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Abstract 18 

Invasive alien species are one of the primary drivers of biodiversity loss and cause great economic 19 

damage worldwide. They can be managed, but anticipating their invasions is paramount. This can be 20 

accomplished by modelling their current and future distributions. Species Distribution Models are a 21 

staple tool for this purpose and recent advances to use them to model invasive alien species have been 22 

made and are applied here. In this paper, two common species distribution modelling methods, MaxEnt 23 

and Random Forests, are employed to simulate the present and future potential distributions dangerous 24 

invasive species, Heracleum mantegazzianum Sommier and Levier, using opportunistically collected 25 

occurrence datasets, a nested modelling approach and background points sampled stratified randomly 26 

in environmental space. Possible bias in the occurrence datasets is treated in several ways and the 27 

differences in output distributions are discussed, as well as the uses of the outputs for guiding eradication 28 

efforts.  29 
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Introduction 34 

Invasive alien species (IAS) are species that are causing economic or natural damage and are 35 

exotic in parts of their ranges, causing an estimated $391 billion economic damage per year 36 

(IPBES 2023) and posing a great threat to biodiversity (UNEP 2023). Their spread has been 37 

greatly facilitated by world trade and human movements. Moreover, ongoing climate change 38 

increasingly allows them to access areas that have remained mostly invasion free until recently, 39 

like the polar regions and high mountains (Pauchard et al. 2009, Petitpierre et al. 2016, Haider 40 

et al. 2022). 41 

 42 

Species Distribution Models (SDMs) (Franklin 2010; Guisan et al. 2017) are becoming 43 

increasingly more advised as a tool in conservation planning and management (Guisan et al. 44 

2013) but often remain underused in practice (Cassini 2011; Tulloch et al. 2016; Steen et al. 45 

2024a). Recent advancements on creating standards for SDMs (Araujo et al. 2019) and 46 

producing accurate predictions of species distributions have been made (Kass et al. in press) 47 

and need to be applied in practice to create accurate distribution maps for practitioners, a step 48 

that is especially paramount for monitoring IAS (Lake et al. 2020).  49 

 50 

For instance, it was determined that sampling background points stratified randomly in 51 

environmental space yields the best performance metrics (Steen et al. 2024b). In addition, the 52 

use of a spatially-nested approach was shown to be crucial for modelling IAS (Gallien et al. 53 

2012; Adde et al. 2023). The reason is, an optimized SDM for the purposes of management 54 

would ideally make use of high-resolution data and cover the entire species range, so that all 55 

known environmental conditions in which the species is known to exist are included in the 56 

model. Unfortunately, such high-resolution data is only available at local and regional scales, 57 

making the task of creating accurate SDMs for the purposes of conservation efforts harder. A 58 

spatially-nested approach allows both capturing the whole realized climatic niche over the 59 

entire species range at coarse resolution and large extent and fitting the species’ fine 60 

environmental requirements at high resolution in a smaller extent. This allows overcoming the 61 

risk of niche truncation (Chevalier et al. 2021; Adde et al. 2023; Guisan et al. 2025) and ensures 62 

that all known conditions for the species are accounted for in the case of niche shifts between 63 

the native and invaded ranges (Broennimann and Guisan 2008), which can affect IAS (Guisan 64 

et al. 2014; Fernandez and Hamilton 2015; Bates et al. 2020; Aravind et al. 2022). Moreover, 65 

species presence is likely predicted by different environmental variables at different scales (i.e., 66 
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spatial extents and resolutions), e.g. climate being hypothesized to be more important at large 67 

resolution and extent while soil or land cover being hypothesized to be more important toward 68 

finer resolutions (Pearson and Dawson 2003; Dawson 2004; Ni et al. 2007; McGill 2010; 69 

Vicente et al. 2014). The nested approach can link the largest scale to the smallest scale, thus 70 

allowing for selection of different environmental variables at different extents (Guisan et al. 71 

2025). 72 

 73 

Another potential drawback of most SDMs is that they are fitted using citizen science datasets, 74 

which often suffer from spatial and temporal sampling bias (Bird et al. 2014; Callaghan et al. 75 

2019; Anderson et al. 2020). However, the exact nature of this bias is hardly possible to 76 

determine (Di Cecco et al. 2021). Therefore, any efforts to correct the bias by, for instance, 77 

subsampling the data might also eliminate valuable ecological information (Steen et al. 2021), 78 

making it hard to determine the appropriate treatment of the occurrence data (if any).  79 

 80 

Heracleum mantegazzianum is an extensively studied IAS (Pyšek et al. 2007; Shackleton et al. 81 

2020). It causes severe health hazards due to its photoreactive poison (Bhowmik and Chandran 82 

2015) and obstructs ecosystem services like recreational fishing (Caffrey 1999; Nasadiuk and 83 

Mamchur 2024). In addition, its ability to form dense monocultures and alter the nutrient 84 

environment makes it a severe threat to biodiversity (Caffrey 1999). It invades areas left open 85 

by clearcuts and abandoned agricultural ground, mesic grasslands, roadsides, forest edges and 86 

eutrophied and iron-polluted soils forming tall-herb stands (Pyšek et al. 2007; Thiele and Otte 87 

2007). For these reasons, H. mantegazzianum is both on the List of Union Concern (European 88 

Commission 2024) and on the Swiss blacklist of IAS (Infoflora.ch). 89 

 90 

The species is spread mainly by humans (Bhowmik and Chandran 2015). It attaches itself to 91 

human clothes and shoes, and therefore, spreads through any vehicle humans use. Its natural 92 

reproduction is through wind-borne spores (Müllerová 2024). It is a low to mid elevation 93 

mountain species originally from the Caucasus mountains and displays generalist behavior in 94 

its invaded range. In Germany, it favors abandoned agricultural areas, likely profiting from high 95 

nutrient content of soils and absence of land management (Thiele et al. 2007; Thiele and Otte 96 

2008; Thiele et al. 2008). In Europe, it is already found at altitudes above 1500 m (Shackleton 97 

et al. 2020; Müllerová 2024). It will probably follow the trend of invaders to spread to still 98 

higher elevations (Pauchard et al. 2009; Petitpierre et al. 2016), where it can potentially disturb 99 
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the many hotspots of alpine biodiversity, which provide invaluable ecosystem services (Grêt-100 

Regamey and Kytzia 2007; Ramel et al. 2020).  101 

 102 

In this study, we aim at using novel clues on optimizing SDM modelling approaches (Steen et 103 

al. 2024a; Steen et al. 2024b) to build the most optimized SDM for the potential present and 104 

future distributions of the IAS H. mantegazzianum. 105 

 106 

We gathered the most recent findings on building accurate SDMs (e.g. Araujo et al. 2019), 107 

making use of multiple treatment strategies, and test them on the giant hogweed. In particular, 108 

we implemented a spatially-nested approach (Chevalier et al. 2021; Guisan et al. 2025) focusing 109 

on 3 different spatial extents: i) Global (i.e. all biomes where H. mantegazzianum is present), 110 

ii) Europe and iii) Switzerland. We also employed different classes of SDM algorithms and 111 

sampled background points in an environmentally random-stratified way (Steen et al. 2024b). 112 

In addition, we ran extensive model tuning and overfitting analyses, as well as different methods 113 

to deal with sampling bias. Finally, since it is not only important to know the current distribution 114 

of invasive species, but also its future distribution, we also projected the models in future 115 

climates. 116 

  117 
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Materials and Methods 118 

Overall analytical framework 119 

 120 

Figure 1: Overall analytical framework of the analyses performed.  121 

 122 

 123 

Environmental variables 124 

Global bioclimatic variables were downloaded from CHELSA, version 2.1 (Karger et al. 2017), 125 

at a resolution of 0.0083 degrees (30 arc seconds); see Table 1. All variables are calculated as 126 

the average values from the time series of 1981–2010. Karger et al. (2017) provide also multiple 127 

projections of the CHELSA 2.1 variables according to several scenarios. In this study, the SSP 128 

370 pathway was chosen for climatic projections.  129 

 130 

At European scale, land use variables were used because in Central Europe, H. mantegazzianum 131 

grows mainly on anthropogenically disturbed areas, nutrient rich soil and abandoned 132 

agricultural ground (Thiele et al. 2008; Pergl et al. 2011). For present-day land cover variables, 133 

we used the 2015 datasets provided by the European Space Agency (Global ESA CCI land 134 

cover classification map), which were likewise at 30 arc seconds; see Table 1. Binary variables 135 

included were swampy and often flooded vegetation, mostly cropland and grass, shrub and 136 
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scrubland. In addition, the gridDistance() function from the R raster package was used to 137 

calculate the distance to forest, water, snow and bare/sparsely vegetated areas. Finally, the world 138 

population density (cropped to Europe) (Earth Science Data Systems 2024) was inserted as a 139 

variable. 140 

 141 

At Swiss scale, environmental layers on soil and topography at 25 m resolution were used (See 142 

Table 1). They were taken from the SWECO25 dataset (Külling et al. 2024) and from the Swiss 143 

Federal Office of Agriculture (FOAG 2012).  144 

We employed the Ecospat R package (Di Cola et al. 2017) to assess collinearity, at each spatial 145 

extent, among all these environmental variables. A threshold of 0.70 for correlation between 146 

variables was established, in accordance with Dormann et al. (2013). When two variables had 147 

a correlation >0.7, we kept only one of them. The definitive roster of variables chosen for model 148 

calibration across all three tiers is outlined in Table 1. For an ecological justification of the 149 

inclusion of each variable, see Appendix 2. The biomes where H. mantegazzianum does not 150 

occur, as well as all water bodies, were removed from all environmental variables. 151 

152 

Author-formatted, not peer-reviewed document posted on 11/07/2025. DOI:  https://doi.org/10.3897/arphapreprints.e164783



9 
 

Table 1: Names, resolutions, units and descriptions of variables used at each spatial scale 153 

(i.e., spatial extent) to run the Maxent and Random Forest models. 154 

Variable name Unit Description 

World scale (30 arc 

seconds)   
bio2_V.2.1 °C Annual temperature range 

bio12_V.2.1 kg m^-2 year-1 Annual precipitation amount 

bio15_V.2.1 kg m^-2 Precipitation seasonality 

bio19_V.2.1 kg m^-2 month^-1 

Mean monthly precipitation amount of 

the coldest quarter 

Surface wind mean m/s Average surface wind velocity 

Surface wind max m/s Maximum surface wind velocity 

Growth degree days number of days 

Annual growth days - days with 

temperatures above 0 degrees 

Growth season 

precipitation kg m^-2 gsl^-1 

precipitation sum accumulated on all 

days during the growing season. Gsl = 

growth season length in days 

Growth season 

temperature °C 

Mean temperature of the growing 

season 

Net primary productivity g C m^−2 yr^−1 Net primary production 

   
Europe scale (30 arc 

seconds)   

Bioclimatic envelope N/A 

Sum of thresholded world-scale models 

cropped to Europe scale 

Distance to surface water m 

Distance to water. Calculated for every 

point on land inside the study area 

Distance to sparse 

vegetation m 

Distance from bare or sparse vegetated 

areas. H. mantegazzianum was 

assumed to not occur in sparse 

vegetations. 

Distance to snow and ice m - 

Swampy or often flooded 

vegetation N/A - 

Mostly cropland N/A 

Vegetation largely consisting of 

cropland 

Grass, scrubs and shrubs N/A - 

Distance to forest m 

Distance from nearest forest pixel 

(value = 0 if pixel is forest) 

Worldpop_2000 people/km^2 Population density 

   
Swiss scale (25m)   

Europe model  

Sum of thresholded Europe-scale 

models cropped to Swiss scale 

Digital elevation model 

(DEM) m Average elevation per 2x2 m square 

Aspect Degrees 

Orientation of slope, averaged over 2x2 

m squares, varying from 0 to 360 
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Slope Degrees Slope averaged over 2x2 m squares 

Hillshade 

Index (shaded to 

bright) 

Measure of irradiation per 2x2m 

square. 

Nutrient holding capacity  Index (1-6) 

Ordinal measure of soil capacity to 

hold nutrients 

Kultur Index (1-5) Ordinal measure of land productivity 

 155 

 156 

Occurrence data 157 

Data were collected from GBIF (GBIF 2021) and from an unbiased occurrence dataset collected 158 

using an opportunistic scientific sampling scheme (Celesti-Grapow et al. submitted). Only 159 

occurrence records from the year 2000 or later were selected, in order to match the CHELSA 160 

version 2.1 time series.  We assumed that the time difference between 1981–2010 and 2000–161 

2021 was representative of the delayed response of the species to shifting climate (Steen et al. 162 

2024b). From the full database we eliminated improbable coordinates, occurrences 163 

characterized by coordinate uncertainty exceeding 50 meters, observations reporting zero 164 

abundance, and the removal of entries denoting an occurrence status of absent across multiple 165 

languages. Additionally, a visual inspection, checking for occurrence records where they should 166 

not be, was conducted. These data cleaning operations were executed as per Steen et al. (2024b). 167 

The three datasets were all used to run the SDMs at all three spatial extents. 168 

 169 

Bias correction and data thinning 170 

Given the different sampling designs of the individual datasets, three different versions of the 171 

full combined dataset were used. Firstly, a fully non-thinned dataset (so the entire dataset, 172 

except for selecting only 1 occurrence record per environmental variable raster grid), a MCP 173 

thinned dataset and a dataset based on the distance to artificial surface and urban area. These 174 

treatments were chosen because of the differences in sampling design and the different sampling 175 

biases. Secondly, an MCP-based thinning method (Steen et al. 2024b) was applied, which 176 

counters spatial autocorrelation but also might eliminate ecologically relevant information 177 

(Steen et al. 2021). Therefore, the third dataset was thinned based on the assumption that 178 

sampling intensity in citizen science databases is higher by human infrastructure. On the other 179 

hand, higher abundances of H. mantegazzianum along roads and cities might be realistic since 180 

humans are a major vector in spreading the species. Due to this uncertainty, we also used the 181 

entire, non-thinned occurrence point dataset. In the spatially nested approach, only SDMs fitted 182 
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using the same occurrence dataset treatment at larger scale were included in the lower scale 183 

models using that treatment.  184 

 185 

The occurrence data were thinned as per Steen, et al. (2024b) as follows:  186 

We delineated a Minimum Convex Polygon (MCP; Mohr 1947) encompassing the data points. 187 

This serves to define the boundaries of the species' home range. Subsequently, within this MCP, 188 

we implemented a random point selection method. This procedure was iterated 50 times, and 189 

on each iteration, we computed the average nearest neighbor distance between the randomly 190 

selected points. The overall average of these individual averages was then calculated. To reduce 191 

sampling bias and align the distribution of species occurrence records with what would be 192 

expected in a random distribution, we employed the spThin R package (Aiello-Lammens et al. 193 

2015; Chiocchio et al. 2021). 194 

 195 

The data thinned based on distance to artificial surface and urban area were created by 196 

extracting the “artificial surface and urban area” from the present-day land use data (Global 197 

ESA CCI land cover classification map) and calculating the distance from for each pixel that 198 

was not artificial surface or urban area using the gridDistance() function from the R raster 199 

package. The values of this raster dataset were then used as a “weight” to sample occurrence 200 

records from the non-thinned dataset using the sample() function in R. The number of 201 

occurrence points sampled was the same as the number of points remaining after the MCP 202 

thinning. 203 

 204 

Both thinning steps were repeated at all 3 spatial extents, generating 6 thinned datasets. Since 205 

the non-thinned occurrence datasets were also used, a total of nine occurrence datasets have 206 

been used to generate the models (three at each spatial extent). The ones built for the Swiss 207 

scale are given in Figure 2.  208 
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 209 

 210 

 211 

 212 

Figure 2: The three occurrence datasets used to fit the SDMs at Swiss scale: no thinning (A), 213 
thinned with MCP (B) and thinned by proximity to artificial surface and urban area (C). 214 
 215 

 216 

Species Distribution Models 217 

Spatially-nested approach 218 

The spatially-nested approach was implemented by running Species Distribution Models 219 

(SDMs) using the Maxent algorithm (Phillips et al. 2017) and Random Forests (standard 220 

implementation, using the randomForest() function from the randomForest R library (Breiman 221 

et al. 2024)). Models were run at three spatial extents: (i) global (from which all the biomes 222 

where H. mantegazzianum can occur were extracted), (ii) Europe (also with only H. 223 

mantegazzianum biomes included) and (iii) Switzerland. The output maps of the world model 224 

were used as an environmental variables in the European model, and the output maps of the 225 

European model were in turn used as an environmental variables in for the Swiss model, after 226 

rescaling the 30 arc second resolution of the European model output maps to the 25m resolution 227 

of the Swiss environmental variables (Adde et al. 2023). 228 

 229 

A 

C 

B
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This was done for three reasons. 1) modelling the whole range, at least climatic, at which a 230 

species occurs is essential to avoid niche truncation, i.e., underestimation of the realized niche 231 

of the species by modelling only a fraction of the range of the environmental variables where 232 

the species occurs, 2) it allows for using the fine-resolution data available only at local (here 233 

Swiss) scale whilst also using coarser data at higher scales, and 3) it allows for selection of 234 

environmental variables most appropriate for predicting the distribution of H. mantegazzianum 235 

at each of the three extents. 236 

 237 

The Maxent and Random Forest algorithms were used to fit the SDMs. These were chosen 238 

because they are both widely adopted algorithms (Gomes et al. 2018, Rathore and Sharma 2023) 239 

and because we found it appropriate to use one regression-based and one tree-based algorithm.  240 

 241 

Maxent draws upon presence-only data, which is much more widely available than data on the 242 

absence of species (Guillera-Arroita et al. 2015; Fletcher et al. 2019). The version of the 243 

algorithm based on an infinitely weighted logistical regression (Phillips et al. 2017) was used 244 

here. 245 

 246 

To avoid model overfitting of the Maxent models, we varied the mathematical function types 247 

(linear, quadratic, hinge, product, threshold) and the Regularization Multiplier (RM), a 248 

controller of model complexity: function types were varied linear, quadratic and hinge (LQH), 249 

2) linear, quadratic and product (LQP), and 3) linear, quadratic product and hinge (LQPH). 250 

Threshold functions were never used because hinge functions have been shown to be a better 251 

replacement (Elith et al. 2011). In addition, the RM was varied from 1 to 5, giving us 15 252 

combinations of settings.  253 

 254 

We also used Random Forests, another widely used SDM algorithm. Tuning was done similar 255 

to the Maxent models, but the number of trees (“ntree” variable in randomForest function in 256 

randomForest package (Random Forests: 257 

https://www.stat.berkeley.edu/users/breiman/RandomForests/) was varied between 1000, 1500 258 

and 2000 and the degree of random variation (“mtry” variable in randomForest function in 259 

randomForest package) was varied between 1 and 5. The selection of the optimal models was 260 

otherwise done in precisely the same way as for the Maxent models, but the performance 261 

metrics of the final models at all spatial extents were calculated using the out-of-bag (OOB) 262 

measures. 263 
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 264 

Background points selection 265 

At each level of spatial analysis, the environmental variable raster layers were segmented into 266 

three strata using the following approach: first, we determined the range between the lowest 267 

and highest values within each layer. Next, we selected all the cells whose values fell within 268 

each one-third quantile of the dataset, creating three distinct strata within each layer. Each of 269 

these strata received a unique numerical identifier that did not repeat in any other layer. 270 

Subsequently, we generated a new raster layer in which these numeric codes were summed, 271 

resulting in a distinctive code for every strata combination. If the dataset was a factor (as is the 272 

case for the binary variables at European level), the cells containing “0” and “1” variables were 273 

replaced by a new unique code.  Finally, we employed the 'sampleStratified' function from the 274 

raster R package to perform sampling across this newly created layer, thus generating stratified 275 

random points within the environmental space. The minimum number of points per stratum that 276 

yielded at least 10000 background points total were used. Since the model output at higher 277 

spatial extents was used as input for the model at lower spatial extent, the background points 278 

had to be resampled based on the occurrence point dataset used to generate the former. 279 

Therefore, each model at the European and Swiss spatial extents had a unique set of background 280 

points. 281 

 282 

Performance metrics 283 

We calculated the AUC (Hanley and McNeal 1984) and continuous Boyce index (Hirzel et al. 284 

2006) performance metrics, as well as their sum (Steen at al. 2024b), 100x for each combination 285 

and selected the model settings (i.e., rm and function types for MaxEnt, ntree and mtry for RF) 286 

that had the highest metrics, splitting the occurrence data randomly between occurrence and 287 

validation bins each time. Before computing the sum, the AUC values were first recalculated to 288 

the gini AUC (2*AUC-1), in order to give it the same “weight” as the continuous Boyce index. 289 

The models with the highest performance metrics were projected on the matching 290 

environmental variables and the resulting rasters were summed in order to create the final 291 

product at each spatial extent. 292 

 293 

If one or more of the models had the same settings, the output map of the model with those 294 

settings was used only once in the sum to create the final output maps. This is because the sum 295 

of the performance metrics was included in order to include models that had both high AUC 296 

and high Boyce, i.e., both high calibration and high discerning measures. If two models have 297 
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the same settings, then the sum has the same settings as the maximum AUC model, or the 298 

Maximum Boyce model, or both. Therefore, it would add no new information to the output to 299 

include it more than once and the final summed maps only included models with unique 300 

settings. 301 

 302 

Variable importance 303 

After selection of the models with the optimal performance metrics, the explanatory power of 304 

each of the predictors was determined for all the models. The varImportance() function of the 305 

fitMaxnet R package (Wilson 2024) was used for the Maxent models. For Random Forests, 306 

the necessary data is automatically saved when using the randomForest() function (Breiman et 307 

al. 2024). 308 

 309 

Future projections 310 

The CHELSA datasets that were projected by Karger et al. (2017) to the future time period of 311 

2041-2060 using the SSP3-7.0 scenario were used in this study. This scenario was chosen 312 

because it occupies a middle ground between medium-high and very-high emissions. The 313 

scenario also assumes a fragmented world in which nations largely pursue their own interest 314 

and bars game-changing technological advancements (Karger et al. 2017). The world 315 

population model projections according to the SSP3-7.0 scenario for the year 2050 were used. 316 

 317 

The future land use data were designed by Clarke lab (Esri Land Cover 2050) for the year 2050 318 

(building on the data provided by the European Space Agency, which we used for present day 319 

land cover data) and were based on observed trends of historical land use change over the period 320 

2010-2018. Whilst it does not particularly follow any RCP or SSP scenario, we believed that 321 

there were no conflicting assumptions made in any of the datasets. 322 

The future land use categories however did need to be harmonized with the current land use. 323 

The code used to accomplish this in the QGIS (QGIS Development Team 2009) raster calculator 324 

software is presented in Appendix 1. 325 

 326 

There are however no future projections for most of the Swiss-scale model data, as the variables 327 

relating to topography were assumed to not change in the future. However, soil and edaphic 328 

variables will likely change. Therefore, we made the simplified assumption that the edaphic 329 

variables will not change. The future projections at the Swiss scale were therefore done by 330 

Author-formatted, not peer-reviewed document posted on 11/07/2025. DOI:  https://doi.org/10.3897/arphapreprints.e164783



16 
 

inserting the outputs at the higher scales as an input variable, as part of our spatially nested 331 

approach. 332 

333 
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Results 334 

Fit of the models 335 

Variable importance 336 

The predictive power of all the included environmental variables differed slightly for each 337 

model fitted at each spatial extent but showed similar patterns overall. For the Maxent models 338 

fitted at world scale with non-thinned occurrence data, the annual temperature seasonality 339 

(bio15) had by far the highest predictive power, followed by the number of days in the growing 340 

season (gdd0). The same was true for the Maxent models fitted with occurrence data thinned 341 

with an MCP, but in the models fitted by data thinned by distance to artificial surfaces, the 342 

average temperature of the growth season (gst) was the second-strongest predictor (after bio15). 343 

 344 

The RF models at world scale were also most powerfully predicted by bio15, with growth 345 

season temperature coming second. One of the two RF models fitted with MCP thinned data 346 

had Bio19 as the second-most powerful predictor and the other one had bio19 (mean monthly 347 

precipitation amount of the coldest quarter). 348 

 349 

At Europe scale, by far the most powerful predictor was the world-scale model output. This 350 

held true across almost all models, except for Maxent and RF models fitted with data thinned 351 

by distance to artificial surface, in which it was distance to permanent snow and ice. Swampy 352 

or often flooded vegetation was the second-most powerful predictor for the other Maxent 353 

models.  In RF models, distance to snow and ice ranked as the second most powerful predictor 354 

overall, though for one non-thinned dataset, population density was the second-most powerful 355 

predictor.  356 

 357 

At Swiss scale, the Maxent models were most powerfully predicted by the slope, with the 358 

Europe-scale model variable coming second. For RF models, the most powerful predictor 359 

overall was the model fitted at European scale, though the slope was the strongest for RF models 360 

that used data thinned with an MCP, and the second-strongest predictor for the other models.  361 

 362 

Model evaluation 363 

Overfitting analysis 364 

One Random Forest model at European scale (made with the MCP thinned occurrence dataset) 365 

was found to be overfitted (paired t-test: p = 0.047). However, as it was summed with other 366 
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MCP outputs at that scale and the distribution maps at Swiss scale are the main output of the 367 

study, this model was included in the results. 368 

Performance metrics 369 

Both Maxent and RF models showed good performance metrics, with average AUC at all scales 370 

always over 0.95 and average Boyce index always over 0.85. RF models had the highest average 371 

AUC, sometimes with values of around 0.999, especially for non-thinned data models, 372 

indicating an effect of high sample size. One RF model at European scale with non-thinned data 373 

(mtry = 2 and ntree = 2000) had only a Boyce index of 0.75, but this was a great outlier. 374 

 375 

Present predictions 376 

The final present-day outputs at Swiss scale are presented in Figure 3. 377 

 378 
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379 
Figure 3: Summed SDM outputs for Heracleum mantegazzianum for the present day, for both 380 
Maxent (A, C, E) and Random Forest (B, D, F) models, for all three occurrence datasets: non-381 

thinned (A, B), thinned using a Minimum Convex Polygon (C, D) and thinned by distance to 382 
artificial surface and urban area (E, F). The scale bars denote habitat suitability and vary 383 
from 0-2 because there were always two models, with a habitat suitability range from 0 to 1. 384 

 385 

 386 

Future predictions 387 

The final outputs at Swiss scale for the future are presented in Figure 4. 388 

 389 
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390 
Figure 4: Summed SDM outputs for Heracleum mantegazzianum for the year 2050, for both 391 
Maxent (A, C, E) and Random Forest (B, D, F) models, for all three occurrence datasets: non-392 

thinned (A, B), thinned using a Minimum Convex Polygon (C, D) and thinned by distance to 393 
artificial surface and urban area (E, F). The scale bars denote habitat suitability and vary 394 

from 0-2 because there were always two models, with a habitat suitability range from 0 to 1.  395 
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Discussion 396 

Need for predicting and monitoring 397 

Predicting and monitoring IAS is crucial for mitigating their negative impacts on biodiversity, 398 

ecosystem services, and human health (Shackleton et al. 2020). Heracleum mantegazzianum is 399 

a prime example of an IAS that poses significant threats to nature and economy and effectively 400 

managing it is therefore essential. Thankfully, it is possible to effectively manage the species 401 

(Nasadiuk and Mamchur 2024). These findings underscore the importance of continuous 402 

monitoring and adaptive management strategies to control the spread of invasive species like 403 

H. mantegazzianum and protect ecological integrity and ecosystem services. Here, we assessed 404 

how optimal predictive models could be built for this problematic IAS. 405 

 406 

The Swiss Alps are refuges for biodiversity and provide invaluable ecosystem services (Ramel 407 

et al. 2020). With climate change, invasive alien plants are likely to shift their distributions to 408 

higher altitudes (Petitpierre et al. 2016), jeopardizing the biodiversity hotspots in and ecosystem 409 

services provided by the Swiss alps. For long, many mountains were thought to be invasion-410 

free (Pauchard et al. 2009), but global warming is changing the story, and since H. 411 

mantegazzianum is a mountain species in its native range, its spread to higher altitudes is likely 412 

to happen where it invades (Cuddington et al. 2022). This is especially true considering that the 413 

species has demonstrated its ability to settle in high mountain areas when escaping from high-414 

altitude botanical gardens (e.g. up to 2200 m; Müllerová 2024). 415 

 416 

SDMs are increasingly recommended to be used in conservation studies (Guisan et al. 2013; 417 

Steen et al. 2024b), with even the International Union for the Conservation of Nature (IUCN) 418 

using them to estimate the species’ distributions and to investigate how climate change will 419 

affect them (Cassini 2011). Studies have shown that SDMs can predict the potential spread of 420 

H. mantegazzianum, guiding targeted monitoring and management efforts (Shackleton et al. 421 

2020). This study tested different settings to model the current and future distributions for H. 422 

mantegazzianum in Switzerland and look for the most optimal approach. 423 

 424 

Current distributions 425 

In the present-day models (Figure 3), the habitat suitability for H. mantegazzianum is lowest 426 

for the models thinned by proximity to artificial surface and urban areas. This approach assumes 427 

that citizen science data, such as most of the data from GBIF and Infoflora, are biased to 428 
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proximity to roads and also more easily accessible areas (Hughes et al. 2021, Díaz-Calafat et 429 

al. 2024 for insects). On the flipside, this approach truncates the niche of the species, by biasing 430 

the available data to areas further from infrastructure, which in Switzerland are more likely to 431 

be high-altitude areas, as the country is very mountainous and the vast majority of the 432 

population lives outside of the Alps (EDA, n.d.). It therefore stands to reason that the models 433 

that use data thinned by proximity to cities and roads model more rare environmental values, 434 

as mountain habitats have very variable climate and topography. 435 

 436 

The fact that H. mantegazzianum‘s distribution is most powerfully predicted by slope in 437 

Switzerland may reflect the fact that the species grows the most in the plains and lower lands 438 

(as seen in our occurrence data), presently not favoring the mountainous areas that cover much 439 

of Switzerland. This is supported by the fact that the plant indeed is more likely to occur at low 440 

slopes (see the response curves in Appendix 3). 441 

 442 

Future distributions 443 

Looking at the future predictions of habitat suitability in Switzerland (Figure 4), the habitat 444 

suitability decreases for all models, both Maxent and RF. However, in Maxent models, it does 445 

spread to higher up in mountains. This probably reflects the fact that H. mantegazzianum is a 446 

generalist species in its invaded range, meaning its distribution is mostly inside the most 447 

common climatic conditions found in Europe. This is supported by the fact that the model at 448 

world scale, fitted with climate variables, is the strongest predictor for the European models. 449 

The upward shift is likely representative of the future climatic shift, which would be driven by 450 

precipitation and the conditions of the growth season, as indicated by the most powerful 451 

predictors, the seasonality of precipitation, the length of the growth season and the temperature 452 

of the growth season. 453 

 454 

The radical decrease of habitat suitability from present to future for the RF models fitted at 455 

Swiss scale with non-thinned occurrence data may be telling of model overfitting. This is more 456 

likely to occur with large datasets. The very sharp limit between suitable and unsuitable areas, 457 

particularly in the model fitted with non-thinned occurrence data, further supports this theory. 458 

In addition, our method of sampling background points stratified randomly in environmental 459 

space implies splitting each environmental variable up in three strata and sample equally from 460 

those three. The strongest predictor of the non-thinned data RF models is the summed model 461 
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output at European scale. For both RF Swiss-scale models with non-thinned data, the 462 

probability of occurrence of the species is almost entirely concentrated in the upper third of the 463 

variable values (see Appendix 3). It could therefore be that our stratified random in 464 

environmental space sampling allows the model to draw a very rigid line between suitable and 465 

unsuitable habitat, explaining the dramatic decrease in H. mantegazzianum habitat suitability 466 

in the future. The same holds true for the RF projections of the models fitted with data thinned 467 

by artificial surface and urban area. 468 

 469 

It must also be noted that the decreases are more significant for RF models than for Maxent 470 

models, again perhaps indicating too strong fitting of data. However, the overfitting analyses of 471 

the RF models showed only one overfitted model on the European scale. Therefore, the models 472 

may perform very well, statistically, but put overly strict boundaries to the modelled niches. 473 

The more lenient predictions for Maxent models would seem to be more realistic for an invasive 474 

species, indicating that this algorithm is less inclined to put overly strict constraints on the 475 

modelled realized niche. 476 

 477 

Implications for management 478 

The usefulness of the output maps likely varies based on the exact spatial focus of conservation 479 

efforts. For instance, the models fitted with data from artificial surface and urban area do not 480 

match the present-day distribution of H. mantegazzianum. Therefore, these are likely not 481 

realistic. However, the Maxent models fitted with this dataset do demonstrate un upward shift 482 

of the species distribution in the future, and the output maps may therefore still be relevant 483 

when identifying areas to subject to scanning for the species in high-mountain habitats. 484 

Therefore, as all Maxent models fitted with all data display an upwards spread, they may all be 485 

useful for this purpose. 486 

 487 

In general, the models fitted with MCP thinned data display the least dramatic shift, which is 488 

likely to match reality, due to H. mantegazzianum’s invasive and generalist nature. Still, the 489 

models fitted with non-thinned datasets display the highest suitability values in Switzerland and 490 

are therefore least likely to underestimate H. mantegazzianum’s potential distribution, which is 491 

important in the case of invasive alien species. However, to use this study’s results to identify 492 

areas likely to be invaded, and therefore prioritize conservation efforts, it would be more 493 

prudent to use the slightly more restrictive MCP model outputs. Lastly, the output maps in this 494 
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study could be crossed with other relevant information, such as the spatial locations of 495 

biodiversity hotspots, the delivery of ecosystem services known to be impeded by H. 496 

mantegazzianum (such as recreational fishing) and locations where the health hazards posed by 497 

the species could be particularly harmful, such as in the proximity of schools. 498 

 499 

 500 

Conclusions 501 

The results presented here are a practical application of a tried-and-true method, i.e., the nested 502 

SDM approach that foils niche truncation and a new method, the use of environmentally 503 

stratified background points, to accurately predict the distributions of the invasive alien species 504 

Heracleum mantegazzianum Sommier & Levier. The background point sampling method has 505 

been demonstrated to increase model accuracy, though it possibly contributes to model 506 

overfitting. Whilst the model outputs differ between Random Forest and MaxEnt algorithms 507 

and by occurrence data thinning method, the models using occurrence data thinned by MCP 508 

likely represent the most reliable approximation of reality. Great conservation applications can 509 

be derived from this, when the 25m resolution Swiss maps are used to identify areas where H. 510 

mantegazzianum could cause significant health problems, such as densely populated areas and 511 

schools. 512 

 513 

 514 

 515 
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