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Abstract 

Since the first release in 1971, two lynx populations have evolved in Switzerland consisting 

of about 134 individuals in the Alps and 58 individuals in the Jura Mountains. However, the 

return of the lynx is controversially discussed and management conflicts appear. It is 

therefore of high importance to identify major drivers of the potential lynx distribution in order 

to assess further expansion potential and to devise effective conservation plans. Accordingly, 

this Master thesis was designed to explain lynx occurrences in Switzerland as a function of 

eleven environmental variables. For this, spatially and temporally highly resolved GPS-

tracked resident lynx locations and a quantitative modelling approach relying on Boosted 

Regression Trees (BRT) was used. Consequently, the present study allows to delineate 

important environmental drivers of lynx occurrence, allowing to define management 

recommendations based on identification of sensitive areas. State-of-the-art remotely sensed 

environmental variables such as snow information, vegetation height and night light emission 

were found particularly important for lynx occurrence. In general, lynx preferred areas located 

higher than 600 m a.s.l. and forests with a relatively low vegetation height up to 10 m. In 

open land, a vegetation height below 1m had a negative effect on the occurrence of lynx, 

suggesting that lynx avoid such landscape. On the other hand, lynx preferred vegetation 

heights in open land from 1 m up to 5 m. Regarding night light emission, females with cubs 

showed a preference for dark environments while males and females without cubs were 

much less sensitive to night light emission. In summer, snow cover fraction was completely 

insignificant. However, in winter, it played a major role in the distribution of lynx. Also in 

winter, lynx tended to avoid areas with cumulative snowfall of the last 72 hours greater than 

40 – 45 mm. Overall, cumulative snowfall of the last 72 hours appeared to be the most 

important explanatory variables for habitat selection by lynx. 

In summary, the results of this study clearly indicate that snow may be a key factor in the 

spatial distribution of lynx in Switzerland. Consequently, the observed relationship between 

snow information and lynx occurrence raises new questions and will hopefully inspire new 

studies. Based on this assessment, environmental managers may gain new insights into the 

habitat choice of lynx and identify sensitive areas for lynx in a more differentiated way. 

 

Keywords Eurasian lynx, Lynx lynx, spatial distribution, boosted regression trees, snow, 

vegetation height  
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Introduction 

The eradication of the Eurasian lynx (hereinafter referred to as "lynx") and other large 

carnivores in Switzerland can be attributed to a number of factors such as expanding human 

population and intensification of agricultural areas during the 18th and 19th centuries 

(Breitenmoser et al., 2016). Agricultural areas increased at the expense of forest resulting in 

decreasing numbers of wild ungulates and lynx habitat destruction, while livestock caused 

additional damage to forests due to browsing. This led to increased persecution of lynx 

because they preyed upon livestock (Breitenmoser, 1998). By the end of the 18th century, 

lynx have disappeared from the Jura mountains and the Swiss Plateau (Breitenmoser et al., 

2016) and the last observation of a lynx in Switzerland was made in 1904 (WALDA, 2017). 

In the 20th century, forests recovered due to a changed forest management (Breitenmoser, 

1998), the number of wild ungulates increased because of legal protection, reintroductions 

and translocations (Breitenmoser et al., 2016) and the Federal Council made the decision to 

reintroduce lynx on an experimental basis (BAFU, 2018). Since the first release in 1971, two 

lynx populations have evolved in Switzerland which are located in the Jura Mountains and 

the Northwestern Alps (KORA, 2018a). Additionally, between 2001 – 2008 12 lynx have been 

relocated to the Northeastern Swiss Alps to facilitate the expansion of the species 

(Zimmermann et al., 2011). According to population estimates made by KORA (institute of  

 

Fig. 1 Spatial distribution of the Eurasian lynx in Switzerland (as of 2015, adapted from KORA, 2018). 
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carnivore ecology and wildlife management in Switzerland) and as of 2015, the two lynx 

populations consisted of about 134 individuals in the Alps and 58 individuals in the Jura 

Mountains, resulting in a total of 192 independent (subadult and adult) lynx (KORA, 2018b). 

The populations are considered to be stable or slightly increasing (Breitenmoser et al., 2016; 

von Arx and Zimmermann, 2012), yet in accordance with the IUCN Red List criteria the total 

Alpine lynx population is still small and endangered (Breitenmoser et al., 2016; Zimmermann 

et al., 2011). The spatial distribution of the lynx in Switzerland is shown in Fig. 1 and based 

on hard fact data such as photographs of lynx, genetic data, captured lynx and lynx found 

dead, and confirmed data such as wild prey remains, kills of livestock and tracks verified by 

trained people, respectively (Molinari-Jobin et al., 2003). 

Despite the recovery of forests in the 20th century (Breitenmoser et al., 2016) and the 

ongoing spontaneous afforestation in mountainous areas (Schubarth and Weibel, 2013), lynx 

have been confronted with an increasingly human dominated landscape during the past 

century (Gehr et al., 2017) and suffer from human related mortality such as road kills and 

poaching (Schmidt-Posthaus et al., 2002). Current land use change processes in Switzerland 

include growing urban sprawl (Jaeger and Schwick, 2014) and urbanization (Price et al., 

2015; Schubarth and Weibel, 2013). Additionally, habitat fragmentation due to the dense 

transport network in Switzerland increases pressure on the lynx (Jaeger et al., 2007). As a 

result, the return of the lynx is controversially discussed and management conflicts appear. It 

is therefore of high importance to identify major drivers of the potential lynx distribution in 

order to assess further expansion potential and to devise effective conservation plans 

(Zimmermann, 2004). 

In this thesis, I assessed the occupied environment and identified major environmental 

determinants of the spatial distribution of lynx. For this, I obtained spatially and temporally 

highly resolved GPS-tracked resident lynx locations observed during the past 13 years from 

KORA. Using a quantitative modelling approach relying on Boosted Regression Trees (BRT), 

the goal was to explain lynx occurrences as a function of environmental variables. The 

following research questions were answered: 

 

1. What are the major environmental determinants of lynx distribution in Switzerland? 

For that purpose, a set of eleven environmental variables was analyzed. 

 

2. Different life stages as well as sex-dependent preference may affect habitat 

occupancy. Therefore, what are habitat preferences of male lynx, female lynx with 

and without cubs and which environmental variables drive their spatial distribution? 
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3. Lynx are observed mostly in forests, open land and transitions between forests and 

open land. Which environmental variables drive the habitat of male lynx and female 

lynx with and without cubs? 

 

4. Lynx habitat preference may change throughout the year. What are drivers of lynx 

summer and winter habitat? 
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Material and Methods 

Study area 

Switzerland is a European country covering an area of 41’285 km2 (FDFA, 2017). It can be 

separated into six biogeographical regions (Fig. 2), namely the Jura, the Plateau, the 

Northern and Southern Alps and the Eastern and Western Central-Alps (Gonseth et al., 

2001; Schubarth and Weibel, 2013). The regions differ in climate and topography; a humid 

and relatively oceanic climate is found in the Jura and the Northern Alps, whereas the 

Central-Alps are dominated by a relatively continental climate and the Southern Alps by an 

insubrian climate (Landolt et al., 2015). The rather low-lying Plateau is characterized by an 

oceanic climate (Baltisberger et al., 2013) and a small difference in altitude between the 

lowest and highest regions. On the contrary, large differences in altitude appear in the Jura, 

the Northern Alps, the Central-Alps and the Southern Alps (Gonseth et al., 2001). 

Switzerland is covered by four broad land use categories; settlement and urban areas (7.5% 

of the total surface area), unproductive areas (unproductive vegetation, rocks and screes, 

lakes and rivers, glaciers and perpetual snow, 25.3%), wooded areas, i.e. forest and woods 

(31.3%), and agricultural areas (35.9%; Schubarth and Weibel, 2013).  

 

Fig. 2 Biogeographical regions of Switzerland (NFI, 2018). 

Current processes acting on the landscape include spontaneous afforestation following 

abandonment of farmland in mountainous areas and urbanization, primarily in the valley 

bottoms (Price et al., 2015). Between 1985 and 2009, forested areas have increased by 

3.1%, while forest cover on the Plateau and in the Jura remained largely stable. In view of 
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that, wooded area represents roughly half of the total surface in the Jura and the Southern 

Alps, whereas forests on the Plateau and in the Eastern and Western Central-Alps only 

account for about 25% of the area. In the Northern Alps, about one third of the surface is 

covered by wooded areas (Schubarth and Weibel, 2013). 

The most densely populated area is concentrated on the Plateau, with population densities 

as high as 460/km2, followed by the Jura Mountains with a population density of 153/km2 

(Zimmermann, 2004; Fig. 2). Consequently, settlement and urban areas on the Plateau 

account for more than twice the national average, while in Alpine regions the respective 

proportion is below 5% (Schubarth and Weibel, 2013). Apart from the valley bottoms, most 

parts of the Alps are not suitable for settlement due to the topography (Jaeger and Schwick, 

2014). Therefore, the human population in the Swiss Alps is less clustered and amounts to a 

density of 58/km2 (Zimmermann, 2004).  

Differences are also reflected in the fragmentation of the landscape. Accordingly, the 

fragmentation is much more pronounced on the Plateau and in the Jura than in the Alps 

(Jaeger et al., 2007). Yet, in the valleys, dense human settlements and main traffic routes 

lead to a fragmented landscape in the Alps as well (Zimmermann, 2004). 

Between 1985 and 2009, the area attributed to settlements and urban areas increased by 

23.4%; largely at the expense of agricultural land (Schubarth and Weibel, 2013). Thus, 

expansion of settlements and transport network, i.e. the development of traffic routes, led to 

an increased fragmentation of the landscape in the last decades (Jaeger et al., 2007) 

resulting in numerous negative effects on the wildlife such as habitat destruction, barrier 

effects and an increased number of traffic collisions (Breitenmoser et al., 2016).  
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Analysis concept 

The goal of this thesis is to explain resident lynx occurrence (Fig. 3A) for three data sets 

(males, females with cubs and females without cubs; Fig. 3B) as a function of eleven 

environmental variables (Fig. 3C). I used GPS-tracked lynx location points and generated an 

equal number of background points within specific buffers around presence points (Fig. 3A). 

In line with the goals of this thesis, I further classified the lynx data sets according to land use 

category (Fig. 3B). To link lynx data with the environment, I used Boosted Regression Trees, 

a state-of-the-art regression technique (Fig. 3D). For that purpose, the relative influence of 

the environmental variables was calculated and partial dependence plots were produced to 

visualize their effects on the spatial distribution of lynx in Switzerland (Fig. 3E). 
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Presence data: GPS-tracked lynx locations 

The lynx data was provided by KORA (www.kora.ch, Urs Breitenmoser, Fridolin 

Zimmermann) and consisted of 73’533 GPS-tracked coordinates. These coordinates 

originated from a total of 21 male lynx and 20 female telemetrized lynx, collected between 

2005 and 2017 (Table 1 and 2). The data was cleaned (elimination of obvious measurement 

errors) and apart from four subadult individuals only observations of resident lynx were 

considered, resulting in a total of 63’820 location points distributed across the Jura, 

northeastern Switzerland and the northwestern Alps (Fig. 4). The individuals Eywa, Lary, 

Loki and Silv were subadult at the time they got equipped with GPS collars. However, based 

on expert opinion (www.kora.ch), the concerned coordinates were also taken into account in 

this study since the mentioned lynx took over territories where their recordings started. 

Table 1 Male resident lynx (21 individuals 
with a total of 33’976 location points). 

 

Table 2 Female resident lynx (20 individuals with a total of 29’844 location points) and the number of cubs per 
year. N/A values correspond to lynx that were relocated to Germany (Bell and Naia) and missing data (Joly and 
Kana). The observation period is highlighted in yellow. 

 

  

Male Observation period Number of 
locations 

Adin 2013 411 
Amor 2016 – 2017 3752 
Carv 2013 181 
Cato 2017 1374 
Faun 2013 – 2015 2700 
Giro 2012 – 2014 3391 
Lary 2013 – 2017 6694 
Lenn 2016 – 2017 1808 
Loki 2013 – 2014 1030 
Lupo 2016 1122 
Mars 2012 292 
Miso 2013 – 2014 4128 
Pabo 2013 349 
Piro 2011 – 2012 2946 
Selo 2014 1053 
Sibo 2011 770 
Silv 2014 741 
Turo 2005 – 2006 247 
Weng 2016 478 
Wero 2007 236 
Zeno 2007 – 2008 273 

Female Number 
of 
locations 

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 

Alma 436  1 2         
Anyu 79       1     
Bell 1228          2 N/A 
Cara 1200          1  
Eywa 3731       0 3    
Isis 3703        3 1 1 3 
Joly 1249       N/A    2 
Kana 856      N/A 2     
Lela 1493          1  
Loma 33 2           
Lyra 2031          0 0 
Mari 1888     2       
Mila 1079       0 0    
Naia 2061          0 N/A 
Nati 447          2  
Neve 3263          2 3 
Noia 469 0 2          
Rika 1376      0      
Suna 1329       4     
Wega 1893          0 4 

Fig. 4 Map of the study area including all GPS locations for all 
resident male and female lynx (red). 

 



M a t e r i a l  a n d  M e t h o d s   P a g e  | 8 

 

The lynx data was analyzed in the following way: a first data set contained all lynx data; a 

second data set was split according to sex (males and females; Table 1 and 2); a third data 

set contained information on the offspring status (females with and without cubs; Table 2). 

This resulted in three categories of resident lynx. The transition of a resident female with 

cubs to no cubs relied on the following definition: a temporal restriction was introduced for 

this study; yearly life cycles for female lynx started on May 1 and ended on April 30 since 

cubs are born in late May or early June and stay with the mother for about ten months until 

they separate (KORA, 2018c). The final male lynx data set consisted of 33’976 locations, the 

data set for females with cubs included 15’441 locations and 10’919 locations were allocated 

to females without cubs. 

The date and time is known for each relocation, yet the GPS intervals change from lynx to 

lynx and variable time intervals between successive GPS trackings occur. More precisely, 

the minimum and maximum time intervals between successive GPS trackings range 

between 6 seconds and 7’695 hours, respectively. In rare cases, time lags can add up to 

several days, thus retracing the movement patterns can be heavily impeded. Fig. 5 contains 

97.4% (62’149 location points) of the cleaned lynx data set and shows the distribution of time 

lags between successive GPS trackings; thus, outliers greater than 16.5 hours between 

recordings were excluded for better visualization.  

 

 

Fig. 5 Distribution of time intervals between successive GPS trackings  [hours] for 97.4% of the cleaned data set.  
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Absence data: Background points 

For modelling species distributions, not only presence but also absence data are required. 

Since no observed absence data was available from the lynx monitoring, the missing data 

was substituted with background data. Background data do not represent absence locations, 

but rather describe the environment in the study area (Phillips et al., 2009). Thus, 

background data identifies the range of environmental conditions in the study area, whereas 

presence data should characterize the conditions under which the species is more likely to 

be present than on average (Hijmans and Elith, 2017). 

 

 

Fig. 6 Example of background points (A) background points (yellow) for female lynx with cubs. Buffers (red) are 
dissolved for better visualization (B) buffers clipped with forest including presence points (red) and background 
points (blue). 

 

Background points were generated on the basis of buffers around presence points (Fig. 6). 

As a first step, distances covered between successive relocations were calculated. Then, the 

daily sum of the distances was averaged over the number of single distances per day and 

buffers based on these average daily distances were created around each presence point. 

Finally, one background point was drawn at random within each buffer. As a result, 

background points and presence points were pairwise connected by the corresponding 

buffer. This allowed to assign the presence point’s date to the background point. 

Buffers were created for each lynx data set (males, females with cubs, females without 

cubs). For further investigations, the buffers were then clipped with the land use categories 

(forest, open land and transition zone), resulting in additional nine study areas to ensure that 

the background points were generated inside of the respective category (Fig. 6B). This 

allowed for comparison between forest, open land and transition zone (Table 3). 

  

A B 
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Stratification of the lynx data according to land use and season 

With 84.2% of the observations, lynx showed distinct preferences for two land use types (Fig. 

7): open land and forest. Subsequently, an additional land use category called transition 

zone was created to consider potential GPS errors, i.e. presence points that were mistakenly 

assigned to the wrong category. To account for this, all lynx observations located within a 

buffer of ten meters on both sides of the forest edge were subtracted from open land and 

forest and constituted the land use category “transition zone”. 

The three lynx data sets for males, females with cubs and females without cubs were 

analyzed for each of these three land use classes separately. 

 

 

Fig. 7 Distribution of land use categories for the cleaned data set. 0 = no category, 1 = open land, 2 = forest, 3 = 
scrubland, 4 = hedges, 5 = river (small), 6 = gravel pit, 7 = wetland, 8 = standing water (small), 9 = railway, 10 = 
river (medium), 11 = lake, 12 = settlement, 13 = river (large), 14 = roads (small), 15 = roads (large), 16 = 
motorway, 17 = rock, 18 = glacier. 

 

Overall, 12 different lynx data sets were prepared for the boosted regression tree analysis 

(Table 3). To account for different life stages and sex-dependent preference of habitat, the 

data was split into males, females with cubs and females without cubs, considering all 18 

land use categories (Table 3; data sets 1 – 3). To differentiate drivers of habitat preference 

within the main land use types, the lynx data sets were further divided into open land, forest 

and transition zone (Table 3; data sets 4 – 12).   

 

Finally, drivers of lynx summer and winter habitat were investigated using lynx data sets 1 – 

3 (Table 3). For this, only data points recorded in June, July, August and September, i.e. in 

summer, and December, January, February and March, i.e. in winter, were considered. 
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Table 3 Stratification of lynx observations according to sex and preferred land use types. 

Data set Lynx class Land use category Number of locations 
(presence points) 

1 Males all land use categories 33’976 
2 Females with cubs all land use categories 15’441 
3 Females without cubs all land use categories 10’918 

4 Males Forest 13’433 
5 Females with cubs Forest 7’279 
6 Females without cubs Forest 5’662 

7 Males Open land 9’582 
8 Females with cubs Open land 3’695 
9 Females without cubs Open land 2’499 

10 Males Transition zone 5’191 
11 Females with cubs Transition zone 2’173 
12 Females without cubs Transition zone 1’515 

 

Environmental variables 

Swisswide GIS-layers for assigning habitat attributes to lynx GPS locations were provided by 

the Swiss Federal Research Institute WSL and the WSL Institute for Snow and Avalanche 

Research SLF. Eleven environmental predictors (Table 4) were selected. 

A digital elevation model was available (Swisstopo: 5704 000 000/DHM25©2018). From this 

DEM, aspect, slope and the Terrain Ruggedness Index (TRI; Riley et al., 1999) were 

derived to characterize topographic heterogeneity. 

Land use information was available for 18 land use categories and originated from the Swiss 

TLM (SwissTLM3D, 2015). The land use categories encompassed open land, forest, 

scrubland, hedges, wetland, rock, glacier, gravel pit, standing water (small), lake, river (small, 

medium, large), settlement, railway, roads (small, large) and motorway (Fig. 7). 

In addition, a spatially continuous variable on the mean woody vegetation height was also 

available (VHM_mean; Ginzler and Hobi, 2015). This variable allowed to refine the 

vegetation distribution and account for the height of forests and woody vegetation of open 

land. 

To characterize human impact on the landscape, the variable night light emission was 

included into the analysis representing the mean artificial night sky brightness between the 

years 2010 – 2012. For this, satellite data from the Defense Meteorological Satellite Program 

(DMSP, http://www.ospo.noaa.gov/Operations/DMSP/index.html) served as a basis (Elvidge 

et al., 1999). 

To investigate the influence of snow on the lynx distribution, three types of snow 

characterization were taken into consideration, with grids being available on a daily basis. A 

first variable accounted for the snow cover fraction (SCF), expressing the fraction of snow 

cover in a 1km raster. A second variable accounted for the snow water equivalent (SWE) 

which is closely related to the snow depth and represents the amount of water that is 
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contained within a snowpack (NRCS, 2018). A third snow variable accounted for the 

cumulative snowfall of the last 72 hours (snowfall). Estimates are provided by the OSHD 

multi-model framework which consists of a suite of spatially distributed snow cover models 

integrated with three-dimensional sequential assimilation of snow monitoring data from 

several hundred sites (details are available in Magnusson et al., 2014). 

Finally, as a measure of temperature, annual degree day sums based on Allen's sine wave 

method (1976) were considered. The degree days were calculated between 2005 – 2016 

and daily maximum and minimum temperatures were used to compute heating and cooling 

degree days at a threshold of 5.56°C (Allen, 1976). 

The layers differ in cell size; the cell size of elevation, aspect, slope, TRI, land use, mean 

vegetation height and light emission is 10 x 10m, whereas the degree day layers have a 

spatial resolution of 100 meters. In addition, the snow data layers have a spatial resolution of 

1’000 meters. 

 

Table 4 Predictor variables used to explain lynx occurrences in Switzerland and characteristic 
numbers for the cleaned data set (considering presence points only). 

Variable Minimum value Median Mean Maximum value 
Elevation (m a.s.l.) 435.0 1417.0 1397.0 2630.0 
Aspect (°) 0 168.0 180.6 360.0 
Slope (°) 0 32.0 31.3 84.0 
TRI (m) 0 4.9 5.2 82.4 
Land use (-) - - - - 
VHM_mean (m) 0 4.0 8.0 50.4 
Light emission 
(Radiance*10-10) 

0 22.1 38.5 431.2 

SCF (-) 0 0 0.3 1.0 
SWE (mm) 0 0.6 48.9 955.2 
Snowfall (mm) 0 0 2.2 78.3 
Degree days (° D) 122.0 1208.9 1250.1 2549.4 
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Testing environmental variables for multicollinearity 

In regressions, collinearity between predictor variables can cause problems, such as large 

variances of regression parameters which may result in the wrong identification of relevant 

predictors (Dormann et al., 2013) and the statistical significance of some variables to be 

highly underestimated (Pearson, 2016). A method to check for multicollinearity of variables is 

to calculate Variance-Inflation Factors (VIF). As a rule of thumb, VIFs of 10 or 4 are used to 

specify serious or excessive multicollinearity (O’Brien, 2007; Wollschläger, 2017). 

Additionally, Pearson correlation coefficients were estimated to assess the relationship 

between the variables. In this regard, coefficients greater than 0.7 indicate high correlation 

(Hinkle et al., 2003). 

Developing lynx distribution models using boosted regression trees (BRT) 

In this study, boosted regression trees (BRT) have been used since Elith et al. (2008) refer to 

its high predictive performance and point out that relevant variables and interactions are 

reliably identified. According to this, boosted regression trees showed strong predictive 

performance in an ensemble modelling approach to assess forest-cover change in 

Switzerland (Bolliger et al., 2017). 

Boosted regression trees intend to optimize the predictive performance of a single ‘best’ 

model by fitting several models and using them for prediction. It combines algorithms of 

regression trees and machine learning techniques, i.e. boosting. Boosting builds a collection 

of small regression trees by adding, at each iteration, a new tree that best minimizes the loss 

function (Elith et al., 2008). Thus, boosted regression trees can be seen as an additive 

regression model consisting of relatively simple regression trees (Elith et al., 2008) and 

applying a number of binary splits based on the predictors (Hastie et al., 2001). 

Elith et al. (2008) emphasize that boosted regression trees automatically identify and handle 

interaction effects between predictor variables, e.g. multicollinearity problems are reduced 

through boosting by shrinking effect estimates, also resulting in reduced variances of 

estimates (Maloney et al., 2012). 

Fitting BRT models 

All boosted regression tree models were fitted in R version 3.4.2 using the ‘gbm’ and ‘dismo’ 

libraries and the gbm.step function. A Bernoulli distribution was used to account for the 

binary outcome, i.e. the presence/absence data. Subsequently, three additional parameters 

were determined in the model; the learning rate defines the influence of each tree to the 

growing model with smaller values resulting in a larger number of trees required (Elith et al., 

2008; Leathwick et al., 2006). However, not all trees contribute equally to the error reduction, 

i.e. initial trees explain the strongest and most general patterns in the data, whereas trees 

fitted later describe more particular features of the data – according to the shrinkage applied 
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to each tree (Elith et al., 2008). Usually, learning rates of 0.1 to 0.001 are used with smaller 

values resulting in a lower prediction error, however proportionally more computation is 

required (De’ath, 2007). In this study, cross-validation was applied to determine the learning 

rates. Learning rates that led to the highest AUC score were selected resulting in an overall 

range of 0.05 to 0.0025. 

The tree complexity determines the number of nodes of the individual trees. Elith et al. 

(2008) mention that increasing the tree complexity in larger data sets generally leads to an 

increased predictive performance. Accordingly, tree complexity was set to 10 for all data sets 

since they contained large numbers of presence and background points, e.g. when all land 

use categories were included. Learning rate and tree complexity then decide on the number 

of trees required to achieve optimal prediction performance. Table 5 gives an overview of the 

specified parameters in the present study. 

Furthermore, stochasticity is introduced through the parameter bag fraction which defines the 

fraction of the training set to be selected at each iteration for model building (Zhang et al., 

2016). This parameter is usually fixed in the range 0.4 – 0.6 and is seldom varied (De’ath, 

2007), whereas Elith et al. (2008) recommend values between 0.5 – 0.75 for best results 

regarding presence – absence responses. Thus, the bag fraction was set to 0.5 for all 

models, meaning that only 50% of the training data set, drawn at random, was used at each 

iteration. For all settings other than those mentioned the defaults recommended in ‘gbm’ 

were used. 

Ultimately, the relative influence of predictor variables was estimated and, for the four most 

influential variables, partial dependence plots were produced to visualize fitted functions by 

showing the effect of a predictor variable on the response after considering the average 

effects of all other predictors in the model (Elith et al., 2008; Hastie et al., 2001). 

 

Table 5 Parameter settings for the BRT models. 

Data set Learning 
rate 

Tree 
complexity 

Bag 
fraction 

Number of 
trees 

1 0.05 10 0.5 11’750 
2 0.05 10 0.5 3’850 
3 0.05 10 0.5 2’800 

4 0.005 10 0.5 15’150 
5 0.025 10 0.5 2’900 
6 0.025 10 0.5 2’850 

7 0.025 10 0.5 4’700 
8 0.01 10 0.5 2’900 
9 0.005 10 0.5 3’300 

10 0.025 10 0.5 2’150 
11 0.005 10 0.5 2’800 
12 0.0025 10 0.5 1’850 
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Model evaluation 

Each lynx data set (Table 3) was split into training and testing data. For that purpose, 80% of 

the respective data sets were used for model building (training data) and 20% for model 

evaluation (testing data), i.e. for assessing predictive performance, the models were applied 

to new records. To measure and compare predictive performance of the models, the area 

under the receiver operating characteristic curve (AUC) was used, which is considered to be 

an effective indicator of model accuracy (Duan et al., 2014; Manel et al., 2001). High 

predictive performance is shown by a large area under the receiver operating characteristic 

curve (Manel et al., 2001); hence, AUC scores between 0.5 – 0.7 indicate low accuracy, 

scores between 0.7 – 0.9 represent useful accuracy and scores greater than 0.9 specify high 

accuracy (Swets, 1988).  
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Results 

Multicollinearity 

In general, boosted regression trees are considered to be relatively insensitive to collinearity 

(Main et al., 2015). However, to avoid model overfitting, meaningful variable reduction is 

important. Avoiding highly correlated variables using Pearson correlation coefficients > 0.7 

(Fig. 8, Table 6) and Variance-Inflation Factors > 10 (Table 6) resulted in the exclusion of TRI 

and SWE from further analysis since these variables were considered as less meaningful 

from the respective pairs. 

 

 

Fig. 8 Correlation matrix (Pearson correlation coefficients) including all 63’820 locations. Correlations with p-value 
> 0.01 are considered as insignificant. In this case the correlation coefficient values are leaved blank. 

 

Also, the variable degree days was removed from further analysis (1) because of its lower 

spatial resolution (100m) compared to the elevation layer (10m); (2) due to its status as a 

proxy for temperature, general models (data sets 1 – 3) were constructed with either degree 

days or elevation to provide additional insights (Fig. 9). However, the results revealed that no 

changes in the relative importance of the predictor variables were found. 

In the end, the predictor variables elevation, aspect, slope, land use, light emission, mean 

vegetation height, snow cover and snowfall remained for modeling. 
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Table 6 Pearson correlation coefficients and Variance-Inflation Factors 
for the highly correlated predictor variables. 

Interaction Pearson correlation coefficient 
degree_d – elevation -0.95 
TRI – slope 0.91 
SCF – SWE 0.76 
Predictor variable Variance-Inflation Factor 
degree_d 10.9 
elevation 11.3 
TRI 5.9 
slope 5.9 
SCF 2.9 
SWE 2.6 

 

Relative importance of predictor variables 

Table 7 shows the model performances and the relative influence of predictor variables on 

the boosted regression tree models predicting lynx distribution. The different models 

produced consistent results; in every analysis, cumulative snowfall of the last 72 hours 

clearly had the strongest influence on the response (24.7% – 37.6%). The mean vegetation 

height represents the second strongest contribution (14.3% – 17.7%) followed by light 

emission (11.8% – 15.3%) and elevation (10.4% – 13.8%). On the contrary, the variables 

slope (5.9% – 9.7%), aspect (7.9% – 13.0%) and snow cover fraction (5.1% – 14.8%) were 

less important, yet the latter showed a relatively wide range of values. 

 

Table 7 Model performance and the relative influence [%] of environmental variables on the response. Green: 
highest explanatory power; red: lowest explanatory power. 

Data 
set 

AUC 
training 
data 

AUC 
CV 

Land 
use 

Slope Aspect Elevation Light 
emission 

VHM_mean SCF snowfall 

1 0.999 0.899 
(0.001) 

3.9 6.0 7.9 10.6 12.4 14.3 14.8 30.2 

2 0.989 0.841 
(0.002) 

4.3 6.6 9.0 11.9 13.5 14.8 5.9 34.2 

3 0.988 0.824 
(0.002) 

4.0 7.4 8.7 12.1 13.7 15.8 11.0 27.4 

4 0.959 0.801 
(0.004) 

- 5.9 8.1 10.4 12.4 14.3 11.3 37.6 

5 0.976 0.803 
(0.004) 

- 7.3 9.9 13.4 14.9 14.8 5.1 34.5 

6 0.983 0.774 
(0.006) 

- 8.3 10.7 13.6 15.3 16.8 9.0 26.3 

7 0.988 0.794 
(0.003) 

- 7.2 10.8 12.4 12.8 15.1 10.3 31.4 

8 0.961 0.756 
(0.006) 

- 8.1 10.5 13.0 13.0 15.8 7.4 32.1 

9 0.947 0.744 
(0.008) 

- 8.6 11.1 13.1 14.3 17.7 9.3 25.9 

10 0.976 0.738 
(0.005) 

- 7.5 11.0 13.8 14.4 16.4 10.1 26.8 

11 0.956 0.742 
(0.007) 

- 7.7 10.3 12.8 11.8 15.5 5.1 36.7 

12 0.889 0.601 
(0.012) 

- 9.7 13.0 13.5 13.4 17.4 8.4 24.7 
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Fig. 9 (with elevation) illustrates the results for data sets 1 – 3 (Table 7). It becomes evident, 

that the inclusion of degree days instead of elevation has no effect on the relative influence 

of the remaining environmental variables. In this sense, elevation and degree days substitute 

each other completely. 

Another important finding is that land use is by far the environmental variable that has the 

lowest influence (3.9% – 4.3%; Table 7 and Fig. 9). 

 

 

Fig. 9 Relative influence of environmental variables. Left: variable degree days was included instead of elevation. 
Right: variable elevation was included instead of degree days. 
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Fig. 10 illustrates the results for data sets 4 – 12 (Table 7). In spite of small differences, the 

general patterns are consistent across land use categories and lynx classes. 

According to the models, the main finding is that cumulative snowfall of the last 72 hours 

clearly has the largest relative contribution to the lynx distribution in Switzerland. 

 

 

Fig. 10 Relative influence of environmental variables for data sets 4 – 12. 
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Partial dependence plots 

Cumulative snowfall of the last 72 hours 

Fig. 11 shows the relationship between lynx occurrence and the cumulative snowfall of the 

last 72 hours for all land use categories and separately for forest, open land and transition 

zone. Referring to all land use categories, little snowfall is supposed to have a positive effect 

on the occurrence of females with cubs and males. For open land, there is a slightly negative 

trend between increasing snowfall and lynx occurrence. Yet, no solid conclusions can be 

drawn since the graphs are characterized by considerable fluctuations, particularly with 

regard to the males. Also, it has to be taken into account that the data is extremely unevenly 

distributed (see rugs) which makes it difficult and risky to identify certain trends. 

 

 

Fig. 11 Partial dependence plot for cumulative snowfall of the last 72 hours. 
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Vegetation height 

Regarding the vegetation height (Fig. 12), some clear patterns are emerging. In forest, the 

partial response indicates that lynx prefer a relatively low vegetation height up to 10m. The 

higher the vegetation height, the more negative the effect on the occurrence. In open land, a 

vegetation height below 1m has a negative effect on the occurrence of lynx, i.e. suggesting 

that lynx avoid such landscape. On the other hand, lynx prefer vegetation heights from 1m up 

to 5m. For vegetation heights > 5m the data becomes scarce and the plot shows that lynx 

are indifferent to the vegetation height. Thus, no clear trend can be noticed as the vegetation 

height is increasing. For the transition zone, a similar but less pronounced pattern as in forest 

can be observed. 

 

 

Fig. 12 Partial dependence plot for vegetation height. 
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Night light emission 

The effect of night light emission on the response is shown in Fig. 13. In the overall land-use 

model, low night light had positive effects on females with cubs, whereas such conditions 

had slightly negative effects on males and females without cubs. Also, the plot indicates that 

the latter two can be observed in brighter night light than females with cubs. In forest, 

especially where large parts of the data is concentrated, there are no differences across lynx 

classes. Considering open land, the sex-specific differentiation between females and males 

is striking. Low night light had a positive effect on the occurrence of females with cubs while 

males are also observed under higher night light emission since there is an increase towards 

higher values. Yet again, it has to be taken into account that the data is unevenly distributed 

and less than 10% of the data contribute to that increase (see rugs). No or only a slightly 

negative effect of night light conditions is observed for females without cubs. 

 

Fig. 13 Partial dependence plot for night light emission. 
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Elevation 

Regarding the effects of elevation on the occurrence of lynx (Fig. 14), the partial dependence 

plots show similar patterns across all lynx classes. An increase in the beginning applies to all 

land use categories, forest and open land; suggesting that lynx tend to avoid altitudes below 

600 meters. 

 

 

Fig. 14 Partial dependence plot for elevation. 
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Drivers of lynx summer and winter habitat 

The distinction between summer (June – September) and winter (December – March) 

revealed that the relative influence of the snow cover fraction differed greatly over the course 

of the year (Fig. 15). In summer, snow cover fraction was completely insignificant; yet, in 

winter, it played a major role in the spatial distribution of lynx. Again, cumulative snowfall of 

the last 72 hours had the strongest influence on the response both in summer and in winter. 

Among the remaining variables, no clear differences between summer and winter can be 

identified.  

 

 

Fig. 15 Relative influence of environmental variables. Left: in summer (June – September). Right: in winter 
(December – March). 
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Table 8 Relative influence [%] of environmental variables on the response during summer (June – September). 
Green: highest explanatory power; red: lowest explanatory power. 

Data 
set 

AUC 
training 
data 

AUC 
CV 

Land 
use 

Slope Aspect Elevation Light 
emission 

VHM_mean SCF snowfall 

1 0.963 0.853 
(0.002) 

4.6 6.0 7.3 10.4 10.8 12.9 1.5 46.5 

2 0.973 0.855 
(0.004) 

4.6 7.0 8.6 11.8 12.9 14.5 0.6 40.0 

3 0.955 0.798 
(0.007) 

5.1 9.6 10.0 14.1 14.2 16.8 0.8 29.3 

 

Table 9 Relative influence [%] of environmental variables on the response during winter (December –March). 
Green: highest explanatory power; red: lowest explanatory power. 

Data 
set 

AUC 
training 
data 

AUC 
CV 

Land 
use 

Slope Aspect Elevation Light 
emission 

VHM_mean SCF snowfall 

1 1 0.897 
(0.002) 

4.1 6.8 9.5 10.9 11.7 13.9 26.5 16.5 

2 0.997 0.772 
(0.009) 

5.5 7.7 11.0 13.4 13.6 15.0 13.1 20.6 

3 0.998 0.827 
(0.006) 

3.6 8.2 10.7 12.0 12.6 14.6 16.8 21.7 

 

Fig. 16 shows the relationship between lynx occurrence and cumulative snowfall of the last 

72 hours both in summer and in winter, considering all land use categories. In summer, 

partial responses indicate that females prefer areas with little snowfall, while males are less 

sensitive. However, fitted functions are rather noisy because the data is extremely unevenly 

distributed (see rugs). In winter, lynx tend to avoid areas with cumulative snowfall of the last 

72 hours greater than 40 – 45 mm. 

 

 

Fig. 16 Partial dependence plot for cumulative snowfall of the last 72 hours in summer and in winter. 
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Partial dependence plots did not reveal how snow cover fraction affected the spatial 

distribution of lynx in winter (Fig. 17); the graphs are characterized by considerable 

fluctuations, especially regarding males and high snow cover fractions. 

 

 

Fig. 17 Partial dependence plot for snow cover fraction in summer and in winter. 
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Model evaluation 

The predictive performance of the 12 models (Table 10) was estimated on the respective 

testing data and was based on the AUC score. According to Swets (1988), models for data 

sets 1 – 3 have a high predictive performance, whereas models for data sets 4 – 9 (forest 

and open land) show a useful accuracy. Models for data sets 10 – 12 (transition zone) have 

considerably lower AUC scores indicating low – useful accuracy. Thus, there is a substantial 

decrease in the AUC scores which could be attributed to the unequal sample sizes (Table 3). 

In line with this, Elith et al. (2008) mention that sample size had a major impact on the model 

performance with larger data sets leading to higher predictive accuracy. 

 

Table 10 Predictive performance of the BRT models, as evaluated on the testing data and based on the area 
under the receiver operating characteristic curve (AUC). 

Testing 
data set 

Lynx class Land use category AUC 

1 Males all land use categories 0.986 
2 Females with cubs all land use categories 0.969 
3 Females without cubs all land use categories 0.965 

4 Males Forest 0.813 
5 Females with cubs Forest 0.809 
6 Females without cubs Forest 0.779 

7 Males Open land 0.798 
8 Females with cubs Open land 0.770 
9 Females without cubs Open land 0.757 

10 Males Transition zone 0.742 
11 Females with cubs Transition zone 0.745 
12 Females without cubs Transition zone 0.631 
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Discussion 

Major environmental determinants of lynx distribution 

The aim of this study is to explain lynx occurrences in Switzerland as a function of eleven 

environmental variables. Avoiding highly correlated variables resulted in the exclusion of 

Terrain Ruggedness Index (TRI), snow water equivalent (SWE) and degree days from further 

analysis. The results revealed that snow was the major environmental determinant of lynx 

distribution followed by the vegetation height, night light emission and elevation. On the 

contrary, slope, aspect and land use were less important. Independent of sex, land use or 

season, cumulative snowfall of the last 72 hours clearly had the strongest influence on the 

spatial distribution of lynx. Additionally, in winter, snow cover fraction (SCF) had a major 

impact on the occurrence. 

In most studies, snow data is linked to lynx-prey interactions and the focus is rather on snow 

cover than snowfall. Stenseth et al. (2004) for example assumed that snow has a 

considerable influence on the spatial distribution of the Canadian lynx because of the snow 

sinking depth. More specifically, the snowshoe hare, i.e. the Canadian lynx’ main prey 

species, will easier escape when the sinking depth is deeper resulting in a reduced killing 

capacity of lynx (Stenseth et al., 2004). Likewise, Trainor et al. (2014) revealed in their study 

that snow depth related to Canadian lynx – snowshoe hare encounters. It has been found, 

that population growth rates of roe deer were reduced by large snow depths leading to 

population fluctuations (Grøtan et al., 2005). As a result, snow cover was identified as a 

driver of migration in roe deer (Cagnacci et al., 2011; Mysterud, 2013) and in winter, these 

animals stay in more preferable areas, such as valley bottoms, when there is a large gradient 

in snow cover (Grøtan et al., 2005). Thus, Belotti et al. (2015) assumed that ungulate 

migration might also affect the spatial pattern of lynx predation. Since roe deer and chamois 

are lynx‘ main prey in Switzerland (Jobin et al., 2000; Zimmermann, 2004) and seasonal 

migrations to avoid deep snow have been observed for roe deer in the Italian Alps 

(Ramanzin et al., 2007), further research is encouraged to assess the influence of migratory 

ungulates on the spatial distribution of lynx in Alpine areas. Also, an analysis including snow 

water equivalent instead of snow cover fraction is recommended to provide additional 

insights since snow water equivalent is closely related to the snow depth. Thus, despite the 

tendency that lynx avoid areas with cumulative snowfall of the last 72 hours greater than 40 – 

45 mm, there is a possibility that the obtained snow results are mainly driven by movement 

patterns of wild ungulates. Overall, the results of the present study therefore agree with those 

previously reported, that snow is generally valued as an important environmental variable in 

the ecology of lynx. 

Furthermore, the analyses revealed that lynx preferred forests with a relatively low vegetation 

height up to 10 m. The higher the vegetation height, the more negative the effect on the 
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occurrence. These patterns are consistent with those from Palomares (2001) claiming that 

Iberian lynx preferred shorter tree height when comparing resident sites to sites considered 

to be unused by lynx. 

To characterize human impact on the landscape, the variable night light emission was 

included into the analysis. The results showed that low night light had a positive effect on the 

occurrence of females with cubs while males and females without cubs can also be observed 

in brighter night light. This is consistent with prior findings that lynx commonly avoid areas of 

high human activity, yet when ranging in good habitat they are able to adapt to human 

presence (Breitenmoser et al., 2016; Zimmermann, 2004). Hence, to persist in human 

dominated landscapes, lynx showed altered behavior such as increased traveling speed and 

adjusted habitat choice (Gehr et al., 2017). However, it has to be taken into consideration, 

that human impact is a complex factor which is difficult to evaluate and thus should rely on 

multiple variables (Zimmermann, 2004). Consequently, Zimmermann (2004) characterized 

human impact using different variables, e.g. distance to roads and settlements, road density, 

land use and human population density. In this regard, further research is recommended to 

assess at what time of day lynx have been recorded in areas showing high light emission 

since Filla et al. (2017) discovered that at night lynx were recorded in open habitats 

associated with high prey density, whereas during the day, habitat preference is 

characterized by the offer of dense understory cover away from human presence. 

Elevation has been included in numerous studies (e.g. Doswald et al., 2007; Filla et al., 

2017; Gehr et al., 2017; Zimmermann, 2004) for modeling lynx habitat. Hence, it has been 

observed that elevation was a main predictor of habitat selection (Filla et al., 2017; Gehr et 

al., 2017), whereas in the current study elevation was only of average importance since snow 

information, vegetation height and light emission were considered to have a higher influence. 

Nevertheless, partial dependence plots indicate that lynx tended to avoid altitudes below 600 

m which conforms with the opinion of game wardens of the northwestern Swiss Alps who put 

the minimum elevation for the lynx at 600 m (Doswald et al., 2007). Accordingly, Doswald et 

al. (2007) emphasized that in Switzerland most areas below 600 m are not suitable for lynx 

due to high human presence. 

In the context of the second research question, the relative influence of environmental 

variables was consistent across lynx classes. Similarly, lynx habitat selection appeared to be 

sex-independent in a study on Iberian lynx in south-western Spain (Palomares, 2001). 

However, regarding the effect of night light emission on the occurrence of lynx the results 

revealed differences between males and females with cubs. In open land, females with cubs 

preferred low night light while males have been observed under higher night light emission. 

Thus, I speculate that females with cubs avoid human disturbance due to maternal care and 
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associated safety reasons while males do not contribute to the care of offspring (Pachlatko, 

2002). 

Although no studies have been found that explicitly focused on forest, open land and the 

transition zone, I conclude that such selection was reasonable since lynx show a high 

preference for forest and in particular for the forest edge (Zimmermann, 2004). Hence, in 

accordance with the third hypothesis, the models produced consistent results, i.e. the relative 

influence of environmental variables did not change across land use categories. Contrary to 

this study, Filla et al. (2017) divided forest into coniferous, deciduous and mixed stands and 

(Rozylowicz et al., 2010) identified additional land use classes such as pastures, agriculture, 

natural grasslands and transitional woodland-shrub. Similar information on land use was not 

available for this study, yet I assume that spatial patterns could be described in more detail. 

In line with the fourth research question, a major finding of the study was that lynx selected 

habitat differently over the course of the year: in summer, snow cover fraction was 

completely insignificant; yet in winter, it played a major role in the spatial distribution of lynx. 

In accordance with this finding, Gehr et al. (2017) observed seasonal variation in habitat 

selection by lynx due to snow cover. Thus, in winter, snow cover led to an increased lynx 

occurrence in lower altitudes (Gehr et al., 2017). In the present study, partial dependence 

plots did not reveal how snow cover fraction affected the spatial distribution of lynx in winter; 

the graphs are characterized by considerable fluctuations, especially regarding males and 

high snow cover fractions. Thus, I speculate that pairwise interactions (details are available 

in Elith et al., 2008) drive these patterns, meaning that snow cover fraction in combination 

with a second environmental variable determines lynx occurrence. Accordingly, Elith et al. 

(2008) point out that partial dependence plots can be affected by strong interactions. The 

study by Cagnacci et al. (2011) is important in this respect, revealing that snow cover alone 

had an inconsistent influence on the occurrence of migration in roe deer, while snow cover in 

combination with slope had a strong positive effect. As a result, further research is required 

to assess possible interactions between predictors in the lynx data. In this regard, I assume 

that similar patterns, i.e. pairwise interactions, could also be associated with the high relative 

influence of cumulative snowfall of the last 72 hours. 

Limitations and potential measurement errors 

The global positioning system (GPS) technology is an increasingly used method to track 

animals (D’Eon et al., 2002). For the purpose of this study, 73’533 GPS-tracked resident lynx 

locations were obtained from KORA. Obvious measurement errors were eliminated resulting 

in 63’820 location points. However, despite technical improvements (Hansen and Riggs, 

2008) animal location data collected by GPS telemetry can contain locational errors (spatial 

inaccuracy) and be influenced by missed fixes (missing data as a result of failed location 

attempts) (Frair et al., 2004). Landscape features such as increased forest density and 
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canopy cover (D’Eon et al., 2002), topography (Webb et al., 2013) and atmospheric 

conditions (Lewis et al., 2007) can interfere with satellite signals (Frair et al., 2004). Hence, in 

mountainous regions, terrain obstructions in combination with forest canopy cover resulted in 

a considerable reduction of fix rates (D’Eon et al., 2002). As a result, errors in the data 

acquisition may lead to misclassification of habitats (Frair et al., 2004) and bring out 

limitations on the interpretation of results and analytical aspects of the data (Webb et al., 

2013). 

Moreover, GIS-layers for assigning habitat attributes to lynx GPS locations differed in spatial 

and temporal resolution. For example, night light emission was represented by the mean 

artificial night sky brightness between the years 2010 – 2012, while snow data grids were 

available on a daily basis. Similarly, the cell size of elevation, aspect, slope, land use, mean 

vegetation height and light emission was 10 x 10 m, whereas the snow data layers were 

provided with a spatial resolution of 1’000 m. Therefore, when interpreting the results, it 

needs to be taken into consideration that differences in the spatio-temporal resolution of 

layers may have an effect on the outcome of the analyses. 

Breitenmoser et al. (2016) emphasized that not all predictors identified by a model to have a 

high relative influence on the spatial distribution must be of biological value for the species. 

Thus, in the model of Zimmermann and Breitenmoser (2002) slope and elevation were the 

most important predictor variables for lynx occurrence. However, this result was not related 

to the habitat preference of lynx but rather to the composition of the study area, i.e. forests 

were correlated with elevation and slope due to human activities (Zimmermann and 

Breitenmoser, 2002).  

Finally, Filla et al. (2017) indicated that environmental variables not included in the models 

might have an influence on the habitat selection. Consequently, there is a possibility that 

factors which are even more important for the spatial distribution of lynx in Switzerland were 

not included in the present model. For example, possible variables could be prey availability, 

road density or human infrastructure. 

3D representations of landscapes 

Connectivity assessments could be refined using continuous 3D landscape data. The 

parameterization of resistance surfaces based on landscape composition and configuration 

usually relies on remotely sensed data which provide a wealth of spatially explicit land use 

and land cover information in the context of habitat and connectivity assessments (Neumann 

et al., 2015). To date, land use information applied to connectivity assessments has primarily 

relied on two-dimensional (2D) satellite or aerial imagery, providing land use and land cover 

information across spatial scales. The past decade, however, has seen remote sensing 

advance, and three-dimensional (3D) vegetation structure is now available from digital aerial 

stereo-photographs (Ginzler and Hobi, 2015) and active remote sensors e.g., LiDAR (Bergen 
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et al., 2009; Merrick and Koprowski, 2017). Various studies show that high-resolution 3D 

vegetation structure that also allows for more continuous landscape representations is a 

crucial determinant of species habitat (Gastón et al., 2017; Huber et al., 2016; Zellweger et 

al., 2016). In the context of connectivity, Marrotte et al. (2017) found that lower elevation 

habitat areas had an effect on connectivity and Milanesi et al. (2017) showed that models 

accounting for vegetation height provided better connectivity estimates than simple 2D land-

use data, stressing landscape-content effects. This compelling empirical evidence suggests 

that connectivity assessments could be supplemented with continuous 3D vegetation 

structure to provide functionally relevant landscape features in connectivity assessments. 
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Conclusion 

This comprehensive assessment on lynx observations across Switzerland allows to delineate 

environmental drivers to which the species is sensitive. State-of-the-art remotely sensed 

environmental variables such as snow information, vegetation height and night light emission 

were found particularly important for lynx occurrence. In general, lynx preferred areas located 

higher than 600 m a.s.l. and forests with a relatively low vegetation height up to 10 m. In 

open land, a vegetation height below 1m had a negative effect on the occurrence of lynx, 

suggesting that lynx avoid such landscape. On the other hand, lynx preferred vegetation 

heights in open land from 1 m up to 5 m. Regarding night light emission, females with cubs 

showed a preference for dark environments while males and females without cubs were 

much less sensitive to night light emission. In summer, snow cover fraction was completely 

insignificant. However, in winter, it played a major role in the distribution of lynx. Also in 

winter, lynx tended to avoid areas with cumulative snowfall of the last 72 hours greater than 

40 – 45 mm. Overall, cumulative snowfall of the last 72 hours appeared to be the most 

important explanatory variables for habitat selection by lynx. 

In summary, this study clearly indicates that snow may be a key factor in the spatial 

distribution of lynx in Switzerland. Consequently, the observed relationship between snow 

information and lynx occurrence raises new questions and will hopefully inspire new studies. 

Based on this assessment, environmental managers may gain new insights into the habitat 

choice of lynx and identify sensitive areas for lynx in a more differentiated way.  
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Appendix 

Partial dependence plots 

 

Fig. A - 1 Partial dependence plots for males considering all land use categories. 

 

Fig. A - 2 Partial dependence plots for females with cubs considering all land use categories. 

 

Fig. A - 3 Partial dependence plots for females without cubs considering all land use categories. 
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Fig. A - 4 Partial dependence plots for males in forest. 

 

Fig. A - 5 Partial dependence plots for females with cubs in forest. 

 

Fig. A - 6 Partial dependence plots for females without cubs in forest. 
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Fig. A - 7 Partial dependence plots for males in open land. 

 

Fig. A - 8 Partial dependence plots for females with cubs in open land. 

 

Fig. A - 9 Partial dependence plots for females without cubs in open land. 
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Fig. A - 10 Partial dependence plots for males in the transition zone. 

 

Fig. A - 11 Partial dependence plots for females with cubs in the transition zone. 

 

Fig. A - 12 Partial dependence plots for females without cubs in the transition zone. 
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