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Abstract 9 

Nested species distribution models (SDMs) can account for the multi-scale nature of species' 10 

niches yet typically combine only two spatial scales. Here, we present a novel meta-model 11 

approach for nesting more than two scales, which is particularly relevant for mobile species 12 

that select habitat across different spatial scales. We demonstrate the approach by modelling 13 

two farmland bird species in Germany, the common starling (Sturnus vulgaris) and the northern 14 

lapwing (Vanellus vanellus). First, we trained three single-scale SDM ensembles: a European-15 

extent climate ensemble at 50×50 km, a German-extent landscape context ensemble at 1×1 km, 16 

and a German-extent fine-scale habitat ensemble at 200×200 m. Using stacked generalization, 17 

we combined the single-scale predictions into a multi-scale meta-model at 200×200 m 18 

resolution using ridge regression and quantified each scale's relative importance as the 19 

reduction in explained deviance when excluding it from the meta-model. Although all single-20 

scale SDMs performed well, the multi-scale SDM further improved predictive performance. 21 

Across both species, fine-scale habitat was the most relevant scale, followed by landscape 22 

context, with broad-scale climate being the least important. The meta-model did not introduce 23 

novel spatial predictions, but rather combined and reinforced patterns identified at individual 24 

scales. Our approach offers a flexible and reproducible framework for integrating multiple 25 

spatial scales into SDMs and quantifying their relative importance, advancing both the 26 

predictive accuracy and ecological interpretability of SDMs. 27 

 28 

Highlight box 29 

- Nested species distribution models account for scale-dependent effects of different 30 

environmental predictors on species niches and distributions. 31 



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

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

importance. 34 

- We exemplify the approach using two case studies of farmland birds in Germany and 35 

show that their distribution patterns depend mostly on fine-scale habitat availability and 36 

landscape context while broader climate only had a minor effect on Germany 37 

distributions. 38 

- Our flexible and reproducible framework advances the integration of spatial scale 39 

theory into SDM practice, supporting more informed conservation planning and habitat 40 

management across scales. 41 

 42 
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Introduction 46 

Species distribution models (SDMs) are one of the most widely used tools in ecology, 47 

conservation, and biogeography (Guisan et al. 2013, Ferrier et al. 2016, Araújo et al. 2019). By 48 

relating a species’ occurrence to the local environmental conditions where it occurs, SDMs can 49 

estimate a species’ realized niche, predict available habitat across space and time, and infer its 50 

spatial distribution (Guisan and Zimmermann 2000, Guisan et al. 2017). SDMs are applied at 51 

a range of scales from fine (Descombes et al. 2020) to broad (Karger et al. 2023). The scale at 52 

which a model is fitted is critical, as ecological patterns and processes are inherently scale-53 

dependent, with different drivers of a species distribution operating at different spatial scales 54 

(Graf et al. 2005, Guisan and Thuiller 2005, McGill 2010). Climate, for example, is considered 55 

to act at very large spatial scales setting the boundaries of a species distribution whereas land 56 

use acts at finer scales causing local variation in occurrence (von dem Bussche et al. 2008, 57 

Revermann et al. 2012, Mateo et al. 2019). 58 

  59 

While most SDMs are fitted at a single spatial scale determined by the driver of interest, more 60 

and more studies are considering the multi-scale nature of species niches (Guisan et al. 2025). 61 

An approach first introduced in the 2000s by Pearson et al. (2004) are spatially nested SDMs 62 

(hereafter nested SDMs, Adde et al., 2023; Chevalier et al., 2021; Guisan et al., 2025), 63 

sometimes also referred to as hierarchical models (Mateo et al. 2019) or data integration models 64 

(Chevalier et al. 2021). Within this framework, single-scale SDMs are fitted at different extents 65 

and resolutions and subsequently spatially nested within a single nested SDM (Mateo et al. 66 

2024). 67 

 68 



Matching predictor scale to the scale of the ecological process being modeled is a key 69 

requirement for robust SDMs. When scales are mismatched, signal strength is diluted and 70 

predictive performance reduced (McGarigal et al. 2016). For example, aggregating fine-scale 71 

drivers to coarse spatial resolutions may obscure ecologically relevant patterns (Revermann et 72 

al. 2012), while including fine-scale predictors without accounting for broad-scale climatic 73 

constraints can lead to overfitting to local patterns.  Further, by incorporating predictors at both 74 

broad and fine scales, nested SDMs can help reduce niche truncation. Considering drivers at 75 

continental or global scales improves representation of the entire realized niche, ultimately 76 

enhancing model transferability across space and time (Guisan et al. 2017, Zurell et al. 2020). 77 

Niche truncation occurs when spatially restricted occurrence data do not encompass the entire 78 

range of environmental conditions that describe the species niche. Consequently, niche limits 79 

cannot be described comprehensively and the models extrapolate the niche limits into non-80 

analogue environmental conditions (Zurell et al. 2012). A truncated niche can introduce biased 81 

predictions and uncertainty, which can lead to overpredictions (e.g., Hannemann et al., 2016) 82 

as well as underpredictions (e.g., Scherrer et al., 2021) of species distributions and reduce 83 

model transferability (Yates et al. 2018). Nested SDMs address these limitations by 84 

incorporating data at several spatial scales, thereby capturing the full extent of broad-scale 85 

niche limits while still accounting for locally relevant environmental drivers (Amirkhiz et al. 86 

2021, Guisan et al. 2025). 87 

 88 

Over the last two decades, several nested SDM approaches have been developed. These 89 

approaches were summarized by Guisan et al. (2025) who distinguished six different categories 90 

of approaches differing in statistical complexity and computational intensity: (1) Simple 91 

downscaling (Araújo et al. 2005, Barbosa et al. 2010), where a model is fitted on the whole 92 

species range using coarse predictors, while predictions are generated for the region of interest 93 



at a finer spatial resolution. Although this approach covers different scales, it does not explicitly 94 

consider different drivers at those scales. (2) Data fusion or pooling (Graf et al. 2005, Fletcher 95 

et al. 2016), in which coarse- and fine-scale data are merged and a single model is fitted. (3) 96 

Simple combinations (Pearson et al. 2004, Adde et al. 2023), where separate models are trained 97 

at the whole species range and at a subrange. Models are then combined via averaging or 98 

multiplication. (4) Sequential modelling (Adde et al. 2023, Goicolea et al. 2024), where outputs 99 

of a model trained on the whole species range serve as covariate inputs for a model which 100 

targets a subset of a species range. (5) Hierarchical downscaling (Keil et al. 2013), in which 101 

subrange presences/absences are treated as latent variables, which are modelled as a function 102 

of observed coarse-grain presences/absences. Finally, (6) hierarchical modelling (Miller et al. 103 

2019), that uses a joint likelihood approach to jointly train models at different spatial scales 104 

while some parameters (e.g., the climate response) are common at both scales. Despite this 105 

methodological diversity, most nested SDM studies combine predictions from a global or 106 

continental model (covering the whole species range) fitted on climate data and a regional 107 

model (covering a subset of the species range) fitted on topographic, land cover/use, and/or 108 

hydrological data (Adde et al. 2023, Goicolea et al. 2024, Mateo et al. 2024). Including data at 109 

several spatial scales could be especially relevant for mobile species like birds whose broad-110 

scale distribution may be determined by climate but who make multi-scale decisions when 111 

selecting home ranges and breeding sites based on both local habitats and broader landscape 112 

context (Graf et al. 2005, von dem Bussche et al. 2008, Revermann et al. 2012). The 113 

hierarchical downscaling and modeling approaches could readily incorporate multiple spatial 114 

scales but come at considerable computational costs. Current utility of the simpler approaches 115 

is limited by problems of collinearity when the same predictor types are included at multiple 116 

scales (Graf et al. 2005) and because they do not readily allow to quantify the relative 117 

importance of the different scales. Thus, a flexible approach incorporating more than two 118 



spatial scales, accounting for collinearity between predictors, and allowing the quantification 119 

of scale-specific contributions to species distributions has yet to be developed. 120 

 121 

Here, we introduce a novel nested SDM approach (hereafter referred to as multi-scale SDM) 122 

using stacked generalization (Wolpert 1992). This approach is particularly suited to incorporate 123 

more than two scales. We illustrate this using a case study for birds covering three scales: board-124 

scale climate, meso-scale landscape context, and fine-scale habitat (Fig. 1). Conceptually the 125 

approach integrates the “simple combination” and “sequential modeling” strategies and uses a 126 

meta-learner approach to combine multiple scales and assess the relative importance of each 127 

scale. This emphasizes the flexible integration of data at more than two spatial scales, rendering 128 

the resulting SDMs truly multi-scale. Stacked generalization has recently been introduced in 129 

ecology as an ensemble approach for SDM (Oeser et al. 2024) and we here extend this approach 130 

to multi-scale problems. Specifically, separate models are fitted at the different spatial scales 131 

of interest and the predictions of these models then serve as inputs to a meta-learner regression 132 

which combines the different predictions into a final model, often referred to as a meta-model 133 

(Naimi and Balzer 2018). Such meta-models have been widely applied in machine learning 134 

(Sesmero et al. 2015) but are only slowly adopted in ecology and SDM research (Oeser et al. 135 

2024). To showcase our approach, we present a case study on two farmland bird species in 136 

Germany, the common starling (Sturnus vulgaris, hereafter starling) and the northern lapwing 137 

(Vanellus vanellus). Starlings use cavities in trees or buildings as nesting sites and prefer 138 

feeding grounds in close proximity to their nest. Although longer distances are travelled in 139 

times of food scarcity (Heldbjerg et al. 2017). Generally, starlings are considered habitat 140 

generalists, preferring open to semi-open habitats. The northern lapwing, on the other hand, is 141 

a habitat specialist. Northern lapwings prefer open habitat and use wetlands and summer crops 142 

as nesting sites, to which they stay in close proximity during the breeding season (Cevenini et 143 



al. 2025). Applying the multi-scale SDM approach our main objectives are to (1) compare the 144 

predictive performance of single-scale SDM ensembles and the multi-scale SDM, (2) compare 145 

resulting distribution maps, and (3) quantify the relative importance of the spatial scales to 146 

describe species distribution and habitat availability. 147 

 148 

Materials and Methods 149 

For downloading and initial processing of climate data we used Python version 3.12.3. For all 150 

other analysis and primary visualizations we used R version 4.5.1 (R Core Team 2025). All 151 

codes and packages required to reproduce our analysis and base figures are provided open 152 

access (cf. Data availability statement). 153 

 154 

To fit our multi-scale SDM at 200×200 m resolution using stacked generalization (Wolpert 155 

1992, Oeser et al. 2024) we first trained three separate single-scale SDM ensembles (Fig. 1). 156 

The first SDM predicted climate suitability across the European continent at a resolution of 157 

50×50 km. The second and third SDMs both covered Germany, predicting landscape context 158 

suitability at 1×1 km and fine-scale habitat suitability at 200×200 m resolution, respectively. 159 

Both the landscape context and fine-scale habitat ensembles were trained on land cover/use as 160 

well as topographic data. 161 



 162 

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 50×50 km resolution, landscape context 

ensemble at 1×1 km resolution, and fine-scale habitat ensemble at 200×200 m resolution). The 

landscape context data includes the same predictors as the habitat data but aggregated to 1×1 

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 163 

To train our models we used two occurrence datasets, one for each spatial extent (Europe and 164 

Germany). At the European extent we used the EBBA2 dataset (European Breeding Bird Atlas; 165 

EBCC, 2022; Keller et al., 2020). The dataset includes presence-absence occurrences of the 166 

years 2013 – 2017 and provides information at a 50×50 km resolution. For Germany, we used 167 

raw observations in the form of presence-absence point count data from 2022 which were 168 

collected as part of the Common Breeding Bird Survey (Sudfeldt et al. 2012, Kamp et al. 2021) 169 

conducted by the DDA (Dachverband Deutscher Avifaunisten). The survey is carried out yearly 170 

following a standardized protocol by sampling plots allocated via a stratified random sampling 171 

              

                                                                                

       

       

           

        

                 

      

                 

            

       

       

           

        



approach. The 1×1 km plots are sampled during morning hours by walking a 3 km long route 172 

up to four times a year between the 10th of March and the 20th of June, and all bird encounters 173 

along the transect are registered. For our fine-scale habitat models we matched the occurrence 174 

data to a 200×200 m resolution as this resolution approximately represented the home range 175 

size of our two study species (Söderström and Pärt 2000). We further aggregated the 176 

occurrences to a 1×1 km resolution to capture the effect of landscape context. 177 

 178 

To ensure the occurrence data represented high quality habitat we only included observations 179 

falling into the breeding period from April – June (to avoid nomadic or migratory movements 180 

outside the core breeding period) and displayed breeding behaviors indicating possible, 181 

probable, and confirmed breeding events. To void problems of spatial autocorrelation we 182 

spatially thinned our occurrences by a thinning distance twice as large as the spatial resolution 183 

of each respective scale, i.e., 100 km for the European occurrences, 2 km for the landscape 184 

context occurrences, and 400 m for the fine-scale habitat occurrences (Aiello-Lammens et al. 185 

2015). 186 

 187 

Environmental data 188 

At the European extent, we trained coarse-scale SDMs on climate variables whereas at the 189 

German extent we considered fine-scale land cover/use and topographic predictor variables 190 

(Supplementary table 1). At each spatial extent, we matched the environmental variables to the 191 

temporal extent of the respective occurrence data. The ERA5 dataset (Hersbach et al. 2023a, 192 

2023b) provided the basis for our climate predictors. More specifically, we downloaded three-193 

hourly temperature data as well as monthly average total precipitation values for the years 2012 194 

– 2017, i.e., the EBBA2 time span in addition to the preceding year to account for lag effects 195 



of weather on a species distribution (Sofaer et al. 2018). We further downloaded and prepared 196 

climate data for the period 2017 – 2022 to match the target period of the German occurrences. 197 

Next, we calculated the arithmetic mean minimum, maximum, and average temperature values 198 

for every month of every year. To prepare the precipitation data, we calculated the monthly 199 

total precipitation sum by multiplying the average total precipitation by the number of days 200 

within each respective month. To prepare the temperature data, we averaged every month 201 

across the respective years of a time period to derive minimum, maximum, and mean 202 

temperature as well as monthly total precipitation sum and calculated 19 bioclimatic variables 203 

for both time periods (Booth et al. 2014). To match the occurrence data, the climate data were 204 

projected to Lambert azimuthal equal-area (LAEA) projection (EPSG:3035) and aggregated to 205 

50×50 km resolution.  206 

 207 

At the German extent we used land cover/use and topographic predictors of the year 2022 208 

(Supplementary table 1). Crop type information based on Sentinel-1, Sentinel-2, and Landsat 209 

8 data at 10 m resolution were provided by a dataset from the Thuenen Institute (Blickensdörfer 210 

et al. 2022, Schwieder et al. 2024). Complementary land cover/use layers not included in the 211 

previous dataset were provided by the annual Land Use Land Cover (LULC) dataset at 10 m 212 

resolution which is based on Sentinel-2 data (Impact Observatory et al. 2025). Elevation data 213 

were based on the Copernicus digital elevation model (European Space Agency (ESA) 2020) 214 

which we further used to calculate slope and potential solar radiation. We aggregated each 215 

environmental layer to a resolution of 200×200 m for fine-scale habitat SDMs and to 1x1 km 216 

for landscape context SDMs using the arithmetic mean. This resulted in proportional values for 217 

land cover/use variables. Next, all layers were projected to the LAEA coordinate system 218 

(EPSG:3035). Land cover/use classes with practically no spatial coverage across Germany, i.e., 219 



less than 1% of contained any coverage of that class, were excluded as the lack of variation or 220 

the high number of zero values led to model convergence issues. 221 

 222 

To account for potential collinearity between predictors, we applied the select07 method 223 

(Dormann et al. 2013) at each spatial scale. Of pairs of variables with an absolute Spearman 224 

rank correlation coefficient greater than 0.7, we retained only the predictor with higher 225 

univariate variable importance. Variable importance was defined as the explained deviance of 226 

each univariate model and calculated via a five-fold spatial block cross-validation (Zurell et al. 227 

2020). We used hexagon shaped spatial blocks (Valavi et al. 2019) and optimized block size 228 

based on the autocorrelation range of the occurrence data.  We set a minimum of 15 blocks and 229 

five folds resulting in at least three blocks per fold. 230 

 231 

Model training and validation 232 

We trained and validated three separate single-scale SDMs, each at a different scale. At the 233 

European extent and a 50×50 km resolution, we trained SDMs on European occurrence data 234 

and climate predictors. At the German extent we trained two separate sets of SDMs on the 235 

German occurrences and land cover/use and topographic data. The first was fitted at a 1×1 km 236 

resolution to capture landscape context effects and the second at a 200×200 m resolution to 237 

derive fine-scale habitat suitability. At each spatial scale, we implemented four algorithms: two 238 

regression-based methods, generalized linear models (GLMs) and generalized additive models 239 

(GAMs), and the two non-parametric machine learning techniques, random forest (RF) and 240 

boosted regression trees (BRTs). Specifics of the model workflow and parameter settings are 241 

described in the ODMAP protocol (Zurell et al. 2020) in supplementary material table 2. To 242 

minimize uncertainty and increase result robustness we formed ensembles at each spatial scale 243 



(Araújo and New 2007) by averaging the predictions of the four modeling algorithms via the 244 

arithmetic mean.  To validate each set of models, we applied a 5-fold spatial block cross-245 

validation using the same scale-specific spatial blocks as for the collinearity testing. As 246 

performance metrics we considered the threshold-independent metric AUC (area under the 247 

receiver operating curve) and the threshold dependent metrics TSS (true sill statistic), 248 

sensitivity, and specificity (Fletcher & Fortin, 2018). The target spatial resolution of the multi-249 

scale SDM was 200×200 m and we thus harmonized all spatial outputs by resampling the 250 

climate and landscape context suitability predictions to this resolution using bilinear 251 

interpolation. 252 

 253 

Finally, we created multi-scale SDMs at a resolution of 200×200 m using stacked 254 

generalization (Wolpert 1992, Oeser et al. 2024). The fine-scale habitat suitability predictions 255 

and the downscaled predictions of the remaining two single-scale SDM ensembles served as 256 

predictor variables within the multi-scale SDM. Several different algorithms can be used for 257 

the meta-model (i.e., in our case the multi-scale SDM) with logistic regression models being 258 

commonly used (Oeser et al. 2024). We fitted a ridge regression model (logistic regression with 259 

L2 penalty) to account for potential correlations between input variables (i.e., single-scale 260 

ensemble predictions at 200 m) by shrinking regression coefficients accordingly but generally 261 

not excluding any model entirely. The amount of shrinkage is determined via the parameter 262 

lambda (λ). For each species we selected the lambda value which minimized the error within a 263 

5-fold block cross-validation (using the previous blocks at 200×200 m resolution). As the 264 

lowest relevancy of a scale was no relevancy, we did not allow negative coefficients in the 265 

model. We determined the multi-scale SDM performance using the downscaled climate and 266 

landscape context suitability in combination with the cross-validated fine-scale habitat 267 

predictions in a 5-fold block-cross validation at 200×200 m resolution. The evaluation metrics 268 



were the same as for the single-scale SDMs and additionally we calculated explained deviance. 269 

Lastly, we assessed variable importance of each spatial scale by determining the reduction in 270 

explained deviance when excluding a spatial scale from the multi-scale SDM. 271 

 272 

Results 273 

Model performance 274 

All single-scale ensembles performed well (Table 1) with the AUC performance across all 275 

scales ranging from 0.83 – 0.89 for the starling and 0.90 – 0.94 for the northern lapwing. TSS 276 

values ranged from 0.53 – 0.62 for the starling and 0.61 – 0.73 for the northern lapwing. 277 

Although single-scale SDMs performed well, the multi-scale SDM improved predictive 278 

performance further (Table 1). Considering the AUC, the multi-scale SDMs had excellent 279 

performance across both species with an average of 0.96. TSS, sensitivity, and specificity 280 

indicated excellent performance, too, with averages of 0.78, 0.89, and 0.89, respectively. 281 

Explained deviance values were on average at 0.62. 282 

 283 

 284 

 285 

 286 

 287 

 288 



Table 1. Performance metrics for the three single-scale SDMs (i.e., European climate SDM 

50×50 km, German landscape context SDM 1×1 km, and German fine-scale habitat SDM 

200×200 m) and the multi-scale SDM. 

Species 
Performance 

measure 

Climate 

SDM 

Landscape 

context SDM 

Fine-scale 

habitat SDM 

Multi-scale 

SDM 

Common starling 

(Sturnus vulgaris) 

AUC 0.89 0.83 0.86 0.95 

TSS 0.62 0.53 0.57 0.73 

Sensitivity 0.76 0.86 0.85 0.80 

Specificity 0.86 0.67 0.72 0.93 

Expl. dev. 0.69 0.50 0.53 0.58 

Northern lapwing 

(Vanellus 

vanellus) 

AUC 0.90 0.93 0.94 0.97 

TSS 0.61 0.71 0.73 0.82 

Sensitivity 0.80 0.90 0.91 0.97 

Specificity 0.81 0.82 0.82 0.85 

Expl. dev. 0.62 0.61 0.65 0.66 

 289 

Scale importance 290 

Quantification of scale importance indicated the same order of scale importance for both 291 

species (Fig. 2). Climate at broad scales played the smallest role when determining presences 292 

and absences at fine scales. On average, climate had a scale importance of 1.1% across both 293 

species. The second most important scale with an average importance of 33.4% was landscape 294 

context. Especially for the starling, landscape context contributed substantially with 38.4%. 295 

Fine-scale habitat suitability was the most important predictor for species distribution across 296 

both species with an average importance of 65.5%. It was especially informative when 297 

predicting presences and absences for the northern lapwing (71.7%).  298 



 299 

Figure 2. Multi-scale SDM variable importance of the three scales used for model training: 

climate suitability predicted at 50×50 km resolution, landscape context suitability predicted at 

1×1 km resolution, and fine-scale habitat suitability predicted at 200×200 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 300 

Predicted habitat suitability differed strongly between the starling and northern lapwing. For 301 

the starling, the multi-scale SDM predicted high habitat suitability across Germany (Fig. 3), 302 

whereas for the northern lapwing, predicted habitat suitability was low with suitable areas 303 

largely restricted to northern Germany (Fig. 4). Both species displayed high climate suitability 304 

at German extant (Supplementary fig. 1). Landscape context suitability, fine-scale habitat 305 

suitability, and multi-scale SDM predictions showed highly similar spatial patterns within each 306 

species (Figs 3 - 4). Thus, the multi-scale SDM introduced no novel patterns but rather 307 

combined and reinforced patterns found at single scales. For the starling, the landscape context 308 

ensemble generally predicted lower habitat suitabilities than the fine-scale habitat ensemble. 309 

As a result, the multi-scale SDM identified areas of low suitability where fine-scale habitat 310 

conditions alone suggested moderate suitability, highlighting the constraining role of landscape 311 



context, which was also reflected in the considerably increased specificity in the multi-scale 312 

SDM (Table 1). For the northern lapwing, the landscape context ensemble also predicted lower 313 

suitability values than the fine-scale habitat ensemble. However, in this case, the multi-scale 314 

SDM predicted higher suitability values and a greater extent of highly suitable areas where 315 

both single-scale ensembles indicated suitable conditions, suggesting the integration of scales 316 

reinforces suitability when environmental conditions are favorable across scales, which 317 

explains the higher sensitivity of the multi-scale SDM (Table 1). 318 



 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 200×200 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 1×1 km resolution (top left) and fine-

scale habitat suitability at 200×200 m resolution (top right). The top center displays the 

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

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

                 

           

          

           

                 

           

               

 

 



 320 

 321 

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 200×200 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 1×1 km resolution (top left) and fine-

scale habitat suitability at 200×200 m resolution (top right). The top center displays the 

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

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

 

                

                 

           

          

           

                  

           

 



Discussion 322 

Accurately mapping and modeling a species distribution is a prerequisite for understanding 323 

range determinants and for guiding conservation planning (Guisan et al. 2013, Ferrier et al. 324 

2016, Araújo et al. 2019). In this study, we presented a novel multi-scale SDM approach using 325 

a meta-model based on stacked generalization to combine environmental predictors from 326 

different extents and resolutions. Thereby, we added an approach to the growing toolbox of 327 

nested SDM, which are commonly used to address niche truncation, increase model 328 

transferability, and to account for drivers of a species distribution acting at different spatial 329 

scales (McGill 2010, Guisan et al. 2025). We demonstrated the flexibility of the presented meta-330 

model approach by integrating three different spatial scales for birds as highly mobile species. 331 

For both modeled species combining single-scale predictions in the multi-scale SDM improved 332 

model accuracy and resulted in increased performance measures. We further demonstrated the 333 

key ability of our multi-scale SDM approach to quantify the relative importance of different 334 

spatial scales, thereby enabling the identification of the scales at which environmental drivers 335 

shape a species distribution. Thus, including data at several spatial scales and quantifying the 336 

importance of single scales is a crucial step towards more interpretable models as well as 337 

ecologically realistic and accurate species distribution predictions. 338 

 339 

A main advantage of our approach lies in the ease at which different scales can be incorporated 340 

in the workflow showcased by including three spatial scales in our multi-scale SDMs. 341 

Resolutions can be selected freely based on species and study objectives. Further, spatial 342 

resolutions do not have to be expressed in the form of a square. For example, landscape context 343 

can also be quantified as a circular shape around a focal cell or presence-absence point with 344 

freely adjustable radii. Another key strength of the multi-scale SDM approach lies in its ability 345 

to quantify scale importance making it possible to identify relevant scales for individual 346 



species, their distributions, and corresponding environmental data. As seen with our broad scale 347 

climate predictors, a driver might not be relevant at fine resolutions but confine the general 348 

boundaries of a species distribution and thus still be relevant at another scale. Understanding 349 

ecological drivers and the spatial scales across which drivers operate can directly inform both 350 

study design and the scale at which conservation or policy measures are likely most effective. 351 

Additionally, knowledge about relevant scales can provide indirect insights into the ecological 352 

processes and species behaviors shaping species distributions (McGill 2010).  353 

 354 

All models performed well at their respective scales indicating predictor relevancy for 355 

capturing distribution patterns. Nonetheless, the multi-scale SDM outperformed SDMs fitted 356 

at single scales and thus adds a study to recent literature in which combining different spatial 357 

scales in SDMs increases model performance (e.g., Bellamy et al., 2020; Goicolea et al., 2024; 358 

Mateo et al., 2019). The improved performance reflects the hierarchical nature of ecological 359 

systems and the scale dependency of drivers of species distributions. According to hierarchical 360 

habitat selection theory, individuals select habitat across nested spatial scales, from broad-scale 361 

range selection to fine-scale resource use (Johnson 1980). This is particularly relevant for 362 

mobile species, which may use different spatial scales to access distinct resources such as 363 

breeding and foraging sites (Whitaker and Warkentin 2010). For example, black-backed 364 

woodpeckers first select habitats with dense tree cover at broader scales and subsequently select 365 

individual trees as food sources at finer scales (Dudley et al. 2012). Our results corroborate 366 

these hierarchical concepts and further corroborate studies which also found birds to depend 367 

on landscape context additional to local habitat factors (Graf et al. 2005, von dem Bussche et 368 

al. 2008, Revermann et al. 2012). Based on our results combining spatial scales adds 369 

complementary information by capturing ecological processes or behaviors not detected at the 370 

single scales. For example, locally suitable conditions may become unsuitable when embedded 371 



in an unfavorable surrounding landscape. Further, landscape composition can influence habitat 372 

selection, as shown for farmland birds where habitat preferences shifted away from grassland 373 

with increasing grassland availability (Ogawa et al. 2024). More generally, such scale-374 

dependent patterns arise because species respond to different ecological constraints across 375 

spatial scales. For instance, during the breeding season, food limitation can lead starlings to 376 

extend their foraging distances well beyond their immediate habitat (Heldbjerg et al. 2017), 377 

linking local habitat use to broader landscape context. Similarly, bald eagles have been shown 378 

to select areas differently depending on spatial scale, preferring areas of low to moderate human 379 

activity at broader scales while showing the opposite pattern at finer scales (Thompson and 380 

McGarigal 2002). 381 

 382 

Fine-scale habitat suitability at 200×200 m resolution was clearly the most important predictor 383 

in the multi-scale SDM for both species. The fine scale most closely matched the species home 384 

range size (Söderström and Pärt 2000) likely contributing to its high importance. This is 385 

consistent with findings from other studies, such as work on capercaillie, where the scale 386 

corresponding to home range size was also found to be most relevant (Graf et al. 2005). The 387 

low importance of climate and the resulting dissimilarity between climate and multi-scale SDM 388 

predictions can be attributed to relatively homogeneous climate suitability across Germany as 389 

both species’ ranges fall largely within their climatic niche at this spatial extent. Variation in 390 

climate suitability considered at coarse resolution was therefore insufficient to explain fine-391 

scale distributions. However, even though the broad scale showed relatively little importance 392 

for predicting fine-scale occurrences the result is still consistent with the concept of climate 393 

exerting a boundary to species distributions at broad scales and is also relevant for ensuring 394 

model transferability under global change (Yates et al. 2018). Further, we can assume the 395 

perception of scale is species specific and relative differences in scale importance are likely 396 



driven by species-specific behavior, habitat use, and associated environmental requirements. 397 

Compared to the northern lapwing, the starling is more of a generalist which is reflected in 398 

widespread areas of high habitat suitability and its ability to exploit a range of environmental 399 

conditions. This likely increases the relevance of landscape context as suitable conditions 400 

emerge from spatial combination of resources across the landscape. In contrast, the northern 401 

lapwing has more specific habitat requirements resulting in fewer high suitability areas and 402 

greater importance of fine-scale habitat. This is consistent with its strong dependence on 403 

specific breeding conditions such as vegetation type and height as well as soil moisture 404 

(Cevenini et al. 2025).  405 

 406 

Conclusion 407 

Nested SDMs recently gained traction leading to the development of several new methods for 408 

incorporating environmental predictors at separate spatial scales (Guisan et al. 2025). Our 409 

multi-scale SDM approach adds to the growing toolbox of nested SDMs and, while retaining 410 

mechanisms to reduce niche truncation, places stronger emphasis on the multi-scale nature of 411 

species distributions. We provide a flexible framework for integrating environmental predictors 412 

across spatial scales while enabling straightforward quantification of relative scale importance 413 

regarding a species distribution. By building on commonly used SDM ensembles (Araujo & 414 

New, 2007), our approach can easily be integrated with existing workflows and is 415 

computationally efficient. Several extensions are easily possible. For example, while we chose 416 

a meta-learner regression approach, the meta-model can also be implemented with different 417 

algorithms (Naimi & Balzer, 2018). Further, we explicitly chose a two-step ensemble approach 418 

first ensembling the single scale models and then ensembling the scales, because it clearly 419 

allows separating and quantifying scale importance. The ensembling of algorithms and scales 420 



could also happen simultaneously within the meta-model, while our two-step approach 421 

maximizes interpretability while retaining flexibility.  Overall, our framework offers a simple 422 

and flexible way to model species distributions across spatial scales, thereby improving 423 

ecological understanding as well as the accuracy and transferability of species distribution 424 

predictions.  425 
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