outweigh all other selection behaviour, which may ul-
timately affect population survival (Moore et  al.  2023). This 
may be amplified by the frequent association between roads 
and other types of linear infrastructure, such as fencing, which 
have been shown to affect populations in similar ways (Jones 
et al. 2019, 2022).

Our results underline the importance of spatial grain in move-
ment studies. While species traits clearly determine large-scale 
space use such as home range size and displacement distance 
(Tucker et al. 2014, 2018; Fauvelle et al. 2017; Noonan et al. 2020), 
they do not predict habitat selection. Since step-selection coeffi-
cients are strongly dependent on the spatial and temporal reso-
lution of the analysis (Avgar et al. 2016; Signer et al. 2017), the 
patterns identified here may not be observed consistently across 
all spatiotemporal resolutions. Fisher et al. (2011) demonstrated 
that there is variation in the spatial grain that best explains 
habitat selection among species, with the “characteristic” grain 
being determined by a species' body size. To ensure interspe-
cies comparability, we chose a consistent spatial resolution of 
the covariates and the step duration interval and tested for au-
tocorrelation in headings to assess whether the overall spatial 

structure still has an impact on the independence assumptions 
of the model. While we did not identify major autocorrelation 
issues, prioritising comparability across species may still play a 
role in estimating very large coefficients with high uncertainties 
observed in a few species (e.g., for Papio cynocephalus, Martes 
foina). Nevertheless, we are confident that our inverse vari-
ance weighting approach has prevented significant influence of 
these outlier cases on our results, and that the patterns observed 
across species are robust. We further note that not all levels of 
step-level availability were experienced by all individuals, so 
coefficients were extrapolated especially at the higher end of 
step-level availability values for human population density and 
distance to the nearest road.

While we show that variation in habitat selection within the 
covered range is overall more strongly functionally dependent 
on the immediate environment than species identity, we note 
that there are additional drivers that will also shape animal 
movement and selection (also see Shaw  2020). For example, 
interactions with other organisms affect movements and selec-
tion (Ellison et al. 2024), although these are difficult to quan-
tify based on GPS data alone (Potts et al. 2022). Additional traits 
that may affect habitat selection but could not be included due 
to limited data availability, include dispersal behaviour, territo-
riality, sex- or age-based information or more detailed dietary 
preferences and strategies (see e.g., Esmaeili et al. 2021). These 
additional factors may contribute to habitat selection on the in-
dividual level, making it an emergent property that is shaped 
by the individual's characteristics and context-dependent deci-
sions, rather than species-level differences in preferences. There 
could also be additional environmental variables that may better 

FIGURE 3    |    Relationships between track-level availability (mean experienced availability) and unweighted selection coefficients for (A) dis-
tance to the nearest road, (B) human population density (C) terrain ruggedness index. Data points are unweighted individual selection coefficients. 
Coefficients at lowest step-level availability level in dark grey, coefficients at highest step-level availability level in orange. Regression lines show 
intercept and slope from the best-supported weighted linear mixed-effects model (Table 1). Note that the axes are reversed in (A), where ‘high avail-
ability’ represents large distance to roads, thus the orange line represents selection when far away from a road (i.e., high step-level distance to road), 
while the black line represents selection when close to a road (i.e., low step-level distance to road).
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capture species-specific ecological niches that we were unable to 
include here (e.g., microhabitats). Therefore, we do not believe 
that our findings should be interpreted as a fundamental rejec-
tion of the concept of species-level habitat selection, but rather 
highlight the importance of individual responses to environ-
mental context.

We did not include interactions between different environmen-
tal variables as this would inflate the number of parameters 
to be estimated by the step-selection models beyond the limits 
of the data. This topic could be explored in future studies, for 
example, by investigating whether animals select for differ-
ent NDVI (vegetation productivity) values in areas of higher 
human pressure, as observed in elk (Prokopenko et al. 2017). 
Future studies also could address the individual variation 
that remains unexplained by our modelling approach by fo-
cusing on several species tracked simultaneously within the 
same environment, or comparing different populations of the 
same species across an environmental gradient. While there 
is plenty of research on the drivers of intraspecific variation, 
conducting such studies for a range of species at the same time 
may confirm and shed further light onto how differences be-
tween individuals arise and whether the underlying processes 
are similar across species.

In conclusion, our results suggest that habitat selection is largely 
driven by the environment, with considerable intraspecific vari-
ation, while generalities such as the avoidance of areas in close 
proximity of roads can be seen across species. We show that habitat 
selection changes based on both step-level (local) and track-level 
(landscape) availability, while species traits alone are not suitable 
for predicting habitat selection. Overall, our findings shed light on 
how the environment itself, but also environmental change and 
anthropogenic activity, may affect the behaviour of species across 
the globe. Given the current rate of ecological change the world 
is facing, it is crucial to be able to predict how animals may react 
(Gomez et al. 2025). The findings presented here show that if data 
on a particular species are lacking, the environmental variation 
present in a landscape could still inform possible habitat selec-
tion behaviour. Given that step-selection functions parametrise 
an underlying movement model, which can be applied to simu-
late animal movement or landscape connectivity in different or 
changing environments (Avgar et al. 2016; Signer et al. 2017), our 
findings have the potential to contribute to improved movement 
modelling approaches that account for environmental availabil-
ity. In turn, this may help to refine ecosystem models and conser-
vation scenarios for species that lack the required empirical data. 
Understanding the habitat selection responses of a broader range 
of species will further strengthen our ability to understand and 
predict ecological responses to global change as well as aid our 
efforts to mitigate its adverse effects.
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