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Abstract

Invasive Alien Species (IAS) are non na ve taxa that cause ecological and/or economic damage. They

are one of the primary causes of loss of biodiversity and ecosystem services, though they can be

managed. However, conserva on e orts are o en short on manpower and resources. It is therefore

crucial to computa onally model the poten al distribu ons of IAS. This thesis focuses on op mizing

exis ng modelling techniques for this purpose. One such technique is known as Species Distribu on

Modelling (SDM), which works by rela ng the environmental condi ons where the species occurs to

those where it does not, or, more commonly, to those at randomly sampled loca ons, which are known

as background points (BP). This allows SDMs to simulate the realized niche of and habitat suitability for

a species.

Because non na ve species can become invasive without our knowledge, the rst chapter of this thesis

compares which environmental variables most strongly predict the distribu ons of non na ve species

and their na ve congenerics. Subsequently, as SDMs quan fy an environmental niche, we designed

novel ways of environmentally sampling these variables using BP and compared them to the typical

geographic way in terms of SDM performance. The clues gathered in the previous two chapters were

then applied in the third to a well known IAS, Heracleum mantegazzianum Sommier & Levier. Finally,

the probability of invasion success in a new area was studied using the Niche Margin Index (NMI), which

has been shown in previous studies to be posi vely correlated with establishment probability and

measures the (dis)similarity between the na ve clima c niche and the local environmental condi ons.

We researched if di erent ways of quan fying the na ve niche a ected the NMI values.

It was found that non na ve species are more strongly associated with anthropogenic environmental

variables and less pris ne land cover types than their na ve counterparts, though climate was the

strongest predictor in both species groups. Sampling BP stra ed randomly and fully randomly in

environmental space yielded more stable and accurate SDMs than the classic method. The use of

environmentally stra ed BP may facilitate SDM over ng, however. Finally, the highest NMI values

were obtained when the na ve niche was quan ed using whole maps of the na ve range, followed

by those obtained when a thresholded SDM of the na ve range was used and nally by those obtained

using only na ve occurrences.

These ndings provide novel guidelines and considera ons for using SDMs and analyzing the

probability of IAS establishment in order to manage biological invasions.
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The conserva on crisis 

Nature and ecosystems underpin all life on this planet, including that of humans. All es ma ons 

regarding the contribu on of nature to economy and society are likely underes ma ons, as many 

values remain hidden (see e.g., Cavender-Bares et al. 2022 for forest ecosystem services). Nevertheless, 

even when limi ng ourselves to nature’s contribu ons to the economy, e.g., through analysis of 

provisional Nature’s Contribu ons to People (Ramel et al. 2020), evidence for the importance of the 

natural world is plen ful. One es ma on of nature’s direct contribu on to global economy is half the 

world’s GDP (World Economic Forum, 2020). Yet, anthropogenic impacts on nature progress. The 

Intergovernmental Science-Policy Pla orm on Biodiversity and Ecosystem Services (IPBES) lists ve 

major drivers of biodiversity loss: land use change, climate change, overexploita on, pollu on and 

invasive alien species (IAS). 

The ever shi ing and shrinking of species’ distribu ons and popula ons due to the rst four causes, or, 

conversely, the spreading of IAS (the h cause), can result in ex nc on and failure of ecosystem 

func ons (IPBES 2023). Knowledge of species’ current and future poten al distribu ons is therefore 

pivotal. However, holis c enough knowledge is di cult to acquire. Conserva on e orts are typically 

short on funds and manpower (Guisan et al. 2013) and it is impossible to gather su cient informa on 

through scien c eldwork (Araújo & Guisan 2006). The Interna onal Union for the Conserva on of 

Nature (IUCN) has long published expert-based maps of the na ve distribu ons of endangered species, 

but species’ actual distribu ons likely only cover parts of their na ve range (certainly in the case of 

plant species and insects (Díaz-Calafat et al. 2024)). 

Therefore, computa onal simula ons of species’ distribu ons are pivotal. Sophis cated algorithms 

that allow ng so-called Species Distribu on Models (SDMs) have been developed by ecologists and 

mathema cians speci cally for this purpose. The core of this thesis is on how to a une SDMs to the 

central problema c of IAS. 

Invasive Alien Species 

Even within the scien c community and literature, the de ni ons of alien or invasive species are o en 

inconsistent and can vary widely (Clarke et al. 2021, Haider 2011, Kouran dou et al. 2022). In this work, 

we adhere to the following de ni on: IAS are taxa that 1) are non-na ve in parts of the world and 2) 

have been proven to cause economic and/or ecological and/or health damage (Polce et al. 2023). We 

also consider the term “alien” synonymous to “non-na  ve” and emphasize that not all non-na ve 

species are invasive. A species must also cause demonstrable ecological and/or economic damage to 

be labeled as such (Steen et al. 2024a).  
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IAS cause an es mated $423 billion of economic damage every year, worldwide (IPBES 2023), through 

direct impediment of ecosystem services, posing health hazards (Bhowmik & Chandran 2015), 

overturning nutrient regimes (Steen et al. 2019a), upse ng ecological balance, outcompe ng local 

ora and fauna, forming dense stands and monocultures, etc. It is es mated that IAS have directly 

caused or contributed to 60% of global species ex nc ons (IPBES 2023). 

Interna onal e orts by, e.g. the European Alien Species Informa on Network (EASIN) team help 

iden fy dangerous IAS and facilitate early warning systems for other countries (EASIN, n.d.). S ll, the 

observa on of the damage o en comes too late, and in such cases, remedia on is the only op on. 

Preven on is, however, a far preferable alterna ve (Schwindt et al. 2024, Steen et al. 2019a). Therefore, 

in the struggle against IAS, SDMs are invaluable, and it is important to not (always) limit research to 

those species already known to be invasive, but to also inves gate non-na ve species that do not (by 

our knowledge) cause damage. 

The IAS crisis: pathways of invasion and importance of SDMs 

The EASIN team provides a comprehensive overview of the numerous modes by which IAS spread from 

one place to another (EASIN, n.d.). 

They have subdivided these modes into six main categories: escape from con nement, release in 

nature, stowaway, contaminants, ecological corridors, and unaided (see also Saul et al. 2016). Indeed, 

some IAS s ll cause damage without any demonstrable interference from humans. Nevertheless, the 

pathways all remain greatly problema c, due to insu cient funds or means to control them at source, 

as well as insu cient public awareness. For instance, the species Heracleum mantegazzianum (giant 

hogweed) has spread to high al tudes in Switzerland a er escaping form botanical gardens (Ecospat 

2005). 

However, at present, high mountains and some other areas (like the polar regions) have remained 

mostly free of invasion by IAS (Pauchard et al. 2009, Pe tpierre et al. 2016). Preven on of damage by 

IAS is s ll possible there. However, their invasions must be foreseen. SDMs are cri cal tools for this. 

Species Distribu on Models: de ni on, uses and how to use them 

SDMs (also known as ecological niche models (ENMs) and by many other names; Guisan et al. 2013) 

typify the environmental niche of a species by iden fying sta s cal correla ons between the 

environmental condi ons at the loca ons of species presence (occurrence data) and those at loca ons 
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where either the species does not occur (absence data) or that are randomly sampled throughout the 

study area (background points). Therefore, SDMs can only model the known part of the realized niche 

of a species. The model’s outputs can then be used to create maps of habitat suitability for the 

modelled species all over the study area, which can range from local scale (e.g., the Alps in the Swiss 

contain of Vaud (RechAlp, n.d.)) to world scale. It can also vary on the temporal scale, if environmental 

data for the appropriate me are available. Once a species’ niche is quan ed, it can be projected in 

geographic space, as well as to the future or the past (Franklin 2023). 

The general steps included in running presence-only SDMs are given in gure 1: 

Figure 1: Sequence of the SDM analysis process. Used with permission from Guisan et al. 2017. Courtesy 

of Prof. Antoine Guisan. 

The use of SDMs is increasingly advised in studies to guide and underpin the limited resources available 

for conserva on measures. Though they remain underused in prac ce (Steen et al. 2024, Tulloch et al. 
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2016), they are becoming more and more popular. For instance, IUCN is using and publishing SDMs to 

1) es mate the prevalence of species within its range as an indicator of ex nc on risk, and 2) to assess

the poten al impacts of climate change on the distribu ons of species (Cassini 2011). 

SDMs can serve many purposes, and their use is a rapidly progressing eld of science. Many studies 

use SDMs to model one or a few species of high conserva on importance, such as keystone species 

(Song et al. 2024), umbrella species (Maslo et al. 2016), agship species (Dejene et al. 2021), or IAS 

(Steen et al. 2019a, Steen et al. 2024b). However, for other purposes (e.g., assessing the integrity of 

na onal ecological infrastructure (Rey et al. 2022), SDMs on more species are needed. Recent advances 

have been made to both model many species (Adde et al. 2023a) and to automa cally select 

environmental variables (Adde et al. 2023). 

SDMs have been used successfully to guide alloca on of conserva on resources on mul ple occasions, 

(Rathore & Sharma 2023), such as predic ng the distribu ons of invasive alien species (Barbet-Massin 

et al. 2018), iden fying poten al protected areas (Araújo & Williams 2000) and predic ng endangered 

species distribu ons (Engler et al. 2004). 

Limita ons of SDMs 

However, despite their usefulness and successes, there are both prac cal and theore cal challenges to 

using SDMs. The list below is not meant to be an exhaus ve overview of these challenges, but to 

address some core limita ons in the SDM process that will ma er in this thesis. 

SDMs and their assump ons 

Models are approxima ons of reality. As a result, one must make assump ons when using them 

(Franklin 2010, Guisan et al. 2017), rst and possibly foremost: 

Equilibrium with the environment

SDMs being sta c, they implicitly assume that the rela onships of a species with its environment are 

in equilibrium in a given me period (Franklin 1995, Guisan & Zimmermann 2000). In reality, the 

environment is always changing, and species are evolving, so that one rather speaks about pseudo-

equilibrium at a given snapshot in me (Guisan & Zimmermann 2000). SDMs are o en used in the 

context of climate change, in which case this assump on can become violated, e.g. if species cannot 

track climate change velocity (Jump & Peñuelas 2005, Radchuck et al. 2019). 
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The assump on is, therefore, probably not sa s ed for all species. Notable among the species for 

which the assump on of equilibrium very likely does not hold up are IAS (Gallien et al. 2012), for which 

the niche can expand in some case as invasion progresses (e.g., through both niche lling and 

expansion; Guisan et al. 2014), though this process does halt at a certain stage, when the species has 

colonized all condi ons of its na ve niche (Foster et al. 2022). 

Everywhere a species can live, it will live

Species distribu ons are driven by more than what SDMs can account for. Since SDMs are based on 

environmental data, they can only provide es ma ons of abio c habitat suitability. Whilst this does 

probably in uence the likeliness that an IAS could se le in a speci c area, it does not include 

considera ons of dispersal capacity limita ons, or of barriers to establishment (e.g., soil suitability, 

bio c interac ons, etc.). In the case of plants, natural dispersal capacity is o en very limited, ranging 

between 0.1 and 5000m (Vi oz & Engler 2007). They rely o en on the wind to spread their spores 

(Zana a et al. 2020) and animals ea ng their fruits to spread their seeds far. It must however also be 

said that many plants nowadays are spread by human movement, which probably increases the 

chances of dispersal for many taxa (Saul et al. 2017). 

There is another impediment that SDMs cannot account for, again mostly relevant to plants: the 

possibility of establishment. Dispersal and habitat suitability o en do not su ce to grow in new places 

due to bio c interac ons. All niches may already be occupied, and natural enemies of the species may 

be present. There is also the possibility of insu cient propagule pressure. For a more exhaus ve 

overview, see Enders et al. 2020.  

Probability of establishment is a complex subject. There are numerous studies focusing on the speci c 

traits that help plants to survive (e.g., high seed produc on, allelopathy, phenotypic plas city, etc. 

(Sko aji  & Neši  2021)), and on invasion probability at di erent life stages of the plant (e.g., Gioria et 

al. 2018, Moles & Westoby 2006, Stohlgren et al. 2005). Whilst many ques ons remain on this topic 

(Crooks & Rilov 2009), this thesis makes no a empt to research the exact mechanisms that determine 

invasive success, but the probability of establishment is a meaningful addi on to SDM outputs which 

will be addressed again later. 

Niche stability

Even if a species is at equilibrium with its environment at a certain me, the rela onships are assumed 

to be sta c over me and space (Barbet-Massin et al. 2018). SDM outputs are namely o en projected 

into the future, the past, or another geographic area. The assump on of niche stability may not hold 

true. For instance, a er their rst introduc on to a new area, the niches of IAS expand. This does not 

12



yet imply disequilibrium as their niche is in theory stable un l they have lled all condi ons within their 

na ve niche, but the na ve niche is possibly an unreliable es mate of their invaded niche 

(Broennimann et al. 2007). However, Pe tpierre et al. (2012) have shown that in general niche shi s 

are rare in major plant invaders, and Broennimann et al. (2021) have shown that probability of invasion 

success by mammal species is posi vely correlated to the degree of similarity between the na ve and 

invaded range clima c niches. This new avenue of science requires further research – see below. 

Correla on is not causality 

SDMs are correla ve models, and thus the species-environment rela onships captured do not 

necessarily re ect ecological causa on (Aus n 2007, Dormann et al. 2012).  

This limita on of SDMs links to three di erent aspects of SDMs: environmental variable selec on, 

background point sampling, and occurrence data. 

Environmental data

It is possible to get a well-performing SDM whilst choosing variables that are not associated with the 

species’ niche at all (Por rio et al. 2014).  

This is undesirable. Even if the model can explain the distribu on of the occurrence data provided to 

it, it is unlikely that this data provides a holis c enough view of the species’ actual distribu on, meaning 

that the model’s results might be misleading when being projected spa ally or temporally (Randin et 

al. 2020). Insight into the species’ niche and the causality of its distribu ons are needed as a reality 

check.  

In addi on, the (non-)availability of environmental covariates is o en a limi ng factor for SDM-based 

studies. For instance, world-scale clima c models do not account for local-scale weather anomalies. 

S ll, coarse-scale world climate models are available (Karger et al. 2017) and local-scale environmental 

data have been used in many studies, especially in well-documented areas, such as the Swiss Western 

Alps of Vaud (Von Daniken et al. 2014)) or the whole area of Switzerland (Külling et al. 2024). 

Nevertheless, variable selec on is a cri cal part of properly quan fying the niche of a species. 

Background points: sampling the environment

Selec on of the appropriate variables is not enough. There is also the problema c of sampling the 

background environment when only presences are available to t the model (Phillips et al. 2009, 
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Barbet-Massin et al. 2012, Wisz & Guisan 2009). But herein also lies an opportunity to introduce 

ecological theory and (possibly) reliability into SDMs. 

The environment can be sampled with absence data, meaning loca ons where the species is not, but 

these are o en not available (Václavík & Meentemeyer 2009), perhaps mostly because they are not 

included in opportunis c datasets, which rules out the use of ci zen science data (Morera-Pujol et al. 

2023). A demonstrably e ec ve alterna ve are background points (Barbet-Massin et al. 2012), 

randomly selected loca ons that serve to inform the model about the environment available in the 

study area. 

For the sake of computa onal e ciency, whole datasets covering every single pixel of the study area 

are never used (or desired) in SDMs. Instead, a random number of pixels (typically 10 000) are sampled 

to select the environmental values that should be contrasted with those of the loca ons where the 

species is present. Typically, in the large majority of papers, they are sampled en rely randomly in 

geographic space, i.e., each pixel in the map has an equal chance of being sampled (Steen et al. 2024b). 

If the method of background point selec on gives the model a biased view of the environment, the 

e ect might be the same as when selec ng the wrong environmental variables. Sampling an 

environmental niche in a geographic manner may pose this risk. Sampling the background points 

environmentally may therefore be more desirable (Steen et al. 2024).  

In what way should the environment then be sampled? Fully random in the environmental hyperspace 

(as de ned by the environmental variables inserted in the model) is an op on. However, when looking 

at the op mal design for sampling species occurrences in the eld, Hirzel & Guisan (2002) have 

hypothesized that stra ed random in environmental space is more desirable. This principle is 

transferable to background points. If the strata are chosen well, sampling happens on both sides of the 

environmental limits of where the species can occur, and SDMs are given op mal informa on to 

determine where precisely the limit is. This should lead to op mal typi ca on of the species’ 

environmental niche and therefore to accurate spa al and temporal predic ons of habitat suitability.  

However, considering that the aforemen oned assump on of equilibrium with the environment is 

o en not sa s ed, the limit between suitable and unsuitable habitat may be incorrectly iden ed also 

when sampling the background points in an environmentally stra ed fashion. Therefore, it is 

interes ng to study those rare cases when environmental equilibrium can be assumed. For instance, 

Alpine plants likely occupy their full realized environmental niches, since they can grow at lower 

al tudes (Steen et al. 2024b), but are outcompeted (Vetaas 2002, Lyu and Alexander 2022). The habitat 

of these species is at the environmental edge of the study area. Therefore, sampling the extremes is 

prudent in this case. This would be done by sampling stra ed randomly in environmental space. 
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The opposite is likely true for generalist species. Here, it would be desirable to distribute the sampling 

points across the most common environmental values, meaning fully randomly in environmental space 

(Bazziche o et al. 2023). Using this method, the species’ niche would be best typi ed by the most 

common values. For instance, in Europe, a species that favors average temperatures is more likely to 

spread to temperate areas than to high la tudes and mountain tops, as the former are more abundant. 

Sampling fully randomly in environmental space would produce less accurate models for the edge of 

the species’ poten al distribu on, but one could hypothesize that the prac cal use of sampling fully 

randomly would be greater in the case of generalist species. 

Therefore, it is possible to tailor background points to the studied species, using ecological insights. 

Background points are the rst stochas c step in the SDM process. Therefore, tailoring them to the 

species is the rst step on the way to introducing causal insight into the correla ve process of SDMs. 

At this stage, we refer again to Figure 1. 

Step 2, data prepara on, is where background point selec on takes place in presence-only species 

distribu on models. They must be selected with a degree of stochas city, which is necessary to avoid 

random associa ons and have models be unbiased (Zhu 2023). Some stochas city is needed for 

background sampling. As such, the outputs of SDMs are subject to sta s cal probability. Therefore, 

insensi vity of SDM predic ons to stochas city (i.e., stability of predic ons) is crucial, as well as their 

accuracy.  

However, introducing ecological knowledge and theory whilst s ll retaining the necessary randomness 

can also be done by sampling background points (Chapman et al. 2019). Sampling background points 

environmentally can allow for connec ng SDMs to ecological theory. For instance, sampling them 

stra ed randomly in environmental space would be prudent for specialist species at the edge of the 

available environment in the area (such as mountains species or Arc c species) and sampling fully 

randomly in environmental space might be be er in the case of generalist species and IAS. 

Occurrence data: ci zen science and sampling bias

A nal important limita on is the availability and reliability of occurrence data. Scien sts typically 

sample according to standardized and non-biased protocols, but these are insu cient for large-scale 

conserva on e orts (Theobald et al. 2015). However, in recent decades, increasingly large bodies of 

species occurrence data collected by nonscien sts, i.e., ci zen science data, have become available 

(Bird et al. 2014). The emergence of ci zen science datasets has opened the possibili es of much larger 

scale SDM studies (Bird et al. 2014). 
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Ci zen science datasets, however, su er from many shortcomings (Graham et al. 2004, Anderson et al. 

2020). For instance, the competence of the collectors is not guaranteed. Moreover, the sampling is 

biased in many regards. Ci zen science occurrence data are typically sampled close to infrastructure, 

are very rare in many countries, are more abundant in low-al tude areas, favor speci c mes of the 

week and year, and oversample some taxa whilst undersampling others (Bird et al. 2014, Callaghan et 

al. 2019, Anderson et al. 2020, Hughes et al. 2021, Díaz-Calafat et al. 2024). 

When the nature of the sampling bias is known, it is usually straigh orward to eliminate it by thinning 

the data accordingly (Steen et al. 2019b). For instance, if the data are oversampled close to roads and 

ci es, the data can be thinned close to those areas and not further away from there. However, when 

using ci zen science data, the exact nature of the bias is almost never known (Di Cecco et al. 2021), 

and as a result, compensa ng for the bias might also eliminate relevant ecological informa on (Steen 

et al. 2021). For instance, some plant species occur close to and inside of ci es because they were kept 

as decora ve plants and subsequently escaped (Saul et al. 2017). In this case, thinning the occurrence 

data close to the ci es would eliminate this important mechanism of spreading. 

As a result, undersampling or false treatment of occurrence records can truncate the niche of a species, 

poten ally causing SDMs, as fully correla ve models, to iden fy false pa erns. 

Beyond SDMs: Probability of establishment and the Niche Margin Index 

To address the paucity of available methods to assess probability of invasion, a dimension not included 

in SDMs, Broennimann et al. (2021) designed a niche-based approach called the Niche Margin Index 

(NMI). This measure quan es the distance of the clima c condi ons in an invaded site to 

the closest margin of the clima c niche measured in the na ve range of an IAS. Posi ve values mean 

the condi ons at the site are within the na ve niche (i.e niche innerness), a value of zero means that 

the site is at the na ve niche margin, whilst nega ve values mean the condi ons at the 

site are outside the na ve niche (i.e., niche outerness). SDMs typically predict value within the niche, 

and thus account for the former, but they always predict zero outside the niche, and thus 

cannot predict the la er. Therefore, the NMI can provide novel insights into how much a site can be 

invaded even if it lies outside the na ve niche.  

Broennimann et al. (2021) proved that the NMI is posi vely correlated with invasion success of 

mammals when the na ve range is quan ed using expert maps of the na ve range of the species 

published by IUCN. However, such maps may overes mate the na ve range for plant species. 

Therefore, whilst the NMI is a niche-based approach that allows for assessing the probability of 

16



establishment of IAS for many species at once in large ranges, addi onal research is required to assess 

its usability for plants (and other species groups). 

This thesis: the knowledge gaps addressed

The work presented here focuses on addressing several knowledge gaps remaining in those scien c 

methods that have the unifying goal of crea ng conserva on tools to aid the struggle against IAS: 

1) What are the di erences in environmental variables most e ec ve in building SDMs for na ve

and non-na ve species?

2) Does sampling background points in environmental space improve SDM performance?

3) Does the op mal method of background point sampling di er between species that are at

equilibrium and species that are at disequilibrium (e.g., IAS)?

4) How can we quan fy the suscep bility of an area to invasion? In other words, how do we add

the dimension of na ve niche outerness, and not just innerness, to the probability that a

certain site will be invaded once an IAS arrives there?
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Thesis outline 

Following the above theory and remaining unanswered ques ons and data/method gaps, this thesis is 

structured as follows: 

Chapter 1 addresses the issue that before the problems caused by IAS can be tackled, it is important 

to realize that many such species do not start out as invasive. A species can only be labeled as such 

when the damage it causes has been demonstrated and therefore, remedia on is o en the only op on 

(Steen et al. 2024a). Therefore, this chapter does not limit itself to only invasive species, but studies a 

variety of non-na ve plant species, regardless of invasiveness. In this rst chapter, SDMs were used to 

compare the environmental variables that most powerfully predict the distribu ons of 141 plant 

species non-na ve to Switzerland to those of a same number of their na ve congeners. This was made 

possible through the development of a specialized R package (CovSel; Adde et al. 2023). We found that 

variables associated with human altera on of the environment and proximity to human infrastructure 

more powerfully predicted the distribu ons of the non-na ve species, though clima c variables were 

the most powerful predictors in both na ve and non-na ve SDMs. 

Chapter 2 deals with how varying the strategy of background point sampling a ects the accuracy and 

stability of SDM outputs. Background points allow the model to make a sta s cal approxima on of the 

realized niche of the species by contras ng the environmental values at the loca ons where the species 

is present to the environmental values available in the study area. Since a species’ niche is an 

environmental hyperspace, sampling environmentally is theore cally a preferable alterna ve of the 

typical geographically random sampling. In this chapter, we present novel ways of sampling background 

points stra ed randomly and fully randomly in environmental space and inves gate their e ects on 

model accuracy and stability. 

Chapter 3 is a prac cal applica on of the clues that have been gathered over the previous two chapters 

for a single IAS, Heracleum mantegazzianum. This chapter also employs the hierarchical/nested 

approach to avoid niche trunca on and elaborates speci cally on the steps of ecological variable 

selec on, dealing with sampling bias in the occurrence data, the stra ed random selec on of 

background points, tuning the SDMs, performing over ng analyses, and making future projec ons. 

Chapter 4 seeks to add a dimension to SDM outputs, namely the probability of establishment by IAS 

when they arrive. The chapter uses the NMI to assess if invasion success of plants can be predicted by 

the degree of similarity between the na ve realized clima c niche and the realized clima c niche in the 

invaded range. We inves gated mul ple methods to quan fy the na ve range, namely using only 
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occurrence points in the na ve range of the species and the values within a thresholded SDM, and 

compared the acquired NMI values between the treatments. 
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Abstract 

1. Global environmental change will cause shifts in species communities, with non-native species 

likely replacing native ones at an unprecedented rate. This will have consequences for

biodiversity and ecosystem services, in addition to the ecological and economic damage

caused by those non-native species that are invasive. Understanding general patterns driving

distributions of native and non-native species is therefore vital, but no study has compared yet 

whether environmental variables that correlate with a species’ presence differ between the

two groups other than at local scale and often with very limited sample size.

2. In this study, we focus on 141 native and non-native congeneric plant species pairs at the scale

of Switzerland. In the framework of correlative species distribution models, we used newly

developed methods for efficient automated selection of a parsimonious number of predictor

environmental variables to determine which ones, out of a large candidate set in eight classes,

have the strongest explanatory power for both species groups.

3. Our results indicated that variables influence the two groups in significantly different ways.

Climate was by far the strongest determinant of both native and non-native species

distributions, although it had significantly more explanatory power in native species models.

4. Models for non-native species were significantly more influenced by anthropogenic factors,

land use variables, and forest cover. The presence of non-native species was also associated

with habitats with a significantly lower mean naturality value than native species.

5. These findings provide novel empirical evidence for the different environmental factors driving 

native and non-native plants’ distributions and guidance for non-native species management.

6. Practical implications: SDMs are an increasingly frequently advised tool for conservation

management and our results provide guidelines on which covariates should be specifically

considered to assess the habitat suitability of non-native versus native species. The

distributions of the former group of species are particularly important to research, as, in time,

they may turn invasive. In addition, areas close to infrastructure should be scanned regularly

for incipient colonizations by non-native species, especially in as yet uninvaded areas, such as

high mountains.
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Introduction 

Understanding the environmental factors that determine a species’ distribution is a foundational step 

in ecology (Brown et al. 1996). Species’ distributions are shaped by abiotic and biotic factors, and their 

spatio-temporal variations (Pulliam 2000). Humans have significantly modified both the biosphere and 

geosphere (Steffen et al. 2018), for example by modifying land-cover, altering the climate, and moving 

species outside of their historical ranges (IPBES 2019). This begs the question whether these factors, 

and which ones, shape current species distributions (Thuiller et al. 2008, Guisan et al. 2013). In this 

regard, the introduction of species outside of their historical ranges can be used as a large-scale 

“natural experiment” to investigate what drives changes in species distributions (Yoshida et al. 2007, 

Colautti & Lau 2016). It can provide insight into the different pressures that are being put on native 

communities, and the pressures experienced by non-native species in a new environment. In addition, 

it can reveal how and where populations will change in the modern, heavily globalized world. Species 

are labelled as non-native (alternatively as introduced, alien, or exotic) when they have spread beyond 

their natural home range, i.e., whose colonization of new regions has been influenced by humans (Soto 

et al. 2024). Non-native species are further labelled as invasive if their presence is associated with clear 

economic losses, undesirable human health impacts (e.g., allergenicity) or are perceived to harm 

native biodiversity (Pyšek et al. 2020, FOEN 2022, InfoSpecies, n.d.-a, n.d.-b). 

Biologists generally study invasive species either to observe evolutionarily novel situations, or to 

understand how to anticipate and mitigate their undesirable effects (Guisan et al. 2014, Van Kleunen 

et al. 2018). The overwhelming majority of non-native species, however, are not considered invasive 

(European Environment Agency 2023). For instance, they represent only 15% of non-native plant 

species in Switzerland (Infoflora 2022). As much focus is put on the invasive fraction, less is generally 

known about introduced non-native species ecology (where they are established) and their functions 

(how they interact with other biotic and abiotic components of their ecosystem). Such questions are 

important both to better predict the probability of a non-native species becoming invasive but also to 

consider their potentially harmful effects on ecosystems or, reversely, their potentially desirable 

contributions to ecosystem resilience and the contributions to human well-being (Davis et al. 2011, 

Sax et al. 2022). However, it is important to note that species that are invasive don’t start out as such. 

It can take decades before a taxon displays the typical characteristics of an invasive species (Robeck et 

al. 2024). A species therefore is labeled as invasive only when the damage is already ongoing, and thus 

remediation is often the only management option on the table. Investigating whether non-native and 

native species share (or not) similar properties can thus be instrumental to shift from remediation to 

prevention, which is a preferable alternative. It is therefore important to investigate whether non-

native and native species share (or not) similar properties (e.g., climatic niche, colonization capacity, 
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ability to tolerate human disturbances) (Davis et al. 2011; Pyšek et al. 2020), and to not limit ourselves 

to only researching non-native species that are already labeled as invasive. In this regard, Species 

Distribution Models (SDMs; Guisan et al. 2017) are important tools to identify, in geographic space, 

relationships between species observations (presence and sometimes also absence; i.e., the response 

variable) and attributes of the abiotic environment (i.e., the covariates), such as mean annual 

temperature or land use types. They are popular tools in conservation planning and ecological studies 

(Barbet-Massin et al. 2012, Guisan et al. 2013, Araujo et al. 2019, Low et al. 2021), despite being 

underused in practice (Tulloch et al. 2016). By identifying key environmental factors associated with a 

species’ distribution, SDMs can be used as explanatory tools to understand the relationship between 

the distributions of species and the environment, for instance to assess whether environmental drivers 

differ between native and non-native species. 

Bioclimatic factors have a strong influence on both native and non-native species occurrence and 

establishment (Zimmermann, 2009, Petitpierre et al. 2016, Broennimann et al. 2021). In addition, 

many studies have established a statistical association between presence of non-native species and 

anthropogenic factors (Pyšek et al. 2020), including human population density, global trade network 

connectivity and gross domestic product (Chapman et al. 2017, Lembrechts et al. 2017, Zhou et al. 

2020, Bonnamour et al. 2021). Furthermore, anthropogenically disturbed areas are more likely to be 

colonized by non-native species (Oshima & Takahashi 2020, Rojas-Sandoval et al. 2024), particularly 

by invasive plants (Meyer et al. 2021), due to opened niches and probable excess of nutrient 

availability, among other things. At a local scale, the occurrence for a non-native population is further 

conditioned by the presence of nearby population sources (Froese et al. 2019, Cook et al. 2021). All 

these latter factors, however, can also potentially determine the distribution of native species, so that 

it remains unclear whether similar or different environmental factors determine the distribution of 

native versus non-native species.  

However, despite the proven effectiveness of SDMs in conservation planning (Guisan et al. 2013, 

Eckert et al. 2020), they suffer from a well-known potential drawback: the niche of the modelled 

species is assumed to be at equilibrium with the environment. This assumption is not satisfied for at 

least some non-native species, since their colonization of new areas is progressing and their niche is 

still expanding (Broennimann & Guisan 2008, Carlin et al. 2022). The assumption may however hold 

up better for some native species (Normand et al. 2011, Steen et al. 2024).  This is another reason why 

it is important to compare the processes driving the distributions of native and non-native species. 

Such changes can be analyzed under the COUE (centroid shift, overlap, unfilling, expansion) framework 

postulated by Guisan et al. (2014). This bring us to another reason SDMs are interesting tools to study 

this concept: they allow for assessing whether there is niche overlap between native and introduced 
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species. Niche overlap would imply competition, whilst niche divergence would mean possible co-

existence. 

Here, we take advantage of a large set of existing SDMs previously generated by a modelling pipeline 

that contains an automatic selection of the environmental variables (Adde et al. 2023a,b) to test, 

whether the set of factors finally selected in the model differs between non-native exotic species and 

their native congeners. One congener was selected randomly for each exotic species. We focused on 

congeneric species pairs in order to mitigate as much as possible all confounding factors existing 

between the target native and non-native species. Using congenerics, the major difference between 

the two species groups should be in their degree of nativeness. Other factors like differing growth 

speeds, different ability to generate propagules, different shade tolerance, etc. are theoretically 

comparable in our paired sampling design. 

Specifically, we formulate and test the following hypotheses: 

1) Native and non-native species’ distributions are driven by different environmental factors. 

2) Non-native species favor areas that are in close proximity to human infrastructures. 

3) Non-native species’ distributions are more strongly driven by anthropogenically altered 

natural environments.  
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Materials and Methods 

SDMs of Swiss plant species were fit using the new N-SDM multi-species modelling software (Adde et 

al. 2023a) that includes an automated procedure to select the best covariates (i.e., environmental 

factors) out of a panel of numerous candidate ones (Adde et al. 2023b). Of these outputs, pairs of 

congeneric native and non-native species were chosen for comparative analysis and the environmental 

variables were divided into eight different classes (Table 1). We analyzed in a paired way how often 

these variable classes were selected in both species groups, and for the selected variables what was 

their average importance. In addition, we made an ordinal measure of naturality of land use/land cover 

factors and compared the naturality scores between both species groups.  

Study area 

Switzerland is home to approximately 2’800 known plant species (Flora Helvetica), of which 730 are 

considered non-native (FOEN 2022). The country is characterized by sharp altitudinal gradients, and a 

large variability in climate (Petitpierre et al. 2016). Major habitats include grasslands, montane and 

subalpine forests (with coniferous forests spreading to higher altitudes than deciduous ones) and fully 

unvegetated areas at the highest elevations (Schwarz et al. 2004, Scherrer et al. 2020).  

Species distribution models 

SDMs were previously constructed for all possible plant species in Switzerland with enough occurrence 

data for model fitting and using an efficient automatic selection process to identify the subset of the 

833 initial environmental variables that have the strongest association with a species’ presence (Adde 

et al. 2023b).  For each species, SDMs were fitted at two levels (continental and regional) in a nested 

design to prevent niche truncation (Chevalier et al. 2021, Adde et al. 2023a). At the continental level 

(here Europe), a bioclimatic SDM was fitted to capture the whole species’ climatic niche (Chevalier et 

al. 2022). This output was then clipped to the regional-level extent (here Switzerland) and used it as 

covariate for the regional-level model, as similarly done by Chevalier et al. (2022). The continental 

model output (i.e. bioclimatic envelope) extracted for  fitting the regional-level model was the only 

covariate that was always forced to be included in the final set of covariates. All other variables were 

candidate predictors and selected automatically using the covsel R package (Adde et al. 2023b; see 

next section).  
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For the continental-level model, species observation data were retrieved from the Global Biodiversity 

Information Facility (GBIF; https://doi.org/10.15468/dl.zwp3dx; accessed on the 27th of October 2021). 

For the regional-level model, data from the Infospecies database (www.infospecies.ch), the Swiss 

center of species information, were used. At both levels, data were retrieved for the time period of 

1980-2020  and the occurrence records were spatially disaggregated using a minimal distance of one 

km between two points at the continental level, and 200 m at the regional level. 

Environmental covariates 

Environmental covariates used to fit SDMs were different at each level. For the continental level, we 

used CHELSA version 2.1 (Karger et al. 2018) bioclimatic variables available at a resolution of one km2. 

For the regional level, 67 candidate covariates were retrieved from the SWECO25 database (Külling et 

al. 2024).  

The variables fall into eight main classes (Table 1). The full list of covariates is presented in Supporting 

Information (Table S2). 

Table 1: The classes of environmental variables used to fit the SDMs at the Swiss-scale (Kulling et al. 

2024).  

Class Examples Level Number of candidates

Bioclimatic envelope Output from continental scale 

model 

Continenta

l 

19 

Edaphic Nitrogen and phosphorus 

content, soil moisture 

variability 

Regional 8 

Hydrological (hydro) Distance to lake, distance to 

river, slope. Baseflow index 

Regional 10 

Topographic (topo) Aspect, hill shade, slope Regional 3 

Human population 

density (popdensity) 

Humans per 25m. Regional 1 

Transport Noise pollution index, distance 

to road/ topographic distance 

to road 

Regional 3 
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Vegetation (vege) canopy cover, proportion of 

different forest types 

Regional 6 

Land use / land cover 

(LULC) 

forest, agriculture, farm 

pastures, scattered fruit trees 

Regional 39 

Edaphic factors are soil related variables, such as pH, nutrient content, moisture, and aeration. They 

were included into the study because they strongly influence the distributions of plants species and 

have particularly been proven to affect alien plant abundance (Bigelow & Canham 2002, Collette & 

Pither 2015, but Ender et al. 2017). The effect may be particularly strong at our local scale with a spatial 

resolution of 25X25 m, since soil variable vary strongly over small distances. Hydrological factors relate 

the lake/river flow and ground water. They include factors related to river morphology, river 

catchment discharge, distance to water and snowmelt. They are important to consider, since some of 

our target species are water-dependent (see Supporting Information Table D).Topographic factors are 

mean, median, minimum and maximum hillshade, aspect (orientation) and steepness of the slope. 

They are related to important determinants of habitat suitability for plants, like light availability 

(Charbonneau & Fahrig 2004) and potential erosion. The latter has been proven to affect species 

composition in the Swiss Alps (Huck et al. 2013). Human population density is both a single variable 

and a class. It is the number of inhabitants per 25 m pixel; an important variable to consider, since 

human disturbances are strong possible drivers of non-native species distributions (Pyšek et al. 2020, 

Zhou et al. 2020). The different transport variables are noise pollution index, Euclidean distance to 

roads and topographic distance to roads (meaning the shortest topographic path). These are very 

important variables, as they represent the main avenues for seeds of non-native plants to spread 

(Pyšek et al. 2020, Lembrechts et al. 2017), though we use noise pollution as a proxy for anthropogenic 

activties. Vegetation variables are: canopy cover (minimum, maximum and medium), proportion of 

coniferous forest and proportion of deciduous forest. These proportions are calculated using a moving 

window (Kulling et al. 2024), the size of which can range from 25 m to 5000 m and is chosen 

automatically based on highest explanatory power by the covsel R package (Adde et al. 2023b). These 

moving windows were also used for the land use/ land cover  (LULC) class (Adde et al. 2023). Examples 

of the many variables in the LULC class are devastated forest, forest fresh cuts and mountain meadows 

and pastures. All these environmental factors affect light conditions, which has been shown to be a 

strong influencing factor of alien plant abundance (Charbonneau & Fahrig 2004). In addition, forest 

disturbances have been shown to be positively correlated with alien plant invasion (Oshima & 

Takahashi, 2020). 
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Automated covariate selection was done by using the covsel R package (Adde et al. 2023b), whose 

outputs include a list of environmental variables that are statistically associated with each species’ 

presences (across all species), a score of their relative importance in the model (table 2). The variable 

that best explains each species distribution is assigned an importance value of 1, and the others are 

assigned the appropriate fraction. The full dataset used in this study is available online (Adde, 2024).  

 

 Selection of species pairs 

We established pairs of congeneric plant species composed of a native and a non-native to control for 

ecological characteristics that could be attributed to a shared evolutionary history and to obtain an 

equal number of units in each group. First, we identified non-native species with at least one native 

congener. A random draw (function ‘sample’ in R) selected only one native species in cases where 

multiple native congeners existed. This resulted in 141 native – non-native species pairs, of which 15 

(11%) are invasive, a percentage similar to the ratio in all non-native plant specie sin Switzerland (15%) 

(Infoflora 2022). 

 

Table 2: Covariates selected for the species pairs Bidens cernua (native) and Bidens frondosa (non-

native), Heracleum mantegazzianum (non-native) and Heracleum sphondylium, (native), Vinca major 

(non-native), and Vinca minor (native)  their average importance and the naturality score of the 

selected variables belonging to the LULC class. 

Species modelled 
Variables selected 

Average variable 

importance 

Naturality score of LULC 

variables 

Bidens cernua bioclimatic envelope 0.96   

  distance to lake 0.46   

  

settlement urban amenities 

cover 
0.32 1 

  alpine pastures cover 0.31 4 

  soil moisture 0.28   

  slope 0.24   

  soil ph 0.2   

Bidens frondosa bioclimatic envelope 1.00   

  agriculture cover 0.19 2 
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settlement urban amenities 

cover 
0.18 1 

  

other arable land and 

meadows cover 
0.18 3 

  soil moisture 0.11   

  soil aeration 0.11   

  

unproductive grass and shrubs 

cover 
0.09 4 

  euclidean distance to road 0.07   

Heracleum 

mantegazzianum 
bioclimatic envelope 1.00 

  

  euclidean distance to road 0.22   

  

favourable arable land and 

meadows cover 
0.19 3 

  grassland meadows cover 0.16 3 

  soil moisture 0.14   

  deciduous forest cover 0.13   

  alpine pastures cover 0.13 4 

  path distance to road 0.08   

  

other arable land and meadows 

cover 
0.07 3 

  distance to lake 0.04   

  wetlands cover 0.03   

  

remote and steep alpine 

meadows and pastures cover 
0.02 4 

Heracleum 

sphondynium 
bioclimatic envelope 1.00 

  

  soil nutrients 0.25   

  soil moisture variability 0.20   

  hillshade 0.20   

  slope 0.15   

  soil ph 0.12   

  distance to river 0.11   

  soil humus 0.10   
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  brush forest cover 0.09 5 

  soil moisture 0.08   

  deciduous forest cover 0.08   

  clusters of trees cover 0.03 3 

Vinca minor bioclimatic envelope 1.00   

  

other arable land and meadows 

cover 
0.29 3 

  soil aeration 0.27   

  soil ph 0.26   

  canopy height 0.24   

  euclidean distance to road 0.21   

  agriculture cover 0.12 2 

  intensive agriculture cover 0.10 2 

Vinca major bioclimatic envelope 0.96   

  euclidean distance to road 0.35   

  soil humus 0.21   

  agriculture cover 0.15 2 

  coniferous forest cover 0.14   

  deciduous forest cover 0.11   

  forest cover 0.09 5 

  

settlement urban amenities 

cover 
0.09 1 

  soil ph 0.07   

  noise pollution index 0.05   

  open forest cover 0.03 5 

 

 

Comparing SDM predictor variables between native and non-native plant species 

Two approaches were used to compare the environmental requirements of native versus non-native 

species. First, we tested within each class of variables for differences in the variables automatically 

selected in the models of the two groups. We analyzed what class the selected variables belonged to 

and their relative importance (Smith & Santos 2020). In the cases where covariates of a specific 

environmental variable class were only selected in one of the two congenerics in a pair, the pair was 

38



dropped from that particular analysis. This was necessary to keep our paired samples design. The 

“var.test” function in R was used to verify equality of variances and based on this result, the 

comparison between pairs was done using the “t.test” function in R, with either equal or unequal 

variances.  

We investigated the three vegetation variables (minimum/maximum/medium canopy cover, 

proportion of coniferous forest and proportion of deciduous forest) more closely, by analyzing how 

often they were selected as a covariate and what their average variable importances were for native 

and non-native species.  

A second analysis was devised to test for an association with anthropogenic habitats. Each land 

use/land cover (LULC) class was assigned an ordinal naturality score. Naturality captures the extent to 

which a habitat has been modified by human activity. Our definition for each ordinal value (Table 3) 

and the specific scores attributed to each habitat category (Supporting Information table C) is based 

on similar attempts in prior studies (Kowarik 1988, Kowarik 1995, Brown & Vivas 2005, Radford 2019).  

 

Table 3: Ordinal classification of naturality score of the land use/land cover variables. 1 is the highest 

degree of anthropogenic interference, i.e., the least natural and 5 is the lowest degree of anthropogenic 

interference. Derived from Kowarik 1988, Kowarik, 1995, Brown 2005, Radford 2019. 

Naturality 

Score 

Definition Example 

1 Very heavily modified Impermeable surfaces, such as asphalt or concrete 

roads, mineral roof tops, artificial turf (sports field) 

2 Heavily modified Permeable surfaces, such as roads and parking lots made 

of gravel and dirt; intensive agriculture with tilling and 

use of herbicides and pesticides 

 3 Moderately modified Semi-natural habit, such as agro-forestry, urban parks 

with abundant vegetation and water, gardens, green 

roofs, cemeteries. 

4 Lightly modified Areas with low density of trails, roads and buildings, or 

managed for nature-oriented goals such cultural and 

regulating ecosystem services or biodiversity targets 
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5 Very lightly or not modified Areas considered “wild” or lightly managed for unique 

biodiversity (high species richness, rare and endemic 

species) 

For each SDM, the naturality value was calculated as the mean of all significant LULC categories times 

their respective naturality scores. Naturality values across species groups were compared with a paired 

t-test, as with other environmental variables.

As the naturality score of a habitat type likely reflects human activity at least at a coarse scale, and 

given that the naturality score was established independently of the modelled presence of non-native 

species, we assumed that the numerical values could be used for testing differences between groups 

of species.  

In order to make our results easier to interpret considering the ecology of the species, we split up our 

non-native species into several categories considering different characteristics. In particular, we 

considered invasiveness, degree of naturalization in Switzerland (introduced more or less than 40 years 

ago), region of origin, growth form according to Raunkiaer, and habitat that the species are bound to 

(according to Infospecies (2024)). 

We tested the significance of the differences in AUC values for each subdivision using a t-test. 
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Results

SDMs were fitted for 141 non-native plant species that had at least one native and likewise modelled

congener (i.e., native species within the same genus) (see Supporting Information Table S1). The 

number of covariates in each SDM ranged between 5 and 12. Example SDM outputs from a species 

pair are provided in the supporting information, Figure S1. 

After eliminating species pairs in which only one congeneric selected a variable in the class of interest, 

we had the following numbers of species pairs per class: 141 for the bioclimatic envelope (since it was 

forced into each model to avoid niche truncation), 139 for land use/land cover variables, 96 for edaphic 

variables, 53 for transportation variables, 50 for topographic variables, 41 for vegetation variables and 

24 for hydrological variables.

Overall, bioclimatic factors had by far the highest variable importance in both species groups (Figure

1). The bioclimatic envelope, i.e., the output of the European-scale model based on bioclimatic 

variables only, was significantly more important for native species (paired t-test: p = 0.009, Figure 1).

Predictor variables from other classes were less important (i.e., had lower significance scores) but 

could be significantly associated with the distribution of at least some species (both native and non-

native). Three classes of predictor variables have significantly greater average importance in non-

native species than in native species models: transportation, vegetation, and land use/cover (paired t-

tests: p = 0.018, p = 0.007, p = 0.007, respectively; Figure 1), though no noticeable difference in the 

frequency of selection of these variable groups between native and non-native SDMs could be found 

(Supporting Information, Table S5).

p = 0.009 p = 0.133 p = 0.354 p = 0.318 p = 0.018 p = 0.007 p = 0.002
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Figure 1: Comparison of average importance of variable classes selected by models built for native 

species vs models built for non-native species and p-values of paired t-tests. Green values indicate 

significant differences, red values indicate non-significant differences.

We found no significant differences between native and non-native species models for topographic,

or water-related factors (t-tests: p = 0.055, p = 0.716, respectively, Figure 1). No model selected human 

population density as predictor. However, some models did select proxies for human population 

density, like the transport variables (Figure 1).  

There are only a few variables in vegetation and transportation-based classes. This allows us to use our 

pairwise analyses to further investigate these variables. The other classes have too many variables and 

would lead to too many species pairs being eliminated. Even with the topographic distance to roads

variable, there were only two species pairs that included the variable (see Figure 2). For the same 

reason, we had to consider the three canopy cover variables as only one. The only variables that had 

significantly higher variable importance in one class were the proportion of deciduous and coniferous

forest, with a higher average for non-native species (see Figure 2). 

Figure 2: Average variable importance of the three vegetation-based factors and the three transport 

based factors by both native and non-native models, plus respective sample sizes, with paired t-tests 

for sample differences. Canopy = percentage of canopy cover, Conif = proportion of coniferous forest, 

Decid = Proportiono f deciduous forest, Noise = noise pollution index, Dist = Euclidian distance to road, 

p = 0.76
n = 6

p = 0.06
n = 8

p = 0.04
n = 7

p = 0.46
n = 9

p = 0.29
n = 16

N/A
n = 2
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Dist topo = topographic distance to road. Green values indicate significant differences, red values 

indicate non-significant differences.

Finally, the average naturality scores of land use/cover variables were significantly higher in native 

species models (t-test, p = 2.03e-05, see Figure 3). 

Naturality score Native Non-native p-value (Welch t-

test)

Frequency of selection 2912 2196

Avg per species 3.101171 2.826255 1.65E-05

Figure 3: Kernel density distribution of average naturality score of LULC variables per species pair. 

Calculated by subtracting the average naturality score of the non-native species from that of their 

matching native congenerics. The average naturality score was 3.10 for native species and 2.77 for non-

native species, which was significantly different (paired t-test: p = 2.03e-05)  

When dividing the non-native species into invasive and non-invasive species, we found that barring 

climate, which was of course the most important variable everywhere, edaphic and vegetation factorts 

were the most important for invasive species, but no significant differences were found between the 
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variable importances of these latter factors. For non-native species, transportation variables had the 

highest variable importance, again after climate. 

When splitting the non-native species into the taxa that have been in Switzerland for over 40 years 

and the ones that were not, we found that in both cases transportation variables had the most 

powerful predictors after climate, and the importance was significantly higher for the more recent 

species (non-paired t-test: p = 0.04381). 

We found that vegetation factors had on average the highest variable importance of all groups of 

environmental factors in models of non-native species from Asia (again after climate). The difference 

with the second-most important variable group, transportation factors, was not found to be significant 

(p = 0.5511). For all species from South America, edaphic variables have the highest predictive power 

(with topographic next and transportation third) (again, after climate). For species from all the other 

continents (excluding the ones with fewer than 6 species), including Europe itself, the transportation 

variables had the highest predictive power after climate, but the difference with it and the second 

most important variable group was never significant. 

When analyzing variable importance in different growth forms, we find the same pattern for 

chamaephytes, phanerophytes, hemicryptophytes, and therophytes: after climate, transportation 

variable importance is highest, however, it is not significantly higher than other important variables. 

This is likely a consequence of too low sample size. However, we did find two growth forms that 

showed a different pattern: For geophytes, the edaphic variables were the most potent predictors, 

then vegetation variables and finally transportation variables. Again, no significant difference was 

found between these variable groups. Finally, when putting all woody plants together (woody 

chamaephytes + phanerophytes), vegetation variables were most important, with transportation 

variables second (but there was again no significant difference). 

Splitting up the non-native species that are bound to certain habitats (76 total) revealed that 40 of 

them occur in (and many are common or dominant in) pionier vegetation of human-disturbed areas. 

It was the largest group. Second largest was plantations, fields and crops (16 total) and third were 

heaths, margins and meadows (12 total). 
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Discussion 

Our results show that, overall, the environmental factors that determine the distribution of both native 

and non-native species are largely similar, yet with interesting differences. Hypothesis 1 (the 

distributions of native and non-native plants are determined by different environmental factors) is 

therefore partly confirmed. In fact, the distribution of species from both groups are correlated first 

and foremost with bioclimatic factors, suggesting that climatic factors represent a key filter in 

determining where species are established. However, bioclimatic factors appear slightly less important 

in non-native species. The significantly higher importance of the bioclimatic envelope for native species 

(meaning the output of the Europe-scale model of the species, which was constructed using only 

bioclimatic variables) is what is expected from species that are more likely to be at equilibrium with 

the environment (Guisan et al. 2014, Early & Sax 2014, Perret et al. 2019). The most likely explanation 

is that some non-native species are still expanding their range and may not yet have occupied their 

entire realized niche in the new ranges (i.e. ‘unfilling’ in the COUE framework; Guisan et al. 2014). 

Anyway, climate matching was still shown to be an important factor for non-native species (e.g. 

Broennimann et al. 2021 for mammals, Petitpierre et al. 2012 for plants). 

Hypothesis 2 (non-native species distributions are more strongly associated with areas close to human 

infrastructure than native species distributions) is fully confirmed. Variables associated with 

transportation (e.g., proximity to roads, LULC categories and vegetation (e.g., extent of deciduous 

canopy cover within a given radius of the species’ observation) indeed are correlated with non-native 

species’ distributions more than native species’ distributions. This seems to indicate that factors that 

are not under the influence of human activities (soil characteristics, topography, hydrological 

characteristics) affect native and non-native psecies distributions equally, and that, by contrast, 

environmental variables shaped by anthropogenic activities are more likely to be associated with the 

presence of non-native species . This is consistent with literature on the distribution of non-native 

species (Essl et al. 2015, Pyšek et al. 2020). Firstly, human transportation plays a great role in the 

dispersal of non-native species. There are many examples of non-native and invasive species spreading 

via ship, airplane, train, or motorway (Essl et al. 2015, Bertelsmeier et al. 2017, Mang et al. 2018). This 

may also explains why human population density was never chosen as a predictor in any model, whilst 

the transportation variables (distance to roads and noise pollution index) were. This implies that 

human density itself is a less powerful predictor, which seems logical, since non-native species are 

often spread by human movement (Capinha et al. 2015). The importance of transportation variables 

is largely reflected when subdividing the target species by region of origin; species from Europe, North 

America and Africa all favored transportation variables (though no significant differences were found 
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with other variable groups). Species of Asian origin, conversely, favored vegetation variables more, 

indicating that these species have already spread beyond the proximity of human infrastructure. 

The observation that anthropogenic variables more strongly predict non-native species distributions 

also conforms to the propagule pressure hypothesis cluster, which is one of the five major ones 

synthesized by Enders et al. (2020) on what can make non-native species invasive (see also Blackburn 

et al. 2020, Pyšek et al. 2010). Many of the hypotheses presented by Enders et al. focus on what drives 

non-native species success and probability of establishment and are therefore relevant to be 

considered here. The propagule pressure cluster centers around the idea that the more individuals of 

a non-native species arrive in a new place, the higher the chance that the species will establish itself 

is.  

The naturality values of LULC categories in SDMs of non-native species were, on average, 0.3 lower 

than LULC categories SDMs of native species. This is supported by the fact that the majority of non-

native species were bound to pioneer vegetations in human-disturbed areas, and that the second most 

represented habitat among them is plantations, fields and crops. These results are consistent with the 

human commensalism hypothesis (Jeschke and Strayer 2006), which posits a positive association 

between non-native species with human activities. It also concurs with several case studies on the 

habitat preferences of invasive species (Steen et al. 2019), with terrestrial invasive plants in particular 

favoring abandoned agricultural ground (Kuhman et al. 2010, Kuhman et al. 2011).  

The breakdown of the non-native species highlighted the the effect of naturalization: variables relating 

to transportation have significantly more predictive power in species that have been in Switzerland for 

less than 40 years. This may indicate that whilst niche shifts often happen during colonizations 

(Broennimann et al. 2008, Carlin et al. 2022), eventually, non-native species move closer to equilibrium 

with the environment. It might likewise mean that the inherent assumption of SDMs that rely on this 

equilibrium becomes more justified, the longer a non-native species is resident in a certain range. 

This might underline the importance of managing invasive species along human infrastructure, 

however, in our study, we found that invasive species distributions were more powerfully predicted 

by edaphic and vegetation-related factors. This may be because our sample size for these species was 

too small (15 total), but a more likely explanation is that these have long been naturalized; all but two 

of the species have been in Switzerland for longer than 40 years. As a result, they have already 

distributed themselves beyond the proximity of human infrastructure. 

Whilst no significant differences could be found when analysing variable importance within growth 

forms, the fact that geophytes and woody plant species show different patterns from anything else is 

interesting. Geophytes store nutrients and water into subterranean parts 
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(bulbs/corms/rhizomes/tubers; Encyclopedia Brittanica (n.d.)), and therefore, the soil factors are 

logically powerful predictors. Woody plants are strongly associated with vegetation variables, which 

include proportion of forests, which is their habitat. Again, it might indicate non-native species’ 

predilection to colonize, as the proportion of forests is indicative of how many edges there are and 

thus of gap dynamics. 

Hypothesis 3 was also confirmed. Indeed, our results show that although overall the same type of 

variables predict the spatial distribution of both native and non-native plants in Switzerland, small yet 

significant differences between groups exist in the environmental factors that appear in the SDMs. 

Specifically, several lines of evidence suggest that non-native species are more likely to occupy habitat 

types that have been altered by human activities, which is again in agreement with the propagule 

pressure hypothesis cluster. 

The significantly higher average importance of deciduous forest cover variables in non-native species 

SDMs (proportion of coniferous forest and proportion of deciduous forest; see Figure 2) may be caused 

by the fact that many non-native species favor gaps in the canopy and the proportion of forest cover 

in a certain area may be a proxy of the number of edges, which are easier to colonize (Komarul Huda 

et al. 2022). This is supported by the significantly higher average variable importance of the proportion 

of deciduous forest in non-native species models (Table 6). A possible reason why this pattern is not 

observed for coniferous forests is that coniferous forests tend to occur at higher altitudes than 

deciduous forests (Scherrer et al. 2020), and may therefore have not been colonised by non-native 

species to the same degree yet. 

In addition, land use/cover might also reflect the non-native species colonization dynamics. Some of 

the many variables in this class are devastated forest, forest fresh cuts and mountain meadows and 

pastures. In short, our results show that anthropogenic factors play a more important role in explaining 

the distributions of non-native species than those of native species, though the general patterns are 

rather similar for both species groups. We see that the bioclimatic variables are by far the most 

important explanatory variables for both native and non-native species groups. 

Interesting new research questions arise from these results. For instance, do invasive non-native 

species favor different variables than their non-invasive counterparts? The sample size in this study 

was likely insufficient to accurately make this assessment. In addition, the probability of successful 

establishment of non-native species could be researched. For instance, Broennimann et al. (2021) have 

shown that the similarity of the climatic niche between the native and non-native range of a species 

significantly influences invasion success. Such findings could provide more insight in distribution 

patterns of non-native species and guide conservation actions more effectively. 
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Furthermore, the COUE framework could be adapted to congeneric species pairs in order to add 

perspective on niche comparison analysis. SDMs rely on niche conservation between native and non-

native range (Guisan et al. 2014). This could lead to interesting conclusions. For instance, if the niches 

in native and non-native range largely overlap, SDM predictions can effectively encapsulate potential 

distributions of non-native species. Conversely, if the niches shift (as they have been shown to do), 

patterns in such a shift should be identified. Our pairwise comparison of congeners is a first step in this 

direction and could be supported by quantifying the degree in niche similarity resulting from species 

distribution maps, as was for example done by Warren et al. (2008).  

From a more practical perspective, our results also show that different sets of environmental 

predictors could be used for modelling the distribution of non-native versus native species for practical 

applications (e.g. pre- and post-border evaluation of invasions; Pheloung et al.1999; Gallien et al. 2012; 

Schackleton et al. 2020). In particular, it would seem prudent to use transportation-related variables 

and ones with a low naturality score/high degree of disturbance to build SDMs for non-native species, 

even if the latter have not (yet) become invasive. Conversely, native species could be best modelled 

using covariates representing relatively undisturbed habitat and climatic preferences. It must also be 

noted that the climate covariates must be used at the appropriate scale, as niche truncation must be 

avoided. This has great implications for management, since SDMs are increasingly frequently advised 

method for planning conservation measures  (Barbet-Massin et al. 2012, Guisan et al. 2013, Tulloch et 

al. 2016, Araujo et al. 2019, Low et al. 2021).  

Another important implication for practitioners would be aimed at foreseeing the impacts of non-

native species, whether positive or negative, originating in proximity to human infrastructure. These 

areas would have to be scanned for incipient or ongoing colonization by non-native species and the 

identified taxa should be researched on their invasiveness recorded in different parts of the world. 

Such efforts are already ongoing in Switzerland (www.infospecies.ch) and in the EU (EASIN). In addition 

to scanning, the trends of the populations should be monitored, especially for strong declines or 

growth. This approach would be most critical to apply in the areas that have not yet been overly 

exposed to non-native species colonization, such as (high) mountains. Our results show that as human 

infrastructure expands, non-native species will probably follow. There, it would be especially important 

to detect colonization by non-native species early.  

Finally, a word of caution to practitioners. Previous studies have shown that a correlation exists 

between habitat suitability (as calculated by SDMs) and species abundance/population density (Weber 

et al. 2017, but see Monnier-Corbel et al. 2023 and Brambilla et al. 2024). This work however suggests 
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that population densities of non-native species near roads and in disturbed areas should not be 

extrapolated to other habitat types, as there, the densities are expected to be lower.  
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Abstract 

Species distribution models (SDMs) have become central tools in ecology and biogeography. Although 

they can be fitted with different types of species data (e.g. presence-absence, abundance), the most 

common approach, based on data from large species repositories, is to use simple occurrences (i.e. 

presence-only) combined with background points (BP; also called pseudo-absences). But how should we 

sample these background points, and how does this choice affect SDMs? In most studies so far, BP were 

sampled randomly in geographic space, yet theory rather suggests, if a species is at equilibrium, that it is 

better to sample them in a stratified way in environmental space. However, this potential improvement 

of SDM predictions has never been tested. Furthermore, a typical assumption behind SDMs is that the 

modelled species are at equilibrium with their environment. But how do these models perform when 

species are in disequilibrium, as is the case for most invasive species? To answer these questions, we 

selected 30 different species (10 insects, 10 mammals and 10 plants; for each group 5 were invasive and 

5 were considered at equilibrium) and for each we calibrated SDMs with different types of background 

selections: random in environmental space, random-stratified in environmental space, random in 

geographic space, and random-stratified in geographic space. For each SDM we assessed both predictive 

performance using standard metrics and their stability using a new approach that compares the model’s 

habitat suitability projection with those of a SDM calibrated with virtual occurrence data generated from 

the most suitable areas. Finally, we compared the predictive performance of species distribution models 

of invasive alien (disequilibrium) species versus native (equilibrium) species by comparing model stability 

and performance metrics of the two groups. We found that sampling BP in a stratified-random way in 

environmental space yields the highest performance metrics, and that sampling fully randomly in 

environmental space yields the most stable models. This has implications for the use of SDMs in 

conservation, as the classical and frequently used fully random in geographic space BP are found to 

produce both less accurate and less stable models. Our results indicate that the best approach is to use 

stratified random in environmental space BP sampling if accuracy is essential, and fully random in 

environmental space BP sampling if model stability is essential.
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Introduction 

 

Species Distribution Models (SDMs), also known as Ecological Niche Models (ENMs), constitute a 

widespread method for ecological, biogeographic, and conservation studies (Franklin 2010, Peterson et 

al. 2011, Guisan et al. 2013, Guisan et al. 2017, Araujo et al. 2019), often being particularly useful when 

dealing with invasive alien species (IAS) (Gallien et al. 2012, Slodowicz et al. 2018, Vicente et al. 2019). 

SDMs take geographic observations of species and georeferenced environmental datasets in a study area 

to statistically identify the conditions in which the species can occur (i.e., a part or all of the species’ 

realized environmental niche) and map the occurrence probability of the species based on these 

conditions back in geographic space (Colwell & Rangel 2009). The usefulness of SDMs depends both on 

model accuracy, i.e., how well a model is able to make predictions, and model stability, i.e., the degree of 

model sensitivity to stochasticity (Duan et al. 2014, Grimett et al. 2020, Mateo et al. 2010). Therefore, 

consistency of geographical predictions is a pivotal factor to research.  

 

The vast majority of SDMs use presence-only data, likely because occurrence data in national or global 

databases (e.g., the Global Biodiversity Information Facility (GBIF); Anderson et al. 2016, Fletcher et al 

2019, Chapman et al. 2020) have become numerous and easily accessible (Chauvier et al. 2021, Valavi et 

al. 2021, Nolan et al. 2022). In contrast, absence data are more rarely available and hard to generate, 

especially in the case of animal species (Gormley et al. 2011, Lobo et al. 2010). Presence-background SDMs 

function by contrasting the species occurrences to points sampled (often randomly) in the study area 

(Valavi et al. 2022), ideally along the main environmental gradients used to define the species niches 

(Barve et al. 2011; but see Iturbide et al. 2018 for other possibilities). This set of points representing the 

environment are called background points (BP; often also pseudo-absences, but see Senay et al. 2013) 

and are most typically sampled considering a geographically random scheme (Liu et al 2019, Chauvier et 

al 2021, Barber et al. 2022). Therefore, presence-background SDMs make the implicit assumption that BP 

sampled in geographic space represents the available environment (measured as all environmental 

combinations within the study area) appropriately (Barbet-Massin et al 2012, Wisz & Guisan 2009, Liu et 

al 2019, Cengic et al. 2020, Valavi et al. 2022).  

 

However, since SDMs fit response curves along environmental predictors, this random selection of BP 

should theoretically be conducted in environmental rather than geographical space and in a stratified way 

(Fragnière et al. 2022). This is also supported by the fact that, in order to produce accurate and robust 
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SDM results, species occurrence data should optimally be sampled in the field in a random-stratified in 

environmental space manner (Hirzel & Guisan 2002).  

 

Whilst there have been studies that used background points selected in environmental space, this was 

usually done in a variety of stratified fashions, arranging the background points along environmental 

gradients (e.g. Fragnière et al. 2022). It has also recently been shown that geographically constraining 

background point selections to areas that are geographically or environmentally close to the occurrence 

points can strongly influence SDM predictive accuracy (Whitford et al. 2024; Schartel & Cao 2024). 

However, it was rarely done fully randomly in environmental space. Here, we present the first study that 

also uses a fully random selection of background points in environmental space, allowing us to test the 

four possible types of selection based on geographic versus environmental spaces, and stratified or not, 

and thus whether the implicit assumption that the geographic space reflects the environmental space is 

acceptable or not when fitting SDMs. As Hutchinson’s niche-biotope duality tells us that the geographic 

space does not reflect the environmental space (Colwell & Rangel 2009; Guisan et al. 2014), the question 

is whether it can still give a good approximation. 

 

Another major assumption made when using SDMs is that the modelled species is at equilibrium with its 

environment. This is already not true for all native species (Normand et al. 2011, Svenning & Sandel 2013), 

but it is almost never true in the case of invasive alien species (IAS), as their spread leads them to 

progressively occupy new habitats and territories (Gallien et al. 2012, Petitpierre et al. 2012). Therefore, 

statistical species-environment relationships usually only represent a snapshot “pseudo-equilibrium” in 

time (Guisan & Zimmermann 2000). The question is, then, how much a disequilibrium causes problems to 

SDM fitting and predictions (Svenning & Sandel 2013)? Therefore, the method of sampling background 

points may be even more important when a species is not at equilibrium with the environment. 

 

Here, we address this second dimension of (dis)equilibrium with the environment together with our 

assessment of background point selection, by using species with different putative degrees of equilibrium. 

More specifically, we make the simplified assumption that well-established native species, i.e., those for 

which we know that they have a dynamic that has not changed recently, are likely at equilibrium inside 

their home range and fill their realized niche. In this study, we want to answer the two following research 

questions around the two assumptions previously exposed: 
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(1) Which method of BP sampling produces the best-performing SDMs for invasive and equilibrium species 

in terms of model accuracy and stability?  

(2) Do the optimal BP sampling strategy differ between native and invasive alien species? 
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Materials and Methods 

 

Species selection and study area 

In our analyses, we considered both invasive alien species (IAS), i.e., species not at equilibrium with the 

environment, and species which we assume to be at the equilibrium (see Table 1). Both invasive and 

equilibrium species included 5 insect species, 5 plant species and 5 vertebrate species, making a total of 

30 target species. 

All equilibrium species are mountain species, which are naturally distributed along steep elevational and 

environmental gradients, thus making their distribution constrained in geographic space (i.e., where 

mountains are). Also, this limited our study area to mountain biomes, which was advantageous for 

computational considerations. A final reason to select non-generalist mountain species for equilibrium 

studies is because whilst many of these species might physiologically be able to occur at lower altitudes, 

as demonstrated by growing them in botanical gardens (Vetaas 2002), competition with other species 

drives them away from there. For instance, the Alpine aster (Aster alpinus) usually occurs at elevation of 

over 2000 m because it gets outcompeted at lower altitudes (Lyu & Alexander, 2022). High-altitude 

species therefore are likely to occupy their entire realized niche, and therefore they are at (pseudo-

)equilibrium with their realized environment in mountains.   

We selected 15 IAS from the EU list of Union Concern 

(https://ec.europa.eu/environment/nature/invasivealien/list/index_en.htm) and the factsheets on 

invasive alien species in Switzerland provided by the Swiss Federal Office for the Environment 

(FOEN)(OFEV, invasive_alien_speciesinswitzerlandfactsheets.pdf). The Swiss lists were chosen because of 

the high abundance of high-altitude species and extensive work on the effect of non-native flora and fauna 

on biodiversity. It was ensured that these species at least occur in mountains in their home range and that 

most of their occurrence data (see section 2.4) were inside the study area (see section 2.1). The list of 

species is given in table 1 (see Appendix 1, table S5 for the list along with the rationale to include the 

species). 

 

Table 1: Study species and matching rationale to insert them into the studies and number of occurrences 

(in the study area, after removal of non-native range occurrences for equilibrium species and thinning). 

Note that the invasive alien species all at least occur in mountain areas in their home range. 

 

67



 Category  Species group Species name Number of occurrences 

Invasive Plants Asclepias syriaca 1342 

    Heracleum mantegazzianum 833 

    Impatiens glandulifera 769 

    Lespedeza cuneata 236 

    Lupinus polyphyllus 820 

  Vertebrates Branta canadensis 920 

    Myocastor coypus 400 

    Ondatra zibethicus 281 

    Sciurus niger 686 

    Tamias sibiricus 77 

  Insects Aedes albopictus 95 

    Cameraria ohridella 225 

    Harmonia ayridis 1377 

    Ips typographus 77 

    Popillia japonica 794 

 

Equilibrium Plants Alnus alnobetula 164 

    Aster alpinus 86 

    Helictrotrichon pratense 70 

    Leontopodium nivale 423 

    Ranunculus glacialis 107 

  Vertebrates Lagopus muta 64 

    Lepus timidus 286 

    Marmota marmota 123 

    Nucifraga caryocatactes 433 

    Tetrao urogallus 445 

  Insects Boloria pales 75 
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Colias phicomone 87 

Erebia meolans 140 

Parnassius apollo 212 

Parnassius mnemosyne 93 

We defined our study area using the biomes from Olson et al. (2001) where our species occur (Fig. 1): 

temperate broadleaf and mixed forests, temperate coniferous forests, temperate grasslands, savannahs 

and shrublands, montane grasslands and shrublands, boreal forests/taiga and tundra. We excluded 

biomes where the presence of our species was marginal (see Appendix 3, table S31 for occurrence points 

omitted per species). For an additional analysis on the potential effect of the omitted occurrence points 

on the model outcomes, showing that the environmental values of the occurrence points off the biomes 

are represented into the environmental values of the background points and of the occurrence points 

included in the study, see Appendix 3 (Figure S32, S33).  

Algorithm choice and settings 

MaxEnt (which stands for ‘maximum entropy’), a type of Poisson point process regression model (Renner 

& Warton 2013), is among the most widespread algorithms used to fit SDMs (Elith et al. 2011, Gomes et 

al. 2018). It also draws upon presence-only (and background) data, which is much more widely available 

than data on presence-absence of species (Fletcher et al. 2019, Guillera-Arroita et al. 2015). To avoid 

model overfitting, the ENMeval package version 2.0.3 (Kass et al. 2021) was used to find the most optimal 

model settings. MaxEnt uses several mathematical function types (linear, quadratic, hinge, product, 

threshold) and the Regularization Multiplier (RM), a controller of model complexity, to identify the 

relationship between data occurrence and the underlying environmental variables (Phillips et al. 2009). 

ENMeval calibrates a MaxEnt model by pointing out the optimal settings of the function types and RM. 

Since ecological interactions are never accurately described by only one type of function, e.g., only linear 

functions, we only chose three combinations of functions: 1) linear, quadratic and hinge (LQH), 2) linear, 

quadratic and product (LQP), and 3) linear, quadratic product and hinge (LQPH). The RM was varied from 

1 to 5. Threshold functions were never used because hinge functions have been shown to be a better 

replacement (Elith et al. 2011). 
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Environmental variables 

Bioclimatic variables were downloaded from CHELSA, version 1.2 (Karger et al. 2016), at a resolution of 

0.0083 degrees. This version was chosen because the variables are composed of the average values from 

the time series of 1979 – 2013 and species responses to climate change often lag behind the actual climate 

at a given time (Menendez et al. 2006). Though this may vary among species groups, we make this 

assumption in this study, for the sake of comparability. An average for a time period is therefore more 

informative than choosing the values at one specific time point. The Ecospat R package (Di Cola et al. 2017, 

Broennimann et al. 2023) was used to investigate correlation among the variables (i.e., collinearity) and 

to select the best set of (partly) uncorrelated variables to insert in the models. A correlation limit of 0.70 

between variables was used (Dormann et al. 2013). In the end, seven variables were used: mean annual 

temperature, diurnal temperature range, total temperature range, annual precipitation, precipitation 

seasonality, precipitation of driest quarter, precipitation of coldest quarter. 

 

Species occurrence data 

We downloaded data from the Global Biodiversity Information Facility (GBIF; Anderson et al. 2016) on 30 

species (4 GBIF.org downloads).  Only occurrence records from the year 2000 or later were selected, in 

order to match the CHELSA version 1.2 timeline.  The delay from 1979-2013 to 2000-2022 is assumed to 

make up for the delayed species response (see section 2.3). To properly focus on our question of 

equilibrium state, only the native range of species is modeled. Conversely, IAS are expected to be at 

disequilibrium with the environment (Gallien et al. 2012). For these species, all the known range (in the 

study area) was modeled in this study.  This is firstly to research the effect of this disequilibrium on model 

stability, and secondly because more is often known about those species in their invaded range than in 

their native range (Poland et al. 2021). 

Many species that are not listed as invasive are still naturalized alien in some countries, which might mean 

that they are not at equilibrium in part of their range. Therefore, the DASCO R package (Hseebens 2022) 

was used to identify the native distribution range of the species at equilibrium and all occurrence records 

from outside that native range were removed. Then, occurrence records that were outside the study area 

were removed. For an additional analysis on the potential effect of this on niche truncation and model’s 

ability to accurate characterize the niche, see supplementary material, Appendix 3, Figure S32 and S33. 

The data were subsequently ‘cleaned’. This implied removal of unlikely coordinates, occurrences with 

coordinate uncertainty over 50 m, observations with zero abundance and/or an occurrence status of 
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“absent” (in many languages) and visual inspection of the cleaned data set. This was done using the scrubr 

R package (R/scrubr-package.R ; R-bloggers). For species with more than 20’000 occurrence records, 

20’000 occurrence points were selected at random, for reasons of computing efficiency. This number of 

occurrence points was considered big enough to represent the species’ distribution range effectively, thus 

we lost no information in this step. Finally, the occurrence data for each species were thinned (Steen et 

al. 2021, Inman et al. 2021) as follows. First, a Minimum Convex Polygon (MCP) was drawn around the 

(remaining) points. This is a technique to draw the borders of the home range of the species. Within this 

MCP, as many points as there are occurrence data were randomly drawn, following Chiocchio et al. (2021). 

This process was repeated 50 times and each time, the average nearest neighbor distance between the 

randomly drawn points was recorded. The average of these averages was calculated, and the species 

occurrence data was thinned by this distance using the spThin R package (Aiello-Lammens et al. 2015). 

This method matches the clustering of the occurrence records to clustering expected for a random 

distribution, as it returns the number of points expected in the species’ home range and therefore limits 

sampling bias of occurrence points. The downloaded occurrence data were then thinned to 1 point per 

grid cell of our environmental rasters (Steen et al. 2021) because our version of MaxEnt only accepts one 

occurrence point per grid cell. To limit the risk of sample size influencing our results, we kept only species 

that had at least 50 occurrence records remaining for further analyses, to be well above the limit of 30 

occurrences under which no algorithm predicts consistently (Wisz et al. 2008). 

Originally, many more species were considered to be included in the study, however, this method of 

thinning often removed too many records. 

 

Background points sampling  

We sampled 10,000 background points for each sampling strategy. It is generally acknowledged that this 

is a sufficient background point sample size for SDMs built using MaxEnt (Barbet-Massin et al. 2012). Each 

of the 4 methods of background point sampling – fully random in environmental space (randenv), 

stratified random in environmental space (stratenv), fully random in geographic space (randgeo) and 

stratified random in geographic space (presented by checkerboard 1 (cb1) and checkerboard 2 (cb2)) – is 

described below. The background points were sampled from the study area described under section 2.1. 

See figure 2 for a schematic explanation. All the background sample sizes were downweighted to the 

number of occurrences. 

 

Fully random in environmental space (randenv) 
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The simplest approach would be to draw all points randomly in environmental space at once, but when 

the available environment of the study area is very restricted (as here with mountains), it becomes difficult 

to make such random points match actual conditions in the field. For this reason, we had to develop a 

specific procedure. First, a PCA analysis of all the environmental variables was performed using the “PCA” 

function of the R package “FactoMineR” (Husson et al. 2020). The first two PCA axes explain 74.4% of the 

variation. Then, a two-dimensional kernel density estimate was performed on the two axes using the 

“kde2D” function of the R package “MASS” (Venables et al 2002). Based on this, we divided the 

environmental dataset into 10 quantiles, each of which contained roughly 10% of all the values in the PCA 

axes, see Appendix 1, supplementary figure S3. Then, the values of the axes were rounded to 1 decimal. 

Finally, 1000 background points were sampled randomly across all 10 quantiles, resulting in a final dataset 

of 10000 BP, as follows: First, random numbers ranging between the minimum and the maximum value 

of the first PCA axis were generated. The same was done for the second PCA axis. Then, to perform the 

random sampling, both random numbers were matched to the values of both axes and when there was a 

match, the corresponding longitude and latitude were recorded into the randenv background point 

dataset. When performing the random sampling, two conditions had to be met: 1) the randomly sampled 

values on both the PC1 axis and the PC2 axis had to match the values in the matching cell and 2) no 

duplicate values of either PC1 or PC2 were allowed. The latter condition was used in order to prevent 

oversampling of more common values. Thus, we made sure that the final dataset of background points 

was one that at least approached a representative, fully random sample of all the environmental 

conditions available. For additional details, see Appendix 1, supplementary figure S3. 

 

Stratified random in environmental space (stratenv) 

The 7 CHELSA raster layers were each divided into 3 equal environmental strata as follows. First, the 

difference between the minimum and maximum value in a layer was calculated. Then, all the cells with 

values that fell within a one-third quantile of the group were selected, thus making three strata per layer. 

Each of these strata was assigned a unique numeric code which was not included in any of the strata of 

other layers. Therefore, each matching pixel across raster layers has seven different numeric codes. Then, 

a new raster layer was created in which all the numeric codes were summed, creating a unique new code 

for each combination of strata. Finally, the sampleStratified function of the raster package was used to 

sample across this new layer and create the stratenv background points. This function makes an effort to 

sample across all the cells in the summed layer that have the same code. Therefore, all strata were 
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sampled (more or less) equally. Since, in environmental space, the number of the strata (and thus their 

resolution) should not affect the results, we used only one here (i.e. 3 strata per climatic layer). 

Fully random in geographic space 

This option is the most commonly used and therefore many options exist to conduct it. Here, the 

randomPoints function of the dismo (Hijmans et al. 2019) package was used to generate randgeo 

background points. This function samples fully randomly across the rows and columns of the geographic 

raster variables (omitting cells with no data), with weights on the rows, so not too many cells can be 

selected near the poles. Also, no cell can be selected more than once. 

Stratified random in geographic space 

The checkerboard method of the ENMeval package (Kass et al. 2021) was used to divide the randgeo 

background data (as well as the occurrence data) according to square “checkerboard” blocks (Steen et al. 

2019). As, in geographic space (unlike in environmental space), the grain of the checkerboard could 

influence the result, we tested two different block sizes. The size of the checkerboard blocks was set at 5 

km x 5 km to create the first set of bins (checkerboard 1 (cb1)) in one dataset and at 10 km x 10 km to 

create the second set (checkerboard 2 (cb2)). All the analyses described under section 2.7 were done for 

all species, with both sets.  

Background points comparison  

The datasets of 10’000 background points used for each treatment are shown in figure 1. In order to 

investigate if the background point (BP) datasets are, as one would expect, spatially different from each 

other, we calculated the Moran’s I for each dataset. See figure 2 for a finer illustration of the comparison 

between the classic fully random sampling in geographic space and the stratified random sampling in 

environmental space. 
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Figure 1: Study area and comparison of methods of background creation. The background point datasets 

are shown for Europe only, in order to facilitate visual comparisons: Study area (plotted in dark grey); Fully 

random in geographic space (randgeo); Checkerboard treatment. The different bins of the data are shown 

in red and blue. Note that the grid size of the checkerboard blocks have been enlarged to 100km in order 

to show the checkered division of the BP data across the bins; Fully random in environmental space

(randenv); Stratified-random in environmental space (stratenv). Note we did not display the stratified 

random in geographic space method here because the checkerboard models also use the random in 

geographic space background points (in B). 

Figure 2: Geographic representation of the classic fully random in geographic space (randgeo) background 

sampling, the stratified random in geographic space (i.e., checkerboard; cb1/cb2) approach, the fully 

random in environmental space (randenv) approach, where the number of BP is proportional to the size of 

the strata and the stratified random in environmental space (stratenv) background sampling, where the 

same number of points are sampled in any combination of environmental variables. The dots represent 

sampling points, plain lines represent isolines of some gradually varying environmental variable (e.g., 

temperature changing along elevation) and the dashed line polygon represents a patch of some landscape 

feature (e.g. a forest). Modified from Hirzel & Guisan (2002).
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Figure 3: Workflow and design of the study. .

The thinned occurrence datasets for the target invasive (non-equilibrium) and equilibrium species were 

randomly divided into two bins: one that contained 80% of their occurrence data and one that contained 

20%, a common choice of partition sizes for SDMs (Cosentino et al. 2023). Only the 80% bin was used for 

the selection of the optimal models. For each of these 80% bins, all pertaining to a different target species, 

50 maxent models were run using the ENMeval package, with the MaxEnt.jar model method selected and 

using the aforementioned settings (see section 2.2). Before running each maxent model, the 80% bin of 

data was randomly split 50-50 across a training bin and a validation bin. We diverted here from the more 

typically used 80-20 or 70-30 division because the bins used in the checkerboard analyses would split the 

data roughly evenly across training and validation datasets. The best model settings were selected based 

on their average value of 3 predictive performance metrics: the continuous Boyce index (CBI; Hirzel et al. 

2006), the Area Under the ROC Curve (AUC, Jimenez et al. 2020) and the sum of both (see Figure 4). The 

last one was calculated in order to not neglect models that had both (relatively) high Boyce (i.e., good 

calibration in predictions) and (relatively) high AUC (i.e., good discrimination in predictions). This is 
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necessary, because it is possible for a model to have a high AUC and a low Boyce index or vice versa (i.e. 

balancing discrimination versus calibration in the evaluation; Guisan et al. 2017), and in both cases that 

would be a bad model from at least one perspective. Before the sum was calculated, the AUC was 

recalculated to the gini AUC (2*AUC – 1) ranging between -1 and +1 in order to give it the same “weight” 

as the Boyce index. This therefore yielded 3 optimal model settings (Boyce index, AUC and the sum of 

both) for each species. Subsequently, the full 100% of the occurrence data for each species was used to 

fit a final ‘full’ model using the identified optimal settings (James et al. 2013, Guisan et al. 2017) and again 

splitting the occurrence data 50-50 across the training and the validation bin in order to ensure that the 

checkerboard analyses are comparable to the other three treatments. This full model was finally projected 

in geographic space to obtain a habitat suitability map. This procedure was repeated for each species and 

all 4 methods of background selection. Note that only one dataset of background points for each method 

was used for the creation of SDMs in this entire study.  

 

Model similarity analysis: a measure for model stability 

To assess model stability, we used a form of virtual simulations based on the habitat suitability maps of 

the species generated from SDMs at the previous step. We refer to these SDMs and the matching 

distribution maps as being of generation 1. For this, we artificially considered the generation 1 prediction 

maps as “true”, meaning a perfect presentation of habitat suitability for the species (as in Thibaud et al. 

2014). New occurrence points were then generated from each of these true habitat suitability maps, using 

the values of the map as probability of occurrence, i.e., the higher the habitat suitability was, the higher 

the likelihood that an occurrence point got generated there. For each species, 7 new occurrence datasets 

were created: ones of 10, 30, 50, 100, 300, 500 and 1000 occurrence points. For each of these datasets, 

the model fitting and selection procedures described in section 2.6 were performed again, minus the 

splitting up of data into bins of 80% and 20%, i.e., the generation 2 data were divided 50-50, used to train 

50 model replicates to identify optimal settings, then re-run with 100% of the data using those optimal 

settings. We underline that the virtual occurrence datasets were never resampled, i.e., the same 

occurrence record dataset was used for the 50 MaxEnt runs. These are the models of generation 2. The 

resulting habitat suitability maps were then compared to the original habitat suitability maps for each 

species as follows: first, the raster datasets were converted to vectors, and then their similarity was 

determined using the cor() function in the R language. Our measure of model stability is consequently the 

measure of spatial similarity between the original map and the map created using the virtual occurrences, 

i.e., through describing spatial autocorrelation. An overview of the study design is given in figure 3. See 
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Appendix 1, figure S4 for an idealized presentation of maximum model stability and Appendix 1, Figure S1 

and Table S2 for the effect of the number of generated virtual points on stability.  

Many models, especially generation 2 models with low numbers of generated occurrences (10, 30, 

sometimes 50) yielded no performance metrics (see Appendix 1, supplementary table S4), which is logical, 

given the very low sample size and 50-50 random split of data. In such a case, the model was not included 

in the similarity assessments, because no optimal settings could be selected. As a result, the amount of 

similarity values differed across background point creation strategies: there were 1032 for stratenv, 887 

for randenv, 931 for the classic randgeo, 885 for checkerboard 1 (cb1) and 920 for checkerboard 2 (cb2). 

We compared all the values of the strategies with Welch t-tests. Since we tested no additional explanatory 

variables, the t-tests were not corrected for multiple comparisons. 

In order to address the different sample sizes, we also did an additional analysis in which we only used 

Welch t-tests after random elimination of values until the two compared strategies had the same number 

of values. This method was repeated 100 times over, with a new random sample of eliminated values 

each time. The Welch t-test was chosen because no equal variance could be assumed among both 

samples. 
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Results 
The moran’s I was -3.967e-05 for the randgeo dataset, 3.573e-05 for the randenv background points and 

0.001 for stratenv background points. Note that the same BP dataset was used for randgeo, cb1 and cb2; 

it was merely split into different bins for the latter two. 

 

Model performance metrics comparison 

Models calibrated for species at the equilibrium yielded significantly higher AUC and AUC+CBI in 

generation 2 for the stratenv and CB1 treatments than invasive species models. In generation 1, no 

significant differences were found when comparing invasive species models to equilibrium species 

models. 

When comparing performance metrics between background point selection strategies (regardless of level 

of species equilibrium with the environment), stratenv yielded higher AUC values than any other strategy 

in generation 1 models. No additional significant effects were found in this generation. In generation 2, 

more significant differences were found. Stratenv had higher AUC than any other strategy, and randenv 

had a higher AUC than all the geographically sampled BP datasets. The same pattern was observed for 

AUC+CBI. Stratenv also had higher Boyce index than all other treatments, except for randenv, with which 

there was no significant difference.  
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In generation 1, when comparing AUC, CBI and AUC+CBI between IAS and EQ species, within each 

background point selection strategy, no significant differences in performance metrics were found. When 

comparing results for equilibrium species and invasive alien species within each BP sampling strategy, 

significant differences in average AUC and AUC+CBI measures were found in generation 2 for stratenv 

background points, with a slightly higher average for equilibrium species. The same pattern was found in 

cb1 treatments. See figure 4 for a graphical presentation of these results and Appendix 1, table S1 for the 

same results in tabular format.  
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Figure 4: Average performance metrics with error bars for invasive species (IAS) and equilibrium species 

(EQ) for models of generation 1 (A) and generation 2 (B). 

 

Effects of background points on model stability 

When comparing all of the model stability values (i.e., the measure of similarity between a generation 2 

model and the matching generation 1 model) between two treatments (i.e., not using the random 

elimination method), the results of the Welch t-tests indicate that the randenv strategy yields far higher 

model similarity (i.e., has far higher model stability) than any other strategy, for both invasive species and 

equilibrium species. Stratenv yields higher similarity values than the classic randgeo (table 2, table 3) and 

both checkerboard treatments. When randomly eliminating models, the pattern changes slightly. 

Randenv is still by far the highest in terms of model similarity and stratenv still yields significantly higher 

results than randgeo, but not higher than either checkerboard treatment anymore (see table 4). 

 

Table 2: Comparison of model similarity (i.e., as a measure of model stability) per background sampling 

method across all species for method 1 (in which all models were kept.). Stratenv = stratified random in 

environmental space, randenv = fully random in environmental space and randgeo = fully random in 

geographic space, cb1 = checkerboard 5 km, cb2 = checkerboard 10 km.  
 

Stratenv Randgeo Randenv cb1 cb2 

Std error 0.0067 0.00748 0.0030 0.0083 0.0075 

Average 0.4802 0.4420 0.8113 0.4534 0.4500 

 

Table 3:  P-values of t-tests comparing similarity score yielded for models per background point treatments 

for method 1. 

 
Stratenv Randgeo Randenv cb1 cb2 

Stratenv 
 

0.00014 < 2.2e-16 0.0120 0.0028 

Randgeo 0.00014 
 

< 2.2e-16 0.3065 0.4482 

Randenv < 2.2e-16 < 2.2e-16 
 

< 2.2e-16 < 2.2e-16 
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Table 4: results of background point sampling strategy comparison when randomly eliminating values, to 

ensure equal sample size (i.e., method 2)  

Strategy comparison 
     

 
Stratenv Randgeo Randenv cb1 cb2 

Stratenv 
 

100% 100% 0% 0% 

Randgeo 100% 
 

100% 100% 0% 

Randenv 100% 100% 
 

100% 100% 

cb1 0% 100% 100% 
 

0% 

cb2 0% 0% 100% 0% 
 

 

 

Effects of equilibrium species vs invasive alien species on model stability 

The results were analyzed by both Welch t-tests of all the values and again by random elimination, just as 

described under section 2.7. Only the stratenv resulted in higher average model stability for equilibrium 

species than for invasive alien species, but this result was not found to be statistically significant. The 

other four background treatments (i.e. including two options for the stratified in geographic space: cb1 

and cb2) demonstrated the opposite effect, but this time with significant results, except for cb2 (figure 5). 

The random elimination method however yielded significantly higher similarity values for equilibrium 

species in the stratenv treatment in 100% of the cases. The strategies randenv, randgeo and cb1 also 

yielded 100% significant results, but with a higher average for invasive species. For cb2, no difference was 

found in similarity values for invasive species and equilibrium species. See Appendix 1, table S3 for the 

same results in tabular format. 

cb1 0.01202 0.3065 < 2.2e-16 
 

0.7634 

cb2 0.0028 0.4482 < 2.2e-16 0.7634 
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Figure 5: Comparison of model similarity for equilibrium species and invasive alien species per background 

sampling method. . 

 

Model stability vs performance metrics  

The stratified random in environmental space background points models yielded the highest performance 

metrics, particularly AUC, for both generation 1 and generation 2 models, and the fully random in 

environmental space treatment yielded the highest model similarity (see figure 6). See Appendix 1, Figure 

S2 for the same analyses on the CBI. 
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Figure 6: Average model similarity vs average AUC for real species models of generation 1 (the models that 

were run using real occurrence data) (A) and generation 2 (the models that were run using virtual 

occurrence data generated from the output suitability maps of generation 1 models) (B). .

A

B
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Discussion 

 

This research focuses on two questions: (1) Which method of background points sampling produces the 

best-performing SDMs for invasive and equilibrium species in terms of model accuracy and stability? (2) 

Do these background point sampling strategies differ between native and invasive alien species? 

 

What drives model stability? 

Our results indicate that the classic randgeo sampling of background points produces less stable models 

(i.e., models with lower similarity values) than both strategies of sampling in environmental space. This is 

logical and intuitive because the environmental space is used to model the environmental niche (Guisan 

et al. 2017). In addition, it is also optimal to sample species observations in the field based on 

environmental space (Hirzel & Guisan 2002). The finding likewise concurs with previous findings that 

randgeo sampling can cause prediction biases (Botella et al. 2020, Freeman et al. 2022). However, 

sampling background points in geographic space is still much more common than sampling in 

environmental space (examples of the latter are e.g. Fragnière et al. 2022, Bazzichetto et al. 2023).  

However, the randenv method of background point selection produces by far the most stable (measured 

by similarity) models for both invasive alien species and species at equilibrium, though the model stability 

is significantly higher for invasive alien species. This is consistent with the results of Bazzichetto et al. 2023, 

who used virtual species to show that sampling background points uniformly in environmental space 

(which is intended to also be fully random in environmental space) produces models that most closely 

approximate reality for species with wide environmental tolerances, which, in the real world, would 

include invasive alien species. Therefore, the superior model similarity we found for invasive alien species 

using this background sampling strategy could be explained by the fact that the stratenv data points are 

very good at capturing the extremes of the environment, whilst the randenv background points are more 

continuously spread along the core parts of the environmental gradients. The latter probably informs the 

models better, particularly the models on invasive alien species, because these are often not present in 

the extremes of the environment (e.g. there are very few IAS at high elevations (Fuentes-Lillo et al. 2021, 

Barros et al. 2022)). Therefore, the distribution of invasive alien species and the randenv BP are probably 

similar. This could be further reinforced by the fact that citizen science datasets like GBIF are subject to 

human sampling bias (Chauvier et al. 2021) and therefore contain less observations in high mountains, 

even for alpine species. 
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What drives model accuracy? 

On the side of performance metrics, the stratenv background method yields higher AUC and AUC+CBI (our 

combined index) for equilibrium species than any other background treatment, particularly in generation 

2 models. This is almost entirely due to higher AUC and the effect is noticeable in all equilibrium species 

models.  Still, the ability of the stratenv models to yield higher AUC indicates that they are better at 

discerning suitable area from unsuitable area. Namely, a possible explanation that they yield higher AUC 

but not higher Boyce is that the stratenv models include fewer false positives than the other methods, 

likely due to their ability to classify the absences of the species. 

Our results therefore show that although randenv background treatment yields by far the most stable 

models, it is less good at modelling realistic species distributions than the stratenv treatment. This is likely 

because the randenv treatment distributes its background points more heavily in environmental values 

that are common, rather than in the extremes. Both presence points and randenv BP find themselves 

often in the most common environmental values. Hence, it is often easier for randenv models to identify 

relationships between the presence points and the environment and therefore create stable models, but 

they are not necessarily the right relationships. The latter are more likely to be identified by the stratenv 

background model treatments. 

 

Do optimal BP selection strategies differ between equilibrium and non-equilibrium species? 

When answering question 2 (if different BP selection strategies produce the most accurate and stable 

models for EQ species and IAS), we would expect that EQ species would yield higher performance metrics 

and more stable models, since SDMs assume that the species is at equilibrium with the environment and 

that the species occupies its whole realized niche. In this study, it is assumed that the latter condition is 

satisfied for EQ species, but not for IAS. Stratified sampling in environmental space was the only method 

where SDMs trained on occurrence data of equilibrium species yielded both higher performance metrics 

and higher stability values than for non-equilibrium species.  

This might be because the stratenv background points are agglomerated into areas where environmental 

gradients are steep, such as in mountains. Previous studies indicate that model performance is better 

when background point sampling biases match the bias of the occurrence records (Botella et al. 2020, 

Freeman et al. 2022, Schartel & Cao (2024)). This may explain why the stratenv background point sampling 

method, unlike all other methods, yielded higher model similarity for equilibrium species than for invasive 

alien species: the distribution pattern of these background points matches the distribution pattern of the 
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species. This agrees with the observation that modelling species not at equilibrium with the environment 

can lead to inaccurate predictions (Freeman et al. 2022). It is therefore possible that the stratenv sampling 

works better for equilibrium species than for alien species because the stratenv background points are 

much more abundant around mountains. Hence, the models may be more stable not because the species 

are at equilibrium, but because they are primarily mountain species. In addition, many of the equilibrium 

species chosen in this study have relatively narrow distributions, meaning that stratenv background 

points, which are agglomerated where the environment is heterogeneous, can provide the model with a 

more complete view of the habitat preferences of narrow-ranged species. This may indicate that the 

methods have great conservation applications, as narrow-ranged species are both vulnerable to climate 

change and notoriously difficult to model due to low sample size (Hernández-Lambraño et al. 2020). 

However, environmental strata are very strongly correlated to topography and elevation, so likely, the 

random stratified sampling in environmental space informs SDMs better on the margins of the 

environmental tolerance of each species. Still, we cannot refute the possibility that stratenv sampling is 

better suited to equilibrium species, regardless of whether these occur primarily in mountains or not. 

An additional criticism might be that the spatial autocorrelation of the stratenv BP dataset would lead to 

errors in model training and predictions. Since this has been proven to be true for occurrence datasets 

(Veloz 2009, Miller et al. 2012), it might also be true for BP datasets. However, model training is about 

statistical correlations between occurrences and environmental values, it takes place in environmental 

space, not in geographic space. Therefore, we do not see how model errors resulting from spatial 

autocorrelation of the stratenv BP models could artificially inflate the stability values. In addition, our 

sampling of the stratenv BP data should be (most) uniform along environmental gradients, not biased. 

The better stability and performance results for invasive alien species than for equilibrium species yielded 

by all sampling strategies except stratenv can be explained by their distributions being spread relatively 

evenly over the study area, just like the distributions of the selected species. The species used for this 

study are widespread, at an advanced stage of invasion. Sampling strategies that cover the more common 

environmental values therefore inform the model better. It is also possible that the stratenv background 

points produce models that are less sensitive to sample size, as the invasive alien species have on average 

more than twice as many occurrence points than the equilibrium species (see Table 1). A complementary 

argument is that since the chosen invasive alien species are at an advanced stage of invasion, they could 

be closer to equilibrium with the environment than initially assumed. This may also explain why the result 

of stratenv background points yielding higher model similarity results for equilibrium species is significant, 

but only barely: the invasive alien species are relatively close to equilibrium, as well. 
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We found that no performance metrics could be generated from many models of generation 2 (i.e., the 

models built using occurrences generated from the generation 1 habitat suitability maps) that were 

trained with only 10 or 30 occurrences. This is an additional finding that models trained with small sample 

size may still yield performance metrics (but see Collart & Guisan 2023) but fail our additional stability 

test. Our results therefore suggest that it is advisable to not run SDMs with fewer than 50 occurrence 

records (which has already been shown to be problematic (Adde et al. 2023)), and that testing with 

performance metrics may not be sufficient to evaluate SDMs. Null models are a possible measure of 

reliability that may alleviate this concern, as proposed in Collart and Guisan (2023). 

 

Possible expansions 

Further investigations expanding on our methods might yield interesting results. For instance, different 

methods of assessing overlap of species’ predictions, e.g., using Schoener’s D (e.g. Warren et al. 2008) or 

Kulczynski’s coefficient (e.g. Randin et al. 2006) instead of our correlation method used to calculate model 

stability could be used in future studies. This might help put our findings in the larger context of other 

studies, e.g. on calculating niche and distribution overlaps (Warren et al. 2008), or to compare model 

predictions in transferability assessments (Randin et al. 2006). Another potentially promising method to 

assess the effect of spatial autocorrelation on models would be to use Dutilleul’s modified t-test, which is 

especially designed to account for the degree of spatial autocorrelation in statistical inference (Dutilleul 

et al. 1993). This test would thus be mostly ideal when one is interested in comparing two samples in the 

presence of spatial autocorrelation. 

Secondly, limiting the SDM study area to the home range of the respective species might provide valuable 

insights, as large home ranges may artificially inflate AUC (Lobo et al. 2008). In this study, we have not 

done so, as the comparability of the models, particularly of the widespread IAS and the narrow-ranged 

EQ species, would be compromised. 

Finally, alternate methods of thinning occurrence data might strongly influence performance metrics. We 

have already presented an alternate thinning method and the effect on model stability and performance 

metrics for two species in the supplementary materials (appendix 3), however environmental thinning of 

occurrence data has been shown to improve model performance metrics (Varela et al. 2014).  

 

In conclusion, from our findings, we suggest sampling background points stratified randomly in 

environmental space when dealing with 1) low sample sizes, 2) species at equilibrium with the 
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environment and 3) species with narrow ranges. Conversely, it is better to sample the background points 

randomly in environmental space when species are widespread and have a broad environmental niche. 

In addition, our results show that stratified random in environmental space background sampling yields 

both more accurate and more stable models than the classic fully random in geographic space sampling, 

whilst fully random in environmental space background sampling yields by far the most stable, but not 

necessarily the most correct models. These findings should however be confirmed by further studies. 
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Abstract 

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

damage worldwide. They can be managed, but an cipa ng their invasions is paramount. This can be 

accomplished by modelling their current and future distribu ons. Species Distribu on Models are a 

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

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

and Random Forests, are employed to simulate the present and future poten al distribu ons 

dangerous invasive species, Heracleum mantegazzianum Sommier & Levier, using opportunis cally 

collected occurrence datasets, a nested modelling approach and background points sampled stra ed 

randomly in environmental space. Possible bias in the occurrence datasets are treated in several ways 

and the di erences in output distribu ons are discussed, as well as the uses of the outputs for guiding 

eradica on e orts.  
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Introduc on 

Invasive alien species (IAS) are species that are causing economic or natural damage and are exo c in 

parts of their ranges, causing an es mated $391 billion economic damage per year (IPBES 2023) and 

posing a great threat to biodiversity (UNEP 2023). Their spread has been greatly facilitated by the world 

trade and human movements. Moreover, ongoing climate change increasingly allow them to access 

areas that have remained mostly invasion free un l recently, like the polar regions and high mountains 

(Haider et al. 2022, Pauchard et al. 2009, Pe tpierre et al. 2016). 

Species Distribu on Models (SDMs; Franklin 2010, Guisan et al., 2017) are becoming increasingly more 

advised as a tool in conserva on planning and management (Guisan et al. 2013) but o en remain 

underused in prac ce (Cassini 2011, Tulloch et al. 2016, Steen et al. 2024a). Recent advancements on 

crea ng standards for SDMs (Araujo et al. 2019) and producing accurate predic ons of species 

distribu ons have been made (Kass et al. in press) and need to be applied in prac ce to create accurate 

distribu on maps for prac oners, a step that is especially paramount for monitoring IAS (Lake et al. 

2020).  

For instance, it was determined that sampling background points stra ed randomly in environmental 

space yields the best performance metrics (Steen et al. 2024b). In addi on, the use of a spa ally-nested 

approach was shown to be crucial for modelling IAS (Gallien et al. 2012, Adde et al. 2023). The reason 

is, an op mized SDM for the purposes of management would ideally make use of high-resolu on data 

and cover the en re species range, so that all known environmental condi ons in which the species is 

known to exist are included in the model. Unfortunately, such high-resolu on data is only available at 

local and regional scales, making the task of crea ng accurate SDMs for the purposes of conserva on 

e orts harder. A spa ally-nested approach allows both capturing the whole realized clima c niche over 

the en re species range at coarse resolu on and large extent and ng the species’ ne environmental 

requirements at high resolu on in a smaller extent. This allows overcoming the risk of niche trunca on 

(Chevalier et al. 2021, Adde et al. 2023; Guisan et al. in review) and ensures that all known condi ons 

for the species are accounted for in the case of niche shi s between the na ve and invaded ranges 

(Broennimann & Guisan 2008), which can a ect IAS (Guisan et al. 2014; Fernandez & Hamilton 2015, 

Bates et al. 2020, Aravind et al. 2022). Moreover, species presence is likely predicted by di erent 

environmental variables at di erent scales and resolu ons, e.g. climate being hypothesized to be more 

important at large scales while soil or land cover being hypothesized to be more important toward ner 

scales (Pearson & Dawson 2003, & Dawson 2004, Ni et al. 2007, McGill 2010, Vicente et al. 2014). The 

nested approach can link the largest scale to the smallest scale, thus allowing for di erent covariate 

selec on at di erent scales (Guisan et al. in review). 
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Another poten al drawback of most SDMs is that they are ed using ci zen science datasets, which 

o en su er from spa al and temporal sampling bias (Bird et al. 2014, Callaghan et al. 2019, Anderson 

et al. 2020). However, the exact nature of this bias is hardly possible to determine (Di Cecco et al. 2021). 

Therefore, any e orts to correct the bias by, for instance, subsampling the data might also eliminate 

valuable ecological informa on (Steen et al. 2021), making it hard to determine the appropriate 

treatment of the occurrence data (if any).  

Heracleum mantegazzianum is an extensively studied IAS (Pyšek et al. 2007, Shackleton et al. 2020). It 

causes severe health hazards due to its photoreac ve poison (Bhowmik & Chandran 2015) and 

obstructs ecosystem services like recrea onal shing (Ca rey 1999, Nasadiuk & Mamchur 2024). In 

addi on, its ability to form dense monocultures and alter the nutrient environment makes it a severe 

threat to biodiversity (Ca rey 1999). It invades areas le  open by clearcuts and abandoned agricultural 

ground, mesic grasslands, roadsides, forest edges and eutrophied and iron-polluted soils forming tall-

herb stands (Pyšek et al. 2007, Thiele & O e 2007). For these reasons, H. mantegazzianum is both on 

the List of Union Concern (European Commission 2024) and on the Swiss blacklist of IAS (Info ora.ch. 

The species is spread mainly by humans (Bhowmik & Chandran 2015). It a aches itself to human 

clothes and shoes, and therefore, spreads through any vehicle humans use. Its natural reproduc on is 

through wind-borne spores (Müllerová 2024). It is a low to mid eleva on mountain species originally 

from the Caucasus mountains and displays generalist behavior in its invaded range. In Germany, it 

favors abandoned agricultural areas, likely pro ng from high nutrient content of soils and absence of 

land management (Thiele et al. 2007, Thiele & O e 2008, Thiele et al. 2008). In Europe, it is already 

found at al tudes above 1500 m (Schackleton et al. 2020; Müllerová 2024). It will probably follow the 

trend of invaders to spread to s ll higher eleva ons (Pauchard et al. 2009, Pe tpierre et al. 2016), 

where it can poten ally disturb the many hotspots of alpine biodiversity, which provide invaluable 

ecosystem services (Grêt-Regamey & Kytzia 2007, Ramel et al. 2020).  

In this study, we aim at using novel clues on op mizing SDM modelling approaches (Steen et al. 2024a; 

Steen et al. 2024b) to build the most op mized SDM for the poten al present and future distribu ons 

of the IAS H. mantagazzianum. 

We gathered the most recent ndings on building accurate SDMs (e.g. Araujo et al. 2019), making use 

of mul ple treatment strategies, and test them on the giant hogweed. In par cular, we implemented 

a spa ally-nested approach (Chevalier et al. 2021; Guisan et al. in review) focusing on 3 di erent spa al 

scales: i) Global (i.e. all biomes where H. mantegazzianum is present), ii) Europe and iii) Switzerland. 

We also employed di erent classes of SDM algorithms and sampled background points in an 

environmentally random-stra ed way (Steen et al. 2024b). In addi on, we ran extensive model tuning 
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and over ng analyses, as well as di erent methods to deal with sampling bias. Finally, since it is not 

only important to know the current distribu on of invasive species, but also its future distribu on, we 

also projected the models in future climates. 
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Materials and Methods 

Overall analy cal framework 

Figure 1: Overall analy cal framework of the analyses performed. 

Environmental variables 

Global bioclima c variables were downloaded from CHELSA, version 2.1 (Karger et al. 2017), at a 

resolu on of 0.0083 degrees (30 arc seconds). All variables are calculated as the average values from 

the me series of 1981 – 2010. Karger et al. (2017) provide also mul ple projec ons of the CHELSA 2.1 

variables according to several scenarios. In this study, the SSP 370 pathway was chosen for clima c 

projec ons.  

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

mainly on anthropogenically disturbed areas, nutrient rich soil and abandoned agricultural ground 

(Thiele et al. 2008, Pergl et al. 2011). For present-day land cover variables, we used the 2015 datasets 

provided by the European Space Agency (Global ESA CCI land cover classi ca on map). Binary variables 

included were swampy and o en ooded vegeta on, mostly cropland and grass, shrub and scrubland. 

In addi on, the gridDistance() func on from the R raster package was used to calculate the distance to 
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forest, water, snow and bare/sparsely vegetated areas. Finally, the world popula on density (cropped 

to Europe) (Earth Science Data Systems 2024) was inserted as a variable. 

At Swiss scale, environmental layers on soil and topography were used. They were taken from the 

SWECO25 dataset (Külling et al. 2024) and from the Swiss Federal O ce of Agriculture (FOAG 2012).  

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

these environmental variables. A threshold of 0.70 for correla on between variables was established, 

in accordance with Dormann et al. (2013). When two variables had a correla on >0.7, we kept only 

one of them. The de ni ve roster of variables chosen for model calibra on across all three ers is 

outlined in Table 1. For an ecological jus ca on of the inclusion of each variable, see Appendix 2. The 

biomes where H. mantegazzianum does not occur, as well as all water bodies, were removed from all 

environmental variables. 
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Table 1: Variables used at each spa al scale to run the Maxent and Random Forest models. 

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 
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 

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 
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Occurrence data 

Data were collected from one ci zen science dataset (GBIF 2021) and from an unbiased occurrence 

dataset collected using a scien c sampling scheme (Celes -Grapow et al. unpublished data). Only 

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

2.1 me series.  We assumed that the me di erence between 1981-2010 and 2000-2021 was 

representa ve of the delayed response of the species to shi ing climate (Steen et al. 2024b). From the 

full database we eliminated improbable coordinates, occurrences characterized by coordinate 

uncertainty exceeding 50 meters, observa ons repor ng zero abundance, and the removal of entries 

deno ng an occurrence status of "absent" across mul ple languages. Addi onally, a visual inspec on, 

checking for occurrence records where they should not be, was conducted. These data cleaning 

opera ons were executed as per Steen et al. (2024b). The three datasets were all used to run the SDMs 

at all three spa al scales. 

Bias correc on and data thinning 

Given the di erent sampling designs of the individual datasets, three di erent versions of the full 

combined dataset were used. Firstly, a fully non-thinned dataset (so the en re dataset, except for 

selec ng only 1 occurrence record per environmental variable raster grid), a MCP thinned dataset and 

a dataset based on the distance to ar cial surface and urban area. These treatments were chosen 

because of the di erences in sampling design and the di erent sampling biases. Secondly, an MCP-

based thinning method (Steen et al. 2024b) was applied, which counters spa al autocorrela on but 

also might eliminate ecologically relevant informa on (Steen et al., 2021). Therefore, the third dataset 

was thinned based on the assump on that sampling intensity in ci zen science databases is higher by 

human infrastructure. On the other hand, higher abundances of H. mantegazzianum along roads and 

ci es might be realis c since humans are a major vector in spreading the species. Due to this 

uncertainty, we also used the en re, non-thinned occurrence point dataset. In the spa ally nested 

approach, only SDMs run using the same occurrence dataset treatment at larger scale were included 

in the lower scale models using that treatment.  

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

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

serves to de ne the boundaries of the species' home range. Subsequently, within this MCP, we 

implemented a random point selec on method. This procedure was iterated 50 mes, and on each 

itera on, we computed the average nearest neighbor distance between the randomly selected points. 

113



The overall average of these individual averages was then calculated. To reduce sampling bias and align 

the distribu on of species occurrence records with what would be expected in a random distribu on, 

we employed the spThin R package (Aiello-Lammens et al. 2015, Chiocchio et al. 2021). 

The data thinned based on distance to ar cial surface and urban area were created by extrac ng the 

“ar cial surface and urban area” from the present-day land use data (Global ESA CCI land cover 

classi ca on map) and calcula ng the distance from for each pixel that was not ar cial surface or 

urban area using the gridDistance() func on from the R raster package. The values of this raster dataset 

were then used as a “weight” to sample occurrence records from the non-thinned dataset using the 

sample() func on in R. The number of occurrence points sampled was the same as the number of 

points remaining a er the MCP thinning. 

Both thinning steps were repeated at all 3 spa al scales, genera ng 6 thinned datasets. Since the non-

thinned occurrence datasets were also used, a total of nine occurrence datasets have been used to 

generate the models (three at each spa al scale). The ones built for the Swiss scale are given in Figure 

2. 

 A B
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Figure 2: The three occurrence datasets used to t the SDMs at Swiss scale: no thinning (A), thinned 

with MCP (B) and thinned by proximity to ar cial surface and urban area (C). 

Species Distribu on Models 

Spa ally-nested approach 

The spa ally-nested approach was implemented by running Species Distribu on Models (SDMs) using 

the Maxent algorithm (Phillips et al. 2017) and Random Forests (standard implementa on, using the 

randomForest() func on from the randomForest R library (Breiman et al. 2024)). Models were run at 

three spa al scales: (i) global (from which all the biomes where H. mantegazzianum can occur were 

extracted), (ii) Europe and (iii) Switzerland. The output habitat suitability map of the world 

model was used as input for the European model, and the output of the European model was in turn 

used as input for the Swiss model (Adde et al. 2023). 

This was done for three reasons. 1) modelling the whole range, at least clima c, at which a species 

occurs is essen al to avoid niche trunca on, i.e., underes ma on of the realized niche of the species 

by modelling only a frac on of the range of the environmental variables where the species occurs, 2) 

it allows for using the ne-resolu on data available only at local (here Swiss) scale whilst also using 

coarser data at higher scales, and 3) it allows for selec on of environmental variables most appropriate 

for predic ng the distribu on of H. mantegazzianum at each of the three scales. 

The Maxent and Random Forest algorithms were used to t the SDMs. These were chosen because 

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

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

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

of species (Guillera-Arroita et al. 2015, Fletcher et al. 2019). The version of the algorithm based on an 

in nitely logis cal regression (Phillips et al. 2017) was used here. 
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To avoid model over ng of the MaxEnt models, we varied the mathema cal func on types (linear, 

quadra c, hinge, product, threshold) and the Regulariza on Mul plier (RM), a controller of model 

complexity: func on types were varied linear, quadra c and hinge (LQH), 2) linear, quadra c and 

product (LQP), and 3) linear, quadra c product and hinge (LQPH). Threshold func ons were never used 

because hinge func ons have been shown to be a be er replacement (Elith et al. 2011). In addi on, 

the RM was varied from 1 to 5, giving us 15 combina ons of se ngs.  

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

Maxent models, but the number of trees (“ntree” variable in randomForest func on in randomForest 

package (Random Forests: h ps://www.stat.berkeley.edu/users/breiman/RandomForests/) was varied 

between 1000, 1500 and 2000 and the degree of random varia on (“mtry” variable in randomForest 

func on in randomForest package) was varied between 1 and 5. The selec on of the op mal models 

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

of the nal models at all scales were performed using the out-of-bag (OOB) measures. 

Background points selec on 

At each level of spa al analysis, the environmental variable raster layers were segmented into three 

strata using the following approach: rst, we determined the range between the lowest and highest 

values within each layer. Next, we selected all the cells whose values fell within each one-third quan le 

of the dataset, crea ng three dis nct strata within each layer. Each of these strata received a unique 

numerical iden er that did not repeat in any other layer. Subsequently, we generated a new raster 

layer in which these numeric codes were summed, resul ng in a dis nc ve code for every strata 

combina on. If the dataset was a factor (as is the case for the binary variables at European level), the 

cells containing “0” and “1” variables were replaced by a new unique code.  Finally, we employed the 

'sampleStra ed' func on from the raster R package to perform sampling across this newly created 

layer, thus genera ng stra ed random points within the environmental space.   The minimum number 

of points per stratum that yielded at least 10000 background points total were used. Since the model 

output at higher spa al scales was used as input for the model at lower spa al scale, the background 

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

Therefore, each model at the European and Swiss spa al scales had a unique set of background points. 

Performance metrics 
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We calculated the AUC (Hanley & McNeal 1984) and con nuous Boyce index (Hirzel et al. 2006) 

performance metrics, as well as their sum (Steen at al. 2024b), 100x for each combina on and selected 

the model se ngs (i.e., rm and func on types for MaxEnt, ntree and mtry for RF) that had the highest 

metrics, spli ng the occurrence data randomly between occurrence and valida on bins each me. 

Before compu ng the sum, the AUC values were rst recalculated to the gini AUC (2*AUC-1), in order 

to give it the same “weight” as the con nuous Boyce index. The models with the highest performance 

metrics were projected on the matching environmental variables and the resul ng rasters were 

summed in order to create the nal product at each spa al scale. 

If one or more of the models had the same se ngs, the output map of the model with those se ngs 

was used only once in the sum to create the nal output maps. This is because the sum of the 

performance metrics was included in order to include models that had both high AUC and high Boyce, 

i.e., both high calibra on and high discerning measures. If two models have the same se ngs, then

the sum has the same se ngs as the maximum AUC model, or the Maximum Boyce model, or both.

Therefore, it would add no new informa on to the output to include it more than once and the nal

summed maps only included models with unique se ngs.

Variable importance 

A er selec on of the models with the op mal performance metrics, the explanatory power of each 

of the predictors was determined for all the models. The varImportance() func on of the tMaxnet R 

package (Wilson 2024) was used for the Maxent models. For Random Forests, the necessary data is 

automa cally saved when using the randomForest() func on (Breiman et al. 2024). 

Future projec ons 

The CHELSA datasets that were projected by Karger et al. (2017) to the future me period of 2041-2060 

using the SSP3-7.0 scenario were used in this study. This scenario was chosen because it occupies a 

middle ground between medium-high and very-high emissions. The scenario also assumes a 

fragmented world in which na ons largely pursue their own interest and bars game-changing 

technological advancements (Karger et al. 2017). The world popula on model projec ons according to 

the SSP3-7.0 scenario for the year 2050 were used. 

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

on the data provided by the European Space Agency, which we used for present day land cover data) 

and were based on observed trends of historical land use change over the period 2010-2018. Whilst it 
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does not par cularly follow any RCP or SSP scenario, we believed that there were no con ic ng 

assump ons made in any of the datasets. 

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

used to accomplish this in the QGIS (QGIS Development Team 2009) raster calculator so ware is 

presented in Appendix 1. 

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

rela ng to topography were assumed to not change in the future. However, soil and edaphic variables 

will likely change. Therefore, we made the simpli ed assump on that the edaphic variables will not 

change. The future projec ons at the Swiss scale were therefore done by inser ng the outputs at the 

higher scales as an input variable, as part of our spa ally nested approach. 
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Results 

Fit of the models 

Variable importance 

The predic ve power of all the included environmental variables di ered slightly for each model ed 

at each scale but showed similar pa erns overall. For the Maxent models ed at world scale with non-

thinned occurrence data, the annual temperature seasonality (bio15) had by far the highest predic ve 

power, followed by the number of days in the growing season (gdd0). The same was true for the Maxent 

models ed with occurrence data thinned with an MCP, but in the models ed by data thinned by 

distance to ar cial surfaces, the average temperature of the growth season (gst) was the second-

strongest predictor (a er bio15). 

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

temperature coming second. One of the two RF models ed with MCP thinned data had Bio19 as the 

second-most powerful predictor and the other one had bio19 (mean monthly precipita on amount of 

the coldest quarter). 

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

across almost all models, except for Maxent and RF models ed with data thinned by distance to 

ar cial surface, in which it was distance to permanent snow and ice. Swampy or o en ooded 

vegeta on was the second-most powerful predictor for the other Maxent models.  In RF models, 

distance to snow and ice ranked as the second most powerful predictor overall, though for one non-

thinned dataset, popula on density was the second-most powerful predictor.  

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

model variable coming second. For RF models, the most powerful predictor overall was the model ed 

at European scale, though the slope was the strongest for RF models that used data thinned with an 

MCP, and the second-strongest predictor for the other models.  

 

Model evalua on 

Over ng analysis 

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

found to be over ed (paired t-test: p = 0.047). However, as it was summed with other MCP outputs 
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at that scale and the distribu on maps at Swiss scale are the main output of the study, this model was 

included in the results. 

Performance metrics 

Both Maxent and RF models showed good performance metrics, with average AUC at world scale 

always over 0.95 and average Boyce index always over 0.85. On all three spa al scales, RF models had 

the highest average AUC, some mes with values of around 0.999, especially for non-thinned data 

models, indica ng an e ect of high sample size. One RF model at European scale with non-thinned 

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

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

  

Figure 3: Summed SDM outputs for Heracleum mantegazzianum for the present day, for both Maxent (A, C, E) 
and Random Forest (B, D, F) models, for all three occurrence datasets: non-thinned (A, B), thinned using a 
Minimum Convex Polygon (C, D) and thinned by distance to ar cial surface and urban area (E, F). The scale 
bars denote habitat suitability and vary from 0-2 because there were always two models, with a habitat 
suitability range from 0 to 1. 
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Future predic ons 

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

Figure 4: Summed SDM outputs for Heracleum mantegazzianum for the year 2050, for both Maxent (A, C, E) 
and Random Forest (B, D, F) models, for all three occurrence datasets: non-thinned (A, B), thinned using a 
Minimum Convex Polygon (C, D) and thinned by distance to ar cial surface and urban area (E, F). The scale 
bars denote habitat suitability and vary from 0-2 because there were always two models, with a habitat 
suitability range from 0 to 1. 
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Discussion 

Need for predic ng and monitoring 

Predic ng and monitoring IAS is crucial for mi ga ng their nega ve impacts on biodiversity, ecosystem 

services, and human health (Shackleton et al. 2020). Heracleum mantegazzianum is a prime example 

of an IAS that poses signi cant threats to nature and economy and e ec vely managing it is therefore 

essen al. Thankfully, it is possible to e ec vely manage the species (Nasadiuk & Mamchur 2024). 

These ndings underscore the importance of con nuous monitoring and adap ve management 

strategies to control the spread of invasive species like H. mantegazzianum and protect ecological 

integrity and ecosystem services. Here, we assessed how op mal predic ve models could be built for 

this problema c IAS. 

The Swiss Alps are refuges for biodiversity and provide invaluable ecosystem services (Ramel et al. 

2020). With climate change, invasive alien plants are likely to shi  their distribu ons to higher al tudes 

(Pe tpierre et al. 2016), jeopardizing the biodiversity hotspots in and ecosystem services provided by 

the Swiss alps. For long, many mountains were thought to be invasion-free (Pauchard et al. 2009), but 

global warming is changing the story, and since H. mantegazzianum is a mountain species in its na ve 

range, its spread to higher al tudes is likely to happen where it invades (Cuddington et al. 2022). This 

is especially true considering that the species has demonstrated its ability to se le in high mountain 

areas when escaping from high-al tude botanical gardens (e.g. up to 2200 m; Müllerová 2024). 

SDMs are increasingly recommended to be used in conserva on studies (Guisan et al. 2013; Steen et 

al. 2024b), with even the Interna onal Union for the Conserva on of Nature (IUCN) using them to 

es mate the species’ distribu ons and to inves gate how climate change will a ect them (Cassini 

2011). Studies have shown that SDMs can predict the poten al spread of H. mantegazzianum, guiding 

targeted monitoring and management e orts (Shackleton et al. 2020). This study tested di erent 

se ngs to model the current and future distribu ons for H. mantegazzianum in Switzerland and look 

for the most op mal approach. 

 

Current distribu ons 

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

models thinned by proximity to ar cial surface and urban areas. This approach assumes that ci zen 

science data, such as those from GBIF and Info ora, are biased to proximity to roads and also more 

easily accessible areas (Hughes et al. 2021, Díaz-Calafat et al. 2024 for insects). On the ipside, this 

approach truncates the niche of the species, by biasing the available data to areas further from 
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infrastructure, which in Switzerland are more likely to be high-al tude areas, as the country is very 

mountainous and the vast majority of the popula on lives outside of the Alps (EDA, n.d.). It therefore 

stands to reason that the models that use data thinned by proximity to ci es and roads model more 

rare environmental values, as mountain habitats have very variable climate and topography. 

The fact that H. mantegazzianum‘s distribu on is most powerfully predicted by slope in Switzerland 

may re ect the fact that the species grows the most in the plains and lower lands (as seen in our 

occurrence data), presently not favoring the mountainous areas that cover much of Switzerland. This 

is supported by the fact that the plant indeed is more likely to occur at low slopes (see the response 

curves in Appendix 3). 

 

Future distribu ons 

Looking at the future predic ons of habitat suitability in Switzerland ( gure 4), the habitat suitability 

decreases for all models, both Maxent and RF. However, in Maxent models, it does spread to higher up 

in mountains. This probably re ects the fact that H. mantegazzianum is a generalist species in its 

invaded range, meaning its distribu on is mostly inside the most common clima c condi ons found in 

Europe. This is supported by the fact that the model at world scale, ed with climate variables, is the 

strongest predictor for the European models. The upward shi  is likely representa ve of the future 

clima c shi , which would be driven by precipita on and the condi ons of the growth season, as 

indicated by the most powerful predictors, the seasonality of precipita on, the length of the growth 

season and the temperature of the growth season. 

The radical decrease of habitat suitability from present to future for the RF models ed at Swiss scale 

with non-thinned occurrence data may be telling of model over ng. This is more likely to occur with 

large datasets. The very sharp limit between suitable and unsuitable areas, par cularly in the model 

ed with non-thinned occurrence data, further supports this theory. In addi on, our method of 

sampling background points stra ed randomly in environmental space implies spli ng each covariate 

up in three strata and sample equally from those three. The strongest predictor of the non-thinned 

data RF models is the summed model output at European scale. For both RF Swiss-scale models with 

non-thinned data, the probability of occurrence of the species is almost en rely concentrated in the 

upper third of the variable values (see Appendix 3). It could therefore be that our stra ed random in 

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

unsuitable habitat, explaining the drama c decrease in H. mantegazzianum habitat suitability in the 

124



future. The same holds true for the RF projec ons of the models ed with data thinned by ar cial 

surface and urban area. 

It must also be noted that the decreases are more signi cant for RF models than for Maxent models, 

again perhaps indica ng too strong ng of data. However, the over ng analyses of the RF models 

showed only one over ed model on the European scale. Therefore, the models may perform very 

well, sta s cally, but put overly strict boundaries to the modelled niches. The more lenient predic ons 

for Maxent models would seem to be more realis c for an invasive species, indica ng that this 

algorithm is less inclined to put overly strict constraints on the modelled realized niche. 

Implica ons for management 

The usefulness of the output maps likely varies based on the exact spa al focus of conserva on e orts. 

For instance, the models ed with data from ar cial surface and urban area do not match the 

present-day distribu on of H. mantegazzianum. Therefore, these are likely not realis c. However, the 

Maxent models ed with this dataset do demonstrate un upward shi  of the species distribu on in 

the future, and the output maps may therefore s ll be relevant when iden fying areas to subject to 

scanning for the species in high-mountain habitats. Therefore, as all Maxent models ed with all data 

display an upwards spread, they may all be useful for this purpose. 

In general, the models ed with MCP thinned data display the least drama c shi , which is likely to 

match reality, due to H. mantegazzianum’s invasive and generalist nature. S ll, the models ed with 

non-thinned datasets display the highest suitability values in Switzerland and are therefore least likely 

to underes mate H. mantegazzianum’s poten al distribu on, which is important in the case of invasive 

alien species. However, to use this study’s results to iden fy areas likely to be invaded, and therefore 

priori ze conserva on e orts, it would be more prudent to use the slightly more restric ve MCP model 

outputs, also due to their moderate future decrease in habitat suitability. Lastly, the output maps 

in this study could be crossed with other relevant informa on, such as the spa al loca ons of 

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

mantegazzianum (such as recrea onal shing) and loca ons where the health hazards posed 

by the species could be par cularly harmful, such as in the proximity of schools. 
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Abstract 
Invasive alien species (IAS) present a major threat to biodiversity and ecosystem services. Managing 

and controlling them is of paramount importance. To guide conservaƟon efforts, detailed maps of 

potenƟal distribuƟons of IAS, as for instance produced by species distribuƟon models (SDMs), are very 

useful, but lacking in the dimension of probability of invasion success. An important barrier to the 

successful establishment of IAS is climate. The Niche Margin Index provides a measure of (dis)similarity 

between the naƟve climaƟc niche of IAS and the environmental condiƟons in another site (which, for 

these purposes, would be a (potenƟal) invasion site). This measure was shown to be posiƟvely 

correlated with invasion success in invasive vertebrates. For invasive plants, however, special cauƟon 

is advised to pick the method to define the naƟve climaƟc niche. This study examines the effect on NMI 

of using three different methods to define the naƟve range: the full naƟve range polygons, the 

geographical occurrences of the species inside the naƟve range, and a thresholded SDM inside the 

naƟve range. The last method occupies the middle ground between the first and second, which present 

the highest and lowest NMI, respecƟvely (i.e. occurrences < SDMs < range polygons). This has 

implicaƟons for nature conservaƟon and invasion science, as it points out new consideraƟons that must 

be made before the probability of invasion success is assessed in plant species. 
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IntroducƟon 

Invasive alien species (IAS), defined as species that are not naƟve to the region in quesƟon and have 

been proven to cause ecological and/or economic damage (Polce et al. 2023) are one of the five main 

drivers of biodiversity loss (IPBES 2023). Species DistribuƟon Models (SDMs; Guisan et al. 2017, 

Peterson et al. 2011, Franklin 2010) are increasingly advised to be used in nature conservaƟon planning 

(Guisan et al. 2013, Tulloch et al. 2016, Steen et al. 2024a), and are now being used for this purpose, 

e.g. by IUCN (Cassini 2011). Whilst SDMs have great potenƟal for foreseeing invasions by IAS, using 

them implies making assumpƟons. One such presupposiƟon is that the potenƟal of the species to 

establish itself in any locaƟon with suitable habitat is unlimited, which is unrealisƟc. There are many 

biological and geographical impediments to the successful establishment of colonizing plants 

(Richardson & Pyšek 2006, Saul et al. 2017, Broennimann et al. 2021).  

In truth, for a bioƟc invasion to be successful, several hurdles need to be crossed. Firstly, the species 

must disperse to the site of invasion, then it must find adequate local environmental condiƟons (e.g., 

presence of soil, nutriƟon, sunlight, shelter, favorable climate, etc.) and face bioƟc barriers (e.g., 

compeƟƟon, predaƟon, etc.) (Richardson & Pyšek 2006). 

Once these barriers have been crossed, meaning once IAS have established themselves firmly, they 

become more difficult and costly to combat (Plues et al., 2012, as noted in Broennimann et al. 2017). 

Adding the dimension of probability of successful establishment therefore has great conservaƟon 

applicability. One key filter that a species needs to pass through is climate (Steen et al. 2024). 

Broennimann et al. (2021) have shown that for invasive mammals, the successful invasion of a new 

area is posiƟvely correlated to the similarity of the naƟve climaƟc niche (NCN; climaƟc niche in the 

naƟve range of a species) to the climaƟc niche in the invaded range (Broennimann et al. 2021). They 

designed a new measure called the Niche Margin Index (NMI) that measures how much the condiƟons 

at a site are inside (innerness) but also, and this is new, outside (outerness) the NCN. The NMI is a 

conƟnuous measure from niche innerness to outerness, i.e., how much inside or outside of the NCN a 

site in the invaded range lies. PosiƟve NMI implies that it lies within the NCN, whilst a negaƟve one 

indicates it lies outside the margin, and the absolute value tells us how much inside or outside it lies. 

Averaging NMI values across many occurrences of a species in its invaded range can therefore inform 

on how much the invaded climaƟc niche (ICN) is similar or not to the NCN, i.e. inside or equal to the 

NCN or partly outside (i.e., expanding). 

Broennimann et al. (2021) used the naƟve range maps (not the SDM outputs) produced by IUCN based 

on expert judgment to calculate the NMI. This may be realisƟc for mammals, as they are highly mobile. 

However, for plants, using the whole naƟve range is likely an overesƟmaƟon of the species’ true naƟve 
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realized niche (Díaz-Calafat et al. 2024). This can be remedied by calculaƟng the NMI using only 

occurrence points in the naƟve range of the species, however, this is likely to be an underesƟmaƟon. 

ScienƟfic fieldwork does not provide enough informaƟon to quanƟfy the niche (Araújo & Guisan 2006) 

and ciƟzen science datasets likely suffer from biases (Bird et al. 2014, Callaghan et al. 2019, Anderson 

et al. 2020, Hughes et al. 2021, Díaz-Calafat et al., 2024). The reality probably lies somewhere in 

between and may be approximated by SDMs, since the laƩer would not be needed if either expert-

drawn maps or occurrence points of the species were adequate to typify a species’ realized niche. Yet, 

this has never been assessed. 

In this study, we invesƟgate how using all three previously described types of data (occurrences, SDMs, 

range polygons) to calculate the NMI affects the NCN-matching of occurrences outside the naƟve 

range. We collected occurrence data for 45 invasive plant species and calculated the NMI for each 

occurrence point outside of the naƟve range of the species. Then, we compared the results among the 

three methods. We hypothesize that 1) the high extreme will be the full naƟve range values, 2) the 

lowest will be the occurrences only, and 3) that the SDMs will occupy the middle ground. We then 

discuss what the most realisƟc approximaƟon of the NCN might be, and how this study is a seed for 

further research in adding the dimension of probability of establishment to IAS management plans. 
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Materials and Methods 

NMI is a value of distance to niche margin in environmental hyperspace (Broennimann et al. 2021). It 

ranges between -1 and -∞, with the exact limit of the species’ niche, i.e., the NCN margin, lying at 0. 

An NMI value of 1 indicates that the evaluated site has condiƟons at the center of the NCN, whilst 

negaƟve NMI values indicate that the condiƟons of the evaluated site are outside the NCN, and the 

more negaƟve the NMI, the farther away the site is from the NCN margin. Niche dissimilarity can in 

theory be infinite as environmental hyperspace can be, too. However, when using climaƟc values 

available on earth, the distance to the margin is within known values. 

From the website of the European Alien Species InformaƟon Facility (EASIN), a list of 88 tracheophytes 

that are invasive in at least one member state of the European Union was obtained. For each of these 

species, occurrence data was downloaded from Global Biodiversity InformaƟon Facility (GBIF) (GBIF.org 

2024). The downloaded data had a coordinate inaccuracy of 50m or less (Steen et al. 2019, Steen et al. 

2024b), an occurrence status of “Present” and the basis of the record had to be “ObservaƟon”, “Human 

ObservaƟon”, “Living Specimen”, or “Occurrence evidence”. The data were subsequently cleaned as 

per Steen et al. 2024b. Subsequently, the GIFT R package was used to determine each species’ naƟve 

range (Denelle et al. 2023). The GIFT database contained no data on the naƟve range of some species. 

In addiƟon, someƟmes there were less than 10 occurrences per species either inside or outside of the 

naƟve range. Finally, some species had less than 70 occurrence points in the naƟve range, which was 

deemed insufficient for running a SDM (Steen et al. 2024b). Those species had to be excluded, and 45 

species remained. For the final list of species, see Table 1. The total number of occurrence points among 

the 45 species was 1089468, of which there were 252372 in the naƟve ranges and 837096 in the 

invaded ranges. For the number of occurrence points per species, see Appendix 1.   

Table 1: Final list of species included for NMI calcula on  

Acacia dealbata Cortaderia selloana Leucaena leucocephala
Acer negundo Cotula coronopifolia Ludwigia peploides
Ageratina riparia Crassula helmsii Lupinus polyphyllus 
Ailanthus altissima Cylindropuntia fulgida Lysichiton americanus
Allium triquetrum Cylindropuntia imbricata Prunus serotina 
Alternanthera philoxeroides Cylindropuntia prolifera Reynoutria japonica 
Ambrosia artemisiifolia Echinocystis lobata Rhododendron ponticum 
Araujia sericifera Erigeron annuus Ricinus communis 
Arbutus unedo Eschscholzia californica Robinia pseudoacacia 
Arundo donax Gypsophila paniculata Rumex confertus 
Baccharis halimifolia Helianthus tuberosus Senecio inaequidens 
Buddleja davidii Heracleum mantegazzianum Solidago canadensis 
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Calotropis procera Hyacinthoides hispanica Spartium junceum 
Carpobrotus edulis Impatiens glandulifera Tradescantia fluminensis
Cenchrus setaceus Impatiens parviflora Vachellia farnesiana

For the sake of comparability, no thinning of occurrence points of any kind was performed before 

calculaƟng NMI or before running SDMs. 

The NMI value was calculated using the code available on Github (ecospat 2023) for the occurrence 

data of all species outside the naƟve range (so for all their worldwide introducƟons), as determined by 

the GIFT package. We therefore considered each occurrence point in the introduced range of a species 

a separate invasion event. The NMI was calculated in three different ways: 1) by using all 

environmental data inside the native range of the species, 2) by using only the occurrence data in the 

native range of the species, 3) by using the environmental data inside a thresholded SDM of the 

naƟve range. This threshold was the maxTSS() funcƟon from the Ecospat R package (Di Cola et al. 

2017; Broennimann et al. 2025). The SDMs were run with the maxnet R package (Phillips et al. 2017) 

and tuned as per Steen et al. (2024b). In addiƟon, the background points of the model were 

sampled straƟfied randomly in environmental space, and all occurrence points of the species inside 

its naƟve range were used for fiƫng the models. Finally, the variables CHELSA (V.2.1) bioclimaƟc 

variables at 30 arc second resoluƟon were downloaded (Karger et al. 2017): daily temperature range 

(bio2), temperature seasonality (bio4), temperature of the coldest quarter (bio10), temperature of 

the warmest quarter (bio11), precipitaƟon of the driest quarter (bio16), precipitaƟon of the coldest 

quarter, (bio17) and precipitaƟon of the warmest quarter (bio18). These variables were chosen 

because they are commonly used to quanƟfy invasive species’ niches (including plants, animals 

and fungi) at global scale  (Bellard et al. 2013; Broennimann et al. 2021). 

For an overview of the study design, see Figure 1. 
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Figure 1: Design of the study. NCN = Na ve clima c niche. 

As the NMI values were calculated for all occurrence points in the invaded ranges of the species, the 

main result of the study was three sets of 837096 NMI values. 
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Results 

The main results are presented in Figure 2. Paired t-tests (with equal variances assumed) showed that 

all three datasets of NMI values were very significantly different from each other (p < 2.2e-16).  

Figure 2: Violin plots of all introduced occurrence points per method of na ve range selec on. 

The precise NMI averages were 0.298558 for the full naƟve range, -0.9106878 for the naƟve 

occurrences, and -0.857308 for the thresholded SDM. 
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Discussion 

Our results confirm the hypothesis. As expected, the average NMI output calculated with the SDM 

output occupies the middle ground between the outputs calculated using the whole naƟve range, 

which shows the highest average NMI, and the occurrence points only, which shows the most negaƟve 

average NMI.  

The high level of niche similarity between occurrence points in the naƟve range is explained by the 

(comparaƟvely) high variaƟon in climaƟc condiƟons inside the naƟve range. As the species colonize 

new areas across a range of environmental condiƟons (Richardson & Pyšek 2006, Broennimann et al. 

2007, Steen et al. 2024b), these are more likely to be included already in the naƟve range.   

The index calculated using only the occurrence points in the naƟve range is negaƟve, likely because 

much less variaƟon can be included in the occurrence points as compared to the whole climaƟc niche, 

even if there are many occurrence records. In addiƟon, IAS oŌen experience a niche shiŌ when 

spreading to a new area and occupying new niches compared to their home range (Broennimann et al. 

2007). This may also be contributory to the naƟve range NMI results, though the broad range of 

environmental values in this method sƟll compensates for this, to a degree.  

Finally, the SDM output lies in between the other two, but is far closer to the output with only naƟve 

occurrences than to the output of the whole naƟve range. Apparently, the thresholded SDM output is 

far more restricƟve than the full home range and therefore includes a far smaller heterogeneity of 

environmental condiƟons. The similarity to the results obtained using occurrence points only may be 

caused by the fact that the SDMs were run on the exact same data as were used in this dataset. An 

addiƟonal explanaƟon could be that no thinning of records was done at any stage, thus maintaining 

the possible biases of the ciƟzen science datasets, which could make it easier for the models to discern 

paƩerns. However, this cannot be verified, as it is unknown if the same biases are persistent across all 

45 target species. This absence of thinning may have induced the SDMs of some species with many 

occurrence records to be Ɵghtly fit to the occurrence data, thus drawing a too restricƟve border 

between suitable and unsuitable habitat. However, as there is a high variability in the number of 

occurrence data (See Appendix 1), this is unlikely to be the case for all species. 

It must also be noted that the NMI value only pertains to the potenƟal start of an invasion, not to when 

the species is already well established and has spread, which is certainly the case for many of the focal 

species in large parts of their invaded range. As such, the dissimilarity may be arƟficially reduced (i.e., 

becoming closer to 0 or more negaƟve) in all the three sets of results. 
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Nevertheless, a possible interpretaƟon of our results is that using the whole naƟve range is a vast 

overesƟmaƟon of the environmental values where the species occurs. The contrary, that this method 

produces the best results as it shows more similarity with the naƟve range, is also a possible 

interpretaƟon, but an unlikely one, since invasive plants are well known to spread to very different 

environmental condiƟons when invading (Broennimann et al. 2007, Bates & Bertelsmeier 2021). 

Whilst we cannot categorically conclude the best way to quanƟfy the naƟve climaƟc niche from our 

results, theory suggests that the SDM method would be the closest approximaƟon, since expert-based 

maps are likely overesƟmaƟons of the naƟve range of plant species (Díaz-Calafat et al. 2024) and 

occurrence data provide an insufficient overview, regardless of whether they are sampled by ciƟzen 

scienƟsts (which suffer from many biases (Bird et al. 2014, Callaghan et al. 2019, Anderson et al. 2020, 

Hughes et al. 2021, Díaz-Calafat et al., 2024)) or using scienƟfic protocols (Araújo & Guisan 2006). In 

our results, SDMs provide the middle ground, even despite their strong similarity to NMI 

values calculated from occurrence points only (though they were still significantly different from 

each other). 

This has implicaƟons for invasion science and conservaƟon planning. The potenƟal distribuƟon of IAS, 

as modelled by for instance SDMs, is very valuable, but can be refined to more closely approximate 

the true distribuƟon of IAS. For IAS to invade successfully, a number of environmental and bioƟc 

barriers need to be crossed (Richardson & Pyšek 2006, Saul et al. 2017, Broennimann et al. 2021). 

Climate is probably among the most important ones of these (Steen et al. 2024b). This study presents 

new consideraƟons relaƟng to assessing the probability of invasion. 

In conclusion, the method of quanƟfying the naƟve niche produces vastly different results. 

Therefore, we advise cauƟon when trying to add the dimension of establishment success to SDMs, 

even despite the great conservaƟon applicaƟons (Plues et al., 2012, as noted in Broennimann et al. 

2017). Steps that must be considered are taxonomy (vertebrates, tracheophyte, etc.) and the 

method of defining a species’ naƟve range. Further research is required to invesƟgate the effects of 

naƟve niche quanƟficaƟon for different taxa, as well as to validate whether the SDM method indeed 

approximates the naƟve range the best. 
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Overview of the thesis findings 

The work presented in this PhD thesis provides novel insights to fill the knowledge gaps related to 

building niche-based staƟsƟcal models that can be used to explore the spread and establishment of 

invasive alien species (IAS). Through this thesis I explored 4 main research quesƟons (see the 

IntroducƟon for more details) organized into 4 chapters and with clear answers published or submiƩed 

to peer-reviewed journals (see Fig. 1 for a visual illustraƟon of the most important findings). 

Research quesƟon 1) What are the differences in environmental variables most effecƟve in 

building SDMs for naƟve and non-naƟve species? 

Taking an original modeling approach based on modelling congeneric pairs of species, Chapter 1 has 

pointed out that climate is a very strong determinant for the distribuƟon of both naƟve and non-naƟve 

species. In addiƟon, the distribuƟons of non-naƟve species are more powerfully predicted including 

anthropogenic variables and human-modified land cover types when compared to naƟve congenerics. 

These results were published in Ecological SoluƟons and Evidence (Steen et al. 2024a). 

Research quesƟon 2) Does sampling background points in environmental space improve SDM 

performance? 

In Chapter 2 I compared four ways to sample background points and assessed the corresponding 

performance of the SDMs with two measures: accuracy and stability. I tested four background point 

sampling schemes: geographically random, geographically straƟfied random, environmentally random 

and environmentally straƟfied random. I found that sampling background points straƟfied randomly in 

environmental space creates the most accurate models and sampling them fully randomly in 

environmental space creates the most stable models. Both accuracy and stability of predicƟons are 

vital in conservaƟon planning, regardless of whether they focus on IAS or not. To perform the analyses, 

we also developed a novel method to evaluate model stability. These findings have been published in 

Ecological Modelling (Steen et al. 2024b). 

Research quesƟon 3) Does the opƟmal method of background point sampling differ between 

species that are at equilibrium and species that are at disequilibrium (e.g., IAS)? 

Chapter 2 also pointed out that species that are (or can be assumed to be) at equilibrium with the 

environment show beƩer model accuracy and stability than IAS (which are at disequilibrium with the 

environment by definiƟon) only when sampling background points straƟfied randomly in 

environmental space. All the other methods showed the opposite paƩern, which was surprising, 

because in theory SDMs are expected to work beƩer for species that are at equilibrium. The 

explanaƟons invoked for that unexpected result were that the IAS considered in this study had by far 
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higher sample sizes on average, making it easier for the models to determine paƩerns, and that the 

equilibrium species were (in this study) primarily mountain species, which had their occurrences 

concentrated where the environmentally straƟfied background points were more abundant than those 

of the other sampling schemes. Finally, straƟfied random sampling in environmental space is likely to 

inform SDMs beƩer of the extremes of species’ tolerances, making them possibly more useful to 

model rare species. 

Chapter 3 was the applicaƟon of the above findings. It demonstrated the use of the straƟfied random 

in environmental space method of background point sampling in a nested SDM approach to model the 

potenƟal distribuƟons of the IAS Heracleum mantegazzianum in Switzerland and presents projecƟons 

of the models to the future. This chapter also touched on whether this method of background point 

sampling could draw a too rigid line between suitable and unsuitable habitat and thus could overly 

constrain the environmental condiƟons where the species can occur, i.e., underesƟmate the species’ 

ability to live outside of its known environmental niche. Thus, results may not be transferable to other 

geographic and temporal ranges, as suggested by others (e.g., Goicolea et al. 2024, Luan et al. 2024, 

Randin et al. 2020). 

Research quesƟon 4) How can we quanƟfy the suscepƟbility of an area to invasion? In other words, 

how do we add the dimension of naƟve niche outerness, and not just innerness, to the probability 

that a certain site will be invaded once an IAS arrives there? 

Chapter 4 focused on assessing the probability of invasion success also outside the naƟve niche 

condiƟons of the species (i.e., including naƟve niche outerness), a dimension that is not covered by 

SDMs (which include only naƟve niche innerness) and which addresses the climaƟc barriers that IAS 

can cross under some circumstances to potenƟally establish in a new area and especially in new 

condiƟons. The Niche Margin Index (NMI) method, designed by Broennimann et al. (2021), was used 

here to measure the niche (dis)similarity between the climaƟc condiƟons at the locaƟon of the 

occurrence points of 45 invasive alien plants species outside their naƟve range and the climaƟc niche 

in their naƟve range. I.e., the degree by which the climaƟc condiƟons at each occurrence point outside 

the naƟve range lay inside or outside the naƟve niche was quanƟfied. Subsequently, all the NMI values 

were averaged. More specifically, the naƟve niche was quanƟfied in three different ways - using the full 

naƟve range polygons, using only the occurrence of the species inside the naƟve range and using a 

thresholded SDM inside the naƟve range. The gradual differences in the quanƟfied niche and 

distribuƟon sizes between the three measures, with occurrence points resulƟng in underesƟmaƟng 

niches and distribuƟons and range polygons in overesƟmaƟng them, pointed out that cauƟon is advised 

when quanƟfying the naƟve climaƟc niche with different types of data. Specifically, the highest 
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similarity is acquired when using the full naƟve range polygons, the lowest is acquired when using only 

the naƟve occurrence records and the SDM method occupies the middle ground between the two. 

Though the SDM method occupies the middle ground, more research is required to point out the 

nuances involved with selecƟng different data types for different groups. 

Figure 1: Summary of main findings of the thesis. The study area is presented as Switzerland because it 

is the scale of the final outputs of chapter 3 and because management purposes are most meaningful 

at small(er) scale. Point 1 refers to chapter 1, on covariates for non-naƟve species. Note that the figure 

remarks on IAS instead of non-naƟve species, because the laƩer may turn into the former without our 

knowledge and the principles are transferable. Point 2 illustrates the environmental background point 

selecƟon strategies (chapter 2) and the figure explains the main findings on model accuracy and 

stability yielded from the respecƟve methods. Finally, point 3 illustrates the Niche Margin Index results, 

which could potenƟally give a more complete view of plant establishment risk than SDMs, but due to 

the greatly different NMI value results (see text), the usefulness of this technique is yet ambiguous, as 

illustrated by the quesƟon mark. 
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Relevance to the management of IAS 

Chapter 1 provides empirical evidence that disturbed habitats and areas close to infrastructure and 

roads should be surveyed for IAS. If a species displays invasive behavior in other areas, the probability 

that it will do so in its newly invaded range is high (Lockwood et al. 2001). Therefore, drawing on 

catalogues and knowledge synthesis on IAS, such as the ones done by the European Alien Species 

InformaƟon Network (EASIN, n.d.), to inform management decisions is prudent. 

Chapter 2 points out some consideraƟons regarding the building of SDMs for IAS. Whilst sampling 

background points fully randomly in environmental space yielded both higher stability and higher 

accuracy for IAS than for species at equilibrium, this sampling method is likely most suitable for running 

SDMs for IAS that are beginning to spread and/or are displaying generalist behaviors, as the background 

points in those cases would be the most abundant in the areas the species can occupy (BazzicheƩo et 

al. 2023). Conversely, sampling straƟfied randomly in environmental space might be the best when 

researching if an IAS will spread to areas of extreme environments, such as areas of high alƟtude and/or 

laƟtude. 

Chapter 3 points out possible piƞalls when applying the new findings to IASs, touching parƟcularly on 

whether model overfiƫng can be associated with sampling the background points in environmental 

space. This is useful, as SDMs are increasingly advised as methods in conservaƟon planning studies 

(Araujo et al. 2019, Barbet-Massin et al. 2012, Guisan et al. 2013, Low et al. 2021, Tulloch et al. 2016). 

Chapter 4 paves the way for the use of NMI (Broennimann et al. 2021; see above) as a measure for 

probability of invasion success. It is a method that is relaƟvely easy to use and that can be used on 

many species in a short Ɵme, once the necessary consideraƟons have been accurately determined and 

researched. 
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Future studies and perspecƟves 

It would be interesƟng to put the findings of chapter 1 in the context of the COUE (centroid shiŌ, 

overlap, unfilling and expansion) framework (Guisan et al. 2014) which provides a common structure 

for analyzing niche overlaps. Doing this for all our congeneric species pairs (or others) would allow 

analysis of niche divergence between naƟve and non-naƟve species. Overall trends of niche divergence 

could indicate coexistence, whilst persistent overlap or congruence might imply conƟnued 

compeƟƟon. In addiƟon, the subdivision of the target species by Ɵme for residence in Switzerland, 

growth form, etc. in chapter 1 likely oŌen yielded non-significant results because of a too small sample 

size. The methods could be repeated with more pairs of congenerics. ParƟcularly, an open quesƟon is 

why the distribuƟons of those non-naƟve species in chapter 1 that are invasive are more powerfully 

predicted by edaphic and vegetaƟon-based factors? A logical explanaƟon is their residence Ɵme, 

meaning they were given more Ɵme to spread, and occupy the available niches in the environment 

(Carboni et al. 2024, Menuz et al. 2014). This could mean that they have had more Ɵme to reach 

environmental equilibrium. AlternaƟvely, they may have had Ɵme to shiŌ and expand their niches, 

whilst not (yet) reaching any equilibrium (Menuz et al. 2014). This quesƟon of equilibrium links to 

uncertainƟes also remaining in chapter 2. It is possible indeed that the IAS modelled in that study have 

been spreading across the world for a long Ɵme and thus have reached their own equilibrium (Václavík 

& Meentemeyer 2012, Foster et al. 2020, Steen et al. 2024b). This would explain the small (but sƟll 

significant) differences between IAS and equilibrium species for all the background point selecƟon 

strategies. Conversely, whilst there is good reason to believe that the mountain species I modelled are 

indeed at equilibrium, this also cannot be verified. It can only be verified for those species for which 

the fundamental niche would be fully known, which is currently not the case – or even possible - for 

any real-world species (MaƩhiopoulos 2022, Takola & Schielzeth, 2022).  

A possible soluƟon therefore is to apply the methodology to virtual species. These are the only species 

for which the environmental niche (fundamental and/or realized) can be fully known (Qiao et al. 2015). 

There are R packages available that allow for the creaƟon of such virtual species (e.g., virtualSpecies 

(Leroy et al. 2016), sdmvspecies (Duan et al. 2015)). RepeaƟng the methods of chapter 2 for virtual 

species might add to our understanding of background point selecƟon strategies (as e.g. done for other 

issues; e.g. Chevalier et al. 2021, Hirzel & Guisan 2002, Thibaud et al. 2014).  

However, previous studies have made advances in analyzing the state of (dis)equilibrium of real-world 

IAS with the environment, as well. Uncertainty regarding state of equilibrium undermines confidence 

in idenƟficaƟon of key areas for IAS management (Araújo et al. 2005, Pili et al. 2020). Gallien et al. 

(2012) have used a hierarchical approach similar to the one in chapter 3 of this thesis, in which they 
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compared the degree which 27 IAS filled the outputs of a global and regional SDM. If both were filled 

to a high degree, the likelihood of further spread was small, but if one or both niches were filled to a 

lower degree, the probability of spreading was higher. The possible invaded areas could also be 

constrained by the global and regional SDMs. Again, the COUE framework could provide a unifying 

structure of analysis here. 

In addiƟon, background points have been used before to improve SDMs for IAS purposes (e.g., by 

assigning weights to background points in the regional range according to the SDM output in the global 

range (Gallien et al. 2012). In addiƟon, our findings present a way to link SDMs and ecological theory 

together, which could be seen as a way to insert causality into SDMs, which are purely correlaƟve. 

Different ways have been designed to do this for IAS (e.g., “hybrid models”; Elith et al. 2010, Gallien et 

al. 2010). 

Appendix 3 of chapter 2 also contains an interesƟng seed for future research. One IAS (Heracleum 

mantegazzianum) and one equilibrium species (Aster alpinus) were selected from the roster of species 

used in the main study and their occurrence points were thinned by distance to arƟficial surface and 

urban area. A. alpinus shows a decrease in stability and AUC for the environmental sampling methods, 

but a vast increase in both dimensions for the classical fully random in geographic space sampling. 

Since A. alpinus is already a mountain species, the thinning might bring its distribuƟon closer to 

geographically random whilst truncaƟng its true environmental niche. This might explain the result. 

The differences in AUC and stability in H. mantegazzianum models are marked, as this treatment 

eliminates the (possible) effect of it being spread through human movement, as is typical for invasive 

plants (Arianoutsou et al. 2021, Nunes et al. 2015, Pyšek et al. 2020, Tsiamis et al. 2017), which are 

more present at low elevaƟons. Hence, if the low elevaƟon occurrence points get thinned, the species 

moves closer to the mountain ranges, where the SDMs may be able to discern correlaƟons between 

the occurrence points and climate more easily (Steen et al. 2024b). 

These findings should be verified with more species, but this thread of research is already further 

explored in chapter 3, where habitat suitability for H. mantegazzianum across Switzerland is modelled 

using 3 different sets of occurrence data: non-thinned, thinned by MCP and thinned by proximity to 

infrastructure. The last dataset shows the lowest habitat suitability in both present and future. This 

shows that thinning occurrence data in different ways can truncate the niche of a species (Aiello-

Lammens et al. 2015), as can the omission of certain areas in the species range (as explored in Adde et 

al. 2023, Chevalier et al. 2021, Goicolea et al. 2024. Shackleton et al. 2020).  

Chapter 3 is also by our knowledge the first scienƟfic work that explores the use of environmentally 

straƟfied background points (Steen et al. 2024b) in combinaƟon with the spaƟally nested (i.e., the 
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hierarchical) approach (Adde et al. 2023, Chevalier et al. 2021, Goicolea et al. 2024. Shackleton et al. 

2020). Signs of overfiƫng have been found. There was one model fiƩed with Random Forest algorithms 

European scale that was overfiƩed. Random Forests are well known to pose a risk of overfiƫng data 

(Luan et al. 2020). The background point selecƟon may have contributed to this. It is for instance 

possible that the most suitable habitat of the species is concentrated in one of the strata of a strong 

environmental predictor; if many background points are sampled in the environmental space of high 

habitat suitability, the model may be able to draw a very rigid line between suitable and unsuitable 

habitat. See Figure 2 for a visual presentaƟon of this.  
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Figure 2: graphical representaƟon of a hypotheƟcal case where the border between two strata of a 

powerful predictor of a fiƩed SDM corresponds to a drasƟc increase in habitat suitability for the species. 

Panel A presents a comparison between the strata and a response curve corresponding to the variable, 

i.e., the habitat suitability ploƩed as a funcƟon of variable value. Panel B gives a geographic 

representaƟon of the three strata expressed in A. 

 

In such a case, the disƟncƟon between suitable and unsuitable habitat drawn is potenƟally too rigid; 

the models may be too accurate and overfiƩed to the data, which poses problems, e.g., making the 

results of study non-transferable to other areas (HelmsteƩer et al. 2021), or to the future (Goicolea et 

al. 2024, Luan et al. 2024, Randin et al. 2020), and excessive conservaƟsm in even the projecƟons close 

to the occurrence data (Valavi et al. 2022). This theory may be supported by the fact that the Random 

Forest models in chapter 3 show a greater loss of habitat suitability between the present and 2050 

projecƟons than the Maxent ones. More research with more species is needed to invesƟgate this, again 

possibly by using virtual species. The work on the Niche Margin Index (NMI; Broennimann et al. 2021) 

in chapter 4 meditates on the method of quanƟfying the naƟve niche of a species. This may differ 

greatly per species group, e.g., between mammals and tracheophytes, as the former are mobile, and 

the laƩer are not. The degree of mobility is, however, only one axis of disƟncƟon. Others might be more 

or less sensiƟvity to climate (e.g., amphibians, repƟles and birds; García-Rodriquez et al. 2023). 

RepeaƟng the methodology of chapter 4 for these species groups could lead to new insights into the 

opƟmal method for naƟve niche quanƟficaƟon and into usefulness of the NMI method. Further 

research with more species groups (as e.g. in García-Rodriquez et al. 2023) is required to test this.  

Finally, in addiƟon to the probability of invasion success once an IAS arrives, the probability of it 

spreading to a certain area in the first place can also be added to SDM output (e.g. through dynamic 

dispersal modelling; Snell 2014). Whilst this thesis did not directly deal with this dimension, our results 

may nevertheless indicate that proxies for the probability of IAS spreading are proximity to 

infrastructure and disturbance of habitats, though bioclimate was a more powerful predictor (Steen et 

al. 2024a). This interpretaƟon is supported by the fact that the risk of invasion is increased in disturbed 

areas (El-Barougy et al. 2021, Rai 2022, Steen et al. 2019, Thiele et al. 2007) and oŌen spread via human 

movement (Arianoutsou et al. 2021, Nunes et al. 2015, Pyšek et al. 2020, Tsiamis et al. 2017). There is 

abundant scienƟfic literature on addiƟonal pathways of invasion (Essl et al. 2015, Roy et al. 2017, Pyšek 

et al. 2020) and likewise efforts have been made to model dispersal and establishment probability of 

IAS through e.g. propagule pressure simulaƟons, land use types, etc. (e.g. Thomas & Moloney 2014, 

Froese et al. 2019). This thesis provides results that are complementary with those threads of research 
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but could be further researched and through addiƟonal computaƟonal methods, of which there are 

many (Thompson et al. 2021), each based on different assumpƟons and philosophies. For instance, 

circuit theory (Etherington 2011) can assess the potenƟal spread of IAS through analyzing landscape 

connecƟvity, which can in turn be used in conservaƟon management plans to saƟsfy different 

objecƟves (Weerasena et al. 2022). In addiƟon, ReacƟon–advecƟon–diffusion models (Baker 2017) and 

integrodifference equaƟons (Gharouni et al. 2015) model the stream of propagules from high density 

to low density in a Ɵme-explicit manner in order to assess IAS spread and populaƟon growth. These 

types of models do not incorporate dispersal by humans, but this can be accomplished by using Gravity 

Models that can incorporate dispersal over geographic cells that are not spaƟally adjacent (though 

they do not include populaƟon dynamics; Thompson et al. (2021)). Non-spaƟally explicit methods 

also exist, such as nonspaƟal discrete-Ɵme populaƟon growth models (Shyu et al. 2013). This is by no 

means an exhausƟve overview, though it must be noted that models centering on populaƟon growth 

dynamics require addiƟonal accurate data on populaƟon density. SƟll, areas of high suitability for IAS, 

as idenƟfied by SDMs, could be priority areas for conducƟng IAS populaƟon presence and density 

scans. 

If all the above methods could be applied, it could vastly improve the future predicƟons of IAS. We 

would have SDMs, opƟmized by appropriate background point selecƟon, aided by mechanisƟc 

models built using ecology specific to the IAS, plus an esƟmaƟon of the likelihood of expansion of 

individual IAS (by comparing the global to the regional models as per Gallien et al. 2012), thereby 

increasing confidence in determinaƟon of ideal protected areas, and finally, adding the likelihood of 

spreading and probability of establishment. All these are steppingstones on the way of opƟmizing 

the forecasƟng of future biological invasions. 

Technical limitaƟons

Many of the studies in this thesis would have been impossible without the use of the High-

Performance CompuƟng (HPC) clusters of the University of Lausanne (hƩps://wiki.unil.ch/

ci/books/high-performance-compuƟng-hpc). OŌen, several hundred GB of RAM memory were 

needed, for instance to run the PCA analyses on 109+ million cells of the CHELSA datasets at world 

scale, even aŌer cropping them by the H. mantegazzianum biomes. Not all studies could have 

access to such high compuƟng power. 

Even with the HPC clusters, it was impossible to create sets of fully random in environmental 

space background points for chapter 3. This was because the generaƟon of random combinaƟons 

of points at world scale took too long. The reason for this is as follows: In our methodology, random 

sampling in environmental space happens by sampling along the axes of the Principal Component 

Analysis (PCA) 
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dataset created from the environmental variables. For a new random point to be sampled, it had to 

saƟsfy three condiƟons: 1) match a combinaƟon of factors present in the datasets, 2) be random across 

all PCA axes and 3) have unique values on all PCA axes. The primary and secondary axes of the 

environmental PCA at world scale did not explain enough of the variaƟon, so the terƟary axis had to be 

used, as well. Consequently, kernel density esƟmaƟons had to be performed in three dimensions, 

which meant that each new background point had to be sampled randomly across three axes instead 

of two, reducing the chances of geƫng a match considerably. The rate of sampling of new combinaƟons 

reached a plateau long before 10000 background points were generated. 
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Conclusion 

The work presented in this thesis offers novel insights into invasion science and the use of Species 

DistribuƟon Models (SDMs) for conservaƟon efforts. Firstly, it was found that the climaƟc envelope is 

the strongest determinant of both naƟve and non-naƟve species distribuƟons in Switzerland, but the 

former are more strongly associated with more prisƟne habitats and the laƩer are more associated 

with anthropogenic variables. The implicaƟons for conservaƟon are discussed. Secondly, this thesis lays 

out that background point selecƟon can be tailored to the species and purposes of an SDM study. 

Specifically, sampling fully randomly in environmental space is opƟmal for generalist species with a 

large range and sampling straƟfied randomly in environmental space is opƟmal for species that have 

narrow ranges, and/or are at equilibrium with the environment and/or have a low number of 

occurrence records. These findings were applied to building an opƟmal SDM for Heracleum 

mantegazzianum. Even when using these new methods, problems of overfiƫng have been 

encountered in this work and are cauƟoned against. Finally, the possibility of assessing establishment 

probability of IAS is explored using the Niche Margin Index (NMI). This technique quanƟfies similarity 

between naƟve climaƟc niche and the climaƟc condiƟons in the invaded range, which is an indicaƟon 

for invasion success in mammals. I show that different ways of quanƟfying the naƟve range yield very 

different results, and that cauƟon is therefore advised.  

All these findings are new methods and clues that aid the science of predicƟng IAS distribuƟons. 
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Figure S1: Example output Species Distribution Model from a species pair, for the native -

nonnative species pairs Bidens cernua and Bidens frondosa, Heracleum sphondylium and 

Heracleum mantegazzianum and finally Vinca minor and Vinca major. The scale bars refer to 

habitat suitability, i.e., likelihood of occurrence of the species given the environment and the 

projection is EPSG:2056. The distance measurements therefore are in meters. 
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Table S1: List of target species: non-native and native congeneric species pairs. 

Non-native Native
Acer negundo Acer platanoides 
Alchemilla mollis Alchemilla pentaphyllea 
Amaranthus albus Amaranthus blitum 
Anemone blanda Anemone nemorosa 
Arabis alpina caucasica Arabis nova 
Artemisia annua Artemisia vulgaris 
Artemisia verlotiorum Artemisia absinthium 
Aster lanceolatus Aster bellidiastrum 
Atriplex micrantha Atriplex prostrata 
Avena sativa Avena fatua 
Berberis julianae Berberis vulgaris 
Bidens frondosa Bidens cernua 
Bromus carinatus Bromus ramosus 
Bromus catharticus Bromus benekenii 
Bromus inermis Bromus arvensis 
Bromus madritensis Bromus japonicus 
Bromus sitchensis Bromus tectorum 
Calendula officinalis Calendula arvensis 
Calystegia silvatica Calystegia sepium 
Camelina sativa Camelina microcarpa 
Campanula poscharskyana Campanula cervicaria 
Campylopus introflexus Campylopus flexuosus 
Cardamine occulta Cardamine impatiens 
Cardaminopsis arenosa arenosa Cardaminopsis halleri 
Cerastium tomentosum Cerastium glutinosum 
Chenopodium giganteum Chenopodium album 
Chenopodium pumilio Chenopodium glaucum 
Chenopodium strictum Chenopodium botrys 
Cicerbita macrophylla Cicerbita plumieri 
Cornus sanguinea australis Cornus mas 
Cornus sericea Cornus sanguinea 
Coronopus didymus Coronopus squamatus 
Corylus maxima Corylus avellana 
Cotoneaster bullatus Cotoneaster integerrimus 
Cotoneaster horizontalis Cotoneaster tomentosus 
Crepis pulchra Crepis vesicaria taraxacifolia 
Crepis setosa Crepis mollis 
Crocus tommasinianus Crocus albiflorus 
Cyclamen coum Cyclamen hederifolium 
Cyperus eragrostis Cyperus fuscus 
Digitalis purpurea Digitalis lutea 
Epilobium ciliatum Epilobium tetragonum tetragonum 
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Eragrostis virescens Eragrostis pilosa 
Erigeron annuus annuus Erigeron atticus 
Erigeron annuus Erigeron alpinus 
Erysimum cheiri Erysimum cheiranthoides 
Euphorbia humifusa Euphorbia dulcis 
Euphorbia maculata Euphorbia cyparissias 
Euphorbia myrsinites Euphorbia amygdaloides 
Euphorbia nutans Euphorbia seguieriana seguieriana 
Euphorbia virgata Euphorbia falcata 
Fallopia aubertii Fallopia dumetorum 
Geranium sibiricum Geranium dissectum 
Glyceria striata Glyceria maxima 
Helleborus orientalis Helleborus foetidus 
Heracleum mantegazzianum Heracleum sphondylium 
Hypericum calycinum Hypericum pulchrum 
Iris foetidissima Iris pseudacorus 
Juncus tenuis Juncus bufonius 
Lamium galeobdolon argentatum Lamium amplexicaule 
Lemna minuta Lemna minor 
Lepidium densiflorum Lepidium campestre 
Lepidium virginicum Lepidium graminifolium 
Leucanthemum praecox Leucanthemum adustum 
Linaria genistifolia dalmatica Linaria alpina alpina 
Linaria genistifolia Linaria repens 
Linum usitatissimum Linum alpinum 
Lolium multiflorum Lolium perenne 
Lonicera caprifolium Lonicera caerulea 
Lonicera henryi Lonicera alpigena 
Lunaria annua Lunaria rediviva 
Lysimachia punctata Lysimachia nummularia 
Malus pumila Malus sylvestris 
Matricaria discoidea Matricaria chamomilla 
Medicago arabica Medicago lupulina 
Mentha spicata Mentha suaveolens 
Muscari armeniacum Muscari comosum 
Nepeta racemosa Nepeta cataria 
Nigella damascena Nigella arvensis 
Onobrychis viciifolia Onobrychis montana 
Oxalis dillenii Oxalis corniculata 
Oxalis stricta Oxalis acetosella 
Papaver croceum Papaver rhoeas 
Papaver somniferum Papaver dubium lecoqii 
Phalaris canariensis Phalaris arundinacea 
Picris echioides Picris hieracioides hieracioides 
Pimpinella peregrina Pimpinella saxifraga 
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Pinus nigra Pinus mugo uncinata 
Pinus strobus Pinus sylvestris 
Plantago coronopus Plantago atrata atrata 
Polygonum polystachyum Polygonum persicaria 
Potentilla fruticosa Potentilla pusilla 
Potentilla norvegica Potentilla erecta 
Prunus cerasifera Prunus avium 
Prunus domestica domestica Prunus padus 
Prunus domestica Prunus mahaleb 
Prunus persica Prunus spinosa 
Pyrus communis Pyrus pyraster 
Quercus ilex Quercus pubescens 
Quercus rubra Quercus petraea 
Ribes aureum Ribes petraeum 
Ribes rubrum Ribes alpinum 
Rosa multiflora Rosa spinosissima 
Rosa rugosa Rosa chavinii 
Rubus armeniacus Rubus ulmifolius 
Rubus laciniatus Rubus caesius 
Rubus phoenicolasius Rubus bifrons 
Rumex longifolius Rumex pulcher 
Rumex patientia Rumex conglomeratus 
Sagittaria latifolia Sagittaria sagittifolia 
Salvia officinalis Salvia pratensis pratensis 
Salvia verticillata Salvia pratensis 
Scilla forbesii Scilla bifolia 
Scutellaria altissima Scutellaria alpina 
Sedum hybridum Sedum telephium fabaria 
Sedum spurium Sedum rubens 
Senecio inaequidens Senecio rupestris 
Setaria italica Setaria verticillata 
Sisymbrium altissimum Sisymbrium strictissimum 
Solanum chenopodioides Solanum dulcamara 
Solanum tuberosum Solanum nigrum nigrum 
Solidago canadensis Solidago virgaurea minuta 
Solidago gigantea Solidago virgaurea 
Stachys byzantina Stachys pradica 
Symphytum asperum Symphytum tuberosum 
Tanacetum parthenium Tanacetum vulgare 
Thlaspi alliaceum Thlaspi caerulescens 
Thymus vulgaris Thymus longicaulis 
Trifolium alexandrinum Trifolium patens 
Trifolium resupinatum Trifolium ochroleucon 
Verbena bonariensis Verbena officinalis 
Veronica filiformis Veronica arvensis 
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Veronica peregrina Veronica alpina 
Veronica persica Veronica dillenii 
Viburnum rhytidophyllum Viburnum opulus 
Vicia faba Vicia sylvatica 
Vicia lutea Vicia tetrasperma 
Vicia pannonica Vicia cracca cracca 
Vicia villosa varia Vicia cracca 
Vicia villosa Vicia sepium 
Vinca major Vinca minor 
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Table S2: Full list of environmental variables (Külling et al. 2024) used to fit models in the N-

SDM pipeline. 

Class Dataset Variable Metric 

bioclim chclim25 annual mean temperature raw value (°C) 

bioclim chclim25 mean diurnal range (mean of 

monthly (max temp - min temp)) 

raw value (°C) 

bioclim chclim25 temperature seasonality 

(standard deviation *100) 

raw value (°C) 

bioclim chclim25 min temperature of coldest 

month 

raw value (°C) 

bioclim chclim25 mean temperature of wettest 

quarter 

raw value (°C) 

bioclim chclim25 mean temperature of warmest 

quarter 

raw value (°C) 

bioclim chclim25 annual precipitation raw value (mm) 

bioclim chclim25 precipitation of driest month raw value (mm) 

bioclim chclim25 precipitation of wettest quarter raw value (mm) 

bioclim chclim25 precipitation of warmest quarter raw value (mm) 

bioclim chclim25 isothermality (bio2/bio7) (* 100) raw value (°C) 

bioclim chclim25 max temperature of warmest 

month 

raw value (°C) 

bioclim chclim25 temperature annual range (bio5-

bio6) 

raw value (°C) 
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bioclim chclim25 mean temperature of driest 

quarter 

raw value (°C) 

bioclim chclim25 mean temperature of coldest 

quarter 

raw value (°C) 

bioclim chclim25 precipitation of wettest month raw value (mm) 

bioclim chclim25 precipitation seasonality 

(coefficient of variation) 

coefficient of variation 

bioclim chclim25 precipitation of driest quarter raw value (mm) 

bioclim chclim25 precipitation of coldest quarter raw value (mm) 

edaphic eivdescombes soil aeration continuous index (low to 

high) 

edaphic eivdescombes soil moisture continuous index (dry to 

water) 

edaphic eivdescombes soil humus continuous index (humus 

poor to rich) 

edaphic eivdescombes soil nutrients continuous index (nutrient 

poor to rich) 

edaphic eivdescombes soil ph continuous index (acidic to 

alkaline) 

edaphic eivdescombes soil moisture variability continuous index (low to 

high moisture intraannual 

variability) 

edaphic modiffus3 nitrogen load raw value (kg N/ha/year) 
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edaphic modiffus3 phosphorus load raw value (kg P/ha/year) 

hydro gwn07 distance to lake (by size class 1 to 

3 + all) 

raw value (distance in 

meters) 

hydro gwn07 distance to river (by strahler 

class 1 to 4 + all) 

raw value (distance in 

meters) 

hydro bafu river oekomorphology (class 1 to 

5) 

raw value (m^3/s) 

hydro swisstopo slope (mean; max) raw value (m^3/s) 

hydro bafu annuals discharge (mean; max; 

var) 

raw value (m^3/s) 

hydro zappa baseflow index continuous index (low to 

high) 

hydro zappa groundwater recharge raw value (mm) 

hydro zappa runoff coefficient (total 

runoff/precipitation) 

continuous index (low to 

high) 

hydro zappa snowmelt portion 

(snowmelt/total runoff) 

continuous index (low to 

high) 

hydro zappa snow melt continuous index (mm) 

topo alti3d2016 aspect (min; max; mean; med) raw value (direction in 

degrees) 

topo alti3d2016 hill shade (min; max; mean; 

med) 

continuous index (shades 

of grey) 

topo alti3d2016 slope (min; max; mean; med) raw value (degrees) 
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popdensity statpop13 human population density raw value (inhabitants) 

transport sonbase noise pollution index continuous index (quiet to 

noisy) 

transport tlm3d distance to road (by road class) raw value (distance in 

meters) 

transport tlm3d topo distance to road (by road 

class) 

raw value (distance in 

meters) 

vege nfi canopy cover (min, max, med) percentage cover 

vege copernicus proportion of coniferous forest percentage cover 

vege copernicus proportion of deciduous forest percentage cover 

lulc geostat2 forest percentage cover

lulc geostat2 agriculture percentage cover

lulc geostat65 intensive orchards percentage cover 

lulc geostat65 scattered fruit trees percentage cover 

lulc geostat65 regular vineyards percentage cover 

lulc geostat65 horticulture percentage cover 

lulc geostat65 favourable arable land and 

meadows 

percentage cover 

lulc geostat65 other arable land and meadows percentage cover 

lulc geostat65 farm pastures percentage cover 

lulc geostat65 brush meadows and farm 

pastures 

percentage cover 

lulc geostat65 mountain meadows percentage cover
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lulc geostat65 favourable alpine pastures percentage cover 

lulc geostat65 brush alpine pastures percentage cover 

lulc geostat65 rocky alpine pastures percentage cover 

lulc geostat65 remote and steep alpine 

meadows and pastures 

percentage cover 

lulc geostat65 normal dense forest percentage cover 

lulc geostat65 forest stripes, edges percentage cover 

lulc geostat65 cut forests percentage cover

lulc geostat65 forest fresh cuts percentage cover 

lulc geostat65 devastated forests percentage cover 

lulc geostat65 open forest (on agricultural 

areas) 

percentage cover 

lulc geostat65 open forest (on unproductive 

areas) 

percentage cover 

lulc geostat65 brush forest percentage cover 

lulc geostat65 groves, hedges percentage cover 

lulc geostat65 clusters of trees (on agricultural 

areas) 

percentage cover 

lulc geostat65 trees on unproductive areas percentage cover 

lulc geostat65 scrub vegetation percentage cover 

lulc geostat65 unproductive grass and shrubs percentage cover 

lulc geostat65 wetlands percentage cover

lulc geostat65 bare rock percentage cover 
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lulc geostat65 glacier percentage cover

lulc geostat8 closed forest percentage cover 

lulc geostat8 open forest percentage cover 

lulc geostat8 settlement_urban_amenities percentage cover

lulc geostat8 permanent crops percentage cover 

lulc geostat8 intensive agriculture percentage cover

lulc geostat8 grassland_meadows percentage cover

lulc geostat8 alpine pastures percentage cover 

lulc geostat8 hydrological percentage cover
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Table S3: All land use/land cover variables and their associated naturality score. 

Category metric Naturality score 

forest percentage

cover 

5 

agriculture percentage

cover 

2 

intensive orchards percentage 

cover 

2 

scattered fruit trees percentage 

cover 

3 

regular vineyards percentage 

cover 

2 

horticulture percentage

cover 

3 

favourable arable land and meadows percentage 

cover 

3 

other arable land and meadows percentage 

cover 

3 

farm pastures percentage 

cover 

2 

brush meadows and farm pastures percentage 

cover 

3 

mountain meadows percentage 

cover 

4 
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favourable alpine pastures percentage 

cover 

4 

brush alpine pastures percentage 

cover 

4 

rocky alpine pastures percentage 

cover 

4 

remote and steep alpine meadows and pastures percentage 

cover 

4 

normal dense forest percentage 

cover 

5 

forest stripes, edges percentage 

cover 

4 

cut forests percentage 

cover 

3 

forest fresh cuts percentage 

cover 

2 

devastated forests percentage 

cover 

2 

open forest (on agricultural areas) percentage 

cover 

3 

open forest (on unproductive areas) percentage 

cover 

4 

brush forest percentage 

cover 

4 
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groves, hedges percentage 

cover 

3 

clusters of trees (on agricultural areas) percentage 

cover 

3 

trees on unproductive areas percentage 

cover 

3 

scrub vegetation percentage 

cover 

4 

unproductive grass and shrubs percentage 

cover 

4 

wetlands percentage

cover 

5 

bare rock percentage 

cover 

5 

glacier percentage

cover 

5 

closed forest percentage 

cover 

5 

open forest percentage 

cover 

5 

settlement_urban_amenities percentage 

cover 

1 

permanent crops percentage 

cover 

2 
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intensive agriculture percentage 

cover 

2 

grassland_meadows percentage

cover 

3 

alpine pastures percentage 

cover 

4 

hydrological percentage

cover 

4 
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Table S4: List of target species and subdivision by growth form, year of introduction ot 

Switzerland, and origin region. 

Species name Growth form Raunkiær growth form 
First year 
observed in CH 

Less than 
40 yrs ago? 

Origin 
region 

Acer negundo Tree Phanerophyte 1898 No 
North 
America 

Alchemilla mollis Herb Herbal chamaephyte 1950 No Asia
Amaranthus 
albus Herb Therophyte 1882 No 

North 
America 

Anemone 
blanda Geophyte Geophyte Before 1930 No Europe
Arabis alpina 
caucasica Herb Herbal chamaephyte Before 1930 No Europe 
Artemisia annua Herb Therophyte 1892 No Asia
Artemisia 
verlotiorum Geophyte Geophyte 1920 No Asia
Aster 
lanceolatus Geophyte Geophyte 1882 No 

North 
America 

Atriplex 
micrantha Herb Therophyte 2010 Yes Asia
Avena sativa Grass Therophyte Before 1930 No Asia 
Berberis julianae Shrub Nanophanerophyte 1990 Yes Asia

Bidens frondosa Herb Therophyte 1970 No 
North 
America 

Bromus 
carinatus Grass/Geophyte Geophyte 1995 Yes 

North 
America 

Bromus 
catharticus Grass Therophyte 1911 No 

South 
America 

Bromus inermis Grass 
Perennial 
Hemikryptophyte 1857 No Asia

Bromus 
madritensis Grass Therophyte 1903 No Africa
Bromus 
sitchensis Grass 

Perennial 
Hemikryptophyte 2000 Yes 

North 
America 

Calendula 
officinalis Herb Therophyte Before 1930 No Europe 
Calystegia 
silvatica Geophyte Geophyte 1945 No 

Northern 
hemisphere 

Camelina sativa Herb Therophyte Before 1930 No Europe 
Campanula 
poscharskyana Herb 

Perennial 
Hemikryptophyte 1990 Yes Europe

Campylopus 
introflexus Moss N/A 1980 No 

Sourthern 
hemisphere 

Cardamine 
occulta Herb Hemikryptophyte 2007 Yes Asia
Cardaminopsis 
arenosa arenosa Herb 

Monocarpic 
Hemikryptophyte 1867 No Europe
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Cerastium 
tomentosum Herb Herbal chamaephyte 1809 No Europe
Chenopodium 
giganteum Shrub Therophyte 1932 No Asia
Chenopodium 
pumilio Herb Therophyte 1938 No Oceania
Chenopodium 
strictum Herb Therophyte 1874 No Asia
Cicerbita 
macrophylla Geophyte Geophyte 1930 No Asia
Cornus 
sanguinea 
australis Shrub Phanerophyte 2016 Yes Europe

Cornus sericea Shrub Nanophanerophyte 1882 No 
North 
America 

Coronopus 
didymus Herb Therophyte 1856 No 

South 
America 

Corylus maxima Tree Phanerophyt 1920 No Europe
Cotoneaster 
bullatus Shrub Nanophanerophyte 1997 Yes Asia
Cotoneaster 
horizontalis Shrub Nanophanerophyte 1954 No Asia
Crepis pulchra Herb Therophyte 1882 No Europe
Crepis setosa Herb Therophyte 1833 No Europe
Crocus 
tommasinianus Geophyte Geophyte 1998 Yes Europe
Cyclamen coum Geophyte Geophyte 1998 Yes Asia
Cyperus 
eragrostis Herb/Geophyte Geophyte 1996 Yes 

South 
America 

Digitalis 
purpurea Herb Therophyte 1856 No Europe
Epilobium 
ciliatum Herb Herbal chamaephyte 1968 No 

North 
America 

Eragrostis 
virescens Grass Therophyte 1993 Yes 

South 
America 

Erigeron annuus 
annuus Herb Therophyte 1865 No 

North 
America 

Erigeron annuus Herb Therophyte 1865 No 
North 
America 

Erysimum cheiri Herb Herbal chamaephyte 1857 No Europe
Euphorbia 
humifusa Herb Therophyte 1878 No Asia
Euphorbia 
maculata Herb Therophyte 1870 No 

North 
America 

Euphorbia 
myrsinites Herb Herbal chamaephyte 1948 No Asia
Euphorbia 
nutans Herb Therophyte 1915 No 

North 
America 

Euphorbia 
virgata Herb

Perennial 
Hemikryptophyte 1876 No Asia

Fallopia aubertii Epiphyte Phanerophyt, Liana 1904 No Asia
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Geranium 
sibiricum Herb Therophyte 1945 No Asia

Glyceria striata Geophyte Geophyte 1950 No 
North 
America 

Helleborus 
orientalis Geophyte/herb Geophyte 1990 Yes Asia
Heracleum 
mantegazzianum Herb 

Monocarpic 
Hemikryptophyte 1899 No Asia

Hypericum 
calycinum Shrub Woody chamaephyte Before 1930 No Europe 

Iris foetidissima Herb 
Perennial 
Hemikryptophyte Around 1968 No Europe

Juncus tenuis Grass 
Perennial 
Hemikryptophyte 1900 No 

North 
America 

Lamium 
galeobdolon 
argentatum Herb Hemikryptophyte 1874 No Europe

Lemna minuta Aquatic Aquaphyt 1972 No 
North 
America 

Lepidium 
densiflorum Herb Therophyte 1899 No 

North 
America 

Lepidium 
virginicum Herb Therophyte 1856 No 

North 
America 

Leucanthemum 
praecox Herb

Perennial 
Hemikryptophyte 1879 No Asia

Linaria 
genistifolia 
dalmatica Geophyte Geophyte 1904 No Europe
Linaria 
genistifolia Herb Unknown 1904 No Asia
Linum 
usitatissimum Herb Therophyte Before 1930 No Europe 
Lolium 
multiflorum Herb Therophyt 1848 No Asia
Lonicera 
caprifolium Epiphyte Nanophanerophyte, Liana 1860 No Europe
Lonicera henryi Epiphyte Nanophanerophyte, Liana 1997 Yes Asia
Lunaria annua Herb Therophyte 1846 No Europe
Lysimachia 
punctata Herb

Perennial 
Hemikryptophyte 1892 No Europe

Malus pumila Tree Phanerophyt 1874 No Asia
Matricaria 
discoidea Herb Therophyte 1885 No 

North 
America 

Medicago 
arabica Herb Therophyte 1881 No Africa
Mentha spicata Geophyte Geophyte Before 1930 No Europe 
Muscari 
armeniacum Geophyte Geophyte 1990 Yes Asia
Nepeta 
racemosa Herb Hemikryptophyte 1930 No Asia
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Nigella 
damascena Herb Therophyte 1832 No Europe
Onobrychis 
viciifolia Herb

Perennial 
Hemikryptophyte 1872 No Europe

Oxalis dillenii Herb Therophyte 1950 No 
North 
America 

Oxalis stricta Geophyte Geophyte, Therophyte 1858 No 
North 
America 

Papaver 
croceum Herb

Perennial 
Hemikryptophyte 1881 No Asia

Papaver 
somniferum Herb Therophyte Before 1930 No Europe 
Phalaris 
canariensis Grass Therophyte 1866 No Africa
Picris echioides Herb Therophyte 1849 No Africa
Pimpinella 
peregrina Herb 

Perennial 
Hemikryptophyte 1990 Yes Europe

Pinus nigra Tree Phanerophyt 1861 No Europe

Pinus strobus Tree Phanerophyt 1862 No 
North 
America 

Plantago 
coronopus Herb Therophyte 1904 No Africa
Polygonum 
polystachyum Geophyte Geophyte 1917 No Asia
Potentilla 
fruticosa Shrub Nanophanerophyte 1834 No 

Northern 
hemisphere 

Potentilla 
norvegica Herb Therophyte 1895 No 

Northern 
hemisphere 

Prunus 
cerasifera Shrub and tree Phanerophyt 1943 No Asia
Prunus 
domestica 
domestica Shrub and tree Phanerophyt 1990 Yes Asia
Prunus 
domestica Shrub and tree Phanerophyt Before 1930 No Asia 
Prunus persica Tree Phanerophyt 1843 No Asia
Pyrus communis Tree Phanerophyt Before 1930 No Europe 
Quercus ilex Tree Phanerophyt 1909 No Europe

Quercus rubra Tree Phanerophyt 1899 No 
North 
America 

Ribes aureum Shrub Phanerophyt 1885 No 
North 
America 

Ribes rubrum Shrub Nanophanerophyte 1873 No Europe
Rosa multiflora Epiphyte Phanerophyt, Liana 1913 No Asia
Rosa rugosa Shrub Nanophanerophyte 1900 No Asia
Rubus 
armeniacus Shrub Nanophanerophyte 1990 Yes Asia
Rubus laciniatus Shrub Nanophanerophyte 1882 No Europe
Rubus 
phoenicolasius Shrub Nanophanerophyte 1957 No Asia
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Rumex 
longifolius Herb 

Perennial 
Hemikryptophyte 1955 No Europe

Rumex patientia Herb 
Perennial 
Hemikryptophyte 1843 No Europe

Sagittaria 
latifolia Aquatic Hydrophyt, Geophyte 1955 No 

North 
America 

Salvia officinalis Shrub Woody chamaephyte Before 1930 No Europe 

Salvia verticillata Herb 
Perennial 
Hemikryptophyte 1835 No Europe

Scilla forbesii Geophyte Geophyte 1996 Yes Asia
Scutellaria 
altissima Geophyte Geophyte 1950 No Europe
Sedum 
hybridum Herb Herbal chamaephyte Around 1998 Yes Asia 
Sedum spurium Herb Herbal chamaephyte 1886 No Asia
Senecio 
inaequidens Herb Herbal chamaephyte 1924 No Africa
Setaria italica Herb Herbal chamaephyte Before 1930 No Asia 
Sisymbrium 
altissimum Herb Therophyte 1878 No Asia
Solanum 
chenopodioides Herb Therophyte 1971 No 

South 
America 

Solanum 
tuberosum Geophyte Geophyte 1861 No 

South 
America 

Solidago 
canadensis Herb 

Perennial 
Hemikryptophyte 1860 No 

North 
America 

Solidago 
gigantea Herb

Perennial 
Hemikryptophyte 1881 No 

North 
America 

Stachys 
byzantina Herb Herbal chamaephyte 1882 No Asia
Symphytum 
asperum Herb

Perennial 
Hemikryptophyte 1895 No Asia

Tanacetum 
parthenium Herb 

Perennial 
Hemikryptophyte 1827 No Asia

Thlaspi 
alliaceum Herb Therophyte 1966 No Europe
Thymus vulgaris Shrub Woody chamaephyte Before 1930 No Europe 
Trifolium 
alexandrinum Herb Therophyte 1950 No Asia
Trifolium 
resupinatum Herb Therophyte 1877 No Asia
Verbena 
bonariensis Herb Hemikryptophyte 1917 No 

South 
America 

Veronica 
filiformis Herb

Perennial 
Hemikryptophyte 1893 No Asia

Veronica 
peregrina Herb Therophyte 1880 No 

North 
America 

Veronica persica Herb Therophyte 1842 No Asia
Viburnum 
rhytidophyllum Shrub Nanophanerophyte 1935 No Asia
Vicia faba Herb Therophyte 1882 No Asia
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Vicia lutea Herb Therophyte, Liana 1818 No Europe
Vicia pannonica Herb Therophyte, Liana 1884 No Europe
Vicia villosa varia Herb Therophyte, Liana 1882 No Europe
Vicia villosa Herb Therophyte, Liana 1882 No Asia
Vinca major Shrub Woody chamaephyte 1845 No Europe
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Table S5: Frequency of selection of the three vegetation-based covariates and three 
transportation covariates by both native and non-native models. 

Frequency of variable selection 

Native species Non-native species 

Canopy cover (min, max, med) 21 22 

Proportion of coniferous forest 43 28

Proportion of deciduous forest 43 29 

Noise pollution index 31 45 

Euclidian distance to road 48 41 

Topographic distance to road 22 14 
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Appendix 1 

Variable selection rationale: 

The environmental variable selection was reasoned from the standpoint that many of the studied 

species (all the equilibrium species and some of the invasive species) are mountains species. As 

such, we focused on powerful limiters of the harsh mountain climate – drought and cold. 

We therefore chose precipitation seasonality, as it is a proxy for the harsh mountain climate. We 

considered it to be a better one than high or low temperature alone.  

We also included the ranges of temperatures, as these variables incorporate the elevational 

gradient that many of the target species live on. 

In addition, since species distributions often lag years or even decades behind the environmental 

changes (see section 2.4), we placed the focus on variables that summarized the variables over a 

year, or a quarter, if available. We reasoned that those variables that averaged values over a year 

or a quarter included the information of variables that averages values over a single month. 
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Table S1: Performance metrics comparisons across treatments and across species group (invasive 

alien species (IAS) and equilibrium species (EQ)) for real species. AUC = Area Under Curve, CBI = 

Continuous Boyce Index, with the p-value of t-tests (either paired or unpaired, depending on the 

variances being equal or unequal) comparing the values between the two species groups.

Generation 1 Generation 2 

AUC CBI AUC+CBI AUC CBI AUC+CBI

Randgeo IAS 0.86074 0.95544 1.808078 0.73092 0.8519 1.575146 

EQ 0.87046 0.92581 1.785798 0.74581 0.86201 1.599333 

p – 

value 0.8569 0.2033 0.7623 
0.3543 0.5602 

0.3952 

Randenv IAS 0.87037 0.95173 1.815333 0.78652 0.87625 1.655695 

EQ 0.85989 0.92082 1.772955 0.76866 0.88615 1.646117 

p – 

value 0.8504 0.2248 
0.5803 0.2374 0.4652 0.6977 

Stratenv IAS 0.92012 0.95299 1.866679 0.89386 0.88616 1.770245 

EQ 0.95095 0.93607 1.880653 0.93418 0.88956 1.813893 

p – 

value 0.1064 0.4035 0.6919 
2.2e-16 0.7965 0.006357 

cb1 IAS 0.86064 0.95668 1.809102 0.73013 0.85677 1.578555 

EQ 0.87035 0.92389 1.783834 0.7708 0.87817 1.639858 
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p – 

value 0.8576 0.161 0.7336 
0.01232 0.1935 0.0277 

cb2 IAS 0.86096 0.95926 1.811899 0.72612 0.85539 1.573475 

EQ 0.87044 0.92531 1.783574 0.74393 0.86881 1.603456 

p – 

value 0.8609 0.1151 0.6961 
0.2994 0.4388 0.3159 
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Effects of number of generated occurrences 

The number of generated occurrence points seems to have a positive correlation in model 

stability across all real-world species and strategies () 

Table S2: Effect of nr of generated occurrence records on real-world species. Average similarity 

values and correlation of those averages with the number of generated occurrences. 

 Generated 

occurrences 
Stratenv Randenv Randgeo 

cb1 cb2

Total EQ IAS Total EQ IAS Total EQ IAS Total EQ IAS Total EQ IAS 

1000 0.493 0.503 0.484 0.837 0.780 0.893 0.451 0.424 0.478 0.459 0.381 0.534 0.466 0.457 0.475 

500 0.494 0.509 0.479 0.837 0.782 0.892 0.451 0.428 0.473 0.453 0.368 0.533 0.455 0.442 0.467 

300 0.486 0.496 0.477 0.844 0.800 0.888 0.448 0.428 0.469 0.458 0.380 0.532 0.459 0.453 0.464 

100 0.469 0.482 0.456 0.822 0.771 0.872 0.445 0.429 0.459 0.460 0.389 0.529 0.446 0.443 0.449 

50 0.474 0.495 0.452 0.784 0.728 0.833 0.441 0.414 0.466 0.436 0.346 0.521 0.464 0.440 0.485 

30 0.483 0.484 0.483 0.748 0.695 0.811 0.402 0.388 0.417 0.467 0.343 0.584 0.407 0.383 0.432 

10 0.439 0.441 0.436 0.693 0.607 0.766 0.433 0.457 0.412 0.424 0.362 0.469 0.409 0.386 0.442 

Correlation 0.635 0.582 0.614 0.625 0.566 0.689 0.554 0.052 0.650 0.352 0.494 0.120 0.594 0.613 0.507 
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Figure S1: Model similarity of species models per number of generated occurrence points in the 

generation 2 models, across treatments and for both equilibrium species (EQ) and invasive alien 

species (IAS).  
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Table S3: Within-treatment comparison of average model similarity, i.e. stability for real 

equilibrium species and real invasive alien species. Averages and p-values of t-tests assuming 

unequal variances. 

Stratenv Randgeo Randenv cb1 cb2 

IAS vs EQ (p – value) 0.1089561 0.008676833 < 2.2e-16 < 2.2e-16 0.08221 

Average EQ 0.4908881 0.4222804 0.7583992 0.3699268 0.4369632 

Average IAS 0.4694295 0.4614234 0.8652017 0.5321942 0.463163 

STD error EQ 0.00967071 0.009600233 0.004921816 0.01088874 0.00958933 

STD error IAS 0.009242786 0.01138823 0.002234767 0.01176738 0.01161806 
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Figure S2: Average model similarity vs average Boyce index (CBI) for real species models of 

generation 1 (the models that were run using real occurrence data) (A) and generation 2 (the 

models that were run using virtual occurrence data generated from the output suitability maps 

of generation 1 models) (B).  
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Figure S3: Graphical representation of the sampling of the fully random in environmental space 

background data: division of the environmental PCA axes of the whole study area into kernels and 

summing of the appropriate squares as per the density of data points.
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Table S4: number of generation 2 models that did not yield performance metrics. 

randgeo cb1 cb2 stratenv randenv Total 
Aedes albopictus 12 8 8 4 8 40 
Asclepias syriaca 12 12 12 4 8 48 
Branta canadensis 4 4 8 2 8 26 
Cameraria ohridella 6 4 4 2 2 18 
Harmonia axyridis 4 4 4 2 8 22 
Heracleum 
mantegazzianum 4 2 8 2 10 26 
Impatiens glandulifera 8 8 6 2 12 36 
Ips typographus 4 8 4 4 8 28 
Lespedeza cuneata 4 6 4 8 4 26 
Lupinus polyphyllus 8 6 8 2 12 36 
Myocastor coypus 4 6 4 6 4 24 
Ondatra zibethicus 4 4 4 6 8 26 
Popillia japonica 8 12 6 2 10 38 
Sciurus niger 6 6 10 8 8 38 
Tamias sibiricus 14 14 12 6 6 52 
Alnus alnobetula 12 12 12 2 6 44 
Aster alpinus 14 6 12 6 8 46 
Boloria pales 4 6 4 4 4 22 
Colias phicomone 6 6 6 2 6 26 
Erebia meolans 6 4 4 4 4 22 
Helictrotrichon pratense 6 4 4 6 4 24 
Lagopus muta 8 4 10 2 10 34 
Leontopodium nivale 6 8 6 10 6 36 
Lepus timidus 6 4 6 4 10 30 
Marmota marmota 6 6 4 2 6 24 
Nucifraga caryocatactes 6 8 6 4 10 34 
Parnassius apollo 8 8 4 2 8 30 
Parnassius mnemosyne 10 12 12 4 10 48 
Ranunculus glacialis 6 6 6 0 4 22 
Tetrao urogallus 8 2 2 4 4 20 

214 200 200 116 216 946 
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Table S5: Additional rationale of why each species was included into the study. 

 Category 
 Species 

group 
Species name Rationale 

Number of 

occurrences 

Invasive Plants Asclepias syriaca 

On the List of Invasive Alien 

species of Union Concern. 

Likely sensitive to 

temperature. 

(https://www.cabi.org/isc/dat

asheet/7249#toclimate) 

1342 

Heracleum 

mantegazzianum 

Mentioned in both the EU list 

of Union Concern and by 

BAFU. Mountain species in 

native range. Already present 

at 1500m altitude. 

833 

Impatiens 

glandulifera 

Mentioned in both the EU list 

of Union Concern and by 

BAFU. Mountain species in 

native range. Already present 

at high altitudes. 

769 

Lespedeza cuneata 
Generalist invasive species 

that is likely to spread to 

236 
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higher altitudes along with 

developing infrastructure. 

Lupinus 

polyphyllus 

Mentioned in both the EU list 

of Union Concern and by 

BAFU. Mountain species in 

native range. Already present 

at 1500m altitude. 

820 

Vertebrates Branta canadensis 
High ecological impact ([CABI] 

[DAISIE] [NOBANIS]) 

920 

Myocastor coypus 

Mentioned in the EU list of 

Union Concern. Generalist 

species that will likely spread 

to high altitudes. 

400 

Ondatra zibethicus 

Mentioned in both the EU list 

of Union Concern and by 

BAFU. Generalist species that 

will likely spread. 

281 

Sciurus niger 

Mentioned in the EU list of 

Union Concern. Generalist 

species that will likely spread 

to high altitudes. 

686 
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Tamias sibiricus 

Mentioned in the EU list of 

Union Concern. Generalist 

species that will likely spread 

to high altitudes. 

77 

Insects Aedes albopictus 

Vector of many diseases, 

including malaria and Denge 

fever. Also likely to spread to 

higher altitudes. 

95 

Cameraria 

ohridella 

Pest of forests cold-tolerant, 

and as an insect, it is likely to 

react to climate. 

225 

Harmonia axyridis 

List of Union Concern, seemed 

not to be occurring 

everywhere. Is also an insect, 

likely bound to temperature, 

as states its CABI 

page: https://www.cabi.org/is

c/datasheet/26515#toclimate 

1377 

Ips typographus 

Invasive species and pest 

particularly of Picea abies, 

which occurs at high altitudes. 

77 
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Insect species which likely 

responds to climate. 

Popillia japonica 

Invasive species and its 

distribution is likely to spread 

more northward, meaning 

likely also to high altitudes. 

794 

Equilibrium Plants Alnus alnobetula 

Typical of high altitudes and 

latitudes 

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

164 

Aster alpinus 

Mountain species, adapted to 

high environments. Indicator 

species of high mountain 

pastures 

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

86 

Helictrotrichon 

pratense 

Indicator species of high 

mountain pastures

70 
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(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

Leontopodium 

nivale 

Mountain species, adapted to 

cold, habitat likely to shrink

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

423 

Ranunculus 

glacialis 

Indicator species of high 

mountain pastures

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

107 

Vertebrates Lagopus muta 

Indicator species of high 

mountain pastures

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

64 

Lepus timidus 
Mountain species 

(infospecies.ch/fr/projets/infr

286 
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astructure-

ecologique.html#berichte) 

Marmota 

marmota 

Mountain species 

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

123 

Nucifraga 

caryocatactes 

Indicator species of high-

altitude coniferous forests 

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

433 

Tetrao urogallus 

Indicator species of high 

mountain pastures

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

445 

Insects Boloria pales 

Mountain species, typical of 

high-altitude pastures. 

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

75 
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Colias phicomone 

Mountain species, adapted to 

high environments. Indicator 

species of high mountain 

pastures.

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

87 

Erebia meolans 

Alpine species 

(http://www.pyrgus.de/Erebia

_meolans_en.html) 

140 

Parnassius apollo 

Indicative species of high 

mountain pastures

infospecies.ch/fr/projets/infra

structure-

ecologique.html#berichte) 
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Parnassius 

mnemosyne 

Indicative species of high 

mountain pastures 

(infospecies.ch/fr/projets/infr

astructure-

ecologique.html#berichte) 

93 
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Figure S4: An idealized example of model stability, i.e., perfect similarity between a model of 

generation 1 and one of generation 2. 
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Appendix 2. ODMAP reporting protocol. 

How sensitive are species distribution models to different 
background point selection strategies? A test with species 
at various equilibrium levels

– ODMAP Protocol –

Author list hidden for peer-review 

Journal: Ecological Modelling 

2024-02-29 
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Overview 
Authorship 

Contact: hidden for peer-review 

Study link: [doi] 

Model objective 

Model objective: Analysis of model performance and stability 

Target output: current habitat suitability maps for 30 species across the world at 30 arc seconds 
resolution 

Focal Taxon 

Focal Taxon: 30 species (see main text and appendix 1 for details) 

Location 

Location: Seven biomes: temperate broadleaf and mixed forests, temperate coniferous forests, 
temperate grasslands, savannahs and shrublands, montane grasslands and shrublands, boreal 
forests/taiga and tundra 

Scale of Analysis 

Spatial extent: -180.000, 179.9999, -55.77514, 83.64153 (xmin, xmax, ymin, ymax) 

Spatial resolution: 30 arc seconds 

Temporal extent: 1979-2013 for the environmental variables and 2000-2022 for the occurrence 
data. 

Boundary: geographical, biomes specified by Olson et al. 2001. 

Biodiversity data 

Observation type: observation, human observation, Material sample, Living specimen, specimen 
(source: GBIF) 

Response data type: presence / background data 

Predictors 

Predictor types: bioclimatic 

Hypotheses 

Model assumptions: 1) candidate covariates potentially drive the distribution of the species and 
key covariates are included in the models, 2) The observed distributions of some target species 
are in equilibrium with the environment, and for others this is not the case, 3) The species 
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maintain their niches across the specified time period; 4) The correlation structure between 
covariates does not change over time; 5) The background datasets used give the model a good 
impression of the available environment (hypothesis tested) 

Algorithms 

Modelling techniques: Maxnet (MAX) (Phillips et al. 2017) 

Model complexity: hyperparameters set using ENMeval 2.0.3 (Kass et al. 2021) 

Model averaging/ensemble modelling: N/A 

Workflow 

Model workflow: Only weakly correlated predictors (<70% correlation) were retained in the 
analysis. We performed parameter tuning for the regularisation parameter (1 to 5 in increments 
of 1) and combinations of modelfitting functions (LQH, LQP or LQHP) (b) in MaxEnt models based 
on AUC, Boyce and the sum of both using the ENMeval R package. 

Software 

Software: ENMeval v.2.0.3 (Kass et al., 2021) and R v4.2.2 

Code availability: TBD  

Data availability: https://zenodo.org/records/10255654 

Data 
Biodiversity data 

Taxon names: 30 species, see publication for details 

Ecological level: species 

Data sources: Occurrence records for all the world for matching species were obtained from the 
Global Biodiversity Information Facility (GBIF; https://www.gbif.org/) in several installments (on 
03 June, 2022 (https://doi.org/10.15468/dl.tc6fqe; https://doi.org/10.15468/dl.2m6kf8), July 21, 
2022 (https://doi.org/10.15468/dl.ns4jzr), October 31, 2022
(https://doi.org/10.15468/dl.mpcxws), 20 May 2023 (https://doi.org/10.15468/dl.cbxen3)). 

Sampling design: Citizen science data. No sampling design can be mentioned. 

Sample size: Only species with more than 50 occurrence records in the 80% bin after spatial 
disaggregation and were retained for modelling. 

Cleaning: Removal of non-native records for half of the study species using Dasco R package, R 
cleaning, 1 point per 30 arc second raster grid cell. 

Background data: 10,000 background absences were generated using special strategies of 
sampling is geographic and environmental space. 
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Data partitioning 
Occurrence data: Split-sample approach repeated 50 times with 20% of the data withheld for 
models of generation 1. The 80%bin was split 50-50 in training and validation bins for models of 
generation 1(see manuscript) and in models of generation 2, the full 100% data was split 50-50 
in. No selection of truly independent test data was done. 
Background data: 50-50 training-validation bins, or using checkerboard sampling design 
(aggregation factor 5 or 10). 

Predictor variables 

Predictor variables: Suite of 19 bioclimatic candidate covariates CHELSA version 1.2 (bio1, bio2, 
bio7, bio12, bio15, bio17, bio19). 

Data sources: CHELSA (Karger et al. 2017). 

Spatial extent: -180.000, 179.9999, -55.77514, 83.64153 (xmin, xmax, ymin, ymax) 

Spatial resolution: 30 arc seconds 

Coordinate reference system: WGS84 

Temporal extent: 1979-2013 

Transfer data 

N/A (no future projections were done) 

Model 
Selected predictors 

Covariate selection: Use of ecological knowledge; see additional paper attachments. 

Multicollinearity 

Multicollinearity: Only variables less than 70% correlated were included. 

Model settings 

Hyperparameter settings were varied: regularization multiplier (1 to 5, increments of 5) and used 
combinations of function types (LQH, LQP, LQHP) 

Model estimates 

N/A 

Threshold selection 

N/A 
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Assessment 
Performance statistics 

Performance on training data: Model accuracy was evaluated using a split-sample approach 
repeated 50 times with 50% of the data kept for validation. For each model, the best combination 
of hyperparameters was identified using the average “Score” of three evaluation metrics 
including the Area Under the Curve  (AUC ), the Continuous Boyce Index (CBI) and the sum of 
both, with AUC first adapted to have the same “weight” as the CBI (as AUC^'=AUC*2-1). 

Performance on validation data: same as for training data 

Plausibility check 

No plausibility checks were performed. 

Prediction 
Prediction output 

Prediction unit: Pixel-level habitat suitability values 

Uncertainty quantification 

No uncertainty quantification was done. 
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Appendix 3: supplementary methods 

Supplementary analysis with alternate sampling scheme

The main analysis of the paper was repeated on a different set of occurrence records of the 

invasive alien species Heracleum mantegazzianum and the equilibrium species Aster alpinus. 

Instead of the Minimum Convex Polygon thinning in the main paper, the cleaned (and for Aster 

alpinus records that were out of its non-native range, as determined by the DASCO R package) 

occurrence records were subjected to a thinning based on the distance from artificial surface and 

urban area, i.e., the more distant an occurrence point is from human infrastructure or urban area, 

the more likely it is to be retained. The resulting datasets contained the same number of 

occurrence records as the MCP thinned ones. This method of thinning is referred to below as 

“arturb”. 

We compared the resulting Area under Curve (AUC), Continuous Boyce Index (CBI) and similarity 

scores to the results of the original MCP thinned analyses of the two target species for the 

randgeo, randenv and stratenv BP selection strategies, meaning we used the exact same BP 

datasets used in the main paper for the new analysis. 

The thinning by distance to human infrastructure strategy was chosen because it eliminates a 

likely sampling bias of the GBIF citizen science sampling: the predilection of citizen scientists to 

sample close to the infrastructure. 

Aster alpinus and Heracleum mantegazzianum were chosen because they are both mountain 

species in their home range and might therefore be strongly affected by the sampling bias 

correction of the new thinning method. 

The new method of thinning the occurrence records by distance to infrastructure was chosen 

because it is likely to eliminates citizen science sampling bias. 

The results of the arturb thinning versus the MCP thinning are presented in Figure S31. 
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Figure S31: Scatterplots comparing the AUC and Boyce index to similarity (i.e., stability score) 

results for the arturb thinning method versus the MCP thinning method, and the randgeo, randenv 

and stratenv strategies. 

The vastly improved model stability of the Heracleum mantegazzianum arturb models for the 

stratenv method may be explained by the fact that the arturb thinning of this species’ occurrence 

records has left relatively more occurrence records in mountains, where the stratenv BP are 

mostly located. It may therefore be easier for the stratenv models to identify relationships of 

species occurrence data with the environment. 

It is worth mentioning that H. mantegazzianum spreads primarily via roads and human 

infrastructure and that therefore, the arturb method of thinning likely eliminates relevant 

ecological information. 

In addition, the randenv and randgeo performance metrics, particularly AUC, for Aster alpinus 

are very significantly higher when the arturb thinning method is used. This would indicate a far 

higher ability of these models to discern suitable from unsuitable area. This may be because the 

environmental variables included in the models become more meaningful when the occurrence 

records of the species are further from infrastructure, i.e., likely higher in mountains. Perhaps 

therefore, the occurrence records provide a closer approximation of the species’ actual niche. 

This discerning capacity of the models might also explain the greatly improved model stability of 

the Aster alpinus arturb models for the randgeo strategy: the Generation 2 virtual species 

occurrence models are more likely to be generated in high mountains, where the Generation 2 

models can easily discern an environmental gradient. 

Therefore, the new arturb thinning method might artificially inflate AUC and stability values, 

rather than present a better ecological approximation. Nevertheless, this supplementary analysis 

highlights that the thinning of occurrence records vastly influences the model performance and 

similarity.  

We would like to underline that unlike the MCP thinning method, the arturb thinning method 

makes an inherent assumption about the distribution of the occurrence records. Whilst 

this 
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assumption may hold up for many records in the GBIF database, it cannot be assumed that it is 

ubiquitous across all taxa. 
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Additional analyses on the effect of omitting the occurrence data that fall outside the

study area

II

I
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Figure S32: boxplots of PCA analyses of the data off the biomes for Aedes albopictus (I), Alnus 

alnobetula (II), Aster alpinus (III), Lepus timidus (IV) and Sciurus niger (V), (the two invasive alien 

species and the three equilibrium species with the highest proportion of occurrence data off the 

biomes), compared to the PCA values of the randgeo, randenv and stratenv background point 

datasets. These PCA analyses were performed independently on each occurrence and background 

points dataset and the proportion of explained variation was always over 70%.  

Results discussion: We see that the BP boxplots encompass most of the species presence data 

and therefore, we assume that not many values at the species presence points that were omitted 

are different from values that were included in the models. A possible exception to this are the 

results of Aedes albopictus. We however emphasize that invasive alien species like this one were 

specifically selected as target species because they are not at equilibrium with the environment, 

i.e., their niche is expanding. Therefore, a potential partial truncation of the niche should not be

a problem. 
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Sciurus niger 

Figure S33: boxplots of PCA analyses of the data off the biomes for Aedes albopictus, Alnus 

alnobetula, Aster alpinus, Lepus timidus and Sciurus niger, (the two invasive alien species and the 

three equilibrium species with the highest proportion of occurrence data off the biomes), 

compared to the PCA values of the same species on the biomes. These PCA analyses were 

performed independently on each occurrence and background points dataset and the proportion 

of explained variation was always over 70%.  
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Table S31: number of occurrence points on and off the biomes for all target species, plus the 

calculated proportion of occurrence points off the biomes. 

Species 
Nr before biomes 
extraction 

Number after biomes 
extraction 

Prop off 
biomes 

Alnus alnobetula 1919 1791 0.066701407 
Lagopus muta 2449 2402 0.019191507 
Tetrao urogallus 12024 11924 0.0083167 
Aster alpinus 856 793 0.073598131 
Colias phicomone 654 650 0.006116208 
Nucifraga caryocatactes 14338 13555 0.054610127 
Erebia meolans 957 921 0.037617555 
Lepus timidus 6172 5671 0.08117304 
Helictotrichon pratense 938 909 0.030916844 
Leontopodium nivale 2922 2831 0.031143053 
Parnassius apollo 22546 21803 0.032954848 
Parnassius mnemosyne 709 709 0 
Ranunculus glacialis 2649 2646 0.001132503 
Marmota marmota 2199 2199 0 
Boloria pales 973 964 0.009249743 

Aedes albopictus 1512 1105 0.269179894 
Asclepias syriaca 25658 24877 0.030438849 
Branta canadensis 212895 199835 0.061344794 
Cameraria ohridella 226324 226296 0.000123716 
Harmonia axyridis 139389 130898 0.060915854 
Heracleum 
mantegazzianum 47198 46826 0.00788169 
Impatiens glandulifera 133134 131751 0.01038803 
Ips typographus 1126 1109 0.015097691 
Lespedeza cuneata 1304 1253 0.039110429 
Lupinus polyphyllus 78498 76152 0.029886112 
Myocastor coypus 14070 12922 0.08159204 
Ondatra zibethicus 457234 454499 0.00598162 
Popillia japonica 7288 7156 0.018111965 
Sciurus niger 18967 11828 0.376390573 
Tamias sibiricus 1590 1585 0.003144654 
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Appendix III

Supplementary Material of Chapter III 
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Appendix 1: Resampling of the present day land use datasets (created by the European Space

Agency) to match the categories of the future (2050) land use dataset (created by Clark lab of Clark

university, USA)

# Mostly cropland from LUC selec on:

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 10 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 11 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 12 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 20 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 30

# Forest

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 40 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 50 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 60 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 61 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 62 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 70 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 71 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 72 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 80 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 81 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 82 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 90 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 100

# Grassland, scrubs and shrub

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 110 OR
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"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 120 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 121 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 122 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 130 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 140

# Need to fuse category 40 (Mosaic natural vegeta on (tree, shrub, herbaceous cover) (>50%) /

cropland(<50%)) with forest, since forest includes areas of >15% tree cover.

# Sparse vegeta on

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 150 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 152 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 153

# Swampy or O en Flooded Vegeta on

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 160 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 170 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 180

# Ar cial Surface or Urban Area

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 190

# Bare areas

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 200 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 201 OR

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 202

# Surface water

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 210

# Permanent snow and ice

"ESACCI LC L4 LCCS Map 300m P1Y 2015 v2.0.7@1" = 220
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Appendix 2: Variable selec on ra onale

World scale

The selec on of environmental variables was based on the premise that Heracleum

mantegazzianum is a mid eleva on mountain species within its na ve range. Consequently,

we concentrated on signi cant clima c constraints typical of mountainous regions, speci cally

drought and cold.

We selected precipita on seasonality as a key variable, considering it a robust indicator of the

harsh mountain climate, superior to high or low temperature alone. For the same reason, the

number of annual growth degree days (ggd0) were used. Addi onally, we included

temperature ranges to capture the eleva onal gradient inhabited by many target species.

Recognizing that species distribu ons o en lag behind environmental changes by years or

even decades, we priori zed variables that summarized condi ons over extended periods,

such as annual or quarterly averages. We posited that these aggregated variables encapsulate

the informa on provided by monthly averages.

Finally, the average and maximum surface wind temperatures were chosen because the

natural way of dispersal of H. mantegazzianum is to have its propagules carried by the wind.

Europe scale

Since H. mantegazzianum is o en spread by humans and ci es may be a par cular hotspot,

as it was used as a decora ve plant (EASIN, n.d.), the world popula on was used at European

scale. (We could not use distance to infrastructure, as we thinned one of our datasets using

that distance). In addi on, because our Europe scale lies in the invaded range of H.

mantegazzianum, and the species only spreads inside forests in its na ve range, but invades

forest edges, the distance to forests was used as an indicator.

Moreover, distance to bare areas and to snow were used, since it is a mountain species in its

home range. Importantly, crops were importantly used as a predictor as well, since the species

grows very well on (abandoned) agricultural soil (Thiele & O e 2008). The species also spreads

a lot along water bodies, impeding sheries, so distance to surface water was included in the

roster.
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Finally, we aimed to have a holis c view of vegeta on on the European con nent and therefore

included also swampy or o en ooded vegeta on and grassland, scrubland and shrubland.

Swiss scale

The Swiss scale data has a resolu on of 25m. At that scale, the greatest determinants of a

plant species’ ability to thrive are light, food, water and temperature. The la er is always very

strongly correlated with al tude, and therefore we used the Swiss Digital Eleva on Model.

Light is determined by aspect and shadow, so we included aspect, slope and hillshade

variables. Nutrients were approximated by the ability of the ground to hold nutrients, and the

poten al of the soil to support crops. No proxy data was included for water at this scale, but

no literature suggests that H. mantegazzianum is sensi ve to drought or excessive wetness

and since precipita on is included in the world scale model, and soil water level could be

in uenced by slope, it is included indirectly through these variables.
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Appendix 3: Response curves of Maxent models
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Appendix 4: Response curves of Random Forest models
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Appendix IV

Supplementary Material of Chapter IV 
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Appendix 1: Number of occurrences in the na ve range and invaded range for each species. 

Species Native range Intros
Acacia dealbata 6759 7687 
Acer negundo 4047 14812 
Ageratina riparia 492 594 
Ailanthus altissima 19726 18362 
Allium triquetrum 6879 5358 
Alternanthera philoxeroides 1280 456 
Ambrosia artemisiifolia 17094 12701 
Araujia sericifera 233 7108 
Arbutus unedo 23883 1398 
Arundo donax 6567 3260 
Baccharia halimifolia 1282 3285 
Buddleja davidii 275 71897 
Calotropis procera 690 4328 
Carpobrotus edulis 375 3282 
Cenchrus setaceus 344 533 
Cortaderia selloana 246 6080 
Cotula coronopifolia 282 1514 
Crassula helmsii 485 1223 
Cylindropuntia fulgida 1166 319 
Cylindropuntia imbricata 2187 900 
Cylindropuntia prolifera 260 26 
Echinocystis lobata 1238 1019 
Erigeron annuus 83397 11152 
Eschscholzia californica 2158 14679 
Gypsophila paniculata 182 122 
Helianthus tuberosus 245 3382 
Heracleum mantegazzianum 1311 43734 
Hyacinthoides hispanica 463 1269 
Impatiens glandulifera 7255 136961 
Impatiens parviflora 3878 26934 
Leucaena leucocephala 115 3433 
Ludwigia peploides 4589 1228 
Lupinus polyphyllus 747 64177 
Lysichiton americanus 1203 2424 
Prunus serotina 4563 14037 
Reynoutria japonica 30436 25670 
Rhododendron ponticum 185 8333 
Ricinus communis 1597 8443 
Robinia pseudoacacia 1778 42185 
Rumex confertus 488 27 
Senecio inaequidens 928 200319 
Solidago canadensis 1084 56904 
Spartium junceum 4500 426 
Tradescantia fluminensis 150 5081 
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Vachellia farnesiana 5330 34 
Total 252372 837096
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