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ABSTRACT

Understanding and accurately predicting species distribution dynamics is essential for effective biodiversity
conservation and management. Spatial dynamic occupancy models (SpDynOcc models) provide a valuable
framework for analyzing temporal changes in species occurrence but require substantial data, making it critical
to understand their data needs for reliable estimates. In this study, we use a simulation approach to investigate
the role of survey effort, both in terms of study duration and spatial coverage, in obtaining accurate predictions
from a generic SpDynOcc model. We also test the efficacy of two alternative sampling designs compared to
random sampling. We varied multiple factors influencing species occurrence and detection (initial occupancy,
occupancy dynamics, and probability of detection) to study the way in which they affect the data requirements
for accurate parameter estimation. Models performed best with longer study durations, higher spatial coverage,
and higher effective probability of detection (i.e., over all survey occasions). Nevertheless, the specific minimum
sampling coverage needed notably varied based on initial occupancy and on occupancy dynamics scenarios.
Preferential habitat sampling performed particularly well for low initial occupancy and high-decrease scenarios.
These results indicate that tailored survey strategies are essential and must be informed by the specific ecological
context. Our findings provide guidance on the survey designs needed to obtain accurate SpDynOcc model pre-
dictions, aiding researchers in the effective application of these models for studying species spatial occupancy
dynamics.

1. Introduction

as needed. Incorporating ecological theory into statistical models can
strengthen these predictions, enhancing their relevance and applica-

Understanding and predicting species distribution and range dy-
namics is crucial for ecological and conservation efforts (Krebs, 2001).
From assessing habitat suitability to monitoring population dynamics,
accurate predictions are required for informed decision-making. How-
ever, obtaining adequate inferences about spatiotemporal changes in
species distributions is challenging, as these estimates are almost always
only derived from a partial survey of the populations of interest. In
addition, measurement errors such as false negatives and false positives
need to be accounted for (Yoccoz et al., 2001; Chapter 1 in Kéry and
Royle, 2016). Statistical models play a crucial role in confronting these
challenges, as they help identify patterns and generalize the factors that
influence population dynamics, while correcting for measurement errors
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bility for conservation management (Austin, 2002).

Among the large array of models available for estimating species
distributions from survey data, dynamic occupancy models (MacKenzie
et al., 2003; Royle and Kéry, 2007), hereafter DynOcc models, stand out
for their simple, yet mechanistic description of changing species
occurrence over time (Briscoe et al., 2021). Unlike static distribution
methods, DynOcc models offer a closer depiction of the underlying
processes driving range dynamics by explicitly modeling species colo-
nization and local extinction events over time. In this, they resemble
very much the classical extinction/colonization model of meta-
population ecology (Hanski 1998). Moreover, when multiple
detection/non-detection records are available for at least some sites
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within survey seasons, and the occurrence state at a site is assumed to
remain constant throughout the season, DynOcc models can account for
false-negative errors (i.e., instances where a species is present but goes
undetected). This will lead to estimates of occupancy, colonization, and
local extinction that are more robust to the imperfect detection bias that
is so ubiquitous in animal and plant data from the field (Lahoz-Monfort
et al., 2014).

So far, a majority of studies working with DynOcc models have
treated sites as independent entities (Chapter 4 in Kéry and Royle,
2021). However, for many species, colonization and extinction events
are influenced by the occupancy status of neighboring patches through
dispersal dynamics (Garcia-Valdés et al., 2015; Hanski, 1998). On the
one hand, for a colonization event to happen, the presence of the species
in the neighbors around the focal site is often a prerequisite. On the
other hand, extinction risk diminishes for sites with more occupied
neighbors due to the ’rescue effect’, i.e., higher chances of immediate
recolonization after extinction (Brown and Kodric-Brown, 1977). A
spatially explicit variant of the DynOcc model, the spatial autologistic
dynamic occupancy model, hereafter SpDynOcc, extends the traditional
DynOcc framework by explicitly considering the spatial dependencies
among sites, thus enhancing ecological realism. This extension, pio-
neered by Royle and Dorazio (2008) and used with several variations by
subsequent studies (Bled et al., 2011; Broms et al., 2016; Eaton et al.,
2014; Yackulic et al., 2012), defines a neighborhood for each study site
and incorporates a latent autocovariate to the colonization and extinc-
tion probability regression equations. This autocovariate, which cap-
tures the occupancy status of neighboring sites, influences a target cell
likelihood of colonization or persistence, aligning with the concept of
biogeographic patterns arising from dispersal constraints and local
extinction dynamics (Bell and Schlaepfer, 2016). The logic of this model
is that the more neighboring sites are occupied around a target cell, the
more potential immigrants are available to either colonize the cell when
it is empty or rescue it from extinction when it is occupied but losing its
population. This model is a close relative of classical metapopulation
models, but for a discrete and defined neighborhood (Risk et al. 2011).

One main challenge of the SpDynOcc model is that it relies on the
inference of occupancy status of all cells, or patches, in a study landscape
to correctly estimate the autocovariate effects on both colonization and
extinction processes (Moilanen, 2000; Risk et al., 2011). However, most
sampling schemes do not exhaustively cover the totality of the study
landscape and thus, occurrence data will only be available from a subset
of all cells. The model can overcome this limitation by using the
so-called unconditional probability of occupancy, which is the likeli-
hood that a patch is occupied regardless of whether it has been surveyed,
when a neighboring patch is not surveyed. Thus, autologistic modeling
can be conducted using all potential neighbor patches, irrespective of
their survey status, as long as neighboring patches are identifiable and
patch-specific covariates are measurable. However, when occurrence
data is scarce, resulting estimates are susceptible to bias, which may
jeopardize the inferences about true spatiotemporal patterns in the
species distribution. This can lead to erroneous predictions, which either
underestimate or overestimate the future occupancy status of the study
patches (McKann et al., 2013), highlighting the need for model simpli-
fication and appropriate ecological justification in complex models (Bell
and Schlaepfer, 2016).

In the present study, we investigate the minimum survey coverage
characteristics, in terms of both spatial and temporal extent, needed to
accurately infer the effects of neighbors’ occupancy status on site-
specific colonization and persistence probabilities, and thus to accu-
rately model species distribution change with a SpDynOcc model.
Additionally, we explore the efficacy of two alternative sampling de-
signs in improving the precision of parameter estimates compared to a
basic design using randomly selected sampling locations. We hypothe-
size that the minimum sampling coverage required to fit a spatial dy-
namic occupancy model and achieve accurate estimates will vary
depending on several species characteristics, including (1) detection
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probability, (2) the initial range of the species, (3) colonization and
persistence patterns, and (4) survey design. Despite these variations, we
anticipate a general inverse relationship between study duration and
spatial survey coverage, where longer study durations allow for reduced
spatial coverage to maintain prediction accuracy, and vice versa.

While dynamic occupancy models are widely applied, this study
provides the first simulation-based assessment of spatial dynamic oc-
cupancy models (SpDynOcc) to quantify the role of sampling constraints
in obtaining reliable predictions of species distribution dynamics. By
establishing a simulation framework, we provide foundational guidance
for designing effective survey strategies for SpDynOcc models, which
can be readily adapted to diverse ecological contexts. This framework
also lays a basis for future research on SpDynOcc model applications
with additional ecological variables and complexities.

2. Methods
2.1. Model specification

We used the SpDynOcc model as described in Kéry and Royle, 2021
(chapter 9) to simulate multivariate occupancy time-series data. This
model builds on the basic formulation of the DynOcc model (MacKenzie
et al., 2003), where the occurrence status at the first time period (z;1) of
a site i is determined by the initial probability of occurrence (y;,), and
the occurrence status at subsequent time periods (2;.+1) is defined by the
presence/absence state at the previous time step and the probabilities of
colonization (y) or persistence (¢), or alternatively extinction (¢), which
is 1 — ¢. The SpDynOcc model is a spatially explicit extension of the
DynOcc model, incorporating the proportion of occupied neighbors of a
site i at time ¢ (x;; in Eq. 3 — 5) to influence colonization or persistence
rates during the interval from t to t + 1. In our simulation study, sites are
arrayed in a grid, and we define a cell’s neighborhood (.7) as all its
adjacent cells. Therefore, each site has eight neighbors (n; = 8), except
for those on the edge of the domain, which have fewer neighbors. Below,
we specify the mathematical expressions of the model.

;1 ~ Bernoulli(y;;) v

Zier1 ~ Bernoulli(z * ¢y + (1 —2i¢) *7;¢) 2

Here, y;, is the probabilty of occurrence at time 1, and z;, is the
binary (realized) presence/absence of cell i at time t. The probability of
colonization (y) and persistence (¢) can be defined as linear functions of
covariate as in any generalized linear model (McCullagh and Nelder,
1989). One of these covariates (and in our study, the only covariate) will
be the autocovariate in the SpDynOcc model, described above. Thus, we
will have:

logit(¢;,) = fo + P X1 3)

logit(y;,) = ao + a1, (&)

1 .
Xie = (ZMZJ, t) )

Here, a and f are regression coefficients that are estimated.

2.2. Data simulation

We simulated multivariate occupancy time-series data for 15
consecutive years in a 50 x 50 grid (i.e., with 2500 cells or sites) using
the SpDynOcc model for 12 combinations of 3 scenarios of the initial
number of occupied sites (“ini.occ” scenarios) and 4 scenarios of colo-
nization or extinction (“colext” scenarios); see below.

We used a Gaussian Random Field (GRF) as a covariate to determine
the initial probability of occupancy (Eq. (6)), so the initial species
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distribution of presence/absence was made more realistic by including
some spatial autocorrelation structure. Thus, for each of the 3 “ini.occ”
scenarios, we selected a set of initial probability of occurrence (y;;
parameters) so the mean simulated initial percentage of occupied sites
was 1 % (low), 10 % (moderate), and 90 % (high) for each scenario,
respectively (appendix S1).

logit () = 8o + 61GRF; (6)

For each “ini.occ” scenario we chose 4 different sets of values of the
colonization (y) and persistence (¢) model parameters, to yield 4
different “colext” scenarios: high occupancy increase, moderate occu-
pancy increase, high occupancy decrease, and moderate occupancy
decrease (see Appendix S1 for the detailed parameters and simulated
occupancy trajectories of each “colext” scenario). For the first two
“colext” scenarios, the probability of persistence was set to 1 (that is,
there was no extinction) and colonization probability was made
dependent on the proportion of occupied neighbors, whereas for the
latter two, colonization rate was set to O (i.e., there was no colonization)
and the probability of persistence was made dependent on the propor-
tion of occupied neighbors. Scenarios of high occupancy increase had
higher probabilities of colonization compared to scenarios of moderate
occupancy increase, whereas scenarios of high occupancy decrease had
lower probabilities of persistence compared to scenarios of moderate
occupancy decrease.

We ran 25 replicates of each combination of “ini.occu” and “colext”
scenarios, resulting in a total of 300 occupancy datasets. For each oc-
cupancy dataset we simulated detection/non detection data under the
usual binomial observation model (Eq. (7)) for exactly two visits within
every year for 3 different scenarios of effective probability of detection:
0.2, 0.5, and 0.8. We denote the effective probability of detection as p”
according to Eq. (8).

Yiej ~ Bernoulli(z;.* p) 7)

p=1-(1-p? ®

For each detection/non-detection dataset we fitted models for the
combination of 3 scenarios of study duration (i.e., temporal survey
effort) and 4 or 5 scenarios of spatial coverage (i.e., spatial survey
effort). Scenarios of study duration were defined as the first 3, 6, or 12
consecutive years of data. Scenarios of spatial coverage, were defined as
5, 10, 20, 40, and 80 % of randomly selected cells in the landscape. We
did not consider the 12 years scenario combined with the 80 % spatial
coverage scenario in order to reduce extra computing time, and since,
based on the other scenarios, it became clear that for this combination
very good results were guaranteed. In total we fitted 3 (“ini.occu” sce-
narios) * 4 (“colext” scenarios) * 25 (replicates) * 3 (detection proba-
bility scenarios) * 4 (spatial survey scenarios) * 3 (temporal survey
scenarios) = 10,800 models + 1800 (spatial survey of 80 % and tem-
poral survey of 3y and 6y) = 12,600 models.

2.3. Alternative sampling designs

To evaluate the impact of different sampling strategies on the pre-
cision of parameter estimates, we examined two alternative sampling
designs and compared them to a basic design with randomly selected
sampling locations.

2.3.1. Habitat-preferential sampling

In the first alternative design, we preferentially sampled sites with
high habitat suitability. Data were collected at locations where the
initial probability of occurrence was high (i.e., GRF covariate > 0). This
approach assumes prior knowledge of the species’ habitat. The rationale
for this design is that by sampling high-quality habitat sites, we increase
the likelihood of detections, which may lead to a greater number of
observed extinction and colonization events.
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2.3.2. Sequential sampling design

In the second design, we employed a sequential sampling approach,
using two sets of randomly selected sampling sites that alternated each
year. This approach aims to maximize the spatial extent of sampled cells
across the landscape by covering different sites each year, allowing for
broader spatial coverage over time.

These alternative sampling designs were evaluated with 10 % spatial
coverage, a 6-year study duration, and an effective detection probability
of 0.8.

2.4. Model fitting

The 12,600 models were fitted using the Bayesian general-purpose
modelling software JAGS (Plummer, 2003) via the R package jagsUI
(Kellner, 2024), using vague priors for all the model parameters (see the
Appendix S2 for a description of the model, including the priors used, in
the BUGS language). We initially chose minimal Markov chain Monte
Carlo (MCMC) settings for all models, ran 2000 iterations, with a burn-in
of 1000 iterations and a thinning rate of 2. This process took 24 days on
an Ubuntu machine with Ampere ® Altra ® CPU, which uses Arm64
architecture with 80 cores and 128 GB RAM. We checked model
convergence and for those models that did not converge we ran 3000
additional iterations using the update () function of the jagsUI
package. For models that did still not converge after the combined
2000-+3000 iterations, if they obtained accurate predictions (as defined
in the “Evaluation of predictive model performance” section), we
assumed that models would eventually converge yielding similar pre-
dictive performance, whereas for models with inaccurate predictions
that had not converged, we ran 5000 more iterations (for a total of 10,
000 iterations), and then either we retained their results (if they were
accurate and/or had converged) or we discarded the results from these
data sets. We report all models that did not converge in Appendix S3.

2.5. Evaluation of predictive model performance

Model evaluation focused on assessing the model’s ability to capture
and predict range-wide temporal trends in occupancy. To evaluate the
predictive performance of the model, we compared the predicted
occurrence data to the true occurrence data. Predictions were generated
by simulating the binary (realized) presence/absence state of all cells in
the landscape over a 15-year period. For each fitted model, we ran 1000
simulations using the posterior mean estimates for the parameters of
initial occupancy, colonization, and persistence functions.

To assess the bias of the model predictions, we calculated the total
number of occupied sites at time t + 1 minus the total number of
occupied sites at time t, and we averaged this difference over the 15-year
period. We refer to this metric as “mean occurrence change”. We chose
this metric because it directly measures the year-to-year change in oc-
cupancy, which is a key indicator of how well the model captures dy-
namic processes such as colonization and extinction. Traditional metrics
like root mean square error (RMSE) might not adequately reflect the
direction of occupancy change (i.e., increase or decrease). Specifically,
RMSE could classify models as having accurate predictions even if they
predicted the wrong sign of occupancy change (predicting an increase
when there is a decrease, and vice versa). By focusing on “mean
occurrence change,” we ensure that the model’s predictions align with
the actual trend in occupancy dynamics, thus providing a more intuitive
and relevant measure of predictive performance for ecological applica-
tions. However, we note that this metric is only appropriate for cases
where changes are unidirectional and non-periodic, as is the case in our
simulations.

A model was considered to produce accurate predictions if the dif-
ference in 'mean occurrence change’ between its prediction (the average
across all 1000 simulations) and the true data was smaller than the
largest difference observed among the “mean occurrence change” values
of the true data replicates within the specific scenarios of initial
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occupancy and type of occupancy dynamics. While this classification is
somewhat arbitrary, it provides a clear metric to classify model pre-
diction performance in a binary manner. By setting this threshold, we
ensured reliable predictions while allowing for some bias.

Finally, we modeled the probability of the models correctly pre-
dicting occupancy dynamics across the different scenarios using a lo-
gistic mixed effects model implemented with the glmer function in the
lme4 package (Bates et al., 2015). We included spatial coverage, study
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duration, and effective probability of detection as fixed effects, while the
interaction of initial occupancy and type of occupancy scenarios was
incorporated as a random intercept. This approach allowed us to
generalize the required survey effort for different effective probabilities
of detection to obtain accurate predictions, while accounting for the
variability within occupancy scenarios.

To address potential edge effects, we also evaluated model pre-
dictions using a larger grid (10,000 cells) for a subset of the scenarios
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Fig. 1. Mean annual change in the total number of occupied cells at 10 % of spatial coverage. Boxplots represent the predicted values among replicates of each
scenario. Horizontal black lines indicate the maximum and minimum values of the true data among the 25 replicates. Columns represent the different initial oc-
cupancy scenarios, and rows type of occupancy dynamics scenarios. Scenarios of occupancy dynamics are denoted as follows: HI - High occupancy increase, MI -
Moderate occupancy increase, HD - High occupancy decrease, and MD - Moderate occupancy decrease.
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analyzed. This supplementary analysis allowed us to verify that edge
effects did not influence the results, as detailed in the Appendix S6.

3. Results
3.1. Prediction bias

For scenarios where models failed to obtain accurate predictions, we
observed distinct bias patterns depending on the initial occupancy and
type of occupancy dynamics (Fig. S4 and Fig. 1 for bias at 10 % spatial
coverage). In scenarios of increasing occupancy, with initial occupancy
at 1 % or 10 %, the predicted “mean occurrence change” in most rep-
licates with poor model predictions was below the true occurrence
change, indicating an underestimation of the number of colonization
events (Fig. S4). Some replicates even showed negative “mean occur-
rence change” values, indicating a predicted decrease in occupancy
instead of an increase, especially in scenarios of moderate occupancy
increase (Fig. S4). For initial occupancy at 90 %, in scenarios of
increasing occupancy with biased model predictions, the “mean occur-
rence change” was more evenly distributed around the true data among
replicates, but most replicates exceeded the maximum and minimum
true values, indicating both overestimation and underestimation of the
number of colonization events (Fig. S4).

In scenarios of decreasing occupancy, when initial occupancy was 1
%, the predicted “mean occurrence change” in most scenarios with poor
model predictions had lower values when compared to the true data,
indicating an overestimation of the number of extinction events (Fig.
$3). When initial occupancy was 10 %, models with biased predictions
tended towards overestimation of the number of extinction events for
12-year study durations, while for 3-year study durations, there was a
tendency to underestimate the number of extinction events. For 6-year
study durations, no clear trend was observed. Lastly, when initial oc-
cupancy was 90 %, the “mean occurrence change” in scenarios with poor
model predictions was higher than the true data, indicating an under-
estimation of the number of extinction events. Some replicates even
showed a positive occupancy change, predicting an increase in
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occupancy instead of a decrease (Fig. S4).

3.2. Model performance across scenarios

As expected, the probability of obtaining accurate model predictions
increased with longer study duration, higher spatial survey coverage,
and higher probability of detection (Figs. 2 and 3). When spatial
coverage was limited to 5 % or 10 %, high probabilities (>70 %) of
models with accurate predictions were only achieved with a study
duration of 12 years and an effective probability of detection (eff.p.det)
of 0.8 (Fig. 2). At 20 % spatial coverage, good model performance was
also observed with 6-year study duration and an eff.p.det of 0.8, as well
as with 12-year duration and an eff.p.det of 0.5 (Fig. 2). With 40 %
spatial coverage, accurate predictions were achieved for scenarios with
12-year duration and an eff.p.det of 0.2, with 6-year duration and an eff.
p.det of 0.5, as well as with 3-year duration and an eff.p.det of 0.8 (Fig. 2).
Conversely, scenarios with 3-year duration and values of eff.p.det of 0.5
or 0.2, and 6-year duration with an eff.p.det of 0.2 consistently showed
low probabilities of obtaining accurate model predictions, even with
maximum spatial coverage of 80 % (Fig. 2).

However, these general trends varied depending on the scenario of
initial occupancy and the type of occupancy dynamics (Figs. 2 and 3).
On the one hand, for scenarios of increasing occupancy, differences in
model performance between scenarios of initial occupancy were mini-
mal, although models with an initial occupancy of 90 % performed
slightly worse for eff.p.det 0.5 and 0.2 (Fig. 3). On the other hand, sce-
narios with high occupancy increase consistently required less survey
coverage and lower effective probability of detection for good pre-
dictions compared to scenarios with moderate occupancy increase
(Figs. 2 and 3). In contrast, for scenarios of decreasing occupancy,
marked differences were observed between initial occupancy scenarios,
while differences between scenarios of high and moderate occupancy
decrease were less noticeable within each initial occupancy scenario
(Figs. 2 and 3). Models performed much better with an initial occupancy
of 10 % compared to 90 %, especially for study durations of 6 and 3
years (Fig. 3). Notably, scenarios with 1 % initial occupancy and

uos 1X8|00

1% 10% 90%
ini occu scn

-1 0 1

Fig. 2. Probability of obtaining accurate predictions of occupancy dynamics according to the mixed effects model of the SpDynOcc model fitting results. The figure on
the left displays the probability for all combinations of fixed effects in the model: effective probability of detection (top, middle and bottom panel), study duration
(rows), and survey spatial coverage (columns). The figure on the right shows the random intercepts for each combination of initial occupancy (columns) and type of
occupancy dynamics scenario (rows) on the logit scale. Scenarios of occupancy dynamics are denoted as follows: HI - High occupancy increase, MI - Moderate
occupancy increase, HD - High occupancy decrease, and MD - Moderate occupancy decrease.
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Fig. 3. Number of accurate predictions for each scenario out of the 25 replicates for each combination. Accurate predictions are classified based on the predicted
mean occurrence change as described in the Methods section. Columns represent the different initial occupancy scenarios, and rows type of occupancy dynamics
scenarios. Scenarios of occupancy dynamics are denoted as follows: HI - High occupancy increase, MI - Moderate occupancy increase, HD - High occupancy decrease,
and MD - Moderate occupancy decrease. For each occupancy scenario, there are three panels representing scenarios with effective probabilities of detection of 0.8,
0.5, and 0.2 (top, middle, and bottom panels, respectively). Within each panel, rows represent study duration, and columns represent survey spatial coverage. Note
that the "'maximum combination’ of 12 years and 80 % spatial coverage was not included due to its high computational cost.

decreasing occupancy dynamics (both high and moderate decrease)
were unique. For these scenarios, study duration did not significantly
impact prediction accuracy, indicating that more years of surveys did
not necessarily lead to better model predictions (Fig. 3).

3.3. Effectiveness of alternative sampling strategies on model prediction
accuracy

Preferential habitat sampling yielded a slight improvement in the
number of accurate model predictions compared to random sampling
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(mean 16.50 vs. 15.08 for random sampling), though this advantage was
not consistent across all occupancy scenarios (Table 1). This strategy
performed particularly well in scenarios with an initial occupancy of 1 %
(mean 17.25 vs. 13.5) and high occupancy decrease scenarios (mean 20
vs. 14.3). In contrast, sequential sampling did not enhance model pre-
dictions compared to random sampling (Table 1), and it resulted in
slightly fewer accurate fits across most occupancy scenarios (mean
13.42 vs. 15.08).

4. Discussion

Spatial dynamic occupancy models are designed to understand and
predict species spatial dynamics by integrating ecological realism
through the consideration of dispersal processes driving range changes.
These models can offer valuable insights into the spatial population
dynamics of many species (Bled et al., 2013; Eaton et al., 2014). How-
ever, fitting these models to often scarce data carries the risk of
obtaining inaccurate parameter estimates, leading to biased or inade-
quate predictions (Mckann et al., 2013), even when the model structure
aligns closely with the (unknown) data-generation mechanism. In this
study, we examined how varying temporal and spatial survey efforts
impact the accuracy of spatial dynamic occupancy models. Our findings
highlight the critical balance needed between study duration and spatial
coverage to achieve reliable predictions, offering insights that are
broadly applicable to any species distribution model incorporating
explicit colonization and extinction functions. Our analysis revealed an
inverse relationship between the minimum study duration and spatial
survey coverage that was required to achieve satisfactory model pre-
dictions across various scenarios of occupancy and detection. Further-
more, our results underscore that species with low detection
probabilities require higher sampling coverage for accurate model es-
timates, emphasizing the importance of optimizing survey techniques to
improve detectability. This study aims to guide researchers in effectively
utilizing spatial dynamic occupancy models for studying species occu-
pancy dynamics, ensuring that predictions are as unbiased as possible,
and thereby enabling informed decisions in biodiversity management
and conservation efforts (Briscoe et al., 2019; Guisan et al., 2013).

In recent years, substantial research has been conducted to address
sampling bias in species distribution models (SDMs). For instance, Rana

Table 1

Number of accurate predictions for each sampling strategy out of the 25 repli-
cates for each scenario. Accurate predictions are classified based on the pre-
dicted mean occurrence change as described in the Methods section. Models
were evaluated with 10 % spatial coverage, a 6-year study duration, and an
effective detection probability of 0.8.

Initial Occupancy Random Preferential Sequential

occupancy dynamics sampling habitat sampling ~ sampling

1% High increase 21 24 21

10 % High increase 15 16 18

90 % High increase 23 21 21

1% Moderate 12 16 13
increase

10 % Moderate 11 12 10
increase

90 % Moderate 15 2 11
increase

1% High decrease 9 14 7

10 % High decrease 16 24 21

90 % High decrease 18 22 9

1% Moderate 12 15 12
decrease

10 % Moderate 17 13 14
decrease

90 % Moderate 12 19 4
decrease

Mean =+ SD 15.08 + 16.50 + 6.07 13.42 + 5.12

4.15
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et al. (2024) highlighted the non-stationarity of SDMs when faced with
varying data types and sampling extents, while Boyd et al. (2024)
explored the trade-offs between spatial resolution and accuracy in esti-
mating species occupancy from geographically biased samples. How-
ever, most of these studies focus on static models and do not account for
imperfect detection, which limits their applicability to dynamic systems
where temporal changes and species detectability play a significant role.
In contrast, our work specifically targets the spatial dynamics of species
occupancy over time and evaluates the minimum survey effort required
for reliable parameter estimation in SpDynOcc models.

Previous findings suggested a minimum of 120 unique sampling lo-
cations for accurate estimation of colonization and extinction parame-
ters in non-spatial dynamic occupancy models (McKann et al., 2013). In
contrast, our study reveals far more nuanced insights into the data re-
quirements for spatial dynamic occupancy models. When spatial
coverage was the most limited in our study, corresponding to 125 sites,
accurate predictions were only possible for a study duration of 12 years
and for only certain occupancy scenarios among the 12 scenarios that we
studied. For study durations of 6 years, at least 500 sites were needed to
obtain accurate predictions, and for 3 years, 1000 or even more sites
were required. By quantifying these relationships across diverse occu-
pancy and detection scenarios, our results provide a framework that can
inform survey designs for a wide range of ecological systems. These
findings highlight the limitations that many monitoring programs may
currently face in applying SpDynOcc models, and the need for more
unique sampling locations to effectively capture spatial effects in model
predictions. Moreover, our results emphasize that the number of sam-
pling locations should not be fixed for any specific landscape but should
be higher when the survey duration is shorter, and vice versa.

We hypothesized that the minimum sampling coverage needed to fit
a spatial dynamic occupancy model and achieve accurate estimates
varies as a function of several factors, including the initial range of a
species, occupancy dynamics, and the effective probability of detection.
Our results confirmed all of these. Notably, the effective probability of
detection emerged as a pivotal factor. For species with low detection
probabilities, higher sampling coverage was necessary to obtain accu-
rate estimates. Encouragingly, species detectability can be improved by
optimizing survey techniques, such as selecting the best time of day,
using more experienced observers, or employing modern detection
technologies like camera traps or acoustic recorders (O’Connor et al.,
2017). These enhancements can lead to more reliable model perfor-
mance without increasing spatial or temporal survey coverage, which
are the costliest features of a sampling design. In addition, the effective
probability of detection can be pushed up also by simply visiting each
site more often.

Moreover, the initial number of occupied cells and the type of oc-
cupancy dynamics also influenced model performance. These factors
affected both the minimum survey effort needed for accurate predictions
and the bias patterns in models with inaccurate predictions. For sce-
narios of increasing occupancy, models performed better with the same
sampling coverage in scenarios of high occupancy increase compared to
scenarios of moderate occupancy increase. This suggests that for species
undergoing rapid range expansion, predicted trajectories will generally
be more reliable than for species with slower expansion. Our results
show that for species with moderate occupancy increases, insufficient
data can lead to models predicting a decrease in occupancy, and simi-
larly, in scenarios with moderate occupancy decreases, models with
insufficient data can predict an increase in occupancy. Thus, when
species trends are not clear, it is crucial to ensure that we have sufficient
data to trust model predictions and avoid misleading conclusions. For
scenarios of decreasing occupancy with an initial occupancy of 1 %,
longer study durations did not necessarily lead to better predictions. In
these cases, maximizing spatial coverage and ensuring high species
detectability is crucial.

Our exploration of alternative sampling strategies suggests that
preferential habitat sampling offers a modest improvement over random
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sampling in achieving accurate model predictions, particularly in sce-
narios with low initial occupancy (1 %) and high occupancy decrease.
This may be the case for rare threatened species for instance and
therefore the results may be of practical importance in conservation
settings. This improvement may be due to the strategy’s focus on higher-
quality habitat patches, which likely increases the detection of occupied
sites and the observation of key extinction and colonization events. In
scenarios with low initial occupancy, preferentially sampling areas of
suitable habitat helps ensure that even sparse populations are repre-
sented in the data, thereby enhancing model precision. This preferential
habitat sampling strategy is likely to be efficient for a wide range of
modeling techniques that aim to capture the distribution dynamics of
rare species, further broadening its applicability beyond the SpDynOcc
framework. In high-decrease scenarios, where population decline is
more rapid, focusing on suitable habitat patches may also allow for more
timely detection of extinction dynamics, leading to better-informed es-
timates. Conversely, sequential sampling did not improve prediction
accuracy compared to random sampling. The switch between two
random sets of sampling locations each year may have limited the ability
to capture occupancy trends consistently over time, resulting in slightly
lower accuracy across most occupancy scenarios. Together, these results
suggest that while preferential habitat sampling can yield benefits in
specific scenarios, the effectiveness of alternative designs depends
heavily on occupancy patterns and population trends, underscoring the
need for tailored survey strategies based on ecological context. Simu-
lation studies to evaluate the effectiveness of different sampling strate-
gies and identify optimal approaches could be valuable for guiding
species-specific surveys (Chapter 4 in Kéry and Royle, 2016; DiRenzo
et al., 2023).

Our study offers a foundational assessment of data requirements in
spatial dynamic occupancy models (SpDynOcc). This model choice
allowed us to focus explicitly on dispersal, a key driver of species range
dynamics, as a mechanistic factor in our simulations. Other studies have
shown the importance of dispersal in shaping ecological patterns and
highlighted the challenges it poses for parameter estimation. For
instance, Xu et al. (2023) demonstrated how dispersal can introduce
biases in estimating competitive interactions within metacommunities,
complicating the interpretation of ecological processes. Similarly, Detto
et al. (2019) revealed that dispersal-driven sampling biases could
obscure the detection of negative density dependence in plant commu-
nities. These findings underscore how dispersal, while critical for un-
derstanding species dynamics, can also confound parameter estimation
if not carefully accounted for in study designs. In our work, we address
this challenge by explicitly incorporating dispersal processes into a dy-
namic occupancy modeling framework, ensuring that the effects of
dispersal on colonization and extinction dynamics are explicitly
modeled and quantified.

By embedding habitat as a predictor of initial occupancy, we ensured
that favorable habitat indirectly influences dispersal, capturing the
broader ecological realism needed in species distribution modeling.
However, we acknowledge that other factors—such as species in-
teractions and environmental gradients—are not directly included in
our model. Introducing additional complexity by incorporating vari-
ables like competition, temperature, and landscape features could
enhance the model’s applicability to field conditions but would also
necessitate further investigation into data requirements to support
reliable parameter estimates. Additionally, our analysis of alternative
sampling designs provides empirical insights for field researchers, of-
fering a data-driven approach to evaluating the efficacy of different
sampling schemes. This study therefore bridges a gap in the empirical
testing of heuristic sampling recommendations, providing an essential
framework for future research aiming to optimize sampling strategies
under more complex ecological conditions. As so often for questions of
sampling design, one could say "When in doubt, simulate." (Kéry and
Kellner, 2024).
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5. Conclusion

Effective research and management efforts focused on species oc-
cupancy dynamics must consider the limitations of sparse data in
obtaining accurate and precise model estimates when using spatial dy-
namic occupancy models. This study provides quantitative insights into
the data requirements necessary for reliable predictions, highlighting
the influence of survey duration, spatial coverage, and detection prob-
ability on model accuracy. Our findings underscore that while
increasing model complexity can enhance ecological realism, it also
demands higher data quality and quantity. Blindly applying complex
models to limited datasets risks producing biased, non-generalizable
predictions—a concern that must be weighed against the intended
application of the model. By evaluating the efficacy of different sam-
pling designs, we offer researchers a data-driven framework to tailor
sampling strategies to species characteristics and occupancy dynamics,
thus optimizing survey design and parameter estimation. This approach
illustrates the critical role of simulation studies in testing sampling de-
signs before empirical implementation, offering a robust foundation for
enhancing biodiversity management and conservation planning. We
echo the value of simulation as a tool to explore and refine sample
design, particularly when tackling the challenges of ecological model
complexity (DiRenzo et al., 2023).
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