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1. Introduction 

Extreme and harsh conditions in the high latitude alpine and arctic regions make them especially 

vulnerable for changes, and thus alpine and arctic plant species are under threat due to the 

anthropogenic climate change and changes in land use (Parmesan & Yohe, 2003; Nogués-Bravo 

et al., 2007; Pereira et al., 2010; Pecl et al., 2017). Therefore, it is crucial to learn more about 

these ecosystems and what factors affect species distributions. The arctic and alpine 

environment can be divided into two parts: the arctic tundra, defined by high latitude, and the 

alpine tundra, defined by high elevation (Arbogast, 2011a). These high elevation and latitude 

environments generally are isolated, have steep elevation and topographical gradients. Besides 

the vulnerability of these regions, the arctic and alpine species are an interesting study subject 

as these steep elevation gradients makes it possible to study ecosystems in diverse spatial and 

temporal scales. This is because environmental gradients along mountain ranges compress 

climatic zones over short distances (Körner, 2003c; Anthelme & Lavergne, 2018). 

 

Species distribution modelling is a popular tool for predicting possible habitats where species 

can maintain viable populations (Guisan & Zimmermann, 2000; Elith et al., 2006; Franklin, 

2010a; Araújo & Peterson, 2012). Species distribution models (SDMs) link species occurrences 

with environmental predictors that typically are related to topography and climate (Elith et al., 

2006; Liu et al., 2011; Engler et al., 2011; Araújo & Peterson, 2012). Traditionally it has been 

thought that at regional to global scales, especially with arctic and alpine plant species, the 

abiotic environment is the dominant factor affecting species distributions and biotic interactions 

have only a minor impact (Pearson & Dawson, 2003; D’Amen et al., 2018). More evidence has 

recently surfaced, which indicate that including biotic variables into SDMs would be beneficial 

at all scales (Araújo & Luoto, 2007; Wisz et al., 2013; Mod et al., 2015). 

 

It can difficult to quantify the impact of biotic interactions on species distributions and 

communities because they occur at short distances and are controlled by the environment 

(Walker, 1995; Hirzel & Le Lay, 2008; Franklin, 2010a; Guisan et al., 2017f). Therefore, more 

research is required to develop ways to include biotic variables into SDMs and understand how 

biotic interactions affect species distributions. There are many ways that biotic interactions can 

be included in SDMs, with one of the most common methods being to use other species as an 

explanatory variable. However, using other species as explanatory variables can be challenging 

to apply when a large number of species are included in the models or when future predictions 
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are made, as these interactions may vary (Engler et al., 2011). As this study examines 683 arctic 

and alpine species, an alternative method was needed to evaluate the impact of biotic 

interactions. The study uses the Normalized Difference Vegetation Index (NDVI), which 

depicts the greenness of vegetation, which can be used as a surrogate for plant biomass (Didan, 

2015). 

 

1.1 Research questions 

This study aims to produce species distribution models for the flora in Fennoscandia's arctic 

and alpine biogeographical regions defined by the European Environment Agency (European 

Environmental Agency, 2016) and examine the relationships between the species and the 

environmental variables used in the models. There are two research questions: 

 

1. What are the key drivers of arctic-alpine plants in Fennoscandia? 

Hypothesis: It has been suggested that on the macro-scale, abiotic environment and especially 

the climate defines the principal distributions of nearly all species (Randin et al., 2006; Franklin, 

2010a; Guisan et al., 2017f). At these high latitude and altitude regions with harsh 

environmental conditions, only species with the necessary physiological and morphological 

qualities can sustain populations (Körner, 2003c; de Bello et al., 2012; D’Amen et al., 2018). 

As this study is conducted over a large extent at the arctic and alpine regions of Fennoscandia, 

it is expected that the climate variables will have the strongest impact on the predicted 

distributions. 

 

2. Does the inclusion of a biotic variable (represented here by NDVI) improve the species 

distribution models for the studied arctic-alpine plants in Fennoscandia? 

Hypothesis: With arctic and alpine plant species, abiotic environment and especially climate 

has the most dominant impact on species distributions of arctic and alpine plants (Pearson & 

Dawson, 2003; D’Amen et al., 2018). Thus, it has been suggested that at regional to global 

scales, biotic interactions would only have a minor impact on species distributions (Pearson & 

Dawson, 2003). However, this has been questioned, and numerous studies have discussed the 

benefit of including biotic variables in species distribution models at all scales, as they can 

reduce bias in predictions and increase the predictive power of SDMs (Araújo & Luoto, 2007; 

Wisz et al., 2013; Mod et al., 2015). Therefore, it can be expected that including NDVI as a 

biotic variable in the SDMs will increase the predictive power of the models. 



 

3 

 

2. Theory 

2.1 Factors affecting species distributions 

The distribution or the range of a species is an intricate combination of its ecological and 

evolutionary history, shaped by different factors impacting at various scales and intensities 

(Brown et al., 1996; Gaston, 2003; Soberón & Peterson, 2005). The present-day species and 

their environmental requirements and tolerances, dispersal and demographic characteristics are 

all shaped by past environments as they affect the boundaries, sizes, shapes, and internal 

structures of species distributions. Species distributions are mainly limited by different 

ecological factors affecting the local distribution and species abundance (Brown et al., 1996). 

 

When considering species distributions and the ecological factors affecting them, the species 

niche concept is essential to recognise. The fundamental niche (also known as the potential 

niche) describes the environmental response of species without biotic interactions (Franklin, 

2010a). The realised niche also includes biotic interactions, and it consists of those 

environmental conditions in which a species can meet its minimum requirements for 

reproducing and having a net positive growth in the local population (Brown et al., 1996; Chase 

& Leibold, 2003; Franklin, 2010a). When modelling, especially with coarse-scale climate data, 

the fundamental and realised niche might not be too different as biotic interactions generally 

occur at short distances (Hirzel & Le Lay, 2008; Franklin, 2010a).  

 

For a species to be present and maintain populations in a location, the dispersal possibilities, 

abiotic and biotic environment all need to be suitable (Soberón & Peterson, 2005; Guisan & 

Thuiller, 2005; Hirzel & Le Lay, 2008; Guisan et al., 2017f). The interactions of these three 

conditions that shape species' geographical distributions can be presented as hierarchical steps 

(Figure 1), but as they act simultaneously, Figure 2 presents a more realistic description. For a 

species to occupy a location, it needs to access the place and then disperse there (Barve et al., 

2011; Guisan et al., 2017f). The abiotic environmental conditions and the biotic environment 

(i.e. interactions with other species and other population members) also need to suitable 

(Soberón & Peterson, 2005; Guisan et al., 2017f). Understanding how these three interrelated 

conditions function is fundamental for understanding relationships between niches and 

distributions, but as other factors (e.g. disturbances) also affect distributions, they can alter 

species response to environmental gradients (Soberón, 2007; Franklin, 2010a). 
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Understanding how these three conditions shape species distributions requires that information 

is gathered along geographic and environmental gradients (Guisan et al., 2017f). It is also 

important to remember that individual populations can also be found outside suitable 

conditions, such as in a non-suitable sink environment where colonisation has been caused by 

high propagule pressure (Pulliam, 2000; Franklin, 2010a; Guisan et al., 2017f). Mortality-

causing disturbances can create complex species responses to environmental gradients, which 

can cause species to be absent on a suitable site, which in turn can lead to population size 

changes or even temporary and local extinctions (Pulliam, 2000; Guisan & Thuiller, 2005; 

Franklin, 2010a; Guisan et al., 2017f). If a species becomes extinct locally, recolonisation to 

the site is dependent on dispersal limitations (Guisan et al., 2017f). 

Figure 1. The three main factors that affect species distributions – dispersal, abiotic conditions, 

and biotic interactions – can be presented in a hierarchical view. From this point of view, when 

moving from global to local, each ecological process constraints species, and after passing each 

step, species can occupy a site. This hierarchical view is not entirely realistic, as these processes 

act more simultaneously (see Figure 2). Figure adapted from Lortie et al. (2004), Wisz et al. 

(2013) and Guisan et al. (2017f). 
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Figure 2. Three main factors determine species distributions – dispersal, abiotic conditions, and 

biotic interactions – which all impact simultaneously. When a site is accessible for colonisation 

and both the abiotic and biotic environment are suitable for the species, the studied geographic 

area is within the species' realised niche (triangles). Species can also be found sometimes from 

areas where the abiotic environment is suitable, but due to, for example, strong competition, 

the biotic conditions are not suitable (circles). Sometimes species can also be found from 

unsuitable environmental conditions, i.e. sink populations (stars). Sink populations can also be 

found from sites with unsuitable abiotic and biotic environments (diamonds). They could, for 

example, be relics from previously suitable conditions. Adapted from Soberón (2007) and 

Guisan et al. (2017f). 

 

This variation in species occurrences where environmentally suitable sites are unoccupied or 

unsuitable sites occupied makes it more difficult to quantify species-environment relationships 

by causing unexplained variation (Guisan et al., 2017f). Although generally, species can be 

expected to be controlled by a significant local environmental determinism, meaning that most 

species find one direction to be biologically stressful and the other physically stressful (Brown 

et al., 1996; Guisan et al., 2017f). Overall these three main conditions (dispersal, abiotic and 

biotic) interact dynamically, in different scales (table 1) and strengths creating the changing and 

complex system, which is the geographic distribution of a species (Soberón & Peterson, 2005).  
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Table 1. The table presents a hierarchical framework of how different factors affect species 

distributions across different spatial scales from global to micro-scale. At the global and 

continental scales, the climate is the most dominating factor affecting species distributions, but 

species distributions are further refined at the micro-scale by biotic interactions. The table was 

adapted from Willis and Whittaker (2002), Pearson and Davis (2003) and Franklin (2010a).  
 

  Extent range 

Environmental 

variable 

Global  

> 10 000 

km 

Continental 

2000 –  

10 000 km 

Regional 

200 – 2000 

km 

Landscape 

10 – 200 

km 

Local 

1 – 10 

km 

Site 

10 – 1000 

m 

Micro 

< 10 

m 

Climate x x x     

Topography 
  x x x   

Land use 
   x x x  

Soil type 
    x x  

Biotic interaction         x x x 

 

2.1.1 Dispersal 

 

The capacity of a species to disperse from previously occupied areas is closely related to the 

biogeographic history of the species and its distribution limitations (e.g. migration barriers) 

(Brown et al., 1996; Soberón, 2007; Guisan et al., 2017f). A species can be absent from a 

suitable area due to physical barriers (e.g. high mountains or land use patterns) or because of 

past climatic or geological events (e.g. glaciation periods) (Brown et al., 1996; Pulliam, 2000; 

Guisan & Zimmermann, 2000). An assessment of historical factors has the potential to uncover 

dispersal limitations in cases where the species does not fill the whole environmentally suitable 

and accessible area (Guisan et al., 2017f). It has been estimated that historical processes such 

as speciation and dispersal have particularly affected species diversity at the regional scale 

(Franklin, 2010a). 

 

These geographic or ecological speciation processes continue to occur at a very slow pace, and 

they will eventually result in sub-species or new species forming. Sympatric speciation occurs 

in the initial range of the ancestor species and is frequently induced by ecological specialisation 

(Guisan et al., 2017f). In contrast, allopatric speciation is caused by geographic barriers 

emerging, which split the original species range (Hoskin et al., 2005). The absence of gene flow 

causes the separation of species or subspecies as the population experiences mutation, genetic 

drift and indirect effects of natural selection (Hoskin et al., 2005; Guisan et al., 2017f). On the 

subcontinental scale, dispersal and its limitations with the biogeographic history of the species 

are the most significant explaining factors with environmental suitability having an inferior role 
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in explaining where a species presently is found on the globe (Guisan et al., 2017f). Factors 

related to dispersal define the basis for the accessible area, and then abiotic environmental 

conditions and biotic interactions filter and refine the local distribution and species abundance 

(Brown et al., 1996; Zobel, 1997; Barve et al., 2011). 

 

2.1.2 Abiotic conditions 

 

Abiotic suitability of a site (e.g. climate, physical environment, and edaphic conditions) 

describes the fundamental niche of a species, and it establishes the broad limits of where a 

species can grow and maintain viable populations (Chase & Leibold, 2003; Soberón & 

Peterson, 2005; Soberón, 2007; Guisan et al., 2017f). On a small scale, the abiotic environment 

and especially the climate define the principal distributions of nearly all species, as 

environmental predictors can affect species directly and indirectly (Randin et al., 2006; Guisan 

et al., 2017f). There is a range of conditions along environmental gradients where a species can 

be found, but in general, the range consists only of a portion of all the possible environmental 

conditions available (Guisan et al., 2017f). These conditions, environmental variables, are the 

different dimensions of the environmental space (Hirzel & Le Lay, 2008). 

 

Response curves describe a function portraying the relationship of species occurrence or 

abundance with the different values of an environmental variable (Franklin, 2010a). The 

position where the species performs the best is the physiological optimum (the highest 

suitability point), from where the performance gradually decreases (Guisan et al., 2017f). 

Generally, response curves are unimodally shaped, meaning that there is a single highest 

suitability point (Franklin, 2010a; Guisan et al., 2017f). It has also been evaluated that response 

curves close to the extremes of environmental gradients are often skewed away from it (Figure 

3) (Austin & Gaywood, 1994). With unimodally shaped response curves, physiological stress 

often limits the species abundance and fitness at the extreme end of the curve and competition 

at the other end (Franklin, 2010a). Competition can also cause response curves to be bimodal 

or multimodal (Whittaker, 1967; Franklin, 2010a). Typically, physiologically tolerant species 

have wider response curves along gradients (i.e. a generalist species), but a species can also 

have a wide tolerance along with one environmental variable and a narrow one with another 

(Guisan et al., 2017f). As combined interactions of environmental variables can amplify or 

reduce the effect of another one, all essential variables need to be considered together when 

evaluating the environmental niche of a species (Chase & Leibold, 2003; Guisan et al., 2017f). 
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Figure 3. Model of species response curves along an environmental gradient and their expected 

pattern concerning the roles of competition and physiological tolerance. Adapted from Austin 

and Gaywood (1994). 

 

As the niche is a characteristic of a species and not of the environment, the combined 

physiological responses of a species establish the fundamental environmental niche of a species 

(Franklin, 2010a; Guisan et al., 2017f). For plant species, the most significant resource variables 

generally are related to light, heat, nutrients, or other regulators (e.g. extreme climatic 

conditions), and with animal species, they often relate to water, food and habitat availability 

(Guisan & Zimmermann, 2000; Kearney & Porter, 2004; Guisan et al., 2017f). As dispersal and 

biotic interactions influence the ability of a species to maintain populations, they limit the 

fundamental niche and therefore form the realised niche in which the species can be observed 

(Guisan & Zimmermann, 2000; Franklin, 2010a). It is generally impossible to assess all the 

variables that significantly affect the distribution of a species. Because of this, it is often easier 

to use surrogate environmental variables (e.g. the maximum temperature of the warmest month 

instead of absolute maximum temperature), but using a surrogate environmental variable in a 

model reduces its predictive power (Guisan & Zimmermann, 2000). 

 

2.1.3 Biotic interactions 

 

Biotic interactions consider all interactions among species, both within the same species or 

between species (Soberón, 2007; Guisan et al., 2017f). Biotic interactions shape the fine-

grained structure of distributions, and as mentioned, they can restrict the limits defined by 

abiotic suitability (Soberón, 2007). Thus, species do not only respond to the environment, but 

they also change the environments they appear in (Pulliam, 2000). The biotic environment can 
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limit species distributions in time and space by enhancing or restricting population processes 

(Soberón & Peterson, 2005; Guisan et al., 2017f). Because species responses vary along 

different environmental gradients, their biotic interactions also vary throughout the gradients 

(Guisan et al., 2017f). Usually, biotic interactions are controlled by the environment and occur 

at short distances (Hirzel & Le Lay, 2008; Franklin, 2010a; Guisan et al., 2017f).  

 

The competitive exclusion principle states that when two species are present in the same 

location while competing for the same resource, the less fit species is eliminated with time. 

Thus, resource-limited species cannot coexist in a stable environment without segregating into 

separated realised niches (Lomolino et al., 2010b; Guisan et al., 2017f). Competition constrains 

species distributions more in the milder parts of environmental gradients because of the smaller 

need for physiological adaptation (Austin & Gaywood, 1994). Because species are excluded 

from parts of suitable environmental gradients, field observations do not give the complete 

physiological response for the observed species (Franklin, 2010a; Guisan et al., 2017f). 

Therefore, it is imperative to differentiate between the fundamental and realised niche of species 

when modelling species distribution because it segregates whether the modelled distribution is 

predicted from theoretical physiological constraints or actual field observations (Guisan & 

Zimmermann, 2000). Because biotic interactions can change species distributions significantly, 

they can also influence the predictability of a species at a site when only environmental 

predictors are used (Elith & Leathwick, 2009).  

 

Biotic interactions can be positive, negative or neutral (table 2). Positive biotic interactions 

come in many forms, including mutualism (positive effect on both species or individuals) and 

commensalism (positive effect on other species or individuals without affecting the other) 

(Soberón & Peterson, 2005; Guisan et al., 2017f). Negative biotic interactions exclude species 

from locations that would otherwise be environmentally suitable (i.e. within its fundamental 

niche) (Guisan et al., 2017f). There are numerous forms of negative interactions, including 

competition (negative effect on both species or individuals), predation and parasitism (positive 

effect for the predator or parasite and negative for the prey or host), and amensalism (where 

there is a negative effect on another species or individual and neutral to the other) (Soberón, 

2007; Araújo & Rozenfeld, 2013; Guisan et al., 2017f). 
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Table 2. The effects of biotic interactions vary between the interacting species, and thus there 

are many interaction types. Mutualism has a positive (+) effect on both species, but in 

commensalism, the effect on the other species is neutral (0). In competition, the effect on both 

is negative (–), but in predation and parasitism, the effect is positive on the other one and 

negative for the other. Lastly, amensalism includes effects where the response is neutral for one 

and negative for the other (Soberón & Peterson, 2005; Soberón, 2007; Araújo & Rozenfeld, 

2013; Guisan et al., 2017f). 

  Response 

Interaction 

type Species A Species B 

Mutualism + + 

Commensalism + 0 

Competition – – 

Predation + – 

Parasitism + – 

Amensalism 0 – 

 

2.2 Arctic and Alpine environment 

2.2.1 Definition and characteristics 

 

The Arctic-alpine life zone can be divided into two parts: the arctic tundra, defined by high 

latitude, and the alpine tundra, defined by high elevation (Arbogast, 2011a). Arctic and alpine 

ecosystems can be found globally, and the Arctic zone represents 5% of the global land area 

and the Alpine zone 3%. These ecosystems do not distribute evenly, as over 80% of alpine 

regions are in the Northern Hemisphere (Körner, 1995). The isotherm +10 °C in the warmest 

month of the year defines the approximate southern limit of the arctic, which also generally 

follows the polar tundra zone or the forest limit (Callaghan, 2002; Seppälä, 2005b). Common 

characteristics for these areas are infertile soils, absence of trees, the short stature of plants, low 

temperatures, frozen soil, and frequent drought, but these areas can still vary greatly, especially 

in topography and latitudinal positions (table 3) (Körner, 1995; Anthelme & Lavergne, 2018). 

There is increasingly more information about arctic and alpine ecosystems, but the knowledge 

is geographically unbalanced, as many significant alpine regions, such as the Andes and the 

Himalayas, are largely understudied (Anthelme & Lavergne, 2018). 

The arctic regions are mostly low hills or flat plains, but there are also some arctic mountain 

ranges (Walker, 1995). Closer to the poles and on the arctic mountain ranges, it is difficult to 

differentiate between arctic and alpine zones, as they ultimately will merge (Körner, 1995, 

2003d; Callaghan, 2002). Thus, more meaningful differences can be found in these areas at the 
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relief rather than the altitude. In these transition zones, alpine microhabitats will be more 

abundant when the terrain is more topographically varied, for example, rocky outcrops and 

south-facing slopes (Körner, 1995, 2003d; Callaghan, 2002). Generally, depending on the 

location, most arctic-alpine vegetation north of 65° to 70°N can be considered arctic, as the 

climate and species composition will be more similar (Körner, 1995). However, at the same 

time, some high altitude peat plateaus may be closer to the arctic environment despite a location 

further from the poles (Körner, 2003d). Similarly, at the southern border of the arctic, it can be 

difficult to separate between arctic and northern temperate wetland, as both zones share 

numerous species (Callaghan, 2002). The tree line is the latitude or elevation where trees cannot 

grow anymore isolated or in small groups because the growth of trees cannot be supported by 

the environmental conditions (Heikkinen, 2005; Arbogast, 2011a). A high elevation in the 

mountains determines the alpine tree line, but when the tree line is connected to the latitude, it 

is called the arctic or circumpolar tree line (Körner, 2003c; Arbogast, 2011a). 

Table 3. Differences and similarities in the environmental conditions in the arctic and alpine 

zones during the growing season. The alpine zone includes mountains from all latitudes. 

Adapted from Körner (1995). 

  Environment 

Environmental condition Arctic Alpine 

Length of the growing season Shorter Longer 

Maximum radiation Low High 

Radiation sum per day Similar 

Daily mean temperature Similar 

Difference between max. and min. temperature Small Large 

Maximum temperature Low High 

Minimum temperature Similar or lower in alpine 

Diurnal variation in temperature Small Large 

Atmospheric vapour pressure at 2 m Similar 

Vapour pressure difference leaf to air Low High 

Mechanical soil stability Higher Lower 

Soil carbon pool Greater Lower 

Cryogenic soil processes in the summer Lower Greater 

Cryogenic soil processes in the winter Greater Lower 

Soil permafrost under closed vegetation Present Absent 

Soil moisture High Moderate 

Soil pH Lower Higher 

Regional isolation of floras Lower Higher 

Habitat fragmentation Low High 
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Figure 4. The Arctic zone can be divided into the High Arctic and the Low Arctic, with the 

High Arctic having more extreme environmental conditions. Below the Arctic is the Subarctic, 

which is the transition zone between the arctic and boreal biomes. Adapted from Ahlenius 

(2010). 

 

As alpine environments include high-altitude vegetation above the tree line, alpine 

environments can be found globally, from subtropical mountains to the Arctic and the Antarctic. 

Thus, alpine environments can be found in a large variety of geographically isolated regions, 

which have generally been greatly impacted by glaciations (Körner, 1995). As alpine areas have 

a strong environmental gradient, the environmental conditions vary significantly between lower 

and higher elevations (D’Amen et al., 2018). Alpine areas can be rocky, arid or glaciated, and 

they also change according to how oceanic the area is, as tree lines are lower in coastal areas 

and islands compared to more continental regions (Körner, 1995). 
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The Arctic can be divided into Low and High Arctic, of which the study area reaches only the 

Low Arctic region in the far north of the study area (Figure 4). The Low Arctic's vegetation is 

characterised by low sedges and shrubs that form tussocks and thickets and is generally 

continuous (Callaghan, 2002; D. A. Walker et al., 2005). In the Low Arctic, the temperatures 

are low, and the precipitation can reach 1000 mm per year, and mires are common in wet areas. 

The High Arctic's vegetation cover consists primarily of shallow herbaceous plants, mosses and 

lichens (Callaghan, 2002). The High Arctic is very cold and dry, and in the northernmost parts 

of it, at the polar desert, precipitation is less than 50 mm per year. Permafrost is usually 

continuous both in the Low and High Arctic (Callaghan, 2002; Walker et al., 2005).  

 

2.2.2 Arctic and alpine vegetation 

 

The arctic and alpine floras are commonly combined as one arctic-alpine flora because these 

environments have many common species, genera, and life forms (Murray, 1995). About 60 % 

of Arctic vascular plants are circumpolar, and they are often the only species in their genus, 

making them highly adapted to the arctic environment (Callaghan, 2002). These species 

include, for example, Koenigia islandica (Island purslane) (Figure 5a) and Oxyria digyna 

(Alpine Mountainsorrel) (Figure 5b), which both are also included in this study (Callaghan, 

2002). Many species can also be found from various habitats, so-called generalist species, 

which are generally highly plastic and significantly impact ecosystems. From the study, for 

example, Cassiope tetragona (White Arctic Mountain Heather) (Figure 5c) and Eriophorum 

vaginatum (Tussock Cotton-grass) (Figure 5d) are among these species (Callaghan, 2002; 

Callaghan et al., 2004). 

 

Alpine species are more challenging to classify, as some lowland species may extend above the 

treeline ecotone, or some species that generally live above the treeline may extend below it. 

Species that are restricted to the alpine zone or species centred in the alpine zone but can 

sometimes be found from lower elevations can be defined as alpine plant species (Körner, 

2003d). It has been estimated that the total alpine flora consists of 8000 to 10 000 species, to 

which belong approximately 100 families and 2000 genera. Regional alpine floras usually 

consist of about 200 to 300 species (Körner, 1995, 2003d). In comparison, only about 0.4% of 

vascular plant species can be found from the Arctic, with the total number of arctic flora being 

approximately 1500 species, including about 500 arctic-alpine species (Körner, 1995; M. D. 

Walker, 1995). The taxonomic connection between arctic and alpine floras is most apparent 
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within the families Cyperaceae (e.g. Carex bigelowii, Bigelow's sedge, Figure 5g) and 

Ericaceae (e.g. Kalmia procumbens, Trailing azalea, Figure 5f) (Körner, 1995). 

 

 

Figure 5. There are many circumpolar species in the Arctic environments, including a. Koenigia 

islandica (Island purslane) and c. Oxyria digyna (Alpine Mountainsorrel), which can also be 

found in alpine environments. There are also species in the Arctic that are found in many 

different habitats, including d. Cassiope tetragona (White Arctic Mountain Heather) and e. 

Eriophorum vaginatum (Tussock Cotton-grass). Many species can be considered arctic-alpine, 

such as f. Kalmia procumbens (Trailing azalea) and g. Carex bigelowii (Bigelow's sedge). Some 

species are primarily observed in the study region but also encountered elsewhere, such as b. 

Saussurea alpina (Alpine Saw-wort). The study area also has endemic species such as h. 

Antennaria nordhageiana (Nordhagen’s Pussytoes). Jouko Rikkinen took the pictures a. to g. 

and picture h. was taken by Henry Väre. All pictures were acquired from the University of 

Helsinki's Pinkka (Pinkka, 2018, 2019, 2020). 
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Due to the harsh arctic and alpine environments above the treeline with high rate of 

environmental stress, arctic and alpine plants have adapted to these conditions by having 

reduced size, slow growth rate, low productivity, various protective qualities and high 

individual longevity and frost-tolerance (Callaghan, 2002; Körner, 2003c; Anthelme & 

Lavergne, 2018). The plants in these regions are generally highly frost-tolerant as they need to 

tolerate frost even during summer and their physiological processes need to function also at low 

temperatures (Callaghan, 2002). Surviving in these conditions requires plant cell membranes to 

endure dehydration and freezing temperatures (Körner, 2003c). Therefore, frost resistance is 

the primary environmental filter that a species needs to pass to survive in the arctic and alpine 

regions (Körner, 1995). Besides vascular plants, lichens and mosses are common and 

occasionally are dominant in simple communities (Callaghan, 2002).  

 

Arctic and alpine plants are generally low in stature, and they are commonly herbaceous 

perennials, succulents, woody shrubs, grasses, or sedges (Callaghan, 2002; Körner, 2003d). 

Evolutionary selection strongly favours low ground creeping life forms as arctic and alpine 

plants need to be able to replace lost tissue. (Körner, 1995). Thus, the most common growth 

forms for both arctic and alpine species are deciduous and evergreen dwarf shrubs, graminoid 

tussocks (i.e. grasses) and herbaceous, rosette dicotyledon species. (Körner, 1995; Callaghan, 

2002). As the length of the growing season is especially short in these areas, annual plants are 

very rare and instead, asexual reproduction (e.g. seed and spore) is very common (D. F. Murray, 

1995; Körner, 1995). Plant heights decrease from 2 meters down to 5 cm when moving from 

the southern forest-tundra to the northern polar deserts (Callaghan, 2002). Plant forms can also 

substantially affect survival, as cushion and mat plant forms can drastically increase air 

temperatures around them due to their aerodynamic shapes (Callaghan, 2002). 

 

2.2.3 The most important factors impacting arctic and alpine plant distributions 

 

Plant species are mainly constrained by the physical characteristics of the environment in these 

high latitude and elevation regions, as only species with necessary physiological and 

morphological characteristics can survive in high elevations and latitudes (Körner, 2003c; de 

Bello et al., 2012; D’Amen et al., 2018). In the Arctic, three main factors have affected and 

continue to affect the adaptation and evolution of plants in interaction with each other: climatic, 

edaphic, and biotic factors (Callaghan, 2002). Due to the cold climate of the Arctic, temperature 
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and radiation regimes impact most aspects of arctic ecosystems, including moisture, nutrient 

availability, and soil stability (Walker, 1995; Callaghan, 2002). Especially the summer 

temperature has an important role in defining the dominant flora and plant growth forms in the 

arctic (D. A. Walker et al., 2005). Similarly, the small variability of the alpine life forms and 

species are mostly defined in the alpine slopes by exposure, landscape, soils, water and nutrient 

availability, and changes in microclimate (Körner, 1995). 

 

Especially in the temperate and subpolar mountain ranges, changes in snow pattern distribution 

can significantly impact the survival of plants, as many snowbed plants do not survive in very 

low temperatures if snow is removed in the middle of the winter (Körner, 1995). Snow cover is 

an essential element in both arctic and alpine environments as it has many protective aspects 

for the vegetation (Körner, 2003b; Niittynen & Luoto, 2018). It restricts exposure to ice, low 

temperature and winter desiccation during the cold season (Körner, 2003b). 

 

One of the main events in the Arctic that has affected the environment at different scales is the 

numerous glaciations that have taken place in the region for the past million years (Walker, 

1995). Glaciation restricts alpine flora by creating refugia above or between the ice streams in 

microclimatically favourable locations (Körner, 2003d). During the last glaciation, a similar 

effect has also allowed plants and animals in the arctic areas to spread from refugia during 

interglacial periods (Callaghan, 2002). Periglacial landforms can have a strong impact on 

vegetation patterns in the Arctic. Any changes in the substrate or topography at most spatial 

scales can change species composition (Walker, 1995). 

 

In the Arctic, edaphic factors are characterised by freeze-thaw causing soil movement and by 

moisture extremes related to varying topography and snow. Due to the low decomposition rate, 

the soils have low productivity but have very high carbon accumulation rates. As the low 

nutrient availability in arctic soils is a considerable constraint for productivity, plants have 

developed many adaptations to improve nutrient acquisition, such as having a significant 

amount of biomass in roots and rhizomes that increase the surface area the plant can get 

nutrients from (Callaghan, 2002). Soil moisture has been evaluated to be a key driver for many 

plant properties in the arctic and alpine ecosystems, which can impact vegetation on a large 

variety of spatial scales (le Roux et al., 2013). 
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As environmental factors impact the distributions of alpine and arctic plants so strongly, biotic 

interactions are less likely to be the most dominant factor affecting their distributions (D’Amen 

et al., 2018). The environmental gradient from the southern to the northern Arctic also occurs 

with the potential biological interaction. The number of species and ecosystem productivity 

decreases along the same gradient, making physical factors increasingly important when 

moving northward in the Arctic (Walker, 1995). In alpine areas, at lower elevations and 

latitudes, where physical conditions are less stressful, competition generally dominates biotic 

interactions (Callaway et al., 2002; D’Amen et al., 2018). Due to the harsh environmental 

conditions both in the arctic and alpine environments, especially in areas with a high amount of 

bare ground, interactions between plants can have a positive impact as other individuals can 

give shelter from wind, provide protection from herbivores and stabilise slopes (Brooker & 

Callaghan, 1998; Callaghan, 2002; Callaway et al., 2002; Cavieres et al., 2014). Positive biotic 

interactions, both plant-plant and plant-animal interactions, can also act as powerful drivers for 

community changes with altered snow cover regimes in arctic and alpine regions (Lord et al., 

2018). 

 

Frequently, plants have morphological adaptation to improve their chances against herbivores 

(e.g. thorns) or competition (e.g. twining stems), but they are often missing from arctic plants. 

Instead, chemical defence against herbivores is more common (Callaghan, 2002). Most arctic 

and alpine species are pollinated by generalist pollinators such as bumblebees or are pollinated 

by wind (Chapin et al., 1995; Bingham & Orthner, 1998). Less widespread plant species are 

often pollinated by insects with varying amount of specificity when it comes to pollinator 

interactions (Chapin et al., 1995). 

 

2.2.4 Biodiversity 

 

As the arctic flora is young, with low recruitment and irregular reproduction, evolutionary 

processes are generally slow (Callaghan, 2002). There are various endemic species in the 

Arctic, but only a few endemic genera due to the youthfulness of the arctic flora. (Murray, 1995; 

Walker, 1995). An example of an endemic species in the study area is Antennaria 

nordhageniana (Nordhagen's Pussytoes) (see Figure 5h.), which can only be found from a few 

locations in northern Norway and Finland. In the Arctic, distances between vegetation types are 

long, with a history of glaciation and north-south facing mountain ranges, which has restricted 
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migration between parts of the Arctic (Callaghan & Jonasson, 1995; Walker et al., 2005). Thus, 

increases in biodiversity are more likely to be caused initially by the recruitment of new 

genotypes of existing species (Callaghan & Jonasson, 1995). 

 

In contrast, alpine regions have globally varying species migration and evolution histories, the 

overall biodiversity of alpine vegetation is high, and different vegetation types are found from 

relatively short distances (Callaghan & Jonasson, 1995; Körner, 1995). At the micro-scale, 

alpine biodiversity can also be very high, but at the same time, competition highly limits alpine 

species at lower elevations (Körner, 1995; Engler et al., 2011). Mountainous terrain can act as 

a strong barrier to dispersal, causing that most of the highly diverse alpine areas with a large 

number of endemic species are mostly found from lower, climatically more favourable 

elevations, and in turn, species found at the highest elevations generally have the most extensive 

distribution areas (Körner, 1995; D’Amen et al., 2018).  

 

Generally, the biodiversity decreases in the Arctic when moving northwards as the environment 

shifts from forest-tundra to the northern polar deserts, while more species are being lost than 

gained (Walker, 1995; Callaghan, 2002). Thus, boreal species are lost at their northern limits, 

and some of them are replaced with arctic species (Murray, 1995). The biodiversity is generally 

also highest in moderately moist regions. The lower amount of diversity at the species level is 

often compensated with higher diversity at the subspecies level (McGraw, 1995; Callaghan, 

2002). This subspecies level diversity can be equally important as among-species diversity for 

arctic and alpine ecosystems when persisting against climate change (McGraw, 1995). The 

level of biodiversity can also vary locally, as in more extreme local conditions, the biodiversity 

can be significantly lower than in the surrounding areas (Callaghan, 2002). Similarly to the 

arctic vegetation, the alpine plant diversity decreases when moving away from the equator to 

the poles. Therefore, the hot spots for alpine plant diversity are located in subtropical and the 

tropical Andes, the central Asian mountains and the Caucasus (Körner, 1995). 

 

2.2.5 Climate change 

 

Various scenarios demonstrate that throughout the 21st-century biodiversity will keep declining, 

and the distributions of species will continue changing at accelerating speed, and this 

phenomenon is being amplified by anthropogenic climate change and land-use change 
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(Parmesan & Yohe, 2003; Pereira et al., 2010; Pecl et al., 2017). It has been estimated that arctic 

ecosystems will be especially sensitive to the changes caused by climate change, as life in the 

Arctic is strongly controlled by climatic constraints (Callaghan & Jonasson, 1995; Walker et 

al., 2005). The Intergovernmental Panel on Climate Change (IPCC) has predicted that the 

surface air temperatures in the Arctic will continue to increase due to the arctic amplification, 

which is caused by reduced albedo due to melting snow and ice, changes in cloudiness and 

increased water vapour content in the atmosphere (Meredith et al., 2019). It has also been 

predicted that temperatures will increase more in the high latitude northern mountains than in 

similar conditions at lower latitudes (Nogués-Bravo et al., 2007). 

 

Changes in climate influences both the distributional margins of species but also the core 

locations of plant species (Callaghan, 2002; Lenoir et al., 2008). Analyses indicate that species 

distributions are already moving poleward and to higher elevations (Parmesan & Yohe, 2003; 

Hickling et al., 2006; Lenoir et al., 2008). The alpine ecosystems are characterised by high 

isolation and fragmentation, with species being restricted to a very small land area, making 

these highly specialised species vulnerable to changes in environmental conditions (Anthelme 

& Lavergne, 2018). Different disturbance incidents, such as pest outbreaks and forests, can also 

trigger sudden changes in vegetation by allowing other species to re-colonise the area 

(Callaghan, 2002). 

 

In arctic ecosystems, nutrient availability, especially nitrogen or phosphorus, often significantly 

limits plant growth, and thus changes in nutrient availability caused by climate change are likely 

to affect the biodiversity and species compositions in the Arctic (Callaghan & Jonasson, 1995). 

These changes in climate and soil characteristics are not likely to directly kill plants, but instead, 

changes are more likely to occur with increased or changed biotic interactions (Callaghan & 

Jonasson, 1995). 

 

2.3 Species distribution modelling 

 

Species distribution models (SDMs), also known as habitat suitability models, ecological niche 

models and bioclimatic envelope models, are used to examine the relationships between species 

and environment. They estimate the conditions suitable for maintaining viable populations, thus 

linking ecological theory to implementation (Guisan & Zimmermann, 2000; Elith et al., 2006; 
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Franklin, 2010a; Araújo & Peterson, 2012). SDMs connect relevant environmental predictors 

(generally related to topography and climate) with known species occurrences over a selected 

time period to define suitable conditions for the species (Elith et al., 2006; Liu et al., 2011; 

Engler et al., 2011; Araújo & Peterson, 2012). As SDMs do not include the time dimension in 

the models, they are considered static (Franklin, 1995; Randin et al., 2006). SDM outputs are 

generally either binary, where each site is given a prediction of presence or absence, or 

continuous, where the site gets a probability value for presence (Liu et al., 2011). 

 

SDMs are based on hypotheses on how various environmental variables control species 

distributions (Guisan & Zimmermann, 2000; Araújo & Peterson, 2012). Quantifying the 

environmental niches of species can provide knowledge for predicting their distributions 

(Guisan et al., 2017f). Most species respond to habitat patterns at more than one scale, and all 

species, even the most universal and cosmopolitan ones, generally show quantifiable climatic 

preferences (Franklin, 2010a; Ba et al., 2010; Guisan et al., 2017f). SDMs can thus be used to 

identify environmental variables with the most explanatory power (Elith et al., 2008). 

 

2.3.1 Categorizing models 

Figure 6. Models can be classified by their base properties – precision, reality and generality – 

into three main categories: empirical, mechanistic and analytical models. Traditionally SDMs 

are classified into empirical models, but they can also have some mechanistic characteristics. 

Adapted from Levins (1966) and Guisan and Zimmermann (2000). 
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Various models can be classified into roughly three categories (see Figure 6.): empirical, 

mechanistic, and analytical models (Levins, 1966; Guisan & Zimmermann, 2000). According 

to this classification presented by Levins (1966) and further developed by Guisan and 

Zimmermann (2000), only two out of three wanted model properties – precision, reality, and 

generality – can be achieved simultaneously, while the third property would be lost. Empirical 

models study phenomena with precision and reality, but they lack in their ability to make 

generalisations. Analytical models focus on mathematics and theory and predict precise results 

with high generality (Guisan & Zimmermann, 2000). Finally, mechanistic models predict 

physiologically limiting functions using cause-effect relationships, but where they are strong in 

theoretical correctness, they lack in precision (Guisan & Zimmermann, 2000; Pearson, 2010). 

Mechanistic models are difficult to develop as they require a deep understanding of how species 

respond to environmental factors (Pearson, 2010). Categorising models into these three 

categories can be helpful when it comes to focusing on the goals of the modelling. More 

realistically, models can have characteristics from multiple model groups, and therefore these 

categories should be more assessed as a gradient. Generally, SDMs are considered empirical 

models, but they can also possess characteristics of mechanistic models (Guisan & 

Zimmermann, 2000). 

 

2.3.2 Implementation and application 

 

SDMs are used in various applications, including evolutionary biology, biogeography, global 

change biology, conservation assessment and wildlife management (Guisan & Zimmermann, 

2000; Araújo et al., 2005; Elith et al., 2006). With climate change, species distribution 

modelling can be a timely tool to evaluate how biodiversity will be affected under different 

climate change scenarios (Araújo & New, 2007; Engler et al., 2011; Pecl et al., 2017). When 

predicting future distributions, it is assumed that biotic interactions are not affected by the 

changed environment (Engler et al., 2011). However, SDMs cannot be applied to every field, 

and thus SDMs should be applied cautiously. 

 

The context, bias, resolution and constraints, can all have an impact on the predictive 

performance of the models, and therefore modellers should choose methods that are consistent 

with the ecological and biogeographical characteristics of the study area and with the predefined 

goals of the study (Elith & Leathwick, 2009; Araújo & Peterson, 2012). Throughout the years, 

numerous species distribution modelling methods have been created, and they all differ in their 
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ability to evaluate these relationships between species and environment (Elith et al., 2006). 

Because of this wide variety of different modelling methods, it is difficult to compare and 

generalise results as most studies focus on a single geographic region, a smaller number of 

species or both (Elith et al., 2006; Naimi & Araújo, 2016). It is also essential to clarify before 

working with SDMs whether the model is used to explain (i.e. to study environmental correlates 

of species distributions) or is it used to predict (i.e. to make conclusions about geographic 

distribution) (Elith & Leathwick, 2009; Araújo & Peterson, 2012).  

 

Typically, SDMs are evaluated and applied within the area in which they were fitted. When 

models are applied to a different area or time (e.g. predicting distribution changes caused by 

climate change), the transferability of the model is an important feature to consider (Randin et 

al., 2006). Therefore, when projecting to a different area or time, multiple modelling methods 

need to be considered, as some modelling methods have higher transferability than others, 

which can cause drastic differences in predictions (Thuiller, 2003, 2004; Randin et al., 2006; 

Araújo & New, 2007; Guisan et al., 2017d). In certain situations, ecological knowledge of a 

species or understanding the nature of the data can make a particular modelling method better 

than others (Elith et al., 2010). 

 

2.3.3 Sources of uncertainty 

 

Because predictions created with SDMs contain a degree of uncertainty, it is essential to 

understand the characteristics of methods and data that introduce uncertainty (Araújo et al., 

2005; Araújo & Peterson, 2012). The main concerns with uncertainty in SDMs are that the 

model makes improbable assumptions and that predictions contradict empirical evidence 

(Araújo & Peterson, 2012). One of the most important theoretical assumptions of SDMs is that 

different aspect of climate control fully or partially species distributions (Guisan & 

Zimmermann, 2000; Araújo & Peterson, 2012).  

 

SDMs also assume that a species occupies all habitable conditions. This assumption is 

understandably unrealistic as biotic interactions and dispersal often act as constraints for species 

spreading into a habitable area (Guisan & Zimmermann, 2000; Araújo & Peterson, 2012). 

However, because SDMs model the species' realised niche, biotic interactions are included at 

least indirectly (Engler et al., 2011). Nevertheless, it is important to remember that SDMs aim 

to estimate suitable conditions across landscapes instead of population processes (Araújo & 
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Peterson, 2012). Because nature is vastly complex and heterogeneous, a single model cannot 

predict it accurately from every aspect of space and time (Guisan & Zimmermann, 2000). 

Therefore, any assumptions made with SDMs need to be carefully evaluated and clearly stated 

(Araújo & Peterson, 2012). As SDMs estimate only the potential distribution of a species rather 

than the actual occupied distribution area, there will be model projections that contradict 

empirical evidence (such as predicted occurrence where the species does not occur) (Guisan & 

Zimmermann, 2000; Araújo & Peterson, 2012).  

 

It is not uncommon for a species to be absent from a suitable area, which can cause considerable 

commission error. This is generally caused by factors that have not been included in the 

modelling process (e.g. dispersal limitations caused by physical barriers or historical factors) 

(Guisan & Zimmermann, 2000; Araújo & Peterson, 2012). These kinds of mismatches do not 

necessarily indicate that the model is false, but rather that it could be incomplete (Araújo & 

Peterson, 2012). A theoretically appropriate model can also fail for having insufficient data, 

having an unsuitable spatial scale or improper sampling design (Guisan & Zimmermann, 2000). 

Therefore, implementing an appropriate and clear enough conceptual framework with SDMs is 

very important so that complex ideas can be placed in useful contexts (Guisan & Zimmermann, 

2000; Araújo & Peterson, 2012). SDMs are commonly implemented by following different 

protocols, and because the results of SDMs are sensitive to the decisions made about the 

technical implementation (Araújo & Peterson, 2012; Naimi & Araújo, 2016). An inappropriate 

application can create problems with result interpretation, highlighting how important using a 

proper framework is (Araújo & Peterson, 2012). 

 

A successful model evaluation does not automatically mean that the model is applicable to a 

specific situation. The agreement between the observed and predicted occurrence can be caused 

by chance, as an error in one part of the model can counteract errors in other parts of the model 

(Araújo et al., 2005). Thus, even when modelled predictions are entirely consistent with 

observed data, one cannot conclude that the model has been proved right. Instead, they have 

failed to disprove it (Guisan & Zimmermann, 2000; Araújo et al., 2005). Similarily, an 

unsuccessful model evaluation does not automatically mean that the model is incorrect. A 

model can be using relevant parameters, but more dominant processes override the predictive 

ability at different spatial or temporal scales (Araújo et al., 2005). 
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2.3.4 Presences and absences 

 

SDMs generally assume that species are present in locations where conditions are suitable (true 

presences) and that species are absent from locations with unsuitable conditions (true absences) 

(table 4) (Pulliam, 2000; Hirzel & Le Lay, 2008; Lobo et al., 2010). In reality, sometimes this 

is not the case, as species can be found in unsuitable locations (false presences) or be absent 

from suitable locations (false absences) (Hirzel & Le Lay, 2008; Lobo et al., 2010). Generally, 

false presences are caused by either high vagility (i.e. dispersal over a wide expanse of 

unsuitable habitats) or source and sink dynamics. False absences are unavoidable in SDMs but 

are at the same time problematic (Hirzel & Le Lay, 2008). Multiple reasons can cause false or 

contingent absences: dispersal limitations, historical factors, biotic interactions, local 

extinctions or the size of the suitable area (Hirzel & Le Lay, 2008; Lobo et al., 2010). Thus, 

false absences are outside the realised niche but inside the fundamental niche (Soberón, 2007; 

Lobo et al., 2010).  

 

Absence can also be caused due to the nature of distributional information, and these kind of 

methodological absences are often biased and incomplete (Lobo et al., 2010). It is suggested 

that methodological absences could be the most important source for uncertainty when studying 

the processes and patterns behind species distributions (Whittaker et al., 2005; Lobo et al., 

2010). Therefore, methodological absences can be found both from the realised and 

fundamental niches (Soberón, 2007; Lobo et al., 2010). Knowing the location of absences and 

their type would be greatly informative when creating SDMs, but it is unlikely fully achieved 

(Lobo et al., 2010). It can also be assumed that the methodological absences generally 

correspond to a lack of knowledge instead of the actual absence of populations (Kriticos & 

Leriche, 2010; Lobo et al., 2010). Also, below a certain grain threshold (varies depending on 

the species), presence is mainly determined by short-distance dispersal, metapopulational 

processes and micro-habitat selection, which increases the number of false absences near the 

observed presences (Lobo et al., 2010). 

 

A practical issue with species distribution modelling is that often only presence data is 

available, as absence data is rarely available (Phillips et al., 2006, 2009). Using presence-only 

data in species distribution modelling can be problematic, as locations for observations can be 

biased (e.g. more observations from easily accessible and well-studied regions), and sampling 

schemes can vary greatly (Elith et al., 2006; Phillips et al., 2006). As presence-only data is 
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increasingly more available and used, there has been developed methods to create pseudo-

absences by sampling the background environment (Guisan & Thuiller, 2005; Elith et al., 2006; 

Phillips et al., 2006). Using a large number of randomly selected pseudo-absences gives 

accurate and reliable SDMs, but the optimal way to create and use pseudo-absences varies for 

each species distribution modelling method (Barbet-Massin et al., 2012). Another method to 

use with presence-only data is to use a separate presence-absence dataset to validate the created 

models (Elith et al., 2006; Phillips et al., 2009). 

 

Table 4. Species observations with the habitat suitability at a site. Usually, SDMs assume that 

species can only be found from suitable conditions and are absent from unsuitable habitats. 

However, species can sometimes be found in unsuitable habitats or are absent from suitable 

habitats. Adapted from Hirzel and Le Lay (2008). 

 

  Habitat 

Species observation Suitable Unsuitable 

Presence True presence False presence 

Absence False absence True absence 
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3. Study area 

3.1 Location 

 

Figure 7. The study area, located in Fennoscandia, consists of the arctic and alpine 

biogeographical regions defined by the European Environment Agency (European 

Environmental Agency, 2016). It follows the Scandinavian mountains, the Scandes, which 

extend from the southwest to the northeast in the area. 

 

The study area is located in Fennoscandia in Northern Europe (Figure 7), and the study includes 

Norway, Sweden and Finland, which means that the Russian parts of Fennoscandia (i.e. Karelia 

and the Kola peninsula) are excluded from the study (Lidmar-Bergström & Näslund, 2005). 

The European Environment Agency’s official delineations of biogeographical regions 

(European Environmental Agency, 2016) were used to define a cohesive study area to examine 

alpine and arctic plant species in Fennoscandia. The study area is located between latitudes 58-

72°N and longitudes 4-35°E and mainly consists of the alpine region of the Scandes mountain 

range that extends through the Scandinavian Peninsula. 
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3.2 Bedrock and topography 

 

Fennoscandia is a geological entity consisting of Precambrian rocks that are part of the Baltic 

Shield. This Precambrian shield can be divided into three main domains: the Archaean domain, 

the Svecofennian domain and the southwest Scandinavian domain. As numerous glaciations 

and deglaciations have characterised the area, the majority of the softer rocks have eroded over 

time, mainly leaving the hardest rocks and a landscape dominated by peneplain (Lidmar-

Bergström & Näslund, 2005; Seppälä, 2005a). 

 

An exception to this is the Scandinavian mountains, the Scandes, which are relatively young 

compared to the rest of Fennoscandia. They extend for 1500 km from southwest of 

Fennoscandia to the north-eastern parts (Corner, 2005; Lidmar-Bergström & Näslund, 2005). 

As this study focuses on arctic and alpine regions, the study area is heavily characterised by the 

Scandes. The Scandes mainly lie above 700-800 m a.s.l with summits reaching between 1000 

and 2500 m a.s.l. (Figure 8) (Corner, 2005; Lidmar-Bergström & Näslund, 2005) The highest 

parts of the Scandes are located in the far south and the far north, and thus the highest mountain 

in Fennoscandia is Galdhøpiggen in southern Norway that reaches 2469 meters. In Sweden, the 

highest mountain is Kebnekaise (2117 m), and in Finland, the highest summit is the fell Halti 

(1365 m). 

 

Most of the mountainous area is located in Norway and considerably less in Sweden (Corner, 

2005; Lidmar-Bergström & Näslund, 2005). Finland is mainly located in low elevations (below 

200 m a.s.l.), except the northern areas included in this study. The northern and southern 

Scandes vary greatly and are divided by the Trondheimsfjorden at Trondheim, where summits 

reach only 1200 m a.s.l (Corner, 2005). The northern Scandes are lower and narrower and 

valleys dissect them. The higher southern Scandes instead consist of plateau surfaces and have 

Alpine characteristics caused by glacial erosion (Lidmar-Bergström & Näslund, 2005). Overall, 

in the area, tectonic fractures significantly impact the orientation of landforms, causing a high 

level of linearity to slopes and valleys (Corner, 2005). 

 

Fennoscandia’s geomorphology has been highly affected by various glaciations which have 

occurred during its geological history. The latest glaciation, the Weichselian ice sheet that 

covered Fennoscandia entirely, was at its largest during the Last Glacial Maximum (about 23 

000-18 000 years BP), and it has been estimated that the latest glaciation ended in Fennoscandia 
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approximately 10 000 years ago (Svendsen et al., 2004; Corner, 2005; Seppälä, 2005a). As a 

result, Fennoscandia’s landscape is highly sculptured by glacial forces with deep fjords, valleys, 

and lakes (Corner, 2005; Seppälä, 2005a). The geomorphology is also characterised by different 

glacial accumulation features such as eskers, drumlins and sandur deltas. As glaciers still can 

be found in Norway (see Figure 9) and Sweden, they continue to morph the landscape in those 

areas (Seppälä, 2005a). Besides glacial activity, high energy fluvial processes, such as 

avalanches and frost activity, continue to shape the landscape in the mountainous study area. In 

contrast, in most of Sweden and Finland, the lowlands and areas with less precipitation are 

characterised by the active fluvial process, freeze-thaw, snow and peat formation (Seppälä, 

2005c). 

 

Figure 8. The relief map of Fennoscandia with the study area circled with black. The 

topography of Fennoscandia is highly varied as the Scandes mostly are above 700-800 m a.s.l 

with summits reaching between 1000 and 2500 m a.s.l., with the rest of Fennoscandia being on 

lower elevations (National Land Survey of Finland, 2015; The Swedish National Land Survey, 

2015; Norwegian Mapping Authority, 2018). 
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Figure 9. The landscape in the study area is characterised by the numerous glaciations that have 

occurred in the area. In the high elevations of the Scandes mountains, there are still glaciers 

left. Engabreen ice tongue of Svartisen glacier in Norway is the second-largest glacier in 

Norway. The author has taken the picture on 22 July 2015 in Meløy, Norway. 

 

In the study area’s arctic and alpine tundra, the soils are generally more nutrient-limited than 

the soils of boreal forests (Lomolino et al., 2010a). The tundra soil mainly consists of gelisols 

that develop on in very cold climates and therefore are frozen most of the year, which causes 

permafrost. Gelisols also contain large amounts of organic carbon, and they actively get mixed 

as the ground freezes and thaws, causing disorganised soil horizons (Arbogast, 2011b). 

Cryogenic processes impact the formation of alpine soils, as they are generally accumulated 

through rock erosion, sedimentation by water, snow, wind, or gravity (Körner, 2003a). 

 

3.3 Climate 

Fennoscandia has a clear west-east gradient that moves from the oceanic maritime climate of 

Norway to a more continental climate in Finland, which also reflects in the vegetation of the 

area (Heikkinen, 2005). Besides the gradient from oceanic climate to continental, 

Fennoscandia’s climate is primarily determined by the region’s northern location in 

northwestern Eurasia and the heat that the North Atlantic Current brings (Heikkinen, 2005; 

Tikkanen, 2005). A gradient in the north-south direction can also be detected, as the climate in 
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the northern parts is similar to the Arctic, and the climate in the southern parts of Fennoscandia 

resembles central Europe. As Fennoscandia is located on high latitudes, the area has a negative 

radiation balance, but long and light summer nights compensate for the short summers and dark 

and long winter season. The climate in Fennoscandia has four distinct seasons, though there 

can be significant annual fluctuations (Tikkanen, 2005).  

 

The majority of precipitation in Fennoscandia occurs during the summer months as the cyclonic 

rain zone moves from south to the area (Tikkanen, 2005). Precipitation amount varies greatly 

in the area: from mean annual sum of below 400 mm in northern Lapland and inland southern 

Scandes to above 3000 mm in southwestern coastal Bergen in Norway (Kuusisto, 2005; 

Tikkanen, 2005). The Scandes cause this significant difference in precipitation sums in 

Fennoscandia as they form an orographic barrier forcing air currents to rise and move towards 

the east, which causes precipitation and releases heat. (Tikkanen, 2005). 

 

As winters are cold in Fennoscandia, a portion of the precipitation is received as snow, and in 

northern Fennoscandia, up to 50% of the annual precipitation is snow (Tikkanen, 2005). 

Typically snow covers most areas for four to six months, but this can vary between less than a 

month to over seven months (Kuusisto, 2005). As snow on the ground is an effective insulator, 

it affects soil temperatures and can protect the soil from freezing (Moberg et al., 2005; 

Tikkanen, 2005). Snow cover also has an essential part in the climate system due to its high 

albedo and its role as a freshwater reservoir (Kuusisto, 2005; Moberg et al., 2005). Due to the 

cold climate in Fennoscandia, it is located on the permafrost zone's margins, which also affects 

geomorphology and vegetation (Seppälä, 2005b). 

 

Despite the climate being primarily cold, it is warmer than in other areas equally north (e.g. 

Siberia) (Tikkanen, 2005). The temperatures generally decrease when moving north, with the 

effective temperature sum and the growing season becoming shorter (Heikkinen, 2005). 

However, because of the oceanic climate in Norway, the range of annual temperatures is 

relatively narrow compared to the more continental Sweden and Finland (Heikkinen, 2005; 

Tikkanen, 2005). The continental climate of boreal forests generally has cold and long winters 

and short and cool summers, but the range in temperature in Fennoscandia is milder because of 

the oceanic effect in the area (Arbogast, 2011a). Temperatures can also rise above 30 °C even 

in the northernmost areas but rarely in the mountains or coastal areas (Tikkanen, 2005). The 

fluctuation in temperatures is highest with winters in Fennoscandia, and much of the variability 
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of the annual mean temperatures is caused by variation during winters.  

 

Due to the climate change, in Fennoscandia, the northern limits of boreal forests are moving 

northward, replacing and transforming arctic and alpine tundra plant communities, with high-

altitude species increasing their abundance on higher elevations (Klanderud & Birks, 2003; 

Pereira et al., 2010; Gottfried et al., 2012). In the southern limits of boreal forests, it is projected 

that they will be replaced with temperate conifer and mixed forests (Pereira et al., 2010; Hickler 

et al., 2012). This change in distribution ranges is greater with specialist species, such as with 

cold-adapted species, as temperatures are predicted to increase more in higher elevations and 

northern locations (Engler et al., 2011; Gottfried et al., 2012; Lenoir & Svenning, 2015). 

 

Increased precipitation caused by climate change can suppress some effects of global warming 

in areas like the western side of the Scandes. It has been estimated that the flora in the Scandes 

will not be as sensitive to climate change as in some other mountainous areas in Europe (Engler 

et al., 2011). Overall while the predicted extinction rates in Fennoscandia are low at the global 

level and especially plant species in the area are expected to experience significant habitat losses 

(Engler et al., 2011; Niskanen et al., 2019). 

 

3.4 Vegetation 

 

Fennoscandia is mainly located in the boreal zone, which extends across Eurasia and North 

America, but the climatic west-east gradient reflects clearly in the vegetation of the area (O. 

Heikkinen, 2005). Besides the climatic gradient in Fennoscandia, there is also a distinct gradient 

from temperate and boreal forests into arctic and alpine tundra. The southern edges of 

Fennoscandia belong to the temperate zone, which is characterised by deciduous hardwood 

species (see Figure 10), including maple (Acer platanoides), elm (Ulmus glabra, U. laevis and 

U. minor) and oak (Quercus robur and Q. petraea) (O. Heikkinen, 2005). The boreal zone (see 

Figure 11) is characterised by different coniferous trees, including pine (Pinus sylvestris) and 

spruce (Picea abies) and is broken by batches of broadleaf trees including birches (Betula 

pendula, B. pubescens and B. nana), alders (Alnus incana and A. glutinosa) and poplars 

(Populus tremula) (Heikkinen, 2005; Lomolino et al., 2010a). 
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Figure 10. The southern edges of Fennoscandia belong to the temperate zone and are 

characterised by deciduous trees including a. maple (Acer platanoides), b. elm (Ulmus glabra) 

and c. oak (Quercus robur). The pictures have been taken by the author on 12.07.2020 (A. 

platanoides and U. glabra) and 20.07.2020 (U. glabra) in Helsinki, Finland. 

 

As the climatic and topographical conditions vary significantly in Fennoscandia, areas in boreal 

Norway may be treeless or almost treeless due to the impact of oceanic climate or human impact 

(Heikkinen, 2005). In the northern parts of Fennoscandia and at high latitudes, the boreal zone 

shifts into the arctic or alpine treeless vegetation zone, which is the interest of this study, but 

the true arctic zone is limited to the northernmost areas of Fennoscandia (Heikkinen, 2005). In 

Fennoscandia, the tree line usually consists of mountain birch (Betula pubsecens subsp. 

czerepanovii), but occasionally there can be also Scots pine (Pinus sylvestris) and rarely 

Norway spruce (Picea abies) (Heikkinen, 2005; Tikkanen, 2005). The mostly treeless northern 

areas of Fennoscandia are cold tundra climate with long winters and cold and short summers 

(Heikkinen, 2005; Arbogast, 2011a). In Fennoscandia, the alpine zone consists of the northern 

latitudinal tundra and the altitudinal tundra of the Scandes mountains extending to southern 

Norway and Sweden (Heikkinen, 2005).  
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Figure 11. Different coniferous trees, including a. Scots pine (Pinus sylvestris) and b. Norway 

spruce (Picea abies) characterise the boreal zone. The forests are broken by batches of broadleaf 

trees, including c. birches (Betula pendula), d. alders (Alnus incana) and e. poplars (Populus 

tremula). In the tree line between boreal and arctic zones, the most typical tree species is f. 

mountain birch (Betula pubsecens subsp. czerepanovii). All the pictures except B. pendula 

subsp. czerepanovii were taken by the author on 12.07.2020 in Helsinki, Finland. The picture f 

(B. pendula subsp. czerepanovii) was taken by Jouko Rikkinen and acquired from the 

University of Helsinki’s Pinkka (Pinkka, 2018). 
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4. Study data 

4.1 Species occurrence data 

Figure 12. Overall in the study area, over 500 000 observations from 683 species were used in 

the modelling collected from the national databanks of Finland, Norway, and Sweden. The 

dataset was also complemented with observations from GBIF (Finnish Biodiversity 

Information Facility, 2020; GBIF: The Global Biodiversity Information Facility, 2020; 

Norwegian Biodiversity Information Centre, 2020; SLU Swedish Species Information Centre, 

2020b). 

 

Species observation data (Figure 12) were collected from the national databanks of Finland (the 

Finnish Biodiversity Information Facility, FinBIF), Norway (the Norwegian Biodiversity 

Information Centre, NBIC) and Sweden (the Swedish Species Information Centre, SLU). The 

data set was completed with observation data from the Global Biodiversity Information Facility 

(GBIF) and observation data collected by the BioGeoClimate Modelling Lab. The GBIF, 

founded in 2001, is an international research and network funded by governments globally and 

stores open access data about all types of life forms (GBIF: The Global Biodiversity 

Information Facility, 2020). The FinBIF, founded in 2017, is a national service that collects 
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Finnish biodiversity data and shares it with open access at the Laji.fi portal (Finnish 

Biodiversity Information Facility, 2020). NBIC, established in 2005, is the national source for 

biodiversity knowledge through multiple services (Norwegian Biodiversity Information Centre, 

2018). They share species occurrences in Norway through the Species Map Service, i.e. 

Artskart, (Norwegian Biodiversity Information Centre, 2020). SLU shares observations of 

plants, animals, and fungi in Sweden through the Swedish Species Observations System, i.e. 

Artportalen, founded in 2000 (SLU Swedish Species Information Centre, 2020a, 2020b). 

 

The species occurrence data are from 1990 to 2019 and were mainly gathered during the spring 

of 2018. The data set has since been updated to also include observations from 2019. The 

location accuracy for the observations included has been at least 100 m. The list of species (see 

Appendix 1 for the complete list) included in the study was gathered with the expert knowledge 

of the BioGeoClimate Modelling Lab. Originally it included 796 boreal, arctic, and alpine plant 

species from Norway, Sweden, and Finland. Crop, introduced, and decorative species were 

removed from the data set. Also, synonyms were combined. 

 

Using the European Environment Agency’s official delineations of biogeographical regions 

(European Environmental Agency, 2016), a cohesive study area (see Figure 7) were chosen by 

including arctic and alpine biogeographical regions. The data was prepared for modelling by 

extracting the observation data (in binary form) and the environmental variables into a 1 km2 

grid. For this study, only species with observations in at least 20 cells were selected. In the end, 

683 species were modelled in this thesis. On average, a species occurred in 808 cells, but the 

median value was 338 cells and thus considerably lower. As can be seen from Figure 12, the 

observations were not spread out evenly, and there was especially a high number of 

observations around national parks and close to research stations (such as Saltfjellet – Svartisen 

national park in Norway and Kilpisjärvi in Finland) and fewer observations in locations that are 

not easily accessible. As only presence data were available for this study, for correct SDM 

implementation, pseudo-absence data was used. 

 

4.2 Environmental variables 

 

An essential step for building SDMs is choosing the appropriate predictor variables, and it is 

thus one of the most challenging stages in species distribution modelling (Hirzel & Le Lay, 

2008; Araújo & Peterson, 2012). The difficulty with SDMs is choosing all the essential 
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environmental variables without making the models too overfitted or complex (Heikkinen et 

al., 2012). Variable selection is generally made using expert knowledge and can also be made 

automatically or by following shrinkage rules (Harrel et al., 1996; Guisan & Zimmermann, 

2000; Hirzel & Le Lay, 2008). The characteristics of environmental variables will affect the 

precision and generality of the models. Generally, purely topographic variables are more precise 

than bioclimatic variables (Guisan & Zimmermann, 2000). 

 

This study uses the following six environmental variables: annual mean temperature, the 

maximum temperature of the warmest month, annual precipitation, elevation difference in a 

cell, bedrock class, and finally NDVI, which will be used only in the full models (Figure 13, 

see variable maps in the whole of Norway, Sweden, and Finland in appendix 2). As climate 

defines the principal distributions of most species, it was essential to include environmental 

variables that describe the climatic conditions (Randin et al., 2006; Guisan et al., 2017f). The 

study uses data from CHELSA (Climatologies at high resolution for the earth’s land surface 

areas) version 1.2 dataset (Karger et al., 2017, 2018) to describe climatic conditions in the study 

area. CHELSA is a high-resolution data set (30 arc sec), which includes the Earth’s land areas. 

The data set is hosted by the Swiss Federal Institute for Forest, Snow and Landscape Research 

WSL. The models include three climatic variables: annual mean temperature (°C, Figure 13c), 

the maximum temperature of the warmest month (°C, Figure 13b), and annual precipitation 

(mm, Figure 13d). The dataset is monthly temperature and precipitation data from 1979 to 2013. 

 

As the area is mountainous, the annual mean temperatures vary greatly in the study area. The 

lowest mean temperatures are in the high elevation areas of the Scandes mountains in the inland 

of southern Norway and the northern parts of the Scandes mountains. The highest annual mean 

temperatures are located in the southern lowlands and the Norwegian county Trøndelag. It has 

been suggested that including climatic extremes in SDMs is useful, as it can improve the 

understanding of species habitats and characteristics, especially under changing climate 

(Zimmermann et al., 2009). It has also been proposed that the summer temperature has a 

defining role with the distributions and characteristics of arctic plants (Walker et al., 2005). To 

implement this, the models included the maximum temperature of the warmest month. The 

highest maximum temperatures are found in the lower elevation areas of the study area. The 

western Norway has an oceanic climate with very high precipitation. The amount of annual 

precipitation varies greatly in the area, from high precipitation areas in southwestern Norway 

to the very low precipitation areas in Finnmark in Norway and Finnish Lapland.  
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Figure 13. Overall, six environmental variables were included in the created SDMs: a. 

Elevation difference in a cell (m), b. Maximum temperature of the warmest month (°C), c. 

Annual mean temperature (°C), d. Annual precipitation (mm), e. Bedrock class with 1 having 

the least nutrients and 5 being the nutrient richest, and f. NDVI. 
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For evaluating the biotic impact on the species distributions, the study uses The Normalized 

Difference Vegetation Index (NDVI) (Figure 13f), which was acquired from the NASA Modis 

Terra Vegetation Indices (Didan, 2015). NDVI describes the greenness of vegetation and can 

be used as a surrogate for plant biomass. CORINE Land Cover data set (European 

Environmental Agency, 2018) was then used to mask the NDVI layer to mark glaciers, water 

bodies and sea areas as no data to prevent unrealistic relationships with plant species and NDVI. 

As the study area’s landscape varies greatly, the rate of NDVI varies along the landscape, with 

the lowest NDVI being found from the highest elevation areas of the Scandes mountains. NDVI 

has been calculated by calculating the ratio between the red (R) and the near infrared (NIR) 

values: 

𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 + 𝑅
 

 

It has been discovered that SDMs, which include edaphic and topographic environmental 

variables, reconstruct distributions better than those that include only climatic variables 

(Franklin, 2010a; Sormunen et al., 2011). As it would not be feasible to collect high-resolution 

nutrient data, geological or geomorphological surrogates are used to describe the nutrient 

content of the soil (Mod et al., 2016). Thus, the geological map of the Fennoscandian Shield 

(SGU et al., 2001) was used to create the bedrock environmental variable (Figure 13e), which 

was treated as a factor with class 1 having the least nutrients (siliceous bedrock) and class 5 

being the nutrient richest (calcareous bedrock). The areas with the least nutrients are located in 

the southwestern parts of Norway and the Swedish and Finnish Lapland. The areas classified 

to have the most nutrients are located in the middle of the Southern Scandes and in various 

smaller areas throughout the study area. 

 

The topography of the area was assessed using the national elevation models of Norway, 

Sweden and Finland (National Land Survey of Finland, 2015; The Swedish National Land 

Survey, 2015; Norwegian Mapping Authority, 2018). The elevation data was used to calculate 

the minimum and maximum elevations for each 1 km2 cell, which allowed calculating the 

highest elevation difference for each cell. The elevation difference in a cell (Figure 13a) was 

used in the models as an environmental variable. The elevation differences vary highly around 

different parts of the study area, with the highest differences in southern Norway. The elevation 

differences are lowest in the northern parts of Finnish Lapland and the eastern Finnmark in 

Norway. 
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Figure 14. The figure includes measures describing the environmental variables: the Spearman 

correlations, p-value importance, histograms about the frequency of different values (with trend 

lines included), and scatter plots depicting relationships between the different variables. The 

Spearman’s correlations were all below the 0.7 thresholds, and they were all statistically 

significant (p-values < 0.001). The figure uses the following abbreviations that were also used 

during the modelling: annual mean temperature (tavg_annual), the maximum temperature of 

the warmest month (tmax_warmest), annual precipitation (precip_annual), elevation difference 

in a cell (eledif), bedrock class (bedrock) and NDVI (ndvi). 
 

Before the modelling, the correlations between selected environmental variables were assessed 

using Spearman’s correlation test. All of the environmental variable pairings were below the 

0.7 threshold (Figure 14). The highest correlations were detected between the annual mean 

temperature, the maximum temperature of the warmest month, and NDVI, but as they were 

below the threshold, all variables were included in the models. The key indicators for all the 

environmental variables are in table 5. 

 

Table 5. The key indicator values of the environmental variables used in the modelling. 

Environmental variable min max range mean median sd 

Annual mean temperature -85.74 74.41 160.15 0.07 -0.90 17.39 

Maximum temperature of the warmest month 64.11 214.44 150.32 148.69 151.29 17.80 

Annual precipitation 261 3778 3517 771.37 641 431.19 

NDVI -1428 9869 11297 6677.77 7238 1785.81 

Elevation difference in a cell 0 12130 12130 1087.58 752 1056.50 

Bedrock class 1 5 4 2.38 3 1.07 
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5. Methods 

5.1 Statistical modelling methods 

 

Because almost 700 species are being modelled and examined in this study, it was evaluated 

that the ensemble modelling approach would be the best option. All of the statistical analysis 

of this study were conducted using the R-programming environment (R Core Team, 2018), 

which is used for statistical computing and graphics. The species distribution modelling was 

performed using the R-package sdm (Naimi & Araújo, 2016), an object-oriented modelling and 

simulation framework that includes 15 modelling methods. The ensemble models were created 

using four methods: generalized linear models (GLM, McCullagh & Nelder, 1998), generalized 

additive models (GAM, Hastie & Tibshirani, 1987), generalized boosted models (GBM, 

Ridgeway, 1999) and random forests (RF, Breiman, 2001). 

 

Among the large selection of modelling methods available, no one method would always 

perform the best, as they all vary in their predictive abilities (Elith et al., 2006; Araújo & New, 

2007; Thuiller et al., 2009; Naimi & Araújo, 2016). Because of the large variety of different 

modelling methods available, it is essential to be conscious of how the model is applied and 

how the quality of the data will be assessed (Guisan & Zimmermann, 2000). Because different 

modelling methods for the same species can give differing results, decisions that are made 

considering the technical implementation of the models will affect their quality and predictive 

power (Thuiller, 2003; Araújo & Peterson, 2012; Naimi & Araújo, 2016). Thus, it is important 

to understand the assumptions the species distribution modelling method makes and its 

strengths and weaknesses (Hirzel & Le Lay, 2008). Generally, the model is selected by 

choosing the best one for the studied data using predictive performance metrics (Thuiller, 2003, 

2004; Araújo & New, 2007; Guisan et al., 2017b). Modelling individual species distributions 

generally gives more realistic results and has fewer major uncertainties, and thus in this study, 

each species is modelled individually (Franklin, 1995; Guisan & Zimmermann, 2000). 

 

5.1.1 Modelling method descriptions 

 

Generalized linear models (GLM) are extensions of linear models that have been used since the 

late ’80s and early ’90s (McCullagh & Nelder, 1998; Miller, 2010). They can be used to model 

relationships between the predictor and response variables that are not normally distributed 
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through including high-order polynomial terms in the specification of predictor variables 

(Miller, 2010; Guisan et al., 2017e). In GLMs, a link function is used to connect the predictors 

and the mean of the response variables, transforming the response to linearity and keeping the 

predictions within the original range of values. Using high-order terms should be done 

carefully, as fitting complex curves can produce response curve outside the possible range of 

the species (Guisan et al., 2017e). Because GLMs generally include multiple predictors, binary 

and non-linear response, they are among the best statistical frameworks for SDM (Miller, 2010). 

 

Generalized additive models (GAMs) have been used as long as GLMs, and they are a flexible, 

powerful, and automated approach that can be used to detect and describe non-linear 

relationships between predictors and response (Hastie & Tibshirani, 1987; Elith et al., 2008; 

Miller, 2010). GAMs are non-parametric extensions of GLMs, and they have been designed to 

use the strengths of GLMs (Miller, 2010; Guisan et al., 2017e). In GAMs, the coefficients used 

in GLMs are replaced with a smoothing function, which gives a weighted local average of the 

data (Miller, 2010). The smoothers automatically fit the response curves as close to the data as 

the level of smoothing allows (Guisan et al., 2017e). Because GAMs do not produce 

coefficients or parameters, spatial predictions are created using statistical software and GIS 

datasets for all the predictors. Like GLMs, GAMs have a long history in species distribution 

modelling, and they have been widely used for species distribution modelling since the early 

’90s. GAMs generally have a high prediction accuracy and often outperform GLMs (Miller, 

2010). GAMs are especially beneficial when non-linear species response curves are being 

modelled, as the relationships are generally more complex and are not as easily fitted with 

standard parametric functions (Miller, 2010; Guisan et al., 2017e). Using highly complex 

smoothers can cause overfitting, and the smoothing degree should not be higher than 4 or 5 

(Guisan et al., 2017e). The results can also be visualised by plotting the predictors with the 

corresponding fitted functions. Additionally, the function’s standard error and confidence 

interval can be included in the visualisations (Miller, 2010).  

 

Generalized boosted models (GBMs) is a machine learning method and an R implementation 

that combines the strengths of regression trees and boosting (Ridgeway, 1999; Elith et al., 

2008). Machine learning utilises an algorithm to determine the relationship between a response 

and its predictors. Therefore, this approach underlines the model’s predictive ability (Breiman, 

2001; Elith et al., 2008). In GBMs, the response variables are related to their predictors using 

recursive binary splits, the decision trees. Boosting is then used to fit a large number of simple 



 

42 

 

decision trees together (Elith et al., 2008). With this study, 500 trees were used with the GBMs. 

Simple trees are fitted iteratively to the training data, gradually focusing more on the poorly 

modelled observations (Elith et al., 2008; Guisan et al., 2017a). This procedure also improves 

the bias and variance of estimates even with complex relationships (Guisan et al., 2017a). Thus, 

the created final model can be explained as an additive regression model where simple trees are 

fitted in a forward stagewise way (Elith et al., 2008; Guisan et al., 2017a). In a forward 

stagewise method, existing trees will not be changed as the model gets larger. GBMs can also 

utilise different types of predictor variables and accommodate for missing data. Other 

advantages are that they can fit complex nonlinear relationships and automatically recognises 

interactions between predictors. They can also include sharp discontinuities, which is essential 

when modelling species that occur only in a smalls section of the study area (Elith et al., 2008). 

GBMs are flexible and have a high predictive performance despite them being complex and 

having a tendency to overfit the data if the user is not careful (Elith et al., 2008; Guisan et al., 

2017a). The complexity of GBMs can be summarised, and the fitted functions can be visualised, 

making GBMs a powerful tool for gaining ecological insight (Elith et al., 2008). 

 

Similarly, to GBMs Random forest (RF) is a machine learning method. It is an ensemble 

decision tree modelling method that estimates many models and averages or composites the 

predictions (Breiman, 2001; Franklin, 2010b). RF builds a large amount of de-correlated trees 

with subsets of the data, but then with every split, each tree model is further refined with a 

randomised subset of predictor variables used (Elith et al., 2008; Franklin, 2010b). RF creates 

a large number of trees without pruning, generally 500-2000, and then averages the predictions 

(Franklin, 2010b). This tree building process has been developed to add stochasticity to prevent 

overfitting (Elith et al., 2008; Guisan et al., 2017a). Then the test sample is used to evaluate 

model error and variable importance (Franklin, 2010b). This study used 1000 trees with RF. 

 

5.1.2 Ensemble modelling 

 

When many species are modelled, like in this study, one model can be chosen for each species, 

which will result in different models for different species. Using this method has the advantage 

that the species are modelled with the model with the best predictive performance. The 

disadvantage of this is that it makes it more difficult to compare models between different 

species (Guisan et al., 2017b). The ensemble modelling approach can improve the predictions 

significantly, as the averaged predictions from multiple models limit model selection bias and 
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provide a relative measure of importance for each predictor in all of the models (Araújo & New, 

2007; Guisan et al., 2017c). Using the ensemble modelling method makes it also possible to 

evaluate the differences between the chosen methods (Borregaard & Hart, 2016). It has been 

evaluated that average and weighted average predictions can be more robust than single model 

predictions or other consensus methods (Marmion et al., 2009).  

 

This ensemble modelling approach has been obtained from the climate modelling community, 

in which an ensemble of possible future climate predictions is customarily preferable instead 

of a single climate change prediction (Guisan et al., 2017d). Therefore, ensemble modelling is 

especially robust in situations where future projections are made because ensemble models 

depict both the main trend (e.g. mean values) and the inter-model variation of the various 

models and provide additional summary statistics in the same process (Thuiller, 2004; Guisan 

et al., 2017b). The variability of an ensemble model makes it possible to understand the 

underlying certainty (Guisan et al., 2017d). Ensemble predictions are dependent on the quality 

of the individual models, and therefore chosen models should be carefully evaluated (Araújo & 

New, 2007; Elith et al., 2010). An agreement does not guarantee for models to be correct, as all 

of the models used can predict wrong in some way (Elith et al., 2010). 

 

5.2 Modelling process 

 

The study aimed to model the potential distribution of the 683 species with the climate and 

other environmental variables in their habitats. The flow chart (Figure 15) depicts the rough 

outline of the different stages of the modelling process. Before modelling, the species 

occurrence data were processed with the environmental variables to produce a grid over the 

study area. The ensemble models were fitted to relate to the response variables (i.e. species 

occurrence data) to the chosen predictor variables in the R-package sdm (Guisan & 

Zimmermann, 2000; Naimi & Araújo, 2016). The ensemble models were created using GLM, 

GAM, GBM and RF modelling methods described in more detail in the previous chapter 5.1. 

There were two modelling rounds. First, only the variables describing climate, topography or 

edaphic conditions were included in the predictions (topoclimate models). The impact of 

including a biotic variable in the predictions was assessed in the second modelling round by 

also including NDVI to the models (full models). 

 

 



 

44 

 

Ideally, statistically independent data (i.e. test data) would be used to evaluate the model 

predictions, as SDM can only be fully tested by using predictions done with independent 

empirical observations (Pearce & Ferrier, 2000; Araújo et al., 2005). Thus, when two 

independent data sets are available, one of them is used to calibrate the model (i.e. training data) 

and the other one to evaluate it (i.e. test data) (Guisan & Zimmermann, 2000). When two 

independent data sets are not available, a data-splitting method can be used to evaluate the 

models. Data-splitting methods use a random sample of the data to train the models and use the 

rest to evaluate the model (Araújo et al., 2005; Naimi & Araújo, 2016). 

 

Various resampling methods can combat the problems of data-splitting. Due to the nature of 

the data used in this study, using two independent data sets was not possible, which means that 

subsampling, a resampling method, was used in this study. Subsampling, similarly to 

bootstrapping, randomly splits the data into train and test data k times but it uses sampling 

without replacement (Guisan & Zimmermann, 2000; Naimi & Araújo, 2016). The sdm package 

was used to divide the data randomly into training data (70%) and test data (30%). Models were 

first fitted with the training data, which were used to predict with the test data to evaluate the 

models. Both the topoclimate and full models were repeated ten times with each modelling 

method, creating ten ensemble models with each consisting of four separate models. With the 

topoclimate models, the environmental variables were fitted in the following order: 

𝑡𝑎𝑣𝑔_𝑎𝑛𝑛𝑢𝑎𝑙 +  𝑡𝑚𝑎𝑥_𝑤𝑎𝑟𝑚𝑒𝑠𝑡 +  𝑝𝑟𝑒𝑐𝑖𝑝_𝑎𝑛𝑛𝑢𝑎𝑙 +  𝑒𝑙𝑒𝑑𝑖𝑓        

+  𝑓(𝑏𝑒𝑑𝑟𝑜𝑐𝑘)  

In the full models, the environmental variables were fitted followingly: 

𝑡𝑎𝑣𝑔_𝑎𝑛𝑛𝑢𝑎𝑙 +  𝑡𝑚𝑎𝑥_𝑤𝑎𝑟𝑚𝑒𝑠𝑡 +  𝑝𝑟𝑒𝑐𝑖𝑝_𝑎𝑛𝑛𝑢𝑎𝑙 +  𝑒𝑙𝑒𝑑𝑖𝑓

+  𝑓(𝑏𝑒𝑑𝑟𝑜𝑐𝑘)  +  𝑛𝑑𝑣𝑖  

 

The predictions created by the ensemble models were then projected into the study area’s grid, 

which gave each square a probability value of occurrence (0-1), which allowed the creation of 

binarized distribution maps (0 as absence or 1 as presence). The results were binarized by 

counting a threshold value using the True Skill Statistics (TSS) to maximise the specificity and 

sensitivity of the model. As the choice of the threshold value can substantially impact model 

accuracy, the traditional threshold of 0.5 was not used (Pearce & Ferrier, 2000; Freeman & 

Moisen, 2008). Values below the value were marked with 0 (absence), and values above the 

threshold got the value 1 (presence).  
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Figure 15. Flow chart about the modelling process and the results of the study. Species 

occurrence data includes binary data from 683 species gathered primarily from GBIF, FinBIF, 

NBIC and SLU. First, the topoclimate models used only the following variables: annual 

precipitation, mean annual temperature, bedrock class, elevation difference and the maximum 

temperature of the warmest month. The full models also included NDVI. The species 

distribution predictions were modelled ten times with each modelling method. Ensemble 

models were created using GLM, GAM, GBM and RF, which gave species occurrence 

probabilities, from which binarized distribution maps were created. During the modelling also 

different evaluation statistics were created. 
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5.3 Model evaluation 
 

One of the most fundamental and critical parts of modelling is the model evaluation, where the 

model’s accuracy is assessed (Guisan & Zimmermann, 2000; Araújo et al., 2005; Araújo & 

Peterson, 2012). Because error is an inherent quality of models and different types of error have 

different effects, models should be applied critically so that the model’s predictive ability is not 

evaluated to be unrealistically optimistic (Pearce & Ferrier, 2000; Guisan & Zimmermann, 

2000; Araújo et al., 2005). True accuracy measure should not be sensitive to the relative 

frequency of the species in the study area (Pearce & Ferrier, 2000). Thorough model evaluation 

will help reveal the relative strengths and weaknesses of the models in question and define the 

specific purposes they can be applied for (Pearce & Ferrier, 2000; Liu et al., 2011). Model 

evaluation also provides the foundation for comparing the performance of different modelling 

methods (Pearce & Ferrier, 2000). 

 

When measuring the accuracy of SDMs, two aspects should be considered: discrimination 

capacity and reliability (Pearce & Ferrier, 2000). A good discrimination ability allows the 

models to distinguish correctly between presence and absence in an evaluation dataset. 

Reliability concerns how correctly the models predict probabilities of occurrence (Pearce & 

Ferrier, 2000; Liu et al., 2011). When the modelling result is binary only discrimination capacity 

can be evaluated, but when the modelling result is a probability rate of species occurrence, both 

aspects can be evaluated (Pearce & Ferrier, 2000). 

 

Multiple evaluation statistics were generated for each species with the test data on both 

modelling rounds for both the individual and ensemble models (Heikkinen et al., 2006; Liu et 

al., 2011). With threshold-dependent statistics, for example, the TSS, Sensitivity and 

Specificity, a species presence gets a threshold probability value, as these statistics can only be 

applied into binary results or continuous results that have been transformed into a binary format 

(Liu et al., 2011; Naimi & Araújo, 2016). With the threshold-independent statistics, for 

example, with AUC, model performance is evaluated through continuous predictions (Naimi & 

Araújo, 2016). A good model evaluation also assesses the precision of the estimated accuracy 

measure using a confidence interval as they contain more information than statistical tests (Liu 

et al., 2011). 
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Table 6. An error matrix, which describes the presence-absence models’ predictive accuracy. 

In the table a includes those cells where the presence was correctly predicted (true positive); b 

are the cells where the species was not found but were predicted to be present (false positive); 

c includes the cells where absence was predicted, but they had been observed (false negative); 

and d includes the cells that were correctly predicted as absent (true negative) (Fielding & Bell, 

1997; Allouche et al., 2006). 

    Observed 

   Presence Absence 

Predicted 
Presence a b 

Absence c d 

 

An error matrix is used as a basis in SDM evaluation, as it describes the connection between 

the predicted and observed presences and absences (see table 6) (Fielding & Bell, 1997; 

Allouche et al., 2006). The True Skill Statistics (TSS) is a measurement of predictive 

performance independent of prevalence but still keeps all the advantages of kappa statistic by 

normalising the overall accuracy by the accuracy that could have occurred by chance (Allouche 

et al., 2006). The kappa has been widely used in ecology, but due to its dependence on bias-

introducing prevalence, it has been evaluated to be unsuitable, misleading and flawed for 

assessing the model performance of SDMs (Allouche et al., 2006; Freeman & Moisen, 2008; 

Pontius & Millones, 2011). Prevalence represents the proportion of cells where the species has 

been recorded to be present (Allouche et al., 2006). Prevalence is described with the following 

formulae: 

𝑃𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒:
𝑎 + 𝑐

𝑛
 

In which the value n describes all the cells examined: 

𝑛 = 𝑎 + 𝑏 + 𝑐 + 𝑑 

 

Sensitivity and specificity are probabilities that are conditional on the observations and are used 

to calculate TSS (Liu et al., 2011). Sensitivity describes the proportion of presences that have 

been correctly predicted and therefore quantifies omission errors. Specificity depicts the 

proportion of absences that have been correctly predicted and quantifies commission errors 

(Allouche et al., 2006; Freeman & Moisen, 2008). TSS measures the performance of SDMs 

simply and intuitively when the predictions are presented in binarized format. As TSS is based 

on the relationship between sensitivity and specificity, it considers both omission and 

commission errors. TSS ranges from -1 to +1, with +1 suggesting perfect agreement and values 

zero or less indicate that the accuracy happens by chance. As the test data size does not affect 
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TSS, methods that perform equally also have the same TSS scores (Allouche et al., 2006). The 

measures have been calculated from the error matrix presented in table 6: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦: 
𝑎

𝑎 + 𝑐
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦:
𝑑

𝑏 + 𝑑
 

𝑇𝑆𝑆:
𝑎𝑑 − 𝑏𝑐

(𝑎 + 𝑐)(𝑏 + 𝑑)
= 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 − 1 

 

The receiver operating characteristic (ROC) curve is a performance measurement where two 

parameters are plotted: the true positive rate (sensitivity) is plotted against the false positive 

rate (1-specificity) (Pearce & Ferrier, 2000; Freeman & Moisen, 2008). The ROC is a 

probability curve with the threshold values varying between 0 and 1. When the ROC curve rises 

sharply at the beginning and then ends near to the maximum value of 1, the model is good. 

However, with a poor model, the ROC curve is close to diagonal (Freeman & Moisen, 2008). 

 

The predictive accuracy of the ROC curve is thus measured by calculating the area under the 

ROC curve (AUC) (Allouche et al., 2006; Freeman & Moisen, 2008). AUC is widely used in 

biogeography and other disciplines to assess the accuracy of the models (Liu et al., 2011). AUC 

gives values between 0 and 1. Good models have an AUC-value near the value 1, and poor 

models have an AUC-value near 0.5. Similarly to TSS, AUC describes predictive accuracy 

independently of prevalence (Allouche et al., 2006; Freeman & Moisen, 2008). As AUC 

measures model performance without being dependent on thresholds, it is especially suitable 

for logistic regression models. (Allouche et al., 2006). The AUC- and TSS-values were 

evaluated using the interpretations presented by Landis and Koch (1977) and Swets (1988). 

 

Another important step of model evaluation is to assess the importance of the different predictor 

variables on species distributions. This was done by calculating variable importance values and 

creating response curves. Variable importance can be calculated many ways (see e.g. Murray 

& Conner, 2009) and in this study a randomisation procedure that calculates the correlation 

between the predicted values and predictions where the variable has been randomly permutated. 

If a variable has a high contribution the model, the prediction has a low correlation and higher 

impact by a permutation. Therefore, the variable importance can be calculated by using ‘1 – 

correlation’ (Thuiller et al., 2009; Naimi & Araújo, 2016). 
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The relationships between species and environmental variables can be also evaluated using 

response curves, which visualise the predicted response of species against the predictor variable 

(Elith et al., 2005; Murray & Conner, 2009). The response curves were generated using the 

method presented by Elith et al. (2005), in which evaluation strips are included into the spatial 

data layers, and after predicting species distributions, they are used to create the response 

curves. The shapes of the response curves were also investigated and categorised manually into 

three categories: positive response, negative response, and no trend. These response curve shape 

results were then further assessed to evaluate the general trends for the studied arctic and alpine 

species. 
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6. Results 

6.1 The statistical accuracy of the results 

When evaluating the full ensemble model performance (with all environmental variables) with 

AUC, most species, 596 or 87.26 %, got at least a good AUC-value (over 0.70), and even 

19.77% of the species (135) got an excellent AUC-value (over 0.90). The mean (0.81) and 

median (0.82) AUC-values were also good. Overall, the AUC-values for the ensemble models 

varied between poor 0.59 and excellent 0.99. The TSS-values for the ensemble models were 

also good, but more modest in comparison to the AUC-values, as just 37.63% of the species 

(257 species) got a substantial TSS-value (over 0.61), and only 8.93% (61 species) got an almost 

perfect (over 0.81) TSS-value. The mean (0.55) and median (0.54) TSS-values for the ensemble 

models were moderate. The TSS-values ranged from a slight 0.15 to an almost perfect 0.99. 

This difference in AUC- and TSS-values can be observed in the boxplots in Figure 16. 

 

 

Figure 16. The boxplots present the calculated AUC- and TSS-values which describe the 

model’s ability to predict species distributions. AUC- and TSS-values have been calculated for 

both the individual models and also for the ensemble models. The thick black line in the middle 

of the boxes describes the median value, and the ends of the box mark the lower and upper 

quartile. The whiskers mark the minimum and maximum values. Overall, the models performed 

well, but there was also some variability within the AUC- and TSS-values. The ensemble model 

AUC values varied between 0.59 and 0.99 and TSS-values between 0.15 and 0.99. 
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Figure 17. The AUC and TSS values were highly correlated, with both Spearman and Pearson 

correlation being 0.97 and statistically significant. 

 

AUC- and TSS-values were highly correlated, as both the Spearman and Pearson correlations 

were 0.97, and both p-values were < 0.001. Thus AUC- and TSS-statistics demonstrate similar 

prediction ability for the models (Figure 17). When the relationships between the evaluation 

statistics and observations (per 1 km2 cells used in the modelling) was examined negative 

correlation (-0.58) was observed (Figure 18). A similar correlation (-0.63) was also observed 

with TSS-values and observations. 

 

From the individual models, RF performed the best, as the average AUC-value was a good 0.84 

(ranging from 0.34 to 1.00), and the average TSS-value was a moderate 0.59 (ranging from 0.11 

to 1.00). The other three individual models also performed well, as the average AUC-value for 

GBMs was 0.82 (ranging from 0.37 to 1.00), for GAMs, it was 0.80 (ranging from 0.29 to 1.00), 

and last for GLMs, it was 0.79 (ranging from 0.26 to 1.00). The TSS-values followed a similar 

trend to the AUC-values. The average TSS-values were fair, with the average TSS-value for 

GBMs was 0.56 (ranging from 0.05 to 1.00), for GAMs, it was 0.53 (ranging from -0.14 to 

1.00), and for GLMs, it was 0.52 (ranging from 0.14 to 1.00).  
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Figure 18. The relationship between observations and AUC-values. The values correlate 

negatively (-0.58), meaning that the more observations (1 km2 cells) a species has, the more 

moderate the AUC-value is. 

 

6.2 The relationships of the environmental variables and the species 

 

In the full models, the two temperature variables, annual mean temperature and maximum 

temperature of the warmest month had the highest variable importance mean values (Figure 

19). The annual mean temperature values had the highest mean value of 0.28 (range 0.02-0.85). 

The highest annual mean temperature variable importance values were calculated for 

Anthoxanthum monticola (0.85), Phalaris arundinacea (0.84), Aegopodium podagraria (0.80), 

Succisa pratensis (0.79), and Lotus corniculatus (0.78). The maximum temperature of the 

warmest month had the second highest mean variable importance of 0.23 (range 0.01-0.89). 

The variable importance was highest for Pedicularis oederi (0.89), Anthoxanthum nipponicum 

(0.81), Micranthes hieracifolia (0.78), Poa alpina (0.77), Artemisia norvegica (0.76). 

 

The annual precipitation and NDVI had very similar mean variable importance values. The 

NDVI’s mean variable importance value was 0.15 (range 0.01-0.72). The highest NDVI 

variable importance included species such as Equisetum pratense (0.72), Geranium sylvaticum 

(0.68), Veronica serpyllifolia (0.66), Parnassia palustris (0.66), and Geum rivale (0.63). The 

annual precipitation’s mean variable importance value was 0.14 (range 0.01-0.72) and slightly 

below NDVI. The annual precipitation variable importance was highest for Chenopodium 
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suecicum (0.72), Festuca ovina (0.67), Carex ericetorum (0.66), Cystopteris alpina (0.65), and 

Gymnadenia nigra (0.58). 

 

Overall, among the studied arctic and alpine species, the variable importance for the 

topographical and edaphic variables was low, with the bedrock class having the lowest mean 

variable importance. The mean variable importance for elevation difference in a cell was 0.11 

(range 0.01 and 0.73). With elevation difference in a cell, the highest variable importance values 

were among the following species: Poa glauca (0.73), Cystopteris fragilis (0.60), Hippuris 

vulgaris (0.59), Potamogeton alpinus (0.57), and Calamagrostis neglecta (0.53). The mean 

bedrock class variable importance was 0.05 (range 0.00 and 0.36). Species with the highest 

bedrock variable importance were Vaccinium vitis-idaea (0.36), Elymus alaskanus (0.32), 

Equisetum variegatum (0.30), Juncus triglumis (0.27), and Avenella flexuosa (0.27). 

Figure 19. Mean variable importance calculated for the ensemble models and for the individual 

modelling methods created from the average of ten repetitions for each individual modelling 

method. For all the different modelling methods, the annual mean temperature was clearly the 

most important variable, with the maximum temperature of the warmest month in the second 

place. NDVI and annual precipitation had fairly similar results, but NDVI had more variability 

between the modelling methods. Elevation difference in a cell got relatively similar results 

between different modelling methods. Bedrock class had the lowest variable importance values, 

except with GLM, which had the lowest variable importance with elevation difference in a cell 

instead. GLM and GAM gave the highest variable importance values despite GAM’s close to 

zero variable importance with bedrock. The error bars visualise the 0.95 confidence interval 

that was calculated using the t-test. 
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Table 7. Response curves for each variable were evaluated for each of the 683 species and 

categorised to have a positive response, a negative response, or no clear trend. 

 

  Response 

Environmental variable Positive Negative No trend 

Annual mean temperature 411 60.18% 247 36.16% 25 3.66% 

Maximum temperature of the warmest month 345 50.51% 295 43.19% 43 6.30% 

Annual precipitation 292 42.75% 278 40.70% 113 16.54% 

NDVI 348 50.95% 215 31.48% 120 17.57% 

Elevation difference in a cell 405 59.30% 161 23.57% 117 17.13% 

Bedrock class 153 22.40% 216 31.63% 314 45.97% 

 

Variable importance was also assessed for the individual modelling methods (Figure 19, see 

appendix 3 for variable importance values grouped according to the modelling method), which 

were relatively consistent. The annual mean temperature had the highest mean variable 

importance (0.21-0.35), and the maximum temperature of the warmest month had the second 

highest variable importance (0.18-0.28). The rest of the variables' ranking varied slightly, with 

NDVI (0.12-0.18) and annual precipitation (0.13-0.17) having the third and fourth highest 

values. Elevation difference in a cell (0.10-0.12) had also moderate variable importance. For 

most of the individual modelling methods, the bedrock class had the lowest variable importance 

(0.00-0.13). Overall, GLM produced the highest variable importance values and RF the lowest. 

 

The response curves categorised into three categories according to their shape: positive 

response, negative response, and no trend (table 7). With the annual mean temperature, most 

species had a positive response to the variable (60.18%), and a clear minority (36.16%) had a 

negative response, and with only a few species (3.66%), there was no clear trend. With the 

maximum temperature of the warmest month, the difference between negative and positive 

responses was not as clear, as 50.51% of the species had a positive response and 43.19% had a 

negative response, and similarly to the annual mean temperature, just 6.30% had no clear trend. 

With annual precipitation, there was an almost equal amount of positive (42.75%) and negative 

(40.70%) responses and a larger proportion of responses where there was no clear trend 

(16.54%). More species had a positive response to NDVI (50.95%) than a negative response 

(31.48%), but also, there was a considerable amount of responses with no clear trend (17.57%). 

With elevation difference in a cell, a majority of the species (59.30%) had a positive response, 

with similar proportions of the species had a negative response (23.57%) or no clear trend 

(17.13%). Bedrock class varied from the different variables as it was treated as a factor, and 

evaluating the trend was difficult in most cases. The variable had the highest amount of no trend 
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responses (45.97%). More species also had a negative response (31.63%) than a positive 

response (22.40%). 

 

6.3 Impact of a biotic variable with the species distribution models 

 

The species were modelled twice to assess the impact of including a biotic variable (i.e. NDVI) 

on the distributions of the studied arctic and alpine species. First, the species were modelled 

without NDVI (topoclimate models) and then with NDVI (full models). It was hypothesised in 

chapter 1.1 that including a biotic variable into the models would improve the predictive power 

of the models. An important part of the modelling process was to create distribution maps for 

each species, which was done during both modelling rounds. When comparing the binary 

predictions, including NDVI to the predictions refined the projected distributions for most 

species. The predicted distribution maps created with the full models presented the patchiness 

of these habitats better. For example, with the example species Koenigia islandica, the number 

of cells where the species were predicted to be present decreased by 35.0% from the topoclimate 

model to the full model (Figure 20). Thus, the full model projection gives a more realistic 

prediction for the species, as the species has been observed only from relatively few locations. 

Comparison maps for the example species are in appendix 4.  

 

 

Figure 20. Comparison of the distribution maps created for Koenigia islandica: a. topoclimate 

models and b. full models. When comparing these predictions, it can be seen that including 

NDVI refined the predictions. 
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Table 8. Comparison of the model evaluation statistics between the full models (all 

environmental variables) and topoclimate models (not including NDVI). Values are presented 

for both the ensemble models and the individual models. Improvement-column describes the 

increase in evaluation statistics from the topoclimate models to the full models. Including NDVI 

improved the AUC and TSS values slightly with all the modelling methods. 

 

  AUC TSS 

Model Topoclimate Full Improvement % Topoclimate Full Improvement % 

Ensemble 0.807 0.813 0.006 0.75% 0.542 0.550 0.008 1.47% 

GAM 0.795 0.800 0.005 0.65% 0.525 0.531 0.006 1.16% 

GBM 0.814 0.819 0.005 0.56% 0.551 0.557 0.006 1.09% 

GLM 0.782 0.793 0.011 1.36% 0.507 0.521 0.014 2.67% 

RF 0.838 0.842 0.004 0.47% 0.585 0.591 0.006 1.06% 

 

Table 9. Mean variable importance values for both the topoclimate models (all environmental 

variables except NDVI) and the full models (all environmental variables). Both models gave 

very similar results, with mean annual temperature and maximum temperature of the warmest 

month having the highest variable importance values. In the full models, the variable 

importance values were slightly lower than in the topoclimate models. 

 

  Environmental variable 

  

Model Bedrock 

Elevation 

difference 

in a cell 

Annual 

precipitation 

Mean annual 

temperature 

Maximum 

temperature of 

the warmest 

month NDVI 

T
o

p
o

cl
im

a
te

 Ensemble 0.07 0.13 0.16 0.34 0.26 - 

GAM 0.00 0.14 0.19 0.41 0.33 - 

GBM 0.04 0.13 0.15 0.34 0.26 - 

GLM 0.16 0.12 0.15 0.38 0.26 - 

RF 0.09 0.12 0.14 0.22 0.20 - 

F
u

ll
 

Ensemble 0.05 0.11 0.14 0.28 0.23 0.15 

GAM 0.00 0.12 0.17 0.35 0.28 0.16 

GBM 0.03 0.10 0.13 0.26 0.20 0.12 

GLM 0.13 0.11 0.14 0.30 0.25 0.18 

RF 0.05 0.11 0.13 0.21 0.18 0.12 

 

Model evaluation statistics and variable importance values were also created during both 

modelling rounds. The mean AUC- and TSS-values were slightly higher for the full models 

than for the topoclimate models (table 8). For the topoclimate models, the mean AUC-value 

was 0.807 (range 0.782–0.838), and the mean TSS-value was 0.542 (range 0.507– 0.585). The 

values were slightly higher for the full models: the mean AUC-value was 0.813 (range 0.793–

0.819), and the mean TSS-value was 0.550 (range 0.521–0.557). Thus, it can be seen that 

including NDVI in the models improved the modelling results, the mean AUC-value increased 
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by 0.006 (range -0.128-0.153), and the mean TSS-value increased by 0.008 (range -0.155-

0.190). The increases in AUC-values varied between the different modelling methods, with the 

biggest improvements being with GLM (AUC-value improved 0.011 and TSS-value improved 

0.014). Also, variable importance values were created for both modelling rounds, and they gave 

similar results. The topoclimate variable importance values were slightly higher with the full 

models (table 9). The highest variable importance values were highest with both modelling 

rounds with the two temperature variables. 

 

6.4 Example species and their predicted distributions 

 

As this study examines such a high number of species, it is impossible to examine each species 

individually in this thesis. Thus, four species were chosen to examine the modelling results. 

Each of the selected species varies by its characteristics and distributions. The selected species 

are an arctic-alpine species Kalmia procumbens (Trailing azalea), an arctic circumpolar species 

Koenigia islandica (Island purslane), a generalist Eriophorum vaginatum (Tussock Cotton-

grass) and an endemic Antenanria nordhageniana (Nordhagen’s Pussytoes). 

 

6.4.1 Kalmia procumbens 

Figure 21. In the study area, Kalmia procumbens were observed in 2557 cells (map a.), thus 

being one of the most common species in the area. Map b. presents the predicted distribution 

of K. procumbens in binary format. 
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Kalmia procumbens (Trailing azalea) is a typical arctic-alpine species found from arctic and 

alpine ecosystems from Northern Hemisphere. K. procumbens is a perennial dwarf shrub that 

forms cushions, and they generally occur on dry rocks and wind-swept fells. The species is 

generally rare in the forest zone (Väre & Partanen, 2009). The species occurred in 2557 cells, 

making it belong to the top 8% most common species in the study area. As can be seen from 

the observation map (Figure 21a), the occurrences are not spread evenly, as they are centred 

especially around the national parks such as Saltfjellet-Svartisen and Jostedalsbreen, and other 

well-researched locations such as the Enontekiö region and the Rásttigáisá fell. 

 

The ensemble models predicted possible habitats (Figure 21b) for K. procumbens throughout 

the study area, especially at higher elevations of southern and middle Norway and higher 

latitude areas in Finnmark and northwestern Sweden. The full models got a good AUC-value 

(0.81), but only a moderate TSS-value (0.51) and from the individual models especially RF 

performed well (AUC 0.83 and TSS 0.52) and GLM worst (AUC 0.78 and TSS 0.48). The 

evaluation statistics for the topoclimate models were slightly below the full models, as the 

AUC-value was 0.80 and TSS-value was 0.49. Similarly, with the topoclimate models, RF 

performed the best (AUC 0.83 and TSS 0.51) and GLM worst (AUC 0.78 and TSS 0.47). When 

comparing the predicted distributions, including NDVI decreased the distributions by 5.1%. 

 

6.4.2 Koenigia islandica 

Figure 22. Koenigia islandica was observed in 233 squares in the study area (map a.) and was 

just below the median prevalence of the studied species. Map b. presents the predicted 

distribution of K. islandica in binary format. 
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Koenigia islandica (Island purslane) is a circumpolar species that favours moist and bare 

locations and can be found from areas with persistent snow patches, wet moss mats, and around 

ponds and streams. The species is very small and one of the few annual arctic-alpine species 

(Väre & Partanen, 2009). In the study area, the species was found from 233 cells (Figure 22a), 

and approximately 58% of the species had more observations. K. islandica has been observed 

sporadically, especially in the Norwegian parts of the study area, such as from the national park 

Saltfjellet-Svartisen, but also from Sweden and Finland. 

 

Despite the moderate amount of observations, the ensemble models predicted possible habitats 

(Figure 22b) for K. islandica throughout the study area from the Southern Scandes to the 

Northern Scandes and the northern arctic regions in Finnmark. The projections focus on high 

altitudes and latitudes. The full models performed very well, and the ensemble models got an 

excellent AUC-value (0.90) and a substantial TSS-value (0.72). From the individual models, 

RF performed the best (AUC 0.92 and TSS 0.75) and the GLM the worst (AUC 0.88 and TSS 

0.66), but even GLM performed very well. The topoclimate models performed similarly but 

slightly worse, as the AUC-value for the ensemble models was 0.87 and TSS-value 0.68. From 

the topoclimate models RF performed the best (AUC 0.89 and TSS 0.72), and GLM performed 

the worst (AUC 0.86 and TSS 0.67). The projected distributions with the full models were 

35.0% smaller than with the topoclimate models. 

 

6.4.3 Eriophorum vaginatum 

Figure 23. Eriophorum vaginatum was observed in 2273 cells (map a.), thus being one of the 

most common species studied. Map b. presents the predicted distribution in binary format. 
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Eriophorum vaginatum (Tussock Cotton-grass) is a common species found from various boreal, 

alpine and arctic environments in the Northern Hemisphere, including the study area. The 

perennial forms dense tussocks and can typically be found from bogs, fens and similar wetlands 

with acidic soil (Väre & Partanen, 2009). E. vaginatum has been observed in 2273 cells (Figure 

23a) and thus belongs to the top 10% most common of the studied species. As the species is 

also common in boreal zones, E. vaginatum has generally been observed from lower elevations 

and altitudes compared to the two previous species. 

 

The ensemble models predicted habitats mainly at the lower elevations of the study area (Figure 

23b). It is also projected that suitable habitats for E. vaginatum can be especially found from 

Northern Sweden and Finland, where especially aapa and palsa mires are common. Overall for 

E. vaginatum, the full models performed mediocre, as the ensemble AUC-value (0.73) was fair 

and TSS-value (0.36) was moderate. Similarly to the previous plant species, RF performed the 

best (AUC 0.78 and TSS 0.43), but GAM performed the worst (AUC 0.69 and TSS 0.31). The 

topoclimate models performed almost identically as the ensemble AUC-value was 0.73 and 

TSS-value 0.36. From the individual modelling methods, RF performed the best (AUC 0.78 

and TSS 0.43), and GAM had the lowest performance (AUC 0.69 and TSS 0.32). Including 

NDVI in the models decreased the projected distributions by 38.9%. 

 

6.4.4 Antennaria nordhageniana 

 

Antennaria nordhageniana (Nordhagen’s Pussytoes) is a rare and endangered perennial 

species, which is endemic to the study area. A. nordhageniana has only been observed from a 

couple of locations in Norwegian Finnmark and Finnish Lapland. A. nordhageniana can grow 

up to 30 cm, and it forms mats with runners. It can be found from fell tundra moors and 

meadows, gravel slopes and areas affected by solifluction (Väre & Partanen, 2009). The species 

has been only observed in 25 of the cells (Figure 24a), making it belong to the bottom 3% 

common of the studied species. 

 

The ensemble models predicted possible habitats (Figure 24b) for A. nordhageniana mostly in 

those few locations it has already been observed. However, the models projected suitable 

habitats also in Northern Sweden and more unrealistically in Southern Scandes, far from the 

original observations. The full models got an excellent ensemble AUC-value (0.99) and almost 

perfect TSS-value (0.99). All the individual models performed very well, with AUC values 
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ranging from 0.97 to 1.00 and TSS values ranging from 0.96 to 1.00. The topoclimate models 

also performed excellently but had a small decrease compared to the full model. The ensemble 

AUC-value was 0.93 and TSS-value 0.87. With the topoclimate models, RF performed the best 

(AUC 1.00 and TSS 0.99) and GLM the worst (AUC 0.84 and TSS 0.75). In contrast to the 

other study species, A. nordhageniana’s projected distribution increased by 92.8% when NDVI 

was included in the models.  

Figure 24. Antennaria nordhageniana is a rare endemic species in the study area, observed in 

25 cells in the study area (map a.). Map b. presents the predicted distribution of A. 

nordhageniana in binary format. 

 

6.5 Example species and their relationships with the environmental variables 

 

Similarly, as in chapter 6.3. due to the high number of species included in the models, only the 

selected four example species will be further examined. The species were chosen to cover 

varying habitats and to include species from rare endemic to common species. This chapter 

examines the relationships of the species and the environmental variables used in the modelling. 

This is done by evaluating the created response curves, which depict the relationship between 

the probability of occurrence and environmental variables. Variable importance values for each 

species are also going to be examined. The example species are an arctic-alpine species Kalmia 

procumbens (Trailing azalea), an arctic circumpolar species Koenigia islandica (Island 

purslane), a generalist Eriophorum vaginatum (Tussock Cotton-grass) and an endemic 

Antenanria nordhageniana (Nordhagen’s Pussytoes).  
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6.5.1 Kalmia procumbens 

Figure 25. The response curves for Kalmia procumbens. The annual mean temperature and the 

maximum temperature of the warmest month had unimodal responses. The response for the 

maximum temperature was especially skewed. Annual precipitation response is positive, and it 

increases evenly. Elevation difference response is relatively constant at all values with a slight 

negative trend. NDVI is constant until a sharp drop at high values. Bedrock response is mostly 

even with peaks at lowest and highest values. 

 

For Kalmia procumbens, the maximum temperature of the warmest month had the highest 

variable importance (0.38). NDVI also had a relatively high variable importance of 0.22. The 

rest of the variables had very low variable importance values: annual mean temperature (0.05), 

annual precipitation (0.05), bedrock class (0.05), and elevation difference in a cell (0.03). With 

the topoclimate model, the maximum temperature of the warmest month also had the highest 

variable importance (0.46), but in contrast to the full model, mean annual temperature (0.18) 

and annual precipitation (0.13) had higher importance values. With the two topographical 

variables, bedrock class (0.06) and elevation difference in a cell (0.02), the variable importance 

was extremely low. 

 

The response curve for the maximum temperature of the warmest month (Figure 25) is 

unimodal and strongly asymmetric. It indicates that K. procumbens has the highest response in 

locations where the maximum temperature is lower, with a very low response to the warmest 
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maximum temperatures of the study area. The annual mean temperature response curve is also 

unimodal, with the peak being slightly below 0°C degrees. NDVI is used in the models to 

represent biotic interactions, and the response for K. procumbens is high at lower NDVI-values 

with a sharp drop at high NDVI-values where there is also more competition. The annual 

precipitation response curve is positive and thus is highest at the high precipitation regions. 

Elevation difference in a cell response is fairly even at all values with a slightly negative 

response, and with the bedrock class, the response is highest at low and high nutrient levels. As 

K. procumbens generally occurs on wind-swept fells and dry rocks and is usually rare in the 

forest zone, the results are consistent with the niche of the species (Väre & Partanen, 2009). 

 

6.5.2 Koenigia islandica 

Figure 26. Koenigia islandica response curves for the six environmental variables used in the 

study. The species had the strongest responses to low temperatures and low annual 

precipitation. The responses for elevation difference in a cell was relatively consistent, and for 

NDVI, it was highest around 7000. With bedrock class, the response was lowest at the extreme 

low and high values. 

 

For Koenigia islandica full model, the maximum temperature of the warmest month had the 

highest variable importance value of 0.40, and the annual mean temperature had the second 

highest variable importance (0.18). The rest of the variables had more moderate and 

considerably lower variable importance values: NDVI (0.08), precipitation annual (0.04), 
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bedrock (0.03), and elevation difference in a cell (0.02). With the topoclimate model, the order 

was slightly different, as the mean annual temperature had the highest variable importance value 

(0.33), and the maximum temperature of the warmest month had the second highest value 

(0.28). The rest of the variables had very low variable importance values similar to the full 

model (0.03-0.06). 

 

The annual mean temperature response curve resembles a sigmoid response curve with 

response decreasing towards warmer temperatures (Figure 26). A similar response can also be 

depicted with the maximum temperature of the warmest month as it is highest at cold 

temperatures and sharply decreases at warmer temperatures. The response curves for annual 

precipitation is highest at low precipitation and for NDVI around 7000. The response to 

elevation difference in a cell is relatively even. K. islandica had the lowest bedrock responses 

at both extremes: very low and very high nutrient levels. 

 

As K. islandica favours locations that are bare and moist and especially can be found from areas 

with persistent snow patches, a strong response for cold annual mean temperature and 

maximum temperature is compatible with the species' ecological niche (Väre & Partanen, 

2009). The variable importance values would indicate that rest of the environmental variables 

used in the models have a lot weaker impact on the distributions of the K. islandica. 

 

6.5.3 Eriophorum vaginatum 

 

Eriophorum vaginatum had the highest variable importance with annual precipitation (0.37), 

but also NDVI had a relatively high variable importance (0.25). The rest of the variables had 

relatively similar variable importance values. The topographical end edaphic variables 

elevation difference in a cell (0.19) and bedrock (0.15) had similar variable importance values. 

In contrast to the other example species, with E. vaginatum, both temperature variables, annual 

mean temperature (0.15) and maximum temperature of the warmest month (0.12) had the lowest 

variable importance values. The results were mainly similar to the topoclimate model, as the 

annual precipitation (0.32) and elevation difference in a cell (0.28) had the highest variable 

importance values. In contrast to the full model, the maximum temperature of the warmest 

month also had a relatively high variable importance (0.27). For bedrock class (0.16) and mean 

annual temperature (0.14), the variable importance values were more moderate. 
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Figure 27. The environmental variable response curves for Eriophorum vaginatum. The 

strongest responses for E. vaginatum was in locations with high precipitation, low elevation 

differences, high NDVI, and low nutrients (bedrock class).  

 

With the full model, the annual precipitation response curve (Figure 27) is unimodal, with a 

very low response at low precipitation locations and high response at high precipitation 

locations. The elevation difference in a cell resembles a decreasing sigmoid response curve with 

the highest response in locations where the elevation difference in a cell is close to zero. For 

the bedrock class, E. vaginatum has a high response in locations that are low in nutrients. With 

the variable NDVI, the response curve is almost bimodal, with the highest peak in very high 

NDVI value locations, then decreasing slightly and then again increasing towards the highest 

NDVI values. Response curves for both the annual mean temperature and maximum 

temperature of the warmest month had relatively unimodal responses with peaks around the 

middle of the temperature scales. Compared to the other example species, E. vaginatum is a 

common species found in arctic and alpine environments from boreal environments, favouring 

wetlands with acidic soil. Its response to favour high precipitation, locations with low elevation 

difference and little nutrients align with the niche of species. E. vaginatum is also most common 

at lower elevations in the study area, where NDVI is also generally higher due to milder 

conditions.  
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6.5.4 Antennaria nordhageniana 

Figure 28. Response curves of Antennaria nordhageniana with the environmental variables. A. 

nordhageniana is an endemic and rare species in the study area, which had the strongest 

responses to low temperatures, low precipitation, low elevation differences and low NDVI. 

For Antennaria nordhageniana, the strongest variable importance with the full model was with 

annual mean temperature (0.61). More moderate responses were with NDVI (0.22), the 

maximum temperature of the warmest month (0.18), and bedrock (0.13). For the topographical 

and edaphic variables, elevation difference in a cell (0.06) and bedrock (0.06), A. 

nordhageniana had very low responses. The results were similar with the topoclimate model as 

the mean annual temperature had the highest variable importance (0.74). The rest of the 

variables had low variable importance values (0.03-0.11).  

The response curves for A. nordhageniana had similar responses (Figure 28). The species had 

the highest responses at low temperatures, low precipitation, low NDVI values and low 

elevation differences. The bedrock variable had a somewhat negative trend but no clear 

responses. A. nordhageniana is an endemic species to the study area and it favours fell tundra 

moors and meadows (Väre & Partanen, 2009). Thus, the strong response to cold temperatures 

and low annual precipitation, and low NDVI values are within its habitat. As the species is very 

rare, examining it at a finer scale (more locally) could give more insight on which 

environmental variables impact its distributions the most. 
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7. Discussion 

The created ensemble SDMs produced overall plausible predictions for the arctic and alpine 

species in the study area during both modelling rounds. When evaluating the individual models, 

they generally performed similarly despite some variety between the different models. The two 

temperature-related variables, especially the annual mean temperature, had the highest variable 

importance from the used environmental variables. Because this study aims to examine the 

relationship between arctic and alpine plant species and biotic interactions, this will be further 

discussed. Despite the relatively good modelling results, it is essential to evaluate what factors 

impact the accuracy of the results and what can be concluded from the results. It is also 

particularly important to recognise the spatial scale and its limitations when interpreting 

predictions of SDMs (Pearson & Dawson, 2003; Wisz et al., 2013). This chapter also aims to 

look ahead and discuss potential subjects for further research. 

 

7.1 Species distribution predictions 

 

Overall, the created SDMs were successful for most species examined and thus produced 

significant and plausible projections. Also, the environmental variables used to build the models 

were ecologically justified, and similar have been used in other studies. The models were poor 

only for few species, such as generalist species Equisetum arvense (Field Horsetail; AUC 0.59 

and TSS 0.16) and Solidago virgaurea (Goldenrod; AUC 0.60 and TSS 0.15). It has been 

proposed that species that have small geographical ranges (i.e. specialists) are generally 

modelled more accurately than those species with large geographical ranges (i.e. generalists) 

(Segurado & Araújo, 2004; Luoto et al., 2005; Hernandez et al., 2006). The evidence from this 

study supports this statement, as when the relationship between the AUC-values and 

observations (per 1 km2 cells used in the modelling) was examined, a clear negative correlation 

(-0.58) was observed. A similar correlation (-0.63) was also observed with TSS-values and 

observations. 

 

Most of the predicted distributions for the studied species were feasible, but some unlikely 

predictions were also made. An excellent example of this was one of the example species, 

Antennaria nordhageniana, an endemic and rare species in the study area. The species can be 

observed only from a few locations in northern Norway and Finland, but the models also 

predicted the species to be present in southern Norway. However, these kinds of unlikely events 

are expected as the models predict suitable habitats across landscapes and do not consider 
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possible dispersal barriers (Guisan & Zimmermann, 2000; Araújo & Peterson, 2012). 

Especially with rare species, the lack of observations can introduce a certain degree of 

randomness to the predictive ability of the models (Hernandez et al., 2006). 

 

The study used the ensemble modelling method, and the evaluation statics also include the 

variation between the individual models making it easier to compare individual species 

(Thuiller et al., 2009; Naimi & Araújo, 2016). Overall, the individual modelling methods 

performed similarly. Despite this, a clear distinction could be seen between the individual 

modelling methods with RFs performing the best, GBMs the second best, GAMs the third best, 

and GLMs performing worst. Other studies have found similar results that the more novel 

modelling techniques perform better than some older methods. Especially RF is a powerful 

method that performs excellently (Cutler et al., 2007; Marmion et al., 2009). Comparison 

studies have also found that usually, GAM overperforms GLM, which is in line with the results 

of this study (Thuiller, 2003; Segurado & Araújo, 2004; Marmion et al., 2009). 

 

7.2 Diversity and impact of environmental variables on the study species 

The study area mostly consists of the alpine Scandes mountain range, with a smaller arctic 

region far north. Fennoscandia’s climate is defined by various climate gradients, where climate 

conditions can change considerably over a short distance, such as soil moisture at the local scale 

(le Roux et al., 2013) and the landscape scale due to the mountainous topography. These include 

a west-east gradient from oceanic to a more continental climate, south-north gradient from 

milder conditions to more severe, and a gradient from lower altitudes to high altitudes (Moberg 

et al., 2005; Heikkinen, 2005; Tikkanen, 2005). This wide variety makes the region an 

interesting study subject as its species can have highly varying niches, which can be seen from 

the descriptions of the example species distributions and their favoured habitats in chapter 6.3. 

The environmental variables used in the study also vary considerably (see Figures 13 and 14 

and table 5). As different factors affect species distributions across different spatial scales, the 

environmental variables were chosen to cover a wide variety of different scales to get a cohesive 

picture of habitats in these arctic and alpine areas (Willis & Whittaker, 2002; Pearson & 

Dawson, 2003; Franklin, 2010a). Thus, six environmental variables were used in the SDMs, 

which affect species distributions at different scales.  

 

The climate variables especially impact species distributions at the macro-scale from global to 

regional scales. The variables related to temperature, annual mean temperature, and the warmest 
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temperature of the warmest month had the highest mean variable importance values from the 

climate variables. As the study was conducted over a large area, it was not surprising to discover 

that two climatic variables had the highest variable importance values. With annual mean 

temperature, a clear majority of the species had a positive response to the variable, indicating 

that the probability for occurrence increases with higher annual mean temperature. The 

maximum temperature of the warmest month also had a positive impact on the species, but the 

majority was not as clear as it was with the annual mean temperature. The third climate variable, 

annual precipitation, also had a divided response to the variable, with a small majority having 

a positive response to the variable. As the precipitation values vary drastically in the area from 

oceanic western Norway of almost 3800 mm annually to the dry tundra of high elevations and 

latitudes of below 300 mm, it is clear that the suitable habitats for the species also can be very 

divided. 

 

The topographical and edaphic variables – elevation difference in a cell and bedrock – affect 

species regionally and locally. The variables had only minor variable importance values, as the 

mean variable importance values were 0.10 (bedrock) and 0.14 (elevation difference). With the 

variable elevation difference in a cell, a clear majority of the species had a positive response to 

it. As most of the species in the study area are specialised in varying topography, this result is 

in line with their ecology. The bedrock class was used to describe the nutrient levels of the 

ground, which had been classified into five classes from the least nutrients to the most nutrients. 

It was challenging to evaluate the shape of the response for this variable. For the bedrock class 

the biggest category was the no trend category. Therefore, with the bedrock class, it is not 

possible to make any strong conclusions. 

 

Biotic interactions affect species distribution from local to micro scale, and traditionally these 

interactions have been challenging to include in SDMs as they are difficult to quantify. NDVI 

interestingly had the third highest variable importance, but annual precipitation had a very 

similar response. As NDVI and the two temperature variables had the highest correlation 

values, this connection can also explain why the variables behaved similarly in the models. The 

majority of the species had a positive response to NDVI, which is logical as a high NDVI-value 

represents high greenness, which translates to higher plant biomass. Simultaneously 31.5% of 

the species had a negative response to the variable. It is possible that these species could have 

their niche in more severe conditions, where most species do not survive. Alternatively, biotic 

interactions could make it impossible for the species to thrive in the higher NDVI areas. 
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Figure 29. The relationships of the environmental variables with the arctic and alpines species 

probability for occurrence in the study area. The size of the circles corresponds with the variable 

importance values (bigger the circle, higher the variable importance value), which varied 

between 0.05 and 0.28. The symbols between the circles and arrows describe the most common 

response curve shape for each variable. A strong response means that with the variable in 

question, the biggest response curve shape group had 10 % more species than the second group. 

For example, with the annual mean temperature, 60.18% of the species had a positive response 

to the variable, and the second biggest category (negative response) had only 36.16% of the 

species. Thus, the difference was more than 10%. The moderate response, in contrast, means 

that the difference between the biggest and second biggest categories was less than 10%. For 

example, with annual precipitation, the positive response was the biggest group (42.75%), but 

the difference to the second biggest group was only 2.05% (negative response, 40.70%). 
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7.3 Biotic influence and species distribution models 

 

Generally, it has been thought that on the global to regional scale, the main factor affecting 

species distributions is climate, and thus traditionally, SDMs have mainly used variables that 

describe the abiotic conditions (Pearson & Dawson, 2003; Franklin, 2010). However, various 

studies have indicated that including biotic variables in SDMs can be useful at all scales (Araújo 

& Luoto, 2007; Wisz et al., 2013; Mod et al., 2015). It was hypothesised in chapter 1.1 that 

including a biotic variable, NDVI in this study, to the SDMs would increase the predictive 

power of the models (Araújo & Luoto, 2007; Wisz et al., 2013; Mod et al., 2015). The benefit 

of including biotic variables is that they help identify locations where abiotic conditions are 

similar, but due to the different species composition, there are different levels of interactions 

(Pellissier et al., 2013; Mod et al., 2015). To improve the understanding of biodiversity patterns 

and the ecological processes behind species distributions, including both the abiotic conditions 

and biotic interactions is important, as not including a biotic variable produces overpredictions 

(le Roux et al., 2014). Multiple approaches can be used to include biotic interactions into SDMs, 

such as integrating pairwise dependencies (e.g. including one species with abiotic variables to 

predict other species), using surrogate variable gradients for biotic interactions (e.g. NDVI), 

and hybrid models (e.g. combining SDMs and dispersal models) (Wisz et al., 2013). 

 

The benefit of including a biotic variable was observed in this study, as the mean AUC and TSS 

values increased in the full models. Also, when the predicted distributions of the topoclimate 

and full models were compared, it could be seen that including NDVI in the models refined the 

species distributions for most species. Including biotic interactions in SDMs can have 

difficulties with multicollinearity, complexity of the species networks, inconsistency of biotic 

interactions in space and time, and spatial data causing causality (Wisz et al., 2013). With this 

approach, challenges can also be experienced because the environment controls biotic 

interactions, they occur at short distances and can be difficult to quantify (Walker, 1995; Hirzel 

& Le Lay, 2008; Franklin, 2010a; Guisan et al., 2017f). 

 

These remotely sensed continuous metrics such as NDVI, have been relatively little used in 

SDMs (He et al., 2015). Despite this, the benefit of using NDVI when predicting species 

distributions has been discovered in various applications, such as with species richness 

modelling (Parviainen et al., 2009, 2010) and modelling ecological changes (He et al., 2015; 

Crepaz et al., 2021). There is a high potential to gain valuable information using imaging 
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spectroscopy data considering biotic interactions and to improve model performance (He et al., 

2015; Randin et al., 2020). 

 

The advantage of using NDVI to represent biotic interactions is that remote sensing products 

give continuous spatiotemporal data about the key drivers for species distributions (Randin et 

al., 2020). It is also one of the most direct variables that describe the productivity of ecosystems, 

and the use of NDVI has been especially beneficial in regions where there are clear climatic 

and vegetational gradients (Parviainen et al., 2009; Feilhauer et al., 2012). The study area is 

characterised by strong climatic and vegetational gradients (see chapter 3 for the study area 

description), making NDVI a suitable variable to use. Using a remotely sensed data such as 

NDVI is also beneficial in those areas where information is lacking or scarce. Thus, using these 

open access remote sensing data can answer some of the limitations of SDMs, such as the lack 

of predictor variables that fully capture species characteristics and spatial biases in occurrence 

data (He et al., 2015; Randin et al., 2020). 

 

However, when NDVI is being used with plant models, more consideration is needed, as it can 

potentially cause bias in situations where the properties of the target species are directly being 

measured or if the variable is used as a proxy for land cover (Bradley et al., 2012). The difficulty 

of using NDVI is that it often has strong correlations with climatic variables, and thus using it 

as a predictors needs to be carefully considered (Feilhauer et al., 2012). Similar relationships 

were also detected in this study when the strongest correlations with NDVI were with the two 

temperature variables (Figure 14 in chapter 4.2): annual mean temperature (0.64) and maximum 

temperature of the warmest month (0.67). However, with the third climate variable, annual 

precipitation, the correlation between the two variables was considerably lower (-0.11). 

  

As mentioned earlier, there are various ways to describe biotic interactions in SDMs. One 

relatively popular method has been to use distributions of dominant species as proxies for biotic 

interactions, which has been detected to improve the realism of community assembly and 

species richness models, and to reduce bias (Araújo & Luoto, 2007; le Roux et al., 2014; Mod 

et al., 2015). The advantage of using dominant species to describe biotic interactions is that 

they are easily quantifiable and clearly defined, and they also have a substantial role in 

moulding plant communities (le Roux et al., 2014). 
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The difficulty with using a dominant species as a proxy for biotic interactions is that expert 

knowledge is needed to detect which species are dominant in the study area. This has been 

clearly observed for the arctic-alpine tundra, but this might raise an issue for more complex 

regions (le Roux et al., 2013, 2014). Using dominant species as explanatory variables can also 

be problematic when many species are modelled or when climate change predictions are made 

because these interactions may vary greatly between species (Engler et al., 2011). Thus, this 

approach was not used in this study but could be beneficial with different study settings. 

 

Studies that have included biotic variables have been mostly conducted at either at macro-scale 

with low-resolution cells of 50 x 50 km (Araújo & Luoto, 2007) or at microscale with high-

resolution cells such as 5 x 5 m (Mod et al., 2015). Parviainen et al. (2010), who used 500 x 

500 m resolution, state that only a few studies have used remotely sensed variables to predict 

species richness at mesoscale (resolution ranging from 0.5 km to 2 km). This study was 

conducted at mesoscale with the resolution being 1 x 1 km. Therefore, this study helps to 

increase our understanding on a subject that has been somewhat understudied. As the models 

were successful and had mostly high accuracies, this supports the use of NDVI to describe 

biotic interactions at this scale. 

 

Overall, this study confirms the benefits of using a biotic variable when predicting species 

distributions with arctic and alpine environments. At the same time, when biotic interactions 

are included, it is imperative to review the variable use carefully so that data will not be 

interpreted too carelessly. Dormann et al. (2018) have developed a set of 10 questions to help 

with interpreting biotic interactions, which include questions about data and models, 

confounding biotic interactions and environment, and finally questions about dynamics, 

dispersal, and food web context. These questions are good to evaluate when including biotic 

variables in SDMs. 

 

7.4 Evaluating the accuracy of the results 

 

Despite the overall good success of the models, it is important to inspect them critically, as 

many factors can introduce uncertainty into the models. SDMs make several assumptions, and 

it is essential to recognise that SDMs estimate suitable conditions in the study area instead of 

population processes (Araújo & Peterson, 2012). As faults in data or methods can create false 

results, they need to be critically evaluated so false conclusions would not be made. 
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7.4.1 The accuracy of the data 

The used data creates the basis for the study, and it highly affects the accuracy of the results. 

Many factors can affect the accuracy of the species occurrence data. A large majority of the 

species observation data were collected from three national databanks and an international 

databank. As the observations have been collected by different people with varying degrees of 

expertise, there are likely some false identifications, positional uncertainty and bias where 

samples have been collected. Accessibility of the observations affects significantly what data 

are available. This is because there are more observations from areas that are easily accessible 

and from locations where studies are conducted (such as Saltfjellet-Svartisen national park in 

Norway). In contrast, there are fewer observations in areas that are difficult to access, such as 

many locations in Finnmark or at high elevations. Arctic and alpine species are generally low, 

which can also make detecting them difficult unless systematic species identification is being 

made. The small size of the species can also make it difficult to identify them. On the other 

hand, widespread generalist observations are not necessarily as easily written down without 

systematic identification. 

 

Experts collected the species list, but it may be possible that some species included are on the 

border of arctic-alpine species, and the list may be missing some arctic and alpine species. 

Species with less than 20 occupied cells were not included in the modelling, which means that 

some typical arctic and alpine species may have been dropped from the studied species. Some 

species can have had a different name in the past (such as Hepatica nobilis, which has also been 

known as Anemone hepatica and Hepatica triloba), so finding all the observations for a species 

can be occasionally difficult. 

 

The resolution used in the models (1 km2) was sufficient for the modelling of the study species, 

but some of the rarer species, such as the example species Antennaria nordhageniana, could 

have benefitted from a higher resolution. At the same time, as the observation dataset and the 

studied area were large, the used resolution could have been too coarse for small species. This 

problem was highlighted by Potter et al. (2013) as organisms do not experience environmental 

data at the same spatial scale as the data used in SDMs.  

 

There is high accessibility to different climatic data, such as CHELSA (Karger et al., 2017, 

2018), which was used in this study. With environmental variables, the main restricting factor 
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is the resolution of the data. Overall, this study included a good variety of environmental 

variables at different scales, but as the approach is at macro-scale, most of the variables were 

climatic variables. This study used two air temperature environmental variables to predict 

species distribution: annual mean temperature and the maximum temperature of the warmest 

month. Both of the temperature variables were included in the models, as the correlation 

between them was low enough. Using mean annual temperature to model alpine plant species 

has been criticised, as it does not include seasonal temperature variations or effects of snow 

cover (Körner & Hiltbrunner, 2018). 

 

Thus, it could have been beneficial to include a variable to describe the coldness of the study 

area, such as the coldest temperature of the coldest month (to pair with the maximum 

temperature of the warmest month) or a variable describing snow conditions (Choler, 2018; 

Niittynen & Luoto, 2018). Especially including a variable related to snow could have been an 

important element to include as snow’s thermal insulation keeps soil temperatures higher during 

winter (Körner, 2003b). A good example of species that could benefit from a snow variable is 

the example species Koenigia islandica, as it favours persistent snow patches (Väre & Partanen, 

2009). It has also been suggested that exposure to ground freezing is the key feature describing 

the niche of alpine plants. This aspect could be implemented using growing degree days (GDD) 

and freezing degree days (Choler, 2018). 

 

7.4.2 The accuracy of the methods 

As each individual modelling method impacts the predictions and their accuracy differently, 

they vary by their characteristics and accuracy problems. Therefore, the study used ensemble 

modelling to combat those differences. When the ensemble models and the individual 

modelling methods were evaluated, they all performed well. Choices made with the modelling 

process were based on theory. 

 

This study used presence-only data and did not have separate test data, which introduces 

limitations to the predictions. Thus, the models use a data-splitting approach, which can be 

problematic, as the models can overfit the calibration data, and the method can introduce a bias 

to the estimation of parameters. Also, simply splitting the data once into training and evaluation 

data sets can make the predictions suffer from spatial and temporal autocorrelation by assuming 

that the modelled events are independent (Guisan & Zimmermann, 2000; Araújo et al., 2005). 
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This method is also unsuitable with small data sets, as there are not a sufficient amount of 

observations for both the model calibration and evaluation (Guisan & Zimmermann, 2000). 

 

Due to time limitations, ten ensemble models were created for each species (each ensemble 

model consisting of four individual models). It would have been beneficial to have more 

modelling rounds to reduce the accuracy issues forming from dividing the data for training and 

test data. As the results were binarized by counting a threshold value using TSS to maximise 

the specificity and sensitivity of the model, it can cause overestimation of rare species (Freeman 

& Moisen, 2008). The response curves were also evaluated manually, which makes it more 

insecure. However, the evaluation was done by one person, which makes it possible to compare 

different species reliably. 

 

7.5 Further research 

 

There are multiple ways that it would be interesting to continue this study. First, as stated 

earlier, it could be beneficial to include variables that would describe the winter conditions in 

the study area. As alpine and arctic regions are characterised by cold winters and snowfall, they 

greatly impact the plant species and their survival. Thus, to complement the maximum 

temperature of the warmest month, it would be interesting also to include the minimum 

temperature of the coldest month. It has been suggested that including climatic extremes to 

predict species distribution can be an important factor in understanding species habitats, 

particularly under changing climate (Zimmermann et al., 2009). Another interesting way to 

include winter conditions in the models would be to include a variable that describes snow 

conditions, as it has been observed to improve model performance with arctic vegetation 

(Niittynen & Luoto, 2018; Niittynen et al., 2018). 

 

Another approach would be to expand the study. As the original dataset includes all of Norway, 

Sweden, and Finland, it could be interesting to model the species in all three countries and to 

include also the boreal species. The same delineations used in this study could be used to 

include also atlantic, boreal, and continental biogeographical regions to the study area. This 

study could also be expanded by including the aspect of climate change, as climate change will 

significantly impact the vegetation in the arctic and alpine regions (Parmesan & Yohe, 2003; 

Nogués-Bravo et al., 2007; Pereira et al., 2010; Pecl et al., 2017). 
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8. Conclusions 

The results of this study support both hypotheses presented in chapter 1.1. The study was 

conducted at the macro-scale in the arctic and alpine zones of Fennoscandia, where distributions 

are mainly defined by the climate (Franklin, 2010a; Guisan et al., 2017f). The two temperature 

variables, the mean annual temperature and maximum temperature of the warmest month had 

the highest variable importance values in the topoclimate and the full models. With the full 

model, NDVI’s variable importance was above annual precipitation. As the temperature 

variables and NDVI correlated with each other, similar responses can be expected. The 

variables describing edaphic and topographical conditions of the study area had the lowest mean 

importance values with the studied arctic and alpine species. 

 

When the topoclimate models were compared with the full models, a moderate increase with 

both the AUC- and TSS-values were observed. This suggests that including NDVI in the models 

increased the predictive power of the models. This result supports previous studies, which have 

reported the benefit of including a biotic variable to the SDMs (e.g. Araújo & Luoto, 2007; 

Parviainen et al., 2009; Feilhauer et al., 2012). While the advantage of using NDVI and other 

biotic variables in SDMs has been shown in this study and others, it is vital to consider them 

carefully when used with plant species, as was stated by Bradley et al. (2012) and Dormann et 

al. (2018). These results also indicate how using remotely sensed data has great potential to be 

used more in SDMs. One of the main problems with including biotic variables has been the 

difficulty of quantifying these interactions (Guisan et al., 2017f). Thus, NDVI could be a 

valuable tool for filling in this gap, but further studies are still needed. The study also gives 

more evidence that including biotic variables can be beneficial at all scales (Araújo & Luoto, 

2007; Wisz et al., 2013). As NDVI data are available at various resolutions, it has potential to 

be used in numerous study approaches. 

 

The study area is a particularly valuable study subject due to the great variability in 

environmental conditions. Accordingly, studies conducted here give vital information from a 

great variety of different habitats (Anthelme & Lavergne, 2018). Creating reliable species 

distribution predictions is also especially vital for arctic and alpine species, as these arctic and 

alpine plant species are under threat from the changes in climate and land use (Nogués-Bravo 

et al., 2007; Pecl et al., 2017). Thus, including biotic variables in these predictions can have 

significant conservational impacts. 
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Appendices 

Appendix 1. The plant species included in the study and the number of 1 km2 cells, where the 

species has been observed. Only species with at least 20 cells with observations were included.  
 

Species Observations 

Acer platanoides 104 

Achillea millefolium 2452 

Achillea ptarmica 502 

Aconitum lycoctonum 1264 

Adoxa moschatellina 31 

Aegopodium podagraria 70 

Agrostis canina 238 

Agrostis capillaris 2013 

Agrostis gigantea 34 

Agrostis mertensii 1123 

Agrostis stolonifera 142 

Agrostis vinealis 120 

Ajuga pyramidalis 629 

Alchemilla 132 

Alchemilla alpina 3391 

Alchemilla borealis 29 

Alchemilla filicaulis 97 

Alchemilla glabra 496 

Alchemilla glaucescens 101 

Alchemilla glomerulans 933 

Alchemilla micans 22 

Alchemilla monticola 263 

Alchemilla murbeckiana 213 

Alchemilla subcrenata 212 

Alchemilla vulgaris 30 

Alchemilla wichurae 609 

Allium schoenoprasum 139 

Alnus glutinosa 66 

Alnus incana 1374 

Alopecurus aequalis 129 

Alopecurus geniculatus 139 

Alopecurus pratensis 356 

Andromeda polifolia 3033 

Anemone nemorosa 642 

Angelica archangelica 1076 

Angelica sylvestris 1124 

Antennaria alpina 1411 

Antennaria canescens 66 

Antennaria dioica 3230 

Antennaria lanata 167 

Antennaria nordhageniana 25 

Antennaria porsildii 123 

Anthoxanthum monticola 137 

Anthoxanthum nipponicum 2653 

Anthoxanthum nitens 724 

Anthoxanthum odoratum 1944 

Anthriscus sylvestris 896 

Anthyllis vulneraria 491 

Species Observations 

Aquilegia vulgaris 55 

Arabidopsis arenosa 278 

Arabidopsis lyrata 119 

Arabidopsis suecica 73 

Arabis alpina 1100 

Arabis hirsuta 296 

Arctagrostis latifolia 21 

Arctostaphylos uva ursi 774 

Arctous alpina 2142 

Arenaria humifusa 118 

Arenaria norvegica 154 

Arenaria serpyllifolia 139 

Argentina anserina 102 

Armeria scabra 106 

Arnica angustifolia 164 

Artemisia norvegica 209 

Artemisia vulgaris 269 

Asperugo procumbens 37 

Asplenium ruta muraria 49 

Asplenium viride 813 

Astragalus alpinus 2494 

Astragalus frigidus 412 

Astragalus norvegicus 333 

Athyrium distentifolium 1674 

Athyrium filix femina 997 

Avenella flexuosa 4054 

Avenula pubescens 842 

Barbarea stricta 221 

Barbarea vulgaris 143 

Bartsia alpina 4445 

Betula nana 4933 

Betula pendula 252 

Betula pubescens 5176 

Bistorta vivipara 6265 

Botrychium boreale 804 

Botrychium lanceolatum 231 

Botrychium lunaria 2926 

Botrychium multifidum 129 

Braya linearis 179 

Bromus inermis 80 

Calamagrostis arundinacea 103 

Calamagrostis canescens 109 

Calamagrostis chalybaea 273 

Calamagrostis epigejos 79 

Calamagrostis lapponica 336 

Calamagrostis neglecta 734 

Calamagrostis purpurea 1592 

Callitriche brutia 63 



 

90 

 

Species Observations 

Callitriche hermaphroditica 23 

Callitriche palustris 89 

Calluna vulgaris 2722 

Caltha palustris 1354 

Campanula barbata 235 

Campanula glomerata 100 

Campanula latifolia 165 

Campanula persicifolia 80 

Campanula rapunculoides 21 

Campanula rotundifolia 4115 

Campanula uniflora 262 

Capsella bursa pastoris 260 

Cardamine amara 269 

Cardamine bellidifolia 803 

Cardamine flexuosa 66 

Cardamine pratensis 193 

Carduus crispus 185 

Carex appropinquata 56 

Carex aquatilis 652 

Carex arctogena 155 

Carex atrata 1525 

Carex atrofusca 1237 

Carex bicolor 204 

Carex bigelowii 3746 

Carex brunnescens 1194 

Carex buxbaumii 1470 

Carex canescens 1609 

Carex capillaris 2596 

Carex capitata 439 

Carex cespitosa 69 

Carex chordorrhiza 1074 

Carex diandra 99 

Carex digitata 301 

Carex dioica 1432 

Carex echinata 973 

Carex elongata 21 

Carex ericetorum 173 

Carex flava 2171 

Carex fuliginosa 239 

Carex glacialis 439 

Carex globularis 158 

Carex heleonastes 363 

Carex holostoma 134 

Carex lachenalii 1312 

Carex lapponica 37 

Carex lasiocarpa 1083 

Carex laxa 134 

Carex lepidocarpa 82 

Carex leporina 249 

Carex limosa 939 

Carex livida 213 

Carex loliacea 151 

Carex macloviana 61 

Carex magellanica 1593 

Species Observations 

Carex microglochin 454 

Carex muricata 65 

Carex myosuroides 358 

Carex nardina 148 

Carex nigra 2445 

Carex norvegica 1054 

Carex oederi 91 

Carex ornithopoda 362 

Carex pallescens 1011 

Carex panicea 1069 

Carex parallela 220 

Carex pauciflora 1157 

Carex pilulifera 494 

Carex rariflora 295 

Carex rhynchophysa 65 

Carex rostrata 2213 

Carex rotundata 734 

Carex rufina 153 

Carex rupestris 1140 

Carex saxatilis 1620 

Carex scirpoidea 55 

Carex simpliciuscula 338 

Carex stenolepis 153 

Carex tenuiflora 53 

Carex vaginata 2559 

Carex vesicaria 178 

Carum carvi 543 

Cassiope tetragona 571 

Catabrosa aquatica 41 

Centaurea jacea 57 

Centaurea scabiosa 168 

Cerastium alpinum 2144 

Cerastium arcticum 179 

Cerastium arvense 76 

Cerastium cerastoides 1301 

Cerastium fontanum 1520 

Chamorchis alpina 507 

Chenopodium suecicum 20 

Cherleria biflora 826 

Chrysosplenium tetrandrum 40 

Cicerbita alpina 1767 

Cicuta virosa 22 

Cinna latifolia 69 

Circaea alpina 272 

Cirsium arvense 119 

Cirsium heterophyllum 2237 

Cirsium palustre 317 

Cirsium vulgare 32 

Comarum palustre 2086 

Comastoma tenellum 434 

Convallaria majalis 635 

Corallorhiza trifida 910 

Cornus suecica 2367 

Corydalis intermedia 130 
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Species Observations 

Corylus avellana 300 

Cota tinctoria 58 

Cotoneaster scandinavicus 28 

Crepis paludosa 1079 

Crepis tectorum 101 

Cryptogramma crispa 787 

Cypripedium calceolus 61 

Cystopteris alpina 205 

Cystopteris fragilis 958 

Cystopteris montana 461 

Dactylis glomerata 472 

Dactylorhiza fuchsii 758 

Dactylorhiza incarnata 607 

Dactylorhiza lapponica 343 

Dactylorhiza maculata 1496 

Dactylorhiza viridis 2284 

Daphne mezereum 561 

Deschampsia alpina 760 

Deschampsia atropurpurea 136 

Deschampsia cespitosa 4052 

Dianthus deltoides 175 

Dianthus superbus 79 

Diapensia lapponica 1402 

Diphasiastrum alpinum 1970 

Diphasiastrum complanatum 420 

Draba alpina 246 

Draba cacuminum 104 

Draba crassifolia 58 

Draba fladnizensis 185 

Draba glabella 327 

Draba incana 365 

Draba lactea 145 

Draba nivalis 257 

Draba norvegica 600 

Draba oxycarpa 99 

Drosera anglica 671 

Drosera rotundifolia 736 

Dryas octopetala 2508 

Dryopteris carthusiana 157 

Dryopteris expansa 970 

Dryopteris filix mas 665 

Eleocharis acicularis 39 

Eleocharis quinqueflora 310 

Elymus alaskanus 26 

Elymus caninus 602 

Elymus macrourus 117 

Elymus mutabilis 63 

Elymus repens 290 

Empetrum nigrum 6627 

Epilobium alsinifolium 295 

Epilobium anagallidifolium 1111 

Epilobium angustifolium 2482 

Epilobium ciliatum 192 

Epilobium collinum 189 

Species Observations 

Epilobium davuricum 249 

Epilobium hornemannii 945 

Epilobium lactiflorum 510 

Epilobium montanum 369 

Epilobium palustre 807 

Epipactis atrorubens 244 

Epipactis helleborine 76 

Equisetum arvense 1295 

Equisetum fluviatile 1181 

Equisetum hyemale 572 

Equisetum palustre 1212 

Equisetum pratense 859 

Equisetum scirpoides 711 

Equisetum sylvaticum 1784 

Equisetum variegatum 1176 

Erica tetralix 323 

Erigeron acris 788 

Erigeron borealis 958 

Erigeron humilis 161 

Erigeron uniflorus 1135 

Eriophorum angustifolium 3177 

Eriophorum brachyantherum 112 

Eriophorum gracile 64 

Eriophorum latifolium 996 

Eriophorum russeolum 236 

Eriophorum scheuchzeri 1004 

Eriophorum vaginatum 2273 

Erysimum cheiranthoides 71 

Erysimum strictum 200 

Euphrasia hyperborea 56 

Euphrasia salisburgensis 290 

Euphrasia stricta 942 

Euphrasia wettsteinii 2501 

Fallopia convolvulus 25 

Festuca altissima 45 

Festuca ovina 2222 

Festuca rubra 1956 

Festuca vivipara 1215 

Filipendula ulmaria 2141 

Fragaria vesca 1141 

Frangula alnus 87 

Fumaria officinalis 20 

Galeopsis bifida 122 

Galeopsis speciosa 40 

Galeopsis tetrahit 242 

Galium album 183 

Galium boreale 1881 

Galium odoratum 437 

Galium palustre 360 

Galium trifidum 86 

Galium triflorum 32 

Galium uliginosum 771 

Galium verum 477 

Gentiana nivalis 1828 
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Species Observations 

Gentianella amarella 618 

Gentianella aurea 211 

Gentianella campestris 2034 

Gentianopsis detonsa 27 

Geranium robertianum 196 

Geranium sylvaticum 4611 

Geum rivale 1815 

Glechoma hederacea 98 

Glyceria fluitans 33 

Gnaphalium sylvaticum 417 

Gnaphalium uliginosum 29 

Goodyera repens 247 

Gymnadenia conopsea 2188 

Gymnadenia nigra 226 

Gymnocarpium dryopteris 2548 

Gymnocarpium robertianum 72 

Hammarbya paludosa 33 

Harrimanella hypnoides 1975 

Helianthus annuus 25 

Hepatica nobilis 149 

Heracleum sphondylium 168 

Hieracium alpinum 241 

Hippuris vulgaris 206 

Hordeum jubatum 25 

Humulus lupulus 33 

Huperzia selago 2940 

Hypericum maculatum 923 

Hypericum perforatum 40 

Hypochaeris maculata 357 

Impatiens noli tangere 86 

Isoetes echinospora 35 

Isoetes lacustris 79 

Juncus alpinoarticulatus 701 

Juncus arcticus 417 

Juncus articulatus 133 

Juncus balticus 42 

Juncus biglumis 1044 

Juncus bufonius 183 

Juncus bulbosus 111 

Juncus castaneus 639 

Juncus filiformis 1626 

Juncus gerardii 55 

Juncus stygius 93 

Juncus trifidus 3074 

Juncus triglumis 1195 

Juniperus communis 4202 

Kalmia procumbens 2557 

Knautia arvensis 978 

Koenigia islandica 233 

Lactuca muralis 152 

Lactuca sibirica 28 

Lappula deflexa 148 

Lapsana communis 25 

Lathyrus linifolius 92 

Species Observations 

Lathyrus palustris 45 

Lathyrus pratensis 476 

Lathyrus vernus 196 

Leucanthemum vulgare 1335 

Leymus arenarius 99 

Linaria vulgaris 300 

Linnaea borealis 1543 

Lobelia dortmanna 22 

Lolium perenne 28 

Lonicera xylosteum 102 

Lotus corniculatus 1813 

Luzula arctica 77 

Luzula arcuata 620 

Luzula confusa 739 

Luzula multiflora 2795 

Luzula pallescens 33 

Luzula parviflora 220 

Luzula pilosa 1452 

Luzula spicata 1842 

Luzula sudetica 928 

Luzula wahlenbergii 271 

Lycopodiella inundata 36 

Lycopodium clavatum 801 

Lysimachia europaea 3314 

Lysimachia thyrsiflora 47 

Lysimachia vulgaris 66 

Maianthemum bifolium 1279 

Matricaria discoidea 397 

Matteuccia struthiopteris 694 

Melampyrum pratense 1959 

Melampyrum sylvaticum 1629 

Melica nutans 1314 

Mentha arvensis 33 

Menyanthes trifoliata 1530 

Micranthes foliolosa 342 

Micranthes hieracifolia 106 

Micranthes nivalis 893 

Micranthes stellaris 2359 

Micranthes tenuis 721 

Milium effusum 716 

Moehringia trinervia 91 

Molinia caerulea 1843 

Moneses uniflora 898 

Montia fontana 334 

Myosotis arvensis 236 

Myosotis decumbens 915 

Myosotis scorpioides 39 

Myosotis stricta 26 

Myosotis sylvatica 48 

Myrica gale 95 

Myricaria germanica 193 

Myriophyllum alterniflorum 175 

Myriophyllum sibiricum 27 

Nardus stricta 3543 
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Species Observations 

Narthecium ossifragum 614 

Neottia cordata 1507 

Neottia ovata 476 

Noccaea caerulescens 325 

Nuphar lutea 35 

Nuphar pumila 40 

Omalotheca norvegica 1956 

Omalotheca supina 2065 

Oreopteris limbosperma 482 

Orthilia secunda 1078 

Oxalis acetosella 964 

Oxyria digyna 2186 

Oxytropis campestris 79 

Oxytropis lapponica 551 

Papaver radicatum 211 

Paris quadrifolia 963 

Parnassia palustris 3253 

Pedicularis flammea 211 

Pedicularis hirsuta 407 

Pedicularis lapponica 2087 

Pedicularis oederi 1315 

Pedicularis palustris 1219 

Pedicularis sceptrum carolinum 952 

Petasites frigidus 834 

Phalaris arundinacea 227 

Phegopteris connectilis 1991 

Phippsia algida 271 

Phippsia concinna 150 

Phleum alpinum 2864 

Phleum pratense 511 

Phragmites australis 108 

Phyllodoce caerulea 3194 

Picea abies 2203 

Pilosella aurantiaca 169 

Pilosella cymosa 115 

Pilosella lactucella 1042 

Pilosella officinarum 391 

Pimpinella saxifraga 791 

Pinguicula alpina 541 

Pinguicula villosa 314 

Pinguicula vulgaris 3648 

Pinus sylvestris 2160 

Plantago lanceolata 129 

Plantago major 602 

Plantago media 990 

Platanthera bifolia 243 

Poa alpigena 562 

Poa alpina 2507 

Poa angustifolia 30 

Poa annua 791 

Poa arctica 142 

Poa flexuosa 320 

Poa glauca 592 

Poa humilis 51 

Species Observations 

Poa nemoralis 639 

Poa palustris 35 

Poa pratensis 956 

Poa remota 62 

Poa supina 64 

Poa trivialis 121 

Polemonium acutiflorum 125 

Polemonium caeruleum 202 

Polygala amarella 166 

Polygonatum odoratum 53 

Polygonum aviculare 217 

Polypodium vulgare 465 

Polystichum braunii 62 

Polystichum lonchitis 1078 

Populus tremula 992 

Potamogeton alpinus 157 

Potamogeton berchtoldii 44 

Potamogeton gramineus 124 

Potamogeton natans 109 

Potamogeton perfoliatus 33 

Potamogeton praelongus 41 

Potentilla argentea 446 

Potentilla chamissonis 41 

Potentilla crantzii 3171 

Potentilla erecta 3232 

Potentilla hyparctica 27 

Potentilla multifida 41 

Potentilla nivea 393 

Potentilla norvegica 91 

Primula elatior 103 

Primula scandinavica 787 

Primula stricta 343 

Prunella vulgaris 1033 

Prunus padus 876 

Pseudorchis albida 1178 

Pteridium aquilinum 208 

Puccinellia distans 32 

Pyrola chlorantha 71 

Pyrola media 200 

Pyrola minor 2148 

Pyrola rotundifolia 1152 

Quercus petraea 60 

Quercus robur 74 

Ranunculus acris 3068 

Ranunculus glacialis 1458 

Ranunculus hyperboreus 118 

Ranunculus lapponicus 40 

Ranunculus nivalis 807 

Ranunculus peltatus 61 

Ranunculus platanifolius 547 

Ranunculus pygmaeus 686 

Ranunculus repens 806 

Ranunculus reptans 320 

Ranunculus sulphureus 103 
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Species Observations 

Ranunculus trichophyllus 95 

Rhinanthus angustifolius 72 

Rhinanthus minor 2760 

Rhodiola rosea 2174 

Rhododendron lapponicum 412 

Rhododendron tomentosum 912 

Rhynchospora alba 89 

Ribes nigrum 29 

Ribes spicatum 418 

Rorippa palustris 103 

Rosa majalis 150 

Rubus arcticus 425 

Rubus chamaemorus 2922 

Rubus idaeus 1336 

Rubus saxatilis 2194 

Rumex acetosa 2905 

Rumex acetosella 1343 

Rumex aquaticus 24 

Rumex graminifolius 21 

Rumex longifolius 515 

Sabulina rubella 111 

Sabulina stricta 236 

Sagina caespitosa 78 

Sagina nivalis 222 

Sagina nodosa 84 

Sagina procumbens 390 

Sagina saginoides 785 

Salix arbuscula 394 

Salix aurita 232 

Salix caprea 1502 

Salix glauca 2932 

Salix hastata 1023 

Salix herbacea 3711 

Salix lanata 1408 

Salix lapponum 2604 

Salix myrsinifolia 884 

Salix myrsinites 1136 

Salix myrtilloides 230 

Salix pentandra 228 

Salix phylicifolia 1274 

Salix polaris 413 

Salix repens 134 

Salix reticulata 1954 

Salix starkeana 147 

Saussurea alpina 3944 

Saxifraga adscendens 291 

Saxifraga aizoides 3299 

Saxifraga cernua 1072 

Saxifraga cespitosa 752 

Saxifraga cotyledon 676 

Saxifraga hirculus 42 

Saxifraga oppositifolia 2191 

Saxifraga paniculata 75 

Saxifraga rivularis 673 

Species Observations 

Scheuchzeria palustris 289 

Scorzoneroides autumnalis 2358 

Scrophularia nodosa 155 

Scutellaria galericulata 24 

Sedum acre 175 

Sedum album 117 

Sedum annuum 505 

Sedum villosum 170 

Selaginella selaginoides 2847 

Senecio vulgaris 53 

Sibbaldia procumbens 2258 

Silene acaulis 2598 

Silene dioica 1901 

Silene flos cuculi 27 

Silene involucrata 42 

Silene latifolia 57 

Silene suecica 1087 

Silene uralensis 321 

Silene vulgaris 822 

Sinapis arvensis 64 

Solidago virgaurea 4507 

Sorbus aucuparia 2646 

Sparganium angustifolium 164 

Sparganium hyperboreum 247 

Sparganium natans 41 

Spergula arvensis 79 

Spergularia rubra 44 

Spinulum annotinum 1951 

Stachys sylvatica 436 

Stellaria alsine 177 

Stellaria borealis 615 

Stellaria crassifolia 76 

Stellaria graminea 1148 

Stellaria longifolia 109 

Stellaria longipes 35 

Stellaria media 369 

Stellaria nemorum 1066 

Subularia aquatica 81 

Succisa pratensis 534 

Tanacetum vulgare 687 

Taraxacum 149 

Thalictrum alpinum 3773 

Thalictrum minus 23 

Thalictrum simplex 651 

Thymus serpyllum 54 

Tilia cordata 74 

Tofieldia pusilla 3254 

Trichophorum alpinum 1295 

Trichophorum cespitosum 2678 

Trichophorum pumilum 45 

Trifolium hybridum 40 

Trifolium medium 199 

Trifolium pratense 1437 

Trifolium repens 1869 
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Species Observations 

Trifolium spadiceum 93 

Triglochin palustris 609 

Tripleurospermum inodorum 86 

Trisetum spicatum 1134 

Trisetum subalpestre 72 

Trollius europaeus 3966 

Turritis glabra 76 

Tussilago farfara 868 

Ulmus glabra 503 

Urtica dioica 1145 

Utricularia intermedia 122 

Utricularia minor 79 

Utricularia vulgaris 41 

Vaccinium microcarpum 1154 

Vaccinium myrtillus 5941 

Vaccinium oxycoccos 218 

Vaccinium uliginosum 5157 

Vaccinium vitis idaea 5511 

Vahlodea atropurpurea 394 

Valeriana officinalis 1323 

Veratrum album 110 

Verbascum thapsus 53 

Veronica alpina 2366 

Veronica chamaedrys 782 

Species Observations 

Veronica fruticans 918 

Veronica longifolia 114 

Veronica officinalis 1578 

Veronica scutellata 142 

Veronica serpyllifolia 645 

Viburnum opulus 103 

Vicia cracca 1120 

Vicia sepium 391 

Vicia sylvatica 233 

Viola arvensis 30 

Viola biflora 2940 

Viola canina 842 

Viola epipsila 431 

Viola mirabilis 297 

Viola palustris 2487 

Viola riviniana 558 

Viola rupestris 423 

Viola selkirkii 49 

Viola tricolor 455 

Viscaria vulgaris 151 

Woodsia alpina 248 

Woodsia glabella 108 

Woodsia ilvensis 294 
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Appendix 2. Maps of the six environmental variables were used in the models in the whole of 

Norway, Sweden and Finland: a. Elevation difference in a cell, b. Maximum temperature of the 

warmest month, c. Annual mean temperature, d. Annual precipitation (mm), e. Bedrock class 

with 1 having the least nutrients and 5 being the nutrient richest, f. NDVI. The maps include all 

of Norway, Sweden and Finland, with the study area circled with black. 
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Appendix 3. Mean variable importance values for both the ensemble models and the individual 

modelling methods. The variable importance values varied slightly between the modelling 

methods. Overall, GLM produced the highest variable importance values and RF the lowest. 

The error bars visualise the 0.95 confidence interval that was calculated using the t-test. 

 

 

Appendix 4. Binary predictions for the four example species Kalmia procumbens, Koenigia 

islandica, Eriophorum vaginatum, and Antennaria nordhageniana: a. full models (predictions 

with NDVI), b. topoclimate models (predictions without NDVI). 
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