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Abstract

Nested species distribution models (SDMs) can account for the multi-scale nature of species'
niches yet typically combine only two spatial scales. Here, we present a novel meta-model
approach for nesting more than two scales, which is particularly relevant for mobile species
that select habitat across different spatial scales. We demonstrate the approach by modelling
two farmland bird species in Germany, the common starling (Sturnus vulgaris) and the northern
lapwing (Vanellus vanellus). First, we trained three single-scale SDM ensembles: a European-
extent climate ensemble at 50x50 km, a German-extent landscape context ensemble at 1x1 km,
and a German-extent fine-scale habitat ensemble at 200200 m. Using stacked generalization,
we combined the single-scale predictions into a multi-scale meta-model at 200x200 m
resolution using ridge regression and quantified each scale's relative importance as the
reduction in explained deviance when excluding it from the meta-model. Although all single-
scale SDMs performed well, the multi-scale SDM further improved predictive performance.
Across both species, fine-scale habitat was the most relevant scale, followed by landscape
context, with broad-scale climate being the least important. The meta-model did not introduce
novel spatial predictions, but rather combined and reinforced patterns identified at individual
scales. Our approach offers a flexible and reproducible framework for integrating multiple
spatial scales into SDMs and quantifying their relative importance, advancing both the

predictive accuracy and ecological interpretability of SDMs.

Highlight box

- Nested species distribution models account for scale-dependent effects of different

environmental predictors on species niches and distributions.



32 - We present a novel nesting approach based on meta-models which allows easy

33 integration of more than two scales and explicit quantification of relative scale
34 importance.

35 - We exemplify the approach using two case studies of farmland birds in Germany and
36 show that their distribution patterns depend mostly on fine-scale habitat availability and
37 landscape context while broader climate only had a minor effect on Germany
38 distributions.

39 - Our flexible and reproducible framework advances the integration of spatial scale
40 theory into SDM practice, supporting more informed conservation planning and habitat
41 management across scales.

42

43  Key words

44  ensemble modeling, farmland birds, Germany, habitat suitability, hierarchical model, multi-

45  scale, nested SDM, spatial scale
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Introduction

Species distribution models (SDMs) are one of the most widely used tools in ecology,
conservation, and biogeography (Guisan et al. 2013, Ferrier et al. 2016, Aratjo et al. 2019). By
relating a species’ occurrence to the local environmental conditions where it occurs, SDMs can
estimate a species’ realized niche, predict available habitat across space and time, and infer its
spatial distribution (Guisan and Zimmermann 2000, Guisan et al. 2017). SDMs are applied at
a range of scales from fine (Descombes et al. 2020) to broad (Karger et al. 2023). The scale at
which a model is fitted is critical, as ecological patterns and processes are inherently scale-
dependent, with different drivers of a species distribution operating at different spatial scales
(Grafet al. 2005, Guisan and Thuiller 2005, McGill 2010). Climate, for example, is considered
to act at very large spatial scales setting the boundaries of a species distribution whereas land
use acts at finer scales causing local variation in occurrence (von dem Bussche et al. 2008,

Revermann et al. 2012, Mateo et al. 2019).

While most SDMs are fitted at a single spatial scale determined by the driver of interest, more
and more studies are considering the multi-scale nature of species niches (Guisan et al. 2025).
An approach first introduced in the 2000s by Pearson et al. (2004) are spatially nested SDMs
(hereafter nested SDMs, Adde et al., 2023; Chevalier et al., 2021; Guisan et al., 2025),
sometimes also referred to as hierarchical models (Mateo et al. 2019) or data integration models
(Chevalier et al. 2021). Within this framework, single-scale SDMs are fitted at different extents
and resolutions and subsequently spatially nested within a single nested SDM (Mateo et al.

2024).
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Matching predictor scale to the scale of the ecological process being modeled is a key
requirement for robust SDMs. When scales are mismatched, signal strength is diluted and
predictive performance reduced (McGarigal et al. 2016). For example, aggregating fine-scale
drivers to coarse spatial resolutions may obscure ecologically relevant patterns (Revermann et
al. 2012), while including fine-scale predictors without accounting for broad-scale climatic
constraints can lead to overfitting to local patterns. Further, by incorporating predictors at both
broad and fine scales, nested SDMs can help reduce niche truncation. Considering drivers at
continental or global scales improves representation of the entire realized niche, ultimately
enhancing model transferability across space and time (Guisan et al. 2017, Zurell et al. 2020).
Niche truncation occurs when spatially restricted occurrence data do not encompass the entire
range of environmental conditions that describe the species niche. Consequently, niche limits
cannot be described comprehensively and the models extrapolate the niche limits into non-
analogue environmental conditions (Zurell et al. 2012). A truncated niche can introduce biased
predictions and uncertainty, which can lead to overpredictions (e.g., Hannemann et al., 2016)
as well as underpredictions (e.g., Scherrer et al., 2021) of species distributions and reduce
model transferability (Yates et al. 2018). Nested SDMs address these limitations by
incorporating data at several spatial scales, thereby capturing the full extent of broad-scale
niche limits while still accounting for locally relevant environmental drivers (Amirkhiz et al.

2021, Guisan et al. 2025).

Over the last two decades, several nested SDM approaches have been developed. These
approaches were summarized by Guisan et al. (2025) who distinguished six different categories
of approaches differing in statistical complexity and computational intensity: (1) Simple
downscaling (Araujo et al. 2005, Barbosa et al. 2010), where a model is fitted on the whole

species range using coarse predictors, while predictions are generated for the region of interest
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at a finer spatial resolution. Although this approach covers different scales, it does not explicitly
consider different drivers at those scales. (2) Data fusion or pooling (Graf et al. 2005, Fletcher
et al. 2016), in which coarse- and fine-scale data are merged and a single model is fitted. (3)
Simple combinations (Pearson et al. 2004, Adde et al. 2023), where separate models are trained
at the whole species range and at a subrange. Models are then combined via averaging or
multiplication. (4) Sequential modelling (Adde et al. 2023, Goicolea et al. 2024), where outputs
of a model trained on the whole species range serve as covariate inputs for a model which
targets a subset of a species range. (5) Hierarchical downscaling (Keil et al. 2013), in which
subrange presences/absences are treated as latent variables, which are modelled as a function
of observed coarse-grain presences/absences. Finally, (6) hierarchical modelling (Miller et al.
2019), that uses a joint likelihood approach to jointly train models at different spatial scales
while some parameters (e.g., the climate response) are common at both scales. Despite this
methodological diversity, most nested SDM studies combine predictions from a global or
continental model (covering the whole species range) fitted on climate data and a regional
model (covering a subset of the species range) fitted on topographic, land cover/use, and/or
hydrological data (Adde et al. 2023, Goicolea et al. 2024, Mateo et al. 2024). Including data at
several spatial scales could be especially relevant for mobile species like birds whose broad-
scale distribution may be determined by climate but who make multi-scale decisions when
selecting home ranges and breeding sites based on both local habitats and broader landscape
context (Graf et al. 2005, von dem Bussche et al. 2008, Revermann et al. 2012). The
hierarchical downscaling and modeling approaches could readily incorporate multiple spatial
scales but come at considerable computational costs. Current utility of the simpler approaches
is limited by problems of collinearity when the same predictor types are included at multiple
scales (Graf et al. 2005) and because they do not readily allow to quantify the relative

importance of the different scales. Thus, a flexible approach incorporating more than two
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spatial scales, accounting for collinearity between predictors, and allowing the quantification

of scale-specific contributions to species distributions has yet to be developed.

Here, we introduce a novel nested SDM approach (hereafter referred to as multi-scale SDM)
using stacked generalization (Wolpert 1992). This approach is particularly suited to incorporate
more than two scales. We illustrate this using a case study for birds covering three scales: board-
scale climate, meso-scale landscape context, and fine-scale habitat (Fig. 1). Conceptually the
approach integrates the “simple combination” and “sequential modeling” strategies and uses a
meta-learner approach to combine multiple scales and assess the relative importance of each
scale. This emphasizes the flexible integration of data at more than two spatial scales, rendering
the resulting SDMs truly multi-scale. Stacked generalization has recently been introduced in
ecology as an ensemble approach for SDM (Oeser et al. 2024) and we here extend this approach
to multi-scale problems. Specifically, separate models are fitted at the different spatial scales
of interest and the predictions of these models then serve as inputs to a meta-learner regression
which combines the different predictions into a final model, often referred to as a meta-model
(Naimi and Balzer 2018). Such meta-models have been widely applied in machine learning
(Sesmero et al. 2015) but are only slowly adopted in ecology and SDM research (Oeser et al.
2024). To showcase our approach, we present a case study on two farmland bird species in
Germany, the common starling (Sturnus vulgaris, hereafter starling) and the northern lapwing
(Vanellus vanellus). Starlings use cavities in trees or buildings as nesting sites and prefer
feeding grounds in close proximity to their nest. Although longer distances are travelled in
times of food scarcity (Heldbjerg et al. 2017). Generally, starlings are considered habitat
generalists, preferring open to semi-open habitats. The northern lapwing, on the other hand, is
a habitat specialist. Northern lapwings prefer open habitat and use wetlands and summer crops

as nesting sites, to which they stay in close proximity during the breeding season (Cevenini et
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al. 2025). Applying the multi-scale SDM approach our main objectives are to (1) compare the
predictive performance of single-scale SDM ensembles and the multi-scale SDM, (2) compare
resulting distribution maps, and (3) quantify the relative importance of the spatial scales to

describe species distribution and habitat availability.

Materials and Methods

For downloading and initial processing of climate data we used Python version 3.12.3. For all
other analysis and primary visualizations we used R version 4.5.1 (R Core Team 2025). All
codes and packages required to reproduce our analysis and base figures are provided open

access (cf. Data availability statement).

To fit our multi-scale SDM at 200200 m resolution using stacked generalization (Wolpert
1992, Oeser et al. 2024) we first trained three separate single-scale SDM ensembles (Fig. 1).
The first SDM predicted climate suitability across the European continent at a resolution of
50%50 km. The second and third SDMs both covered Germany, predicting landscape context
suitability at 1x1 km and fine-scale habitat suitability at 200200 m resolution, respectively.
Both the landscape context and fine-scale habitat ensembles were trained on land cover/use as

well as topographic data.
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Multi-scale SDM
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Figure 1. Multi-scale SDM workflow. In this example, the multi-scale SDM (meta-model)
includes outputs from three separate single-scale SDM ensembles trained and predicted at their
respective spatial scale (i.e., climate ensemble at 50 x50 km resolution, landscape context
ensemble at 1 X1 km resolution, and fine-scale habitat ensemble at 200 X200 m resolution). The
landscape context data includes the same predictors as the habitat data but aggregated to 1 x1
km resolution. The landscape context and habitat grids presented in this figure serve as
examples to highlight the added value of landscape context. Colored landscape context and
habitat grid cells indicate cells used in model training, each containing either a presence (filled
bird symbol) or absence (open bird symbol) record. The colors indicate different land use types,
for example, brown represents fallow land and green forest. White habitat cells indicate
unmonitored cells, i.e., cells without information on species’ presence or absence, and are thus
not included in model training of the respective single-scale SDM.

Study area and occurrence data

To train our models we used two occurrence datasets, one for each spatial extent (Europe and
Germany). At the European extent we used the EBBA?2 dataset (European Breeding Bird Atlas;
EBCC, 2022; Keller et al., 2020). The dataset includes presence-absence occurrences of the
years 2013 — 2017 and provides information at a 50x50 km resolution. For Germany, we used
raw observations in the form of presence-absence point count data from 2022 which were
collected as part of the Common Breeding Bird Survey (Sudfeldt et al. 2012, Kamp et al. 2021)
conducted by the DDA (Dachverband Deutscher Avifaunisten). The survey is carried out yearly

following a standardized protocol by sampling plots allocated via a stratified random sampling
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approach. The 1x1 km plots are sampled during morning hours by walking a 3 km long route
up to four times a year between the 10" of March and the 20" of June, and all bird encounters
along the transect are registered. For our fine-scale habitat models we matched the occurrence
data to a 200%200 m resolution as this resolution approximately represented the home range
size of our two study species (Soderstrom and Péart 2000). We further aggregated the

occurrences to a 1x1 km resolution to capture the effect of landscape context.

To ensure the occurrence data represented high quality habitat we only included observations
falling into the breeding period from April — June (to avoid nomadic or migratory movements
outside the core breeding period) and displayed breeding behaviors indicating possible,
probable, and confirmed breeding events. To void problems of spatial autocorrelation we
spatially thinned our occurrences by a thinning distance twice as large as the spatial resolution
of each respective scale, i.e., 100 km for the European occurrences, 2 km for the landscape
context occurrences, and 400 m for the fine-scale habitat occurrences (Aiello-Lammens et al.

2015).

Environmental data

At the European extent, we trained coarse-scale SDMs on climate variables whereas at the
German extent we considered fine-scale land cover/use and topographic predictor variables
(Supplementary table 1). At each spatial extent, we matched the environmental variables to the
temporal extent of the respective occurrence data. The ERAS dataset (Hersbach et al. 2023a,
2023b) provided the basis for our climate predictors. More specifically, we downloaded three-
hourly temperature data as well as monthly average total precipitation values for the years 2012

—2017, i.e., the EBBA2 time span in addition to the preceding year to account for lag effects
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of weather on a species distribution (Sofaer et al. 2018). We further downloaded and prepared
climate data for the period 2017 — 2022 to match the target period of the German occurrences.
Next, we calculated the arithmetic mean minimum, maximum, and average temperature values
for every month of every year. To prepare the precipitation data, we calculated the monthly
total precipitation sum by multiplying the average total precipitation by the number of days
within each respective month. To prepare the temperature data, we averaged every month
across the respective years of a time period to derive minimum, maximum, and mean
temperature as well as monthly total precipitation sum and calculated 19 bioclimatic variables
for both time periods (Booth et al. 2014). To match the occurrence data, the climate data were
projected to Lambert azimuthal equal-area (LAEA) projection (EPSG:3035) and aggregated to

50%50 km resolution.

At the German extent we used land cover/use and topographic predictors of the year 2022
(Supplementary table 1). Crop type information based on Sentinel-1, Sentinel-2, and Landsat
8 data at 10 m resolution were provided by a dataset from the Thuenen Institute (Blickensdorfer
et al. 2022, Schwieder et al. 2024). Complementary land cover/use layers not included in the
previous dataset were provided by the annual Land Use Land Cover (LULC) dataset at 10 m
resolution which is based on Sentinel-2 data (Impact Observatory et al. 2025). Elevation data
were based on the Copernicus digital elevation model (European Space Agency (ESA) 2020)
which we further used to calculate slope and potential solar radiation. We aggregated each
environmental layer to a resolution of 200200 m for fine-scale habitat SDMs and to 1x1 km
for landscape context SDMs using the arithmetic mean. This resulted in proportional values for
land cover/use variables. Next, all layers were projected to the LAEA coordinate system

(EPSG:3035). Land cover/use classes with practically no spatial coverage across Germany, i.e.,
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less than 1% of contained any coverage of that class, were excluded as the lack of variation or

the high number of zero values led to model convergence issues.

To account for potential collinearity between predictors, we applied the select07 method
(Dormann et al. 2013) at each spatial scale. Of pairs of variables with an absolute Spearman
rank correlation coefficient greater than 0.7, we retained only the predictor with higher
univariate variable importance. Variable importance was defined as the explained deviance of
each univariate model and calculated via a five-fold spatial block cross-validation (Zurell et al.
2020). We used hexagon shaped spatial blocks (Valavi et al. 2019) and optimized block size
based on the autocorrelation range of the occurrence data. We set a minimum of 15 blocks and

five folds resulting in at least three blocks per fold.

Model training and validation

We trained and validated three separate single-scale SDMs, each at a different scale. At the
European extent and a 50x50 km resolution, we trained SDMs on European occurrence data
and climate predictors. At the German extent we trained two separate sets of SDMs on the
German occurrences and land cover/use and topographic data. The first was fitted at a 1x1 km
resolution to capture landscape context effects and the second at a 200200 m resolution to
derive fine-scale habitat suitability. At each spatial scale, we implemented four algorithms: two
regression-based methods, generalized linear models (GLMs) and generalized additive models
(GAMs), and the two non-parametric machine learning techniques, random forest (RF) and
boosted regression trees (BRTs). Specifics of the model workflow and parameter settings are
described in the ODMAP protocol (Zurell et al. 2020) in supplementary material table 2. To

minimize uncertainty and increase result robustness we formed ensembles at each spatial scale
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(Aragjo and New 2007) by averaging the predictions of the four modeling algorithms via the
arithmetic mean. To validate each set of models, we applied a 5-fold spatial block cross-
validation using the same scale-specific spatial blocks as for the collinearity testing. As
performance metrics we considered the threshold-independent metric AUC (area under the
receiver operating curve) and the threshold dependent metrics TSS (true sill statistic),
sensitivity, and specificity (Fletcher & Fortin, 2018). The target spatial resolution of the multi-
scale SDM was 200%200 m and we thus harmonized all spatial outputs by resampling the
climate and landscape context suitability predictions to this resolution using bilinear

interpolation.

Finally, we created multi-scale SDMs at a resolution of 200200 m using stacked
generalization (Wolpert 1992, Oeser et al. 2024). The fine-scale habitat suitability predictions
and the downscaled predictions of the remaining two single-scale SDM ensembles served as
predictor variables within the multi-scale SDM. Several different algorithms can be used for
the meta-model (i.e., in our case the multi-scale SDM) with logistic regression models being
commonly used (Oeser et al. 2024). We fitted a ridge regression model (logistic regression with
L2 penalty) to account for potential correlations between input variables (i.e., single-scale
ensemble predictions at 200 m) by shrinking regression coefficients accordingly but generally
not excluding any model entirely. The amount of shrinkage is determined via the parameter
lambda (). For each species we selected the lambda value which minimized the error within a
5-fold block cross-validation (using the previous blocks at 200x200 m resolution). As the
lowest relevancy of a scale was no relevancy, we did not allow negative coefficients in the
model. We determined the multi-scale SDM performance using the downscaled climate and
landscape context suitability in combination with the cross-validated fine-scale habitat

predictions in a 5-fold block-cross validation at 200200 m resolution. The evaluation metrics
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were the same as for the single-scale SDMs and additionally we calculated explained deviance.
Lastly, we assessed variable importance of each spatial scale by determining the reduction in

explained deviance when excluding a spatial scale from the multi-scale SDM.

Results

Model performance

All single-scale ensembles performed well (Table 1) with the AUC performance across all
scales ranging from 0.83 — 0.89 for the starling and 0.90 — 0.94 for the northern lapwing. TSS
values ranged from 0.53 — 0.62 for the starling and 0.61 — 0.73 for the northern lapwing.
Although single-scale SDMs performed well, the multi-scale SDM improved predictive
performance further (Table 1). Considering the AUC, the multi-scale SDMs had excellent
performance across both species with an average of 0.96. TSS, sensitivity, and specificity
indicated excellent performance, too, with averages of 0.78, 0.89, and 0.89, respectively.

Explained deviance values were on average at 0.62.
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Table 1. Performance metrics for the three single-scale SDMs (i.e., European climate SDM
50%50 km, German landscape context SDM 1 x1 km, and German fine-scale habitat SDM
200%200 m) and the multi-scale SDM.

Species Performance Climate  Landscape Fine-scale = Multi-scale

p measure SDM  context SDM _ habitat SDM  SDM

AUC 0.89 0.83 0.86 0.95

TSS 0.62 0.53 0.57 0.73

Commonstarling g i 0.76 0.86 0.85 0.80
(Sturnus vulgaris)

Specificity 0.86 0.67 0.72 0.93

Expl. dev. 0.69 0.50 0.53 0.58

AUC 0.90 0.93 0.94 0.97

Northern lapwing TSS 0.61 0.71 0.73 0.82

(Vanellus Sensitivity 0.80 0.90 0.91 0.97

vanellus) Specificity ~ 0.81 0.82 0.82 0.85

Expl. dev. 0.62 0.61 0.65 0.66

Scale importance

Quantification of scale importance indicated the same order of scale importance for both
species (Fig. 2). Climate at broad scales played the smallest role when determining presences
and absences at fine scales. On average, climate had a scale importance of 1.1% across both
species. The second most important scale with an average importance of 33.4% was landscape
context. Especially for the starling, landscape context contributed substantially with 38.4%.
Fine-scale habitat suitability was the most important predictor for species distribution across
both species with an average importance of 65.5%. It was especially informative when

predicting presences and absences for the northern lapwing (71.7%).



299

300

301

302

303

304

305

306

307

308

309

310

311

Common starling Northern lapwing

N (e2}
o o
1 1

variable importance (%)
N
o

0- 22% 0%

climate  landscape context fine-scale climate landscape context fine-scale
suitability suitability habitat suitability suitability suitability habitat suitability

predictor variables

Figure 2. Multi-scale SDM variable importance of the three scales used for model training:
climate suitability predicted at 50 x50 km resolution, landscape context suitability predicted at
1 x1 km resolution, and fine-scale habitat suitability predicted at 200x200 m resolution.
Variable importance was calculated as the decrease in explained deviance when excluding a
scale’s suitability prediction from the meta-model, normalized by the sum of all decreases.

Species distribution maps

Predicted habitat suitability differed strongly between the starling and northern lapwing. For
the starling, the multi-scale SDM predicted high habitat suitability across Germany (Fig. 3),
whereas for the northern lapwing, predicted habitat suitability was low with suitable areas
largely restricted to northern Germany (Fig. 4). Both species displayed high climate suitability
at German extant (Supplementary fig. 1). Landscape context suitability, fine-scale habitat
suitability, and multi-scale SDM predictions showed highly similar spatial patterns within each
species (Figs 3 - 4). Thus, the multi-scale SDM introduced no novel patterns but rather
combined and reinforced patterns found at single scales. For the starling, the landscape context
ensemble generally predicted lower habitat suitabilities than the fine-scale habitat ensemble.
As a result, the multi-scale SDM identified areas of low suitability where fine-scale habitat

conditions alone suggested moderate suitability, highlighting the constraining role of landscape
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context, which was also reflected in the considerably increased specificity in the multi-scale
SDM (Table 1). For the northern lapwing, the landscape context ensemble also predicted lower
suitability values than the fine-scale habitat ensemble. However, in this case, the multi-scale
SDM predicted higher suitability values and a greater extent of highly suitable areas where
both single-scale ensembles indicated suitable conditions, suggesting the integration of scales
reinforces suitability when environmental conditions are favorable across scales, which

explains the higher sensitivity of the multi-scale SDM (Table 1).



landscape context meta model fine-scale habitat
suitability suitability

meta-model
suitability

1
"
S

Common starling

319

Figure 3. Multi-scale habitat suitability predictions for the common starling (Sturnus vulgaris)
in Germany. The central panel shows the meta-model habitat suitability at 200x200 m
resolution across Germany, with the rectangle indicating the focal region used for scale
comparisons. The upper panel displays suitability predictions for the focal region at the two
most important scales: landscape context suitability at 1 x1 km resolution (top left) and fine-
scale habitat suitability at 200x200 m resolution (top right). The top center displays the
resulting meta-model habitat suitability at 200 x200 m resolution. Suitability values range from
0 (low suitability) to 1 (high suitability).
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Figure 4. Multi-scale habitat suitability predictions for the northern lapwing (Vanellus vanellus)
in Germany. The central panel shows the meta-model habitat suitability at 200200 m
resolution across Germany, with the rectangle indicating the focal region used for scale
comparison. The upper panel displays suitability predictions for the focal region at the two
most important scales: landscape context suitability at 1 x1 km resolution (top left) and fine-
scale habitat suitability at 200x200 m resolution (top right). The top center displays the

resulting meta-model habitat suitability at 200 X200 m resolution. Suitability values range from

0 (low suitability) to 1 (high suitability).
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Discussion

Accurately mapping and modeling a species distribution is a prerequisite for understanding
range determinants and for guiding conservation planning (Guisan et al. 2013, Ferrier et al.
2016, Araujo et al. 2019). In this study, we presented a novel multi-scale SDM approach using
a meta-model based on stacked generalization to combine environmental predictors from
different extents and resolutions. Thereby, we added an approach to the growing toolbox of
nested SDM, which are commonly used to address niche truncation, increase model
transferability, and to account for drivers of a species distribution acting at different spatial
scales (McGill 2010, Guisan et al. 2025). We demonstrated the flexibility of the presented meta-
model approach by integrating three different spatial scales for birds as highly mobile species.
For both modeled species combining single-scale predictions in the multi-scale SDM improved
model accuracy and resulted in increased performance measures. We further demonstrated the
key ability of our multi-scale SDM approach to quantify the relative importance of different
spatial scales, thereby enabling the identification of the scales at which environmental drivers
shape a species distribution. Thus, including data at several spatial scales and quantifying the
importance of single scales is a crucial step towards more interpretable models as well as

ecologically realistic and accurate species distribution predictions.

A main advantage of our approach lies in the ease at which different scales can be incorporated
in the workflow showcased by including three spatial scales in our multi-scale SDMs.
Resolutions can be selected freely based on species and study objectives. Further, spatial
resolutions do not have to be expressed in the form of a square. For example, landscape context
can also be quantified as a circular shape around a focal cell or presence-absence point with
freely adjustable radii. Another key strength of the multi-scale SDM approach lies in its ability

to quantify scale importance making it possible to identify relevant scales for individual
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species, their distributions, and corresponding environmental data. As seen with our broad scale
climate predictors, a driver might not be relevant at fine resolutions but confine the general
boundaries of a species distribution and thus still be relevant at another scale. Understanding
ecological drivers and the spatial scales across which drivers operate can directly inform both
study design and the scale at which conservation or policy measures are likely most effective.
Additionally, knowledge about relevant scales can provide indirect insights into the ecological

processes and species behaviors shaping species distributions (McGill 2010).

All models performed well at their respective scales indicating predictor relevancy for
capturing distribution patterns. Nonetheless, the multi-scale SDM outperformed SDMs fitted
at single scales and thus adds a study to recent literature in which combining different spatial
scales in SDMs increases model performance (e.g., Bellamy et al., 2020; Goicolea et al., 2024;
Mateo et al., 2019). The improved performance reflects the hierarchical nature of ecological
systems and the scale dependency of drivers of species distributions. According to hierarchical
habitat selection theory, individuals select habitat across nested spatial scales, from broad-scale
range selection to fine-scale resource use (Johnson 1980). This is particularly relevant for
mobile species, which may use different spatial scales to access distinct resources such as
breeding and foraging sites (Whitaker and Warkentin 2010). For example, black-backed
woodpeckers first select habitats with dense tree cover at broader scales and subsequently select
individual trees as food sources at finer scales (Dudley et al. 2012). Our results corroborate
these hierarchical concepts and further corroborate studies which also found birds to depend
on landscape context additional to local habitat factors (Graf et al. 2005, von dem Bussche et
al. 2008, Revermann et al. 2012). Based on our results combining spatial scales adds
complementary information by capturing ecological processes or behaviors not detected at the

single scales. For example, locally suitable conditions may become unsuitable when embedded
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in an unfavorable surrounding landscape. Further, landscape composition can influence habitat
selection, as shown for farmland birds where habitat preferences shifted away from grassland
with increasing grassland availability (Ogawa et al. 2024). More generally, such scale-
dependent patterns arise because species respond to different ecological constraints across
spatial scales. For instance, during the breeding season, food limitation can lead starlings to
extend their foraging distances well beyond their immediate habitat (Heldbjerg et al. 2017),
linking local habitat use to broader landscape context. Similarly, bald eagles have been shown
to select areas differently depending on spatial scale, preferring areas of low to moderate human
activity at broader scales while showing the opposite pattern at finer scales (Thompson and

McGarigal 2002).

Fine-scale habitat suitability at 200200 m resolution was clearly the most important predictor
in the multi-scale SDM for both species. The fine scale most closely matched the species home
range size (Soderstrom and Pért 2000) likely contributing to its high importance. This is
consistent with findings from other studies, such as work on capercaillie, where the scale
corresponding to home range size was also found to be most relevant (Graf et al. 2005). The
low importance of climate and the resulting dissimilarity between climate and multi-scale SDM
predictions can be attributed to relatively homogeneous climate suitability across Germany as
both species’ ranges fall largely within their climatic niche at this spatial extent. Variation in
climate suitability considered at coarse resolution was therefore insufficient to explain fine-
scale distributions. However, even though the broad scale showed relatively little importance
for predicting fine-scale occurrences the result is still consistent with the concept of climate
exerting a boundary to species distributions at broad scales and is also relevant for ensuring
model transferability under global change (Yates et al. 2018). Further, we can assume the

perception of scale is species specific and relative differences in scale importance are likely
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driven by species-specific behavior, habitat use, and associated environmental requirements.
Compared to the northern lapwing, the starling is more of a generalist which is reflected in
widespread areas of high habitat suitability and its ability to exploit a range of environmental
conditions. This likely increases the relevance of landscape context as suitable conditions
emerge from spatial combination of resources across the landscape. In contrast, the northern
lapwing has more specific habitat requirements resulting in fewer high suitability areas and
greater importance of fine-scale habitat. This is consistent with its strong dependence on
specific breeding conditions such as vegetation type and height as well as soil moisture

(Cevenini et al. 2025).

Conclusion

Nested SDMs recently gained traction leading to the development of several new methods for
incorporating environmental predictors at separate spatial scales (Guisan et al. 2025). Our
multi-scale SDM approach adds to the growing toolbox of nested SDMs and, while retaining
mechanisms to reduce niche truncation, places stronger emphasis on the multi-scale nature of
species distributions. We provide a flexible framework for integrating environmental predictors
across spatial scales while enabling straightforward quantification of relative scale importance
regarding a species distribution. By building on commonly used SDM ensembles (Araujo &
New, 2007), our approach can easily be integrated with existing workflows and is
computationally efficient. Several extensions are easily possible. For example, while we chose
a meta-learner regression approach, the meta-model can also be implemented with different
algorithms (Naimi & Balzer, 2018). Further, we explicitly chose a two-step ensemble approach
first ensembling the single scale models and then ensembling the scales, because it clearly

allows separating and quantifying scale importance. The ensembling of algorithms and scales
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could also happen simultaneously within the meta-model, while our two-step approach
maximizes interpretability while retaining flexibility. Overall, our framework offers a simple
and flexible way to model species distributions across spatial scales, thereby improving
ecological understanding as well as the accuracy and transferability of species distribution

predictions.

Acknowledgements

We want to thank Jakob Katzenberger for his helpful comments on earlier versions of this
workflow and the many volunteers who make the common breeding bird survey possible. We
further want to thank Sascha Gey and Nika Kadunc for support during data processing and the
entire BirdWatch consortium for their input. This project has received funding from the
European Union’s Horizon Europe research and innovation program under Grant Agreement

No. 101082634.

Author contribution

Levin Wiedenroth conceptualized the study, curated and analyzed the data, produced plots, and
wrote the original draft. Nastasja Scholz curated the data and acquired funding. Bartolomeo
Ventura curated data. Damaris Zurell conceptualized the study, acquired funding, lead project
administration, and supervised the work. All co-authors reviewed and edited the final

manuscript.



442

443

444

445

446

447

448

449

450

451

452

453

Use of Al

During the preparation of this work the authors used ChatGPT GPT-5.5 and Claude Sonnet 4.6
for language editing and sentence refinement. After using these tools/services, the authors

reviewed and edited the content as needed and take full responsibility for the content of the

paper.

Data availability

The code required to reproduce this work and links to used datasets is available on Zenodo

(https://doi.org/10.5281/zenodo.20828528).

Conflict of interest statement

The authors declare that they have no conflict of interest to disclose.


https://doi.org/10.5281/zenodo.20828528

454

455
456
457
458

459
460
461

462
463
464
465

466
467

468
469
470

471
472
473
474

475
476
477
478

479
480
481

482
483
484
485

486
487
488

489
490
491
492

References

Adde A, Rey P-L, Brun P, Kiilling N, Fopp F, Altermatt F, Broennimann O, Lehmann A,
Petitpierre B, Zimmermann NE, Pellissier L, Guisan A (2023) N-SDM: a high-
performance computing pipeline for Nested Species Distribution Modelling.
Ecography 2023: €06540. https://doi.org/10.1111/ecog.06540

Aiello-Lammens ME, Boria RA, Radosavljevic A, Vilela B, Anderson RP (2015) spThin: an
R package for spatial thinning of species occurrence records for use in ecological
niche models. Ecography 38: 541-545. https://doi.org/10.1111/ecog.01132

Amirkhiz RG, Dixon MD, Palmer JS, Swanson DL (2021) Investigating niches and
distribution of a rare species in a hierarchical framework: Virginia’s Warbler
(Leiothlypis virginiae) at its northeastern range limit. Landscape Ecology 36: 1039—
1054. https://doi.org/10.1007/s10980-021-01217-7

Aratjo MB, New M (2007) Ensemble forecasting of species distributions. Trends in Ecology
& Evolution 22: 42-47. https://doi.org/10.1016/j.tree.2006.09.010

Aratjo MB, Pearson RG, Thuiller W, Erhard M (2005) Validation of species—climate impact
models under climate change. Global Change Biology 11: 1504—1513.
https://doi.org/10.1111/1.1365-2486.2005.01000.x

Aratjo MB, Anderson RP, Marcia Barbosa A, Beale CM, Dormann CF, Early R, Garcia RA,
Guisan A, Maiorano L, Naimi B, O’Hara RB, Zimmermann NE, Rahbek C (2019)

Standards for distribution models in biodiversity assessments. Science Advances 5:
eaat4858. https://doi.org/10.1126/sciadv.aat4858

Barbosa AM, Real R, Vargas JM (2010) Use of coarse-resolution models of species’
distributions to guide local conservation inferences. Conservation Biology: The
Journal of the Society for Conservation Biology 24: 1378—1387.
https://doi.org/10.1111/1.1523-1739.2010.01517.x

Bellamy C, Boughey K, Hawkins C, Reveley S, Spake R, Williams C, Altringham J (2020) A
sequential multi-level framework to improve habitat suitability modelling. Landscape
Ecology 35: 1001-1020. https://doi.org/10.1007/s10980-020-00987-w

Blickensdorfer L, Schwieder M, Pflugmacher D, Nendel C, Erasmi S, Hostert P (2022)
Mapping of crop types and crop sequences with combined time series of Sentinel-1,
Sentinel-2 and Landsat 8 data for Germany. Remote Sensing of Environment 269:
112831. https://doi.org/10.1016/j.rse.2021.112831

Booth TH, Nix HA, Busby JR, Hutchinson MF (2014) bioclim: the first species distribution
modelling package, its early applications and relevance to most current MaxEnt
studies. Diversity and Distributions 20: 1-9. https://doi.org/10.1111/ddi.12144

von dem Bussche J, Spaar R, Schmid H, Schroder B (2008) Modelling the recent and
potential future spatial distribution of the Ring Ouzel (Turdus torquatus) and
Blackbird (T. merula) in Switzerland. Journal of Ornithology 149: 529-544.
https://doi.org/10.1007/s10336-008-0295-9



493
494
495
496

497
498
499

500
501
502
503

504
505
506
507
508

509
510
511

512
513

514
515

516
517
518
519
520
521

522
523
524

525
526
527
528

529
530
531
532

Cevenini D, Cecere JG, De Pascalis F, Tinarelli R, Kubelka V, Serra L, Pilastro A, Assandri G
(2025) Habitat selection of the threatened northern lapwing (Vanellus vanellus)

breeding in an intensive agroecosystem. European Journal of Wildlife Research 71:
30. https://doi.org/10.1007/s10344-025-01903-w

Chevalier M, Broennimann O, Cornuault J, Guisan A (2021) Data integration methods to
account for spatial niche truncation effects in regional projections of species
distribution. Ecological Applications 31: €02427. https://doi.org/10.1002/eap.2427

Descombes P, Walthert L, Baltensweiler A, Meuli RG, Karger DN, Ginzler C, Zurell D,
Zimmermann NE (2020) Spatial modelling of ecological indicator values improves
predictions of plant distributions in complex landscapes. Ecography 43: 1448—1463.
https://doi.org/10.1111/ecog.05117

Dormann CF, Elith J, Bacher S, Buchmann C, Carl G, Carré G, Marquéz JRG, Gruber B,
Lafourcade B, Leitdao PJ, Miinkemiiller T, McClean C, Osborne PE, Reineking B,
Schréder B, Skidmore AK, Zurell D, Lautenbach S (2013) Collinearity: a review of
methods to deal with it and a simulation study evaluating their performance.
Ecography 36: 27-46. https://doi.org/10.1111/j.1600-0587.2012.07348.x

Dudley JG, Saab VA, Hollenbeck JP (2012) Foraging-Habitat Selection of Black-Backed
Woodpeckers in Forest Burns of Southwestern Idaho. The Condor: Ornithological
Applications 114: 348-357. https://doi.org/10.1525/cond.2012.110020

European Bird Census Council (2022) European Breeding Bird Atlas 2 Website. European
Breeding Bird Atlas. Available from: https://www.ebba2.info/ (November 28, 2023).

European Space Agency (ESA) (2020) Copernicus digital elevation model (DEM).
https://doi.org/10.5270/ESA-c5d3d65

Ferrier S, Ninan K, Leadley P, Alkemade R, Acosta LA, Ak¢akaya HR, Brotons L, Cheung
WWL, Christensen V, Harhash K, Kabubo-Mariara J, Lundquist C, Obersteiner M,
Pereira H, Peterson G, Pichs-Madruga R, Ravindranath N, Rondinini C, Wintle BA
(2016) IPBES: The methodological assessment report on scenarios and models of
biodiversity and ecosystem services. Secretariat of the Intergovernmental Science-
Policy Platform on Biodiversity and Ecosystem Services (IPBES)

Fletcher, RJ, Fortin M-J (2018) Spatial Ecology and Conservation Modeling: Applications
with R. Springer Nature Switzerland, Cham. https://doi.org/10.1007/978-3-032-
02424-4

Fletcher RJ, McCleery RA, Greene DU, Tye CA (2016) Integrated models that unite local and
regional data reveal larger-scale environmental relationships and improve predictions
of species distributions. Landscape Ecology 31: 1369—-1382.
https://doi.org/10.1007/s10980-015-0327-9

Goicolea T, Adde A, Broennimann O, Garcia-Vinas JI, Gaston A, José Aroca-Fernandez M,
Guisan A, G. Mateo R (2024) Spatially-nested hierarchical species distribution
models to overcome niche truncation in national-scale studies. Ecography 2024:
e07328. https://doi.org/10.1111/ecog.07328



533
534
535

536
537

538
539
540

541
542

543
544
545
546
547

548
549
550
551
552
553

554
555
556

557
558
559

560
561
562
563

564
565
566
567

568
569

570
571

Graf RF, Bollmann K, Suter W, Bugmann H (2005) The Importance of Spatial Scale in
Habitat Models: Capercaillie in the Swiss Alps. Landscape Ecology 20: 703-717.
https://doi.org/10.1007/s10980-005-0063-7

Guisan A, Zimmermann NE (2000) Predictive habitat distribution models in ecology.
Ecological Modelling 135: 147—186. https://doi.org/10.1016/S0304-3800(00)00354-9

Guisan A, Thuiller W (2005) Predicting species distribution: offering more than simple
habitat models. Ecology Letters 8: 993—1009. https://doi.org/10.1111/.1461-
0248.2005.00792.x

Guisan A, Thuiller W, Zimmermann NE (2017) Habitat Suitability and Distribution Models:
with Applications in R. Cambridge University Press, 513 pp.

Guisan A, Chevalier M, Adde A, Zarzo-Arias A, Goicolea T, Broennimann O, Petitpierre B,
Scherrer D, Rey P-L, Collart F, Riva F, Steen B, Mateo RG (2025) Spatially nested
species distribution models (N-SDM): An effective tool to overcome niche truncation
for more robust inference and projections. Journal of Ecology n/a.
https://doi.org/10.1111/1365-2745.70063

Guisan A, Tingley R, Baumgartner JB, Naujokaitis-Lewis I, Sutcliffe PR, Tulloch AIT, Regan
TJ, Brotons L, McDonald-Madden E, Mantyka-Pringle C, Martin TG, Rhodes JR,
Maggini R, Setterfield SA, Elith J, Schwartz MW, Wintle BA, Broennimann O,
Austin M, Ferrier S, Kearney MR, Possingham HP, Buckley YM (2013) Predicting
species distributions for conservation decisions. Ecology Letters 16: 1424—1435.
https://doi.org/10.1111/ele.12189

Hannemann H, Willis KJ, Macias-Fauria M (2016) The devil is in the detail: unstable
response functions in species distribution models challenge bulk ensemble modelling.
Global Ecology and Biogeography 25: 26-35. https://doi.org/10.1111/geb.12381

Heldbjerg H, Fox AD, Thellesen PV, Dalby L, Sunde P (2017) Common Starlings (Sturnus
vulgaris) increasingly select for grazed areas with increasing distance-to-nest. PLOS
ONE 12: e0182504. https://doi.org/10.1371/journal.pone.0182504

Hersbach H, Bell B, Berrisford P, Biavati G, Horanyi A, Mufioz Sabater J, Nicolas J, Peubey
C, Radu R, Rozum I, Schepers D, Simmons A, Soci C, Dee D, Thépaut J-N (2023a)
ERAS hourly data on single levels from 1940 to present.
https://doi.org/10.24381/cds.adbb2d47

Hersbach H, Bell B, Berrisford P, Biavati G, Horanyi A, Mufioz Sabater J, Nicolas J, Peubey
C, Radu R, Rozum I, Schepers D, Simmons A, Soci C, Dee D, Thépaut J-N (2023b)
ERAS monthly averaged data on single levels from 1940 to present.
https://doi.org/10.24381/cds.f17050d7

Impact Observatory, Esri, Microsoft (2025) Maps for good. Available from:
https://www.impactobservatory.com/maps-for-good/.

Johnson DH (1980) The Comparison of Usage and Availability Measurements for Evaluating
Resource Preference. Ecology 61: 65—71. https://doi.org/10.2307/1937156



572
573
574
575

576
577
578
579

580
581
582

583
584
585
586

587
588
589
590

591
592
593
594

595
596
597

598
599

600
601
602

603
604
605

606
607
608
609
610

Kamp J, Frank C, Trautmann S, Busch M, Dréschmeister R, Flade M, Gerlach B, Karthauser
J, Kunz F, Mitschke A, Schwarz J, Sudfeldt C (2021) Population trends of common
breeding birds in Germany 1990-2018. Journal of Ornithology 162: 1-15.
https://doi.org/10.1007/s10336-020-01830-4

Karger DN, Saladin B, Wiiest RO, Graham CH, Zurell D, Mo L, Zimmermann NE (2023)
Interannual climate variability improves niche estimates for ectothermic but not
endothermic species. Scientific Reports 13: 12538. https://doi.org/10.1038/s41598-
023-39637-x

Keil P, Belmaker J, Wilson AM, Unitt P, Jetz W (2013) Downscaling of species distribution
models: a hierarchical approach. Methods in Ecology and Evolution 4: 8§2-94.
https://doi.org/10.1111/j.2041-210x.2012.00264 .x

Keller V, Herrando S, Vofisek P, Franch M, Kipson M, Milanesi P, Marti D, Anton M,
Klvanové A, Kalyakin MV, Bauer H-G, Foppen RPB (2020) European Breeding Bird
Atlas 2: Distribution, Abundance and Change. European Bird Census Council & Lynx
Edicions, Barcelona.

Mateo RG, Morales-Barbero J, Zarzo-Arias A, Lima H, Gémez-Rubio V, Goicolea T (2024)
sabinaNSDM: An R package for spatially nested hierarchical species distribution
modelling. Methods in Ecology and Evolution 15: 1796—-1803.
https://doi.org/10.1111/2041-210X.14417

Mateo RG, Gaston A, Aroca-Fernandez MJ, Broennimann O, Guisan A, Saura S, Garcia-
Viiias JI (2019) Hierarchical species distribution models in support of vegetation
conservation at the landscape scale. Journal of Vegetation Science 30: 386—396.
https://doi.org/10.1111/jvs.12726

McGarigal K, Wan HY, Zeller KA, Timm BC, Cushman SA (2016) Multi-scale habitat
selection modeling: a review and outlook. Landscape Ecology 31: 1161-1175.
https://doi.org/10.1007/s10980-016-0374-x

McGill BJ (2010) Matters of Scale. Science 328: 575-576.
https://doi.org/10.1126/science.1188528

Miller DAW, Pacifici K, Sanderlin JS, Reich BJ (2019) The recent past and promising future
for data integration methods to estimate species’ distributions. Methods in Ecology
and Evolution 10: 22-37. https://doi.org/10.1111/2041-210X.13110

Naimi Al, Balzer LB (2018) Stacked generalization: an introduction to super learning.
European Journal of Epidemiology 33: 459-464. https://doi.org/10.1007/s10654-018-
0390-z

Oeser J, Zurell D, Mayer F, Coraman E, Toshkova N, Deleva S, Natradze I, Benda P,
Ghazaryan A, Irmak S, Hasanov N, Guliyeva G, Gritsina M, Kuemmerle T (2024)
The Best of Two Worlds: Using Stacked Generalisation for Integrating Expert Range
Maps in Species Distribution Models. Global Ecology and Biogeography 33: e13911.
https://doi.org/10.1111/geb.13911



611
612
613

614
615
616

617
618
619

620
621
622
623

624
625
626
627

628
629
630
631

632
633
634

635
636
637

638
639
640

641
642
643
644
645

646
647
648

649
650

Ogawa R, Engler JO, Cord AF (2024) Functional responses in habitat selection as a
management tool to evaluate agri-environment schemes for farmland birds.
Ecological Modelling 494: 110778. https://doi.org/10.1016/j.ecolmodel.2024.110778

Pearson RG, Dawson TP, Liu C (2004) Modelling species distributions in Britain: a
hierarchical integration of climate and land-cover data. Ecography 27: 285-298.
https://doi.org/10.1111/1.0906-7590.2004.03740.x

R Core Team (2025) R: A Language and Environment for Statistical Computing. R
Foundation for Statistical Computing, Vienna, Austria. Available from:
https://www.R-project.org/.

Revermann R, Schmid H, Zbinden N, Spaar R, Schroder B (2012) Habitat at the mountain
tops: how long can Rock Ptarmigan (Lagopus muta helvetica) survive rapid climate
change in the Swiss Alps? A multi-scale approach. Journal of Ornithology 153: 891—
905. https://doi.org/10.1007/s10336-012-0819-1

Scherrer D, Esperon-Rodriguez M, Beaumont LJ, Barradas VL, Guisan A (2021) National
assessments of species vulnerability to climate change strongly depend on selected
data sources. Diversity and Distributions 27: 1367—1382.
https://doi.org/10.1111/ddi.13275

Schwieder M, Tetteh GO, Blickensdorfer L, Gocht A, Erasmi S (2024) Agricultural land use
(raster) : National-scale crop type maps for Germany from combined time series of
Sentinel-1, Sentinel-2 and Landsat data (2022).
https://doi.org/10.5281/zenodo.10645427

Sesmero MP, Ledezma Al, Sanchis A (2015) Generating ensembles of heterogeneous
classifiers using Stacked Generalization. WIREs Data Mining and Knowledge
Discovery 5: 21-34. https://doi.org/10.1002/widm.1143

Soderstrom B, Pért T (2000) Influence of Landscape Scale on Farmland Birds Breeding in
Semi-Natural Pastures. Conservation Biology 14: 522-533.
https://doi.org/10.1046/5.1523-1739.2000.98564.x

Sofaer HR, Jarnevich CS, Flather CH (2018) Misleading prioritizations from modelling range
shifts under climate change. Global Ecology and Biogeography 27: 658—666.
https://doi.org/10.1111/geb.12726

Sudfeldt C, Droschmeister R, Wahl J, Berlin K, Gottschalk T, Griineberg C, Mitschke A,
Trautmann S (2012) Vogelmonitoring in Deutschland: Programme und Anwendung.
Bundesamt fiir Naturschutz, Bonn - Bad Godesberg, 266 pp. Available from:
https://www.bfn.de/publikationen/schriftenreihe-naturschutz-biologische-
vielfalt/nabiv-heft-119-vogelmonitoring (March 10, 2026).

Thompson CM, McGarigal K (2002) The influence of research scale on bald eagle habitat
selection along the lower Hudson River, New York (USA). Landscape Ecology 17:
569-586. https://doi.org/10.1023/A:1021501231182

Valavi R, Elith J, Lahoz-Monfort JJ, Guillera-Arroita G (2019) blockCV: An r package for
generating spatially or environmentally separated folds for k-fold cross-validation of



651
652

653
654
655

656
657

658
659
660
661
662
663
664
665
666
667

668
669
670

671
672
673
674
675

676

species distribution models. Methods in Ecology and Evolution 10: 225-232.
https://doi.org/10.1111/2041-210X.13107

Whitaker DM, Warkentin IC (2010) Spatial Ecology of Migratory Passerines on Temperate
and Boreal Forest Breeding Grounds. The Auk 127: 471-484.
https://doi.org/10.1525/auk.2010.127.3.471

Wolpert DH (1992) Stacked generalization. Neural Networks 5: 241-259.
https://doi.org/10.1016/S0893-6080(05)80023-1

Yates KL, Bouchet PJ, Caley MJ, Mengersen K, Randin CF, Parnell S, Fielding AH, Bamford
AJ, Ban S, Barbosa AM, Dormann CF, Elith J, Embling CB, Ervin GN, Fisher R,
Gould S, Graf RF, Gregr EJ, Halpin PN, Heikkinen RK, Heinédnen S, Jones AR,
Krishnakumar PK, Lauria V, Lozano-Montes H, Mannocci L, Mellin C, Mesgaran
MB, Moreno-Amat E, Mormede S, Novaczek E, Oppel S, Crespo GO, Peterson AT,
Rapacciuolo G, Roberts JJ, Ross RE, Scales KL, Schoeman D, Snelgrove P, Sundblad
G, Thuiller W, Torres LG, Verbruggen H, Wang L, Wenger S, Whittingham MJ,
Zharikov Y, Zurell D, Sequeira AMM (2018) Outstanding Challenges in the
Transferability of Ecological Models. Trends in Ecology & Evolution 33: 790-802.
https://doi.org/10.1016/j.tree.2018.08.001

Zurell D, Grimm V, Rossmanith E, Zbinden N, Zimmermann NE, Schroder B (2012)
Uncertainty in predictions of range dynamics: black grouse climbing the Swiss Alps.
Ecography 35: 590-603. https://doi.org/10.1111/5.1600-0587.2011.07200.x

Zurell D, Franklin J, Kénig C, Bouchet PJ, Dormann CF, Elith J, Fandos G, Feng X, Guillera-
Arroita G, Guisan A, Lahoz-Monfort JJ, Leitdo PJ, Park DS, Peterson AT,
Rapacciuolo G, Schmatz DR, Schroder B, Serra-Diaz JM, Thuiller W, Yates KL,
Zimmermann NE, Merow C (2020) A standard protocol for reporting species
distribution models. Ecography 43: 1261-1277. https://doi.org/10.1111/ecog.04960



