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ABSTRACT

Understanding animal space use is central to ecology and conservation, and movement-based habitat selection models provide

powerful tools for identifying preferred environments. However, in heterogeneous landscapes, movement constraints limit hab-

itat accessibility, decoupling realised space use from underlying preferences and complicating efforts to scale individual-level

movement processes to landscape distributions. We present a steady-state distribution (SSD) framework that integrates locally

estimated habitat selection and movement into sparse Markovian transition matrices to predict emergent space use. Across sim-

ulations and empirical case studies, SSD consistently outperformed occurrence-based models in predicting space use from indi-

vidual- to population-level scales. Moreover, SSD proved to be more efficient—and sometimes even more accurate—than more

assumptive agent-based model simulations (ABMs). Our approach bridges a key gap between mechanistic movement models and

spatial prediction, providing a scalable and computationally efficient approach for translating individual movement behaviour

into landscape-scale distribution patterns relevant for ecological inference and conservation planning.

1 | Introduction

Understanding the environmental limitations on organisms
is central to explaining where they occur in space (James
et al. 1984; Pulliam 2000; Soberén 2007). A core challenge
in predicting species distributions is distinguishing between
areas that are unsuitable and those that are suitable but in-
accessible, given dispersal limitations or geographic barriers
(Pulliam 2000; Soberén and Peterson 2005; Barve et al. 2011).
Movement constraints ultimately shape access to suitable habi-
tats, determining both local space use (Andrén 1994) and global
distributions (Munguia et al. 2008). At individual scales, move-
ment constraints can decouple observed space use from un-
derlying habitat preferences (Schick et al. 2008; Matthiopoulos
et al. 2020) (Figure 1). As GPS tracking datasets expand rapidly
(Kays and Wikelski 2023; Davidson et al. 2025) with increasing

calls to leverage movement data for biodiversity monitoring
(Jetz et al. 2022), a critical challenge remains: how to scale
individual-level habitat selection and movement processes
to predict population- and species-level spatial distributions
(Gomez et al. 2025).

Nevertheless, many models of animal distributions implic-
itly ignore movement constraints. For instance, species
distribution models, occupancy models, and resource selec-
tion functions (RSFs) are frameworks under the umbrella
of spatial point process models (Aarts et al. 2012), which
correlate occurrence data with environmental attributes
(Boyce and McDonald 1999; MacKenzie et al. 2006; Elith
and Leathwick 2009; Elith et al. 2011; Merow et al. 2014).
These occurrence-based models implicitly average over un-
derlying ecological processes shaping species distributions.
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FIGURE 1 | Habitat preferences do not equal observed use in simulations. An organism’s fundamental habitat preferences will not equal observed
space use in heterogeneous landscapes where animals are movement-constrained, and this disparity may grow as habitat selection strength (or specialism)
increases. (A) For example, expected space use in one dimension based solely on habitat preference (red) should diverge from actual use when movement
constraints are imposed in a heterogeneous landscape (blue). (B) The corresponding spatial frequency distribution of cell use across the landscape without
(red) and with (blue) movement constraints. (C) Simulated differences between habitat selection and actual space use under varying landscape heteroge-
neity (rows: Gaussian random field scale) and selection strength (columns: preference multiplier from 2 [generalist] to 8 [specialist]). Differences are shown
as the proportional deviation of actual use from the selection kernel. Red indicates areas where the selection kernel overpredicts space use; blue indicates
underprediction. Contour lines show transition zones. (D) Mean Shannon entropy (spatial evenness) of selection kernels versus actual use across simula-
tions, comparing effects of selection strength (y-axis) and landscape heterogeneity (x-axis). (E) For two example scenarios (specialist in high heterogeneity;
generalist in low heterogeneity, marked in C and D), density plots compare relative probabilities of use predicted by selection kernels (red) and actual use

(blue). ‘Strong Generalist’ and ‘Strong Specialist’ map to animal selection strength multipliers 2 and 8, respectively.

For example, RSFs assume that all environmental conditions of environmental preference alone (Johnson et al. 2013). By
within a domain (e.g., home range) are equally accessible to conflating habitat selection with accessibility, occurrence-
animals, representing time-averaged habitat use as a function = based models risk failure when generalising to new conditions
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(Pearson and Dawson 2003). This problem is amplified in
telemetry studies, where tracked individuals sample lim-
ited portions of available environments, making it difficult
to treat GPS fixes as occurrence data and generalise across
space or individuals (Nathan et al. 2008; Hooten et al. 2017;
Alston et al. 2023).

Mechanistic movement models offer an alternative conceptual
approach by explicitly modelling both habitat selection and move-
ment constraints at fine spatial scales. Among them, integrated
step-selection functions (iSSFs) are now widely used to infer
habitat selection and movement behaviour (Avgar et al. 2016;
Fieberg et al. 2021). iSSFs model stepwise habitat selection con-
ditioned on locally available environments, concurrently esti-
mating both habitat preferences and movement constraints. As a
result, iSSFs offer a more mechanistically grounded alternative
to occurrence-based models, potentially improving accuracy
and generalisability. However, iSSF predictions are inherently
local: naive predictions from iSSF-derived habitat selection ker-
nels fail to capture emergent space use patterns, especially in het-
erogeneous environments (Barnett and Moorcroft 2008; Avgar
et al. 2016; Signer et al. 2017; Michelot et al. 2019). To address
this, agent-based model simulations (ABMs) (Signer et al. 2017,
2024; Potts and Borger 2023; Forrest et al. 2024), Markov Chain
Monte Carlo approaches (Michelot et al. 2019), partial differen-
tial equations (Barnett and Moorcroft 2008), or master equations
(Potts et al. 2014) have been proposed to integrate local habitat
selection and movement constraints to predict broader space
use. However, these approaches (particularly ABM simulations)
are often computationally intensive and may not converge (i.e.,
are non-ergodic). Alternative multi-stage frameworks that sep-
arately model habitat selection and movement constraints are
more scalable but require treating movement and habitat selec-
tion as distinct processes (Van Moorter et al. 2023). Efficiently
integrating habitat selection and movement constraints into spa-
tial predictions remains an open challenge.

Here, we address this challenge by introducing a steady-state
distribution (SSD) framework that converts iSSF-estimated
local movement and selection processes into spatial predic-
tions of animal space use. Building on connectivity modelling
approaches (Fletcher Jr. et al. 2019), we represent movements
as a Markov process, populate sparse transition matrices
using iSSF-estimated movement probabilities, and solve for
steady-state distributions. Leveraging the inherently local na-
ture of animal movement simplifies transition matrices, dras-
tically reducing computational costs with minimal-to-no loss
in accuracy. We evaluated SSD performance relative to RSF,
naive SSF, and ABM predictions using (i) simulations across
gradients of habitat heterogeneity and selection strength and
(ii) empirical case studies spanning multiple species and spa-
tial scales. Our findings demonstrate that SSD offers scalable,
mechanistically grounded predictions of animal space use,
linking individual movement behaviour to population-scale
spatial distributions.

2 | Methods

We developed and evaluated a framework to estimate
population-level space use from individual-level iSSF movement

models, combining empirical selection patterns and movement
constraints in a single framework. We describe the basis of this
approach and then detail the simulations and empirical systems
used to evaluate our framework.

2.1 | Landscapes as Transition Matrices

Motivated by approaches in connectivity modelling (McRae
et al. 2008; Fletcher Jr. et al. 2019), we define a landscape, G,
composed of n discrete cells, each representing a location and
associated environmental data (Figure 2A). We represent an-
imal movement between cells as a Markov process in a row-
stochastic transition matrix, A, wherein each element Ay
reflects the probability of moving from one cell, G, to another,
Gj. We use eigendecomposition to find the expected proportion
of time an animal spends in each cell or stable state distribu-
tion (xr), which is the dominant left eigenvector of A satisfying
xTA = 27T, analogous to stable stage distributions in Leslie ma-
trices (Leslie 1945).

The spatial domain of G imposes a hard boundary: transition
probabilities are only defined within G, effectively preventing
unbounded diffusion. As a result, SSD predictions are condi-
tional on the chosen spatial domain. The extent and resolution
of G should therefore align with the ecological scale of interest
(e.g., home ranges, population distributions), and SSD pre-
dictions should always be interpreted relative to the defined
domain.

2.2 | Parameterising Transition Matrices
With iSSFs

We parameterised the transition probabilities in A using fitted
iSSFs. Starting in G, the sum of all transition probabilities to
all other cells in G (including remaining in G,) must sum to one:

::I’Ai,k = ZZ:LP(GH G;) =1 ey

iSSF models include two components—a movement kernel and
a selection function for a set of environmental variables (Avgar
et al. 2016; Fieberg et al. 2021). Estimates of selection based
on iSSFs are therefore always conditional upon a baseline set
of environmental and movement covariates, and differences in
predictions relative to this baseline set of conditions (or relative
risk) are often described as relative selection strength (RSS)
(Avgar et al. 2017). For example, we used iSSFs to estimate the
RSS for a candidate location (G,) by comparing it against an al-
ternative set of conditions (G,), defined as:

_ e(hh(6))+p.m(6,6)) )

RsS(Gjl Gi) = (G hm(G6)) @

where f, is a vector of habitat selection coefficients associated
with a matrix, h, of environmental conditions at sites G, and
G, and B, is a vector of movement selection coefficients asso-
ciated with a matrix, m, of step lengths between cells. Turn an-
gles between movements were not included because they break
Markovian assumptions.
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FIGURE 2 | Movement data-based landscape predictions. Converting animal movements into spatial predictions of use can occur in four main
ways. (A) Animal movements are observed within a landscape composed of discrete cells where each location can be linked to environmental at-
tributes. (B) Animal locations can then be placed into use versus available frameworks conditional on the landscape in resource selection analyses
(RSFs), where (C) RSFs predict the probability of use over a landscape, but are unable to separate the role of habitat selection or movement in shaping
occurrence. (D) Resulting RSF predictions can be kernelised to return probabilities of use over G. (E) Alternatively, tracking data can be converted
into use versus available frameworks conditional on steps for integrated step-selection analyses (iSSFs). (F) iSSFs explicitly separate habitat selec-
tion from movement, estimating the relative risk of taking a step based on local environmental and movement contexts—termed relative selec-
tion strength. (G) Naive SSF predictions project relative selection strengths across G, given arbitrary starting conditions, and (H) relative selection
strengths can be kernelised, representing something visually akin to RSF output, though mathematically inequivalent. (I) In contrast, agent-based
models (ABMs) simulate individual movements directly, using empirically derived step lengths, turn angles, and environmental selection to gen-
erate local movement probabilities. (J) By iterating this process millions of times, (K) we can approximate the long-term probability of space use.
(L) Similar to ABMs, we can use iSSFs to estimate the probability of movement within local ‘neighbourhoods’ defined by movement constraints.
(M) We can aggregate probabilities of entering, leaving, or staying in cells into a sparse stochastic matrix. (N) Solving for the principal eigenvector of
the stochastic matrix returns the stable state distribution of space use, given all possible starting points and infinitely many movements.

Importantly, RSS does not represent absolute movement proba- estimates over the set of movements available from G, to gener-
bilities but rather relative rates of movement (Avgar et al. 2016). ate transition rates of remaining in or leaving G,. For example,
To translate RSS into transition probabilities, we kernelised RSS the probability of moving from G, to G, was:
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) ~ RSS(Glei)
A, _P(Gj|Gi) - m Y

By kernelising RSS, we translated iSSF-derived RSS into tran-
sition probabilities Ai,j’ directly linking local habitat selection
and movement constraints to the transition matrix A. We
used cell centroid conditions in G to define local transition
matrices, assuming that variation within landscape cells is
well described by average cell conditions or distance between
cell centroids. To ensure predictions were defined when re-
maining in place, we forced zero step lengths to a very small
value (0.001, orders of magnitude smaller than between-cell
distances).

2.3 | Solving Computational Constraints With
Movement Constraints

There are two main challenges in generating steady-state dis-
tribution (SSD) predictions using eigendecomposition. First,
estimating transition probabilities between all cells based on
fitted integrated step-selection functions (iSSFs) is computation-
ally intensive, since there are n? possible transitions between n
cells. Second, eigendecomposition of large transition matrices
requires substantial RAM, proportional to the number of matrix
elements.

To address these challenges, we leveraged the movement con-
straints in the original tracking data. iSSF movement kernels in-
herently down-weight selection for distant locations, even when
those habitats are suitable (Avgar et al. 2016). Given this, we as-
sumed that animal movement is generally limited to locally ac-
cessible habitat (neighbourhoods) defined by typical movement
ranges (Figure 2L), and we represented A as sparse, only esti-
mating A, ; for cell pairs within neighbourhoods (Figure 2M).

In practice, we used the 95th percentile of observed step lengths
to define the radius of neighbourhoods. To defend this, we eval-
uated the effect of various neighbourhood sizes on SSD infer-
ences, finding that increasing matrix sparsity provided large
computational savings without reducing accuracy (details in
Supporting Information S1). Although the impact of sparsity
may vary depending on system-specific movement constraints
and habitat heterogeneity, overall computational demands can
be reduced by altering the resolution of G and by reducing neigh-
bourhood sizes to make A sparser. For example, on a computer
with 16 GB of RAM, we could solve SSDs for a matrix with over
324 million non-zero elements—equivalent to a landscape with
18,000 fully connected cells, or about 65 million cells if transi-
tions are restricted to the four nearest neighbours. To further
increase computational efficiency, we only solved for the first
eigenvector using the package ‘RSpectra’ (Qiu and Jiali 2024) to
access Spectra C++ libraries.

2.4 | Competing Prediction Types
We generated three alternative spatial predictions from

movement data to compare against SSD. First, we produced
occurrence-based RSFs, which contrast observed locations

to available sites within an animal’'s home range (‘RSF’,
Figure 2B-D). Second, we created naive predictions based solely
on iSSF habitat selection kernels and excluding movement con-
straints (‘naive SSF’, Figure 2G,H), known to be poor predictors
of utilisation distributions (Barnett and Moorcroft 2008; Avgar
et al. 2016; Signer et al. 2017; Michelot et al. 2019). Third, we
ran ABM simulations from full iSSF models, which included
additional terms for turn angles omitted in the SSD approach
(‘ABM’, Figure 21-K). ABMs can be considered a gold standard
because they explicitly simulate fine-scale movement pro-
cesses. Though they should theoretically yield the most accu-
rate predictions, ABMs are computationally intensive and may
not converge to a stable distribution. This non-ergodicity arises
because landscapes are complex with many possible initiali-
sations, and the difficulty of achieving convergence increases
with the size of G.

2.5 | Simulations

Both landscape heterogeneity and animal behaviour (e.g., habi-
tat preferences) influence spatial distributions and may affect the
performance of mechanistic movement models and predictive
frameworks. To assess how these factors shape the accuracy of
SSD, RSF, naive SSF, and ABM predictions, we simulated animal
movement data using the iSSF-based approach described by Potts
and Borger (2023). Specifically, we generated four random envi-
ronmental layers (100 % 100 cells) using Gaussian random fields
with 10 levels of spatial autocorrelation (Hanson et al. 2024) (S1
Figures S1 and S2). On each landscape, we simulated animals
exhibiting 10 different strengths of habitat selection for environ-
mental variables (B,_,, S1 Table S1), reflecting a gradient from
generalist to specialist habitat selection. Simulated movements
included an exponential decay in selection for longer step lengths
and turn angles away from zero (i.e., preference for shorter steps
and directional persistence). We generated 10,000 steps for mod-
elling (S1 Figure S4) and 5 million steps per scenario for valida-
tion (Figure 1C-E). We replicated each combination of landscape
heterogeneity and selection strength five times.

We then generated SSD, RSF, naive SSF, and ABM space use
predictions using simulated movements. For iSSFs, we sam-
pled 100 random locations per step from a uniform distribution
(0%-125% of the maximum observed step length) and fit models
including environmental layers, step length, and log-step length
as predictors (S1 Table S2) using ‘amt’ (Signer et al. 2019). We
included step length and log-step length to force an exponential
decay in selection for further steps (Avgar et al. 2016). We then
generated SSD predictions based on fitted iSSFs. We fit RSFs by
sampling 10 random points per used location within minimum
convex polygons around use locations (to capture within home
range selection), including environmental layers as predictors
(S1 Table S2) using ‘amt’ (Signer et al. 2019). We generated naive
selection-only SSF predictions using fitted iSSFs to predict the
RSS for all cells in the landscape. For ABMs, we refit iSSFs with
an additional term for the cosine of turn angles (S1 Table S2). We
then used the simulation framework from Signer et al. (2024) to
simulate 5000 steps (sampling 100 possible movements per step)
and discarded the initial 100 steps to avoid the influence of start
conditions. We repeated this process 5000 times for a total of
2.45 million ABM locations per simulation.
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We used Shannon entropy to measure the heterogeneity in spa-
tial predictions, Bhattacharyya affinity to compare predictions
to observed space use, and estimates of minimum core area
(50% of total predicted use) to compare prediction types across
levels of landscape heterogeneity and animal selection strength.
We provide further description of the simulations in Supporting
Information S1.

2.6 | Case Studies

We then evaluated SSD versus RSF, naive SSF, and ABM
using four animal movement datasets: (i) red deer (Cervus ela-
phus) in Northern Germany (n=1) (Signer et al. 2019); (ii) roe
deer (Capreolus capreolus) in Northern Italy (n=5) (Cagnacci
et al. 2011); (iii) fisher (Pekania pennanti) in Northern New
York, USA (n=38) (LaPoint et al. 2013); and (iv) African buf-
falo (Syncerus caffer) in Kruger National Park, South Africa
(n=6) (Cross et al. 2016). We modelled habitat selection using
system-specific environmental covariates (S2 Tables S1 and S2).
For the red deer dataset, we used distance to forest and forest
cover, aggregated at 125m X 125 m resolution across a 19X 18 km
landscape (S2 Figures S1-S5). For roe deer, we used open land-
cover, distance to forest, and slope at 100m X 100m resolution
over a 12x14km area (S2 Figures S6-S11). For fisher, we used
distance to forest at 91 mx 123 m resolution over a 20Xx24km
(S2 Figures S12-S23). For buffalo, we used woody cover (Urban
et al. 2020) and distance to water sources at 493 m X493 m res-
olution across a 119x354km landscape (S2 Figures S24-S30).
To standardise within systems, we resampled movement data
to a consistent GPS fix interval: red deer—6h, roe deer—4h,
fisher—30min, and buffalo—5h. For roe deer, summer move-
ments (Julian days 120-290) were analysed to exclude migratory
behaviour.

For each GPS track, we used the first 75% of movement data
(chronologically) as in-sample training data to fit individual-
level habitat selection models using ‘amt’ (Signer et al. 2019).
We generated RSF and iSSF models following the same use-
availability designs as in simulations, including the system-
specific environmental variables (S2 Table S2). For ABMs, we
refit iSSFs with an additional term for the cosine of turn angles,
and we used 100,000 simulated tracks of 5000 steps each (sam-
pling 100 possible movements per step), removing the first 100
steps to limit the effect of random start locations. We visually
assessed ABM convergence by calculating the Bhattacharyya
affinity between subsampled sets of ABM tracks and the full
simulation prediction surface (S2 Figures S34-S36).

We compared space use predictions from SSD, RSF, naive SSF,
and ABM predictions in two ways: (i) based on core area esti-
mates and (ii) based on their ability to predict animal space use.
To quantify core area, we calculated the minimum area contain-
ing 50% of total predicted use. To assess predictive performance,
we evaluated model fit at four increasingly, out-of-sample scales:
In-Sample—the 75% of movement data included in model fit-
ting; Within Individual—the withheld 25% of an individual's
data chronologically; Between Individuals—the tracking data of
all other individuals in the same environmental context; and,
Between Contexts—the tracking data of individuals in different
environmental contexts. We defined Between Contexts based on

spatial separation and differences in environmental attributes
between tracked individuals (only relevant to fisher and buffalo).
One fisher was located 30km away from other tracked individ-
uals in a landscape with less human infrastructure and larger
forest patches (S2 Figures S12 and S13). Tracked buffalo were
from two different herds, separated by 71km with differences
in distance to water, tree cover, and productivity (S2 Figures S24
and S25).

Validation datasets based on GPS tracking represent only a sub-
set of an individual's total space use. Consequently, they are not
well-suited for direct comparison to predicted probability dis-
tributions (e.g., using Bhattacharyya affinity) unless additional
modelling steps are used to approximate unobserved space use.
Instead, we used two evaluation metrics that do not rely on com-
plete space use data: (i) the geometric mean of predicted use at
observed locations, and (ii) the Spearman rank correlation be-
tween binned predicted use and observed use intensity across
equal-area spatial bins (Boyce et al. 2002). Simulations showed
that Spearman rank correlations can be biased toward select-
ing overly homogeneous prediction surfaces (see Supporting
Information S1, S1 Figure S30). In contrast, the geometric mean
more reliably distinguished model performance and tended to
be more conservative (S1 Figure S31). Therefore, we empha-
sise geometric mean results in the main text, while reporting
Spearman rank correlations in Supporting Information S2.
Inferences were generally consistent across both metrics. To
isolate model comparisons, we calculated pairwise differences
between SSD predictions and those from RSF, naive SSF, and
ABM models. To assess the sensitivity of these comparisons to
sampling variation, we bootstrapped validation datasets by res-
ampling observed GPS points (with replacement) 100 times. Due
to the computational cost of ABM simulations, we did not per-
form cross-validations that required resampling training data.

2.7 | African Buffalo Independent Population
Density Comparison

As an additional validation, we compared SSD predictions to
independent spatial buffalo census data collected by Kruger
National Park. We used 29years of helicopter counts of mixed-
herd buffalo conducted between 1985 and 2012 and in 2017 (see
Hughes et al. 2017; Staver et al. 2019). We compared whether the
individual-level prediction surfaces (SSD, RSF, naive SSF, and
ABM) estimated from tracking data were correlated with buffalo
abundance at census locations. We fit four mixed-effect negative
binomial models with ‘glmmTMB’ (Brooks et al. 2017), using
individual-level SSD, RSF, naive SSF, or ABM predictions at spe-
cific census locations (scaled for model estimation) to predict cen-
sus abundances. Within models, we accounted for individual-level
(to address prediction differences across individuals) and annual
random effects to account for demographic changes. We assessed
model fit using ‘DHARMa’ (Hartig 2018) (S2 Figure S38), and we
compared model performance using AIC scores (Akaike 1998).

2.8 | Supplements and Code

Further description of the method and simulations (Supporting
Information S1) and empirical examples (Supporting
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Information S2) are provided as supplements. Code and data
to replicate the results are provided at https://github.com/will-
rogers/SSD_Paper_Code and archived with Zenodo: https://doi.
org/10.5281/zenodo.16794098 (Rogers et al. 2025).

3 | Results

Across both simulations and four empirical case studies, SSD
predictions consistently outperformed both occurrence-based
RSFs and naive SSF-based predictions, and SSD matched or
exceeded the accuracy of more computationally intensive ABM
simulations. SSDs reliably captured the effects of habitat het-
erogeneity and selection strength on emergent space use, offer-
ing both predictive accuracy and computational efficiency. In
empirical applications, SSDs further demonstrated strong gen-
eralisability, better scaling individual-level movement data to
population-level space use.

3.1 | Simulation

As expected, we found strong mismatches between habitat
preferences and emergent space use, particularly under strong
habitat selection and high landscape heterogeneity (Figure 1C).
Movement constraints concentrated space use, producing distri-
butions that were substantially more restricted than expected
from habitat preferences alone (Figure 1D,E). These effects also
translated to habitat selection inferences: occurrence-based RSF
estimates were highly sensitive to landscape structure and selec-
tion strength, while iSSF inferences were generally more stable
(Figure 3B, S1 Figure S18).

Simulated space use patterns were most closely matched by
SSD and ABM predictions (Figure 3E-G, S1 Figures S24-
S26). SSD slightly outperformed ABMs in homogeneous
landscapes and at lower selection strengths, while ABMs
performed marginally better in highly heterogeneous envi-
ronments (Figure 3E). In contrast, naive SSF predictions con-
sistently performed worst (Figure 3E), in line with previous
work (Barnett and Moorcroft 2008; Avgar et al. 2016; Signer
et al. 2017; Michelot et al. 2019). Interestingly, RSFs, though
averaging over selection and movement mechanisms, gener-
ally outperformed naive SSF predictions but remained sub-
stantially less accurate than SSD or ABMs (Figure 3E). Both
RSF and naive SSF approaches consistently overestimated
core space use, often by more than 100% in complex land-
scapes or under strong selection (Figure 3F).

While both SSD and ABMs captured more accurate emergent
space use patterns, SSD predictions more closely matched ob-
served core areas (Figure 3F). Notably, SSD achieved this per-
formance while requiring substantially less computational
effort than ABMs. Individual ABM tracks converged slowly
(Figure 3C,D, S1 Figures S15-S17), and tens of thousands of
simulations were needed to approximate stable space use distri-
butions (Figure 3C insets). By contrast, SSD produced compara-
ble or better predictions in most simulation conditions. In total,
these results demonstrate that SSD offers an efficient, mecha-
nistically grounded alternative to ABMs for predicting emergent
space use from local selection and movement processes. We also

highlight that RSF and naive SSF predictions are relatively poor
proxies of space use, particularly in heterogeneous landscapes
and strong habitat selection.

3.2 | Case Studies

In empirical case studies (red deer, roe deer, fisher, and African
buffalo), SSD consistently generalised individual-level move-
ment processes to out-of-sample and population-level space use
more accurately than RSF, naive SSF, or even ABM predictions
(Figure 4). Based on predictive accuracy (geometric mean of pre-
dicted use at observed locations), SSD outperformed RSF in 78%
of cases, naive SSF in 64% of cases, and ABM in 59% of cases.
Notably, the relative performance gain of SSD tended to increase
under more challenging validation contexts, like predicting
space use in the future, for other individuals, and in different
environmental contexts. Both SSD and ABM predictions consis-
tently produced more spatially concentrated core space use esti-
mates than RSF or naive SSF predictions (Figures 5D and 6B).
Specifically, SSD predictions estimated approximately 20%-50%
less core space use than RSF (except for buffalo) or naive SSF and
approximately 5%-50% less core habitat than ABM approaches,
possibly because ABM movement kernels capture rarer long-
distance movements (Figure 5D, S2 Figures S32 and S33).

As in simulations, ABMs required substantial computational ef-
fort to produce stable space use predictions, with convergence
rates scaling with landscape size (S2 Figures S34-S36). Each ABM
simulation track (5000 steps) took approximately 1.5min to com-
plete on a high-performance cluster, and approximately 10,000
tracks per individual were needed for predictions to stabilise (S2
Figures S34 and S35). This resulted in >10days of total compu-
tational time per prediction, though massively parallel processing
could reduce this to ~2-3h per individual. In contrast, SSD predic-
tions were run locally on a 16 GB RAM laptop and took <2.5min
per individual, guaranteed long-term space use convergence (ergo-
dicity), and often outperformed ABM predictions. Together, these
results demonstrate that SSD offers a scalable and computationally
efficient alternative to ABMs, with better or comparable predictive
performance across diverse empirical systems.

3.3 | Independent Population Density Comparison

Using GPS tracking from six individuals and 29years of dry-
season African buffalo census data from Kruger National Park
(3751 herd detections, Figure 6A), we found that SSD predictions
best explained spatial variation in population-level densities in a
19,300 km? ecosystem (Figure 6B,C, S2 Figure S24, S2 Table S3).
While observed abundances correlated with both variation in
naive SSF (negative binomial generalised linear mixed-effect
model [GLMM]: 8=0.069, standard error [SE] =0.007, p<0.001)
and ABM prediction surfaces (negative binomial GLMM:
£=0.030,SE=0.007, p<0.001), there was a stronger relationship
between the SSD surface and observed counts (negative binomial
GLMM: =0.091, SE=0.007, p<0.001). Conversely, there was
no relationship between RSF predictions and abundance (neg-
ative binomial GLMM: f=-0.009, SE=0.007, p=0.169). These
results demonstrate that SSD approaches using individual-level
movement data can scale up to predict long-term population
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FIGURE 3 | Predictions incorporating movement mechanisms recover simulated patterns of use. (A) An example of simulation inputs, outputs,
and predictions. We generated maps of underlying habitat selection and used these maps to simulate space use in 5 million steps with constraints on
step length and turn angle. We also used a set of 10,000 steps to generate predictions from resource selection functions (RSFs), naive step-selection
functions (SSFs), agent-based model simulations (ABMs), and stable state distributions (SSDs). (B) Across five simulation sets varying in landscape
heterogeneity (x-axis, Gaussian random field scale) and selection strength (colour scale), RSF estimates showed increasing variability under high
heterogeneity and strong selection, whereas iSSF estimates remained more stable. We converted estimates and 95% confidence intervals (CIs) such
that directions of true positive and negative selection coefficients are aligned (e.g., positive values imply more extreme inferences). (C) For ABMs,
individual simulated tracks (shaded lines) converged slowly, if at all, toward observed space use based on Bhattacharyya affinity and (Inset) only
after aggregating thousands of ABM runs (solid line) did predictions approximate SSD performance (dotted line). (D) ABM convergence rates were
strongly influenced by landscape size (line colour) and (Inset) even after thousands of iterations, ABMs remained weakly converged, as indicated
by Bhattacharyya affinity scores. (E) We compared SSD, RSF, SSF, and ABM predictions against simulated space use using Bhattacharyya affinity
and (F) minimum core 50% use area across levels of landscape heterogeneity (x-axis) and selection strength (horizontal facets). (G) Finally, SSD, SSF,
RSF, and ABM produced distinct spatial predictions of space use, illustrated by classifying habitats into top 50% use areas relative to simulated truth,
across prediction methods (vertical facets), and selection strength levels (horizontal facets). ‘Strong Generalist’, ‘Slight Generalist’, ‘Slight Specialist’,
and ‘Strong Specialist’ map to animal selection strength multipliers 2, 4, 6, and 8, respectfully.
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FIGURE4 | Predictions incorporating movement mechanisms better predict out-of-sample animal movements. (A-D) Median and 95% quantiles
in 100 bootstraps of pairwise differences between stable state distribution (SSD) and resource selection function (RSF), naive step-selection function
(SSF), or agent-based model (ABM) simulation predictions in the geometric mean of predicted probability of use at observed use sites. Bootstraps
were performed by resampling modelled and out-of-sample data with replacement for (A) red deer, (B) roe deer, (C) fisher, and (D) African buffalo
datasets. Validations were performed in four sets of comparisons: In-Sample—the first (chronologically) 75% of observed locations for individuals
used in models; Within Individual—the next (chronologically) 25% of observed locations per individual withheld from models; Between Individuals—
all observed locations for other individuals in a dataset in the same geographic context; and, Between Contexts—all observed locations for other in-
dividuals in a different environmental context than the individual modelled. For visualisation, the median difference for each set of comparisons is
highlighted by a horizontal grey bar. All organism silhouettes are from PhyloPic (www.phylopic.org).

abundance across large ecosystems, surpassing occurrence-
based RSFs, naive SSFs, and ABM simulations.

4 | Discussion

Ourresults establish SSD as ascalable framework for predicting
animal space use from movement mechanisms. By converting
locally estimated habitat selection and movement constraints
from iSSFs into Markovian transition matrices, SSD generates
spatial predictions that integrate both habitat preferences and

accessibility constraints. This is important because movement
constraints can strongly shape habitat accessibility and result-
ing animal spatial distributions (Pulliam 2000; Soberén and
Peterson 2005; Schick et al. 2008; Matthiopoulos et al. 2020;
Van Moorter et al. 2023). Our simulations underscore how
movement constraints produce sharp mismatches between
habitat preferences and realised space use, especially in het-
erogeneous landscapes or under strong habitat selection.
Occurrence-based RSFs, which implicitly average over habitat
selection and accessibility, were poor predictors of space use
in both simulations and case studies and generalised poorly to
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FIGURE 5 | Predictions incorporating movement mechanisms are more spatially concentrated than those based on selection alone. Stable state
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RSF, SSF, and ABM predictions (e.g., RSF-SSD/RSF) are plotted for individuals. For visualisation, the mean and range of these relative differences

are overlaid on individual estimates. All organism silhouettes are from PhyloPic (www.phylopic.org).

novel contexts. Similarly, naive SSF predictions, which ignore
cumulative movement constraints, performed even worse than
RSFs, consistent with previous work showing that habitat se-
lection kernels from iSSFs alone poorly predict emergent space
use (Barnett and Moorcroft 2008; Avgar et al. 2016; Signer
et al. 2017; Michelot et al. 2019). By integrating both local
habitat selection and movement, SSD consistently captured
emergent space use patterns and generalised better to out-of-
sample conditions than either RSF or naive SSF approaches.
Moreover, SSD closely matched or outperformed ABMs despite
requiring orders of magnitude lower computational resources
than ABMs. As evidence of our framework'’s utility, SSD pre-
dictions were able to scale movements from six individual
buffalo to better capture nearly three decades of population-
level densities across Kruger National Park, outperforming
all alternative approaches. Together, these results demon-
strate that individual-leve]l movement data—a rapidly ex-
panding resource for biodiversity monitoring (Jetz et al. 2022;
Kays and Wikelski 2023; Davidson et al. 2025)—can be lev-
eraged through SSD to efficiently link individual movement
mechanisms to population-level spatial distributions.

The SSD framework advances prior work in mechanistic
space use modelling by providing a practical, computationally

efficient approach to predict emergent space use from movement
data. Our framework treats local movement as a Markovian
process and solves for steady-state distributions, following ap-
proaches in spatial ecology (Fletcher Jr. et al. 2019). By applying
our framework to scale local habitat selection and movement pro-
cesses, we innovate on prior approaches in two key ways. First,
we formally link iSSF estimates to local movement probabilities.
Though work in connectivity science has used movement models
to parametrise transition matrices, these approaches map relative
selection strengths from iSSFs (either based on global or semi-
local comparisons) and transform maps into resistance layers
(Zeller et al. 2012, 2016; Keeley et al. 2016; Panzacchi et al. 2016).
Instead, we directly estimate movement rates between cells from
the iSSF, inclusive of empirical habitat selection patterns and
movement constraints. We achieve this by kernelising the rela-
tive selection strength of discrete movement choices, resulting
in directional movement probabilities without relying on post
hoc transformations. Our second innovation addresses the long-
standing computational challenges of solving large transition ma-
trices (see Appendix E of Potts and Borger 2023). By leveraging
the inherently local nature of animal movement—where more
distant movements become increasingly improbable—SSD treats
transition matrices as sparse, drastically reducing computational
costs without sacrificing accuracy. In contrast to agent-based
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models (ABMs), which require extensive forward simulation
to approximate stable space use and are not guaranteed to con-
verge (Signer et al. 2017, 2024; Michelot et al. 2019; Potts and
Borger 2023; Forrest et al. 2024), SSD directly solves for long-term
space use via eigendecomposition. We found that sparse matri-
ces enable SSD to scale efficiently to large landscapes, produc-
ing predictions in minutes on standard hardware (16 GB RAM).
Together, these innovations position SSD as a scalable alternative
to ABMs, achieving equivalent or superior predictions with or-
ders of magnitude lower computational effort.

While SSD offers major advantages, there are contexts where
ABMs may be preferable. In simulations, ABMs slightly outper-
formed SSD in heterogeneous landscapes under strong selection
pressures, likely by incorporating finer-scale movement pro-
cesses such as directional persistence or by operating in continu-
ous space. Though ABMs and SSD should theoretically converge
to the same solution, there were instances, like in the roe deer ex-
ample, where ABMs and SSD were dissimilar. This discordance
could be a result of high inter-individual variation in habitat se-
lection (S2 Figure S8), resulting in predictive differences at the

scale of individuals (Figure 4B) or potentially because ABMs cap-
ture longer, directional movements that generate more dispersive
space use than SSD (S2 Figure S11, Figure 5B). Interestingly,
ABMs also generally produced more accurate predictions in the
fisher system, which had the most resolute GPS tracking of all
empirical examples (30min). Potentially, ABMs are more ad-
vantageous when fine-scale movement behaviours besides step
lengths are expected to shape emergent space use. SSD also treats
environments and movement as static processes, limiting its ap-
plicability when dynamic behavioural regimes or environments
strongly affect space use (e.g., Forrest et al. 2024).

Our findings position the SSD framework as a practical, scalable
tool for predicting animal space use from individual movement
data. By explicitly integrating habitat preferences and move-
ment constraints, SSD bridges a persistent gap between move-
ment models and broad-scale spatial predictions. Notably, SSD
successfully scaled from individual GPS tracks to predict long-
term population densities in a large, real-world system. This
underscores the potential for SSD in ecological modelling and
conservation planning, particularly if predictions of empirical
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density are replicated in other systems. Additionally, assessing
mechanistic movement model fit remains challenging, often
relying on step-level diagnostics of movement or habitat use
(Fieberg et al. 2018, 2024; Signer et al. 2024). However, dis-
crepancies between local movement processes and emergent
space use can be difficult to detect (Michelot et al. 2019; Fieberg
et al. 2024). By comparing SSD-predicted space use to observed
or expected distributions, researchers can evaluate whether fit-
ted movement models produce realistic spatial patterns, offering
a scalable tool for diagnosing overfitting, missing covariates, or
structural misspecification. Finally, we found that SSD tended
to perform better on challenging out-of-sample predictions than
other frameworks. Future work should investigate how hierar-
chical movement modelling across individuals, populations,
and geographic distributions (e.g., Muff et al. 2019; Chatterjee
et al. 2024; Klappstein et al. 2024) could further increase the pre-
dictive performance of SSD across inferential scales.
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