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Abstract

Herbivores need to deal with a known trade-off between food quality and quantity. While quantity
(biomass) usually peaks around mid-summer, forage quality (i.e. nutrients) has its peak in early summer
and decrease afterwards. Therefore, herbivores need to balance their forage intake with forage quality
and quantity, but also in terms of predators and disturbances. In theory, there are nine possible feeding
strategies that herbivores can follow, reaching from favouring both, quantity and quality (++), to
prioritising food quantity regardless of quality (+0), to a neutral strategy (00) where neither food quality
nor quantity drives habitat selection. The analysed herbivore species in this thesis is red deer in the Swiss
National Park (SNP).

The aim of this master thesis is (i) to find out where red deer are found in terms of land cover class in
the SNP, (ii) whether red deer reuse their home ranges and feeding locations during the summer, and
(iii) which combination of topography, forage quality, and forage quantity best explains red deer feeding
habitat selection, in general, for females and for males.

To analyse which forage strategy red deer in grassland areas in the SNP follow during the summer, GPS
data (locations and movement data) were used together with in-situ measurements and airborne imaging
spectroscopy data. A limitation of airborne imaging spectroscopy data is the long revisit time. Therefore,
a multi-temporal approach was used, combining three APEX images via growing degree days to
reconstruct one summer and to analyse, whether red deer feeding habitat selection differed throughout
the summer. In-situ measurements were used together with imaging spectroscopy data to train a partial
least square regression (PLSR) model, which was applied to the whole SNP to get predictions of forage
quality (i.e. nitrogen, phosphorus, lignin and fibre) and forage quantity (dry biomass). In a final step, a
resource selection function (RSF) was used to analyse the best combination of forage quality and
quantity variables explaining red deer feeding habitat selection in the SNP.

Within the SNP, red deer were predominantly found within forest and grassland, with the dominant
behaviours lying and feeding. Walking and running were less frequent behaviours. Day-night
differences, as well as sex-specific differences were found between the chosen land cover class and the
behaviour. Red deer home ranges did not vary spatially across the summer, nor did the feeding locations.
Analysing 70 home ranges of red deer showed that they reused their home ranges throughout the summer
with a mean overlap of 71.11 + 16.96 %. The feeding locations were also revisited during the summer,
with a mean overlap of 92 % (aggregated for all individuals). However, at GDD 330.95 (late summer),
areas around the Ofenpass road (Il Fuorn) and Val Minger were more frequently visited compared to
GDD 154.7 (early summer) and showed a higher feeding intensity. The overall best model explaining
female red deer feeding habitat selection included topography, biomass, nitrogen and the fibre content
(ADF), the best model for males included topography, biomass, phosphorus and ADF.

The results come with some limitations, such as less GPS positions of males were available, making this
result less robust. Further investigation is needed to determine, whether male red deer feeding habitat
selection in the SNP is best explained by a combination of topography, biomass, fibre content and
phosphorus, or if this is an artefact. Further, biomass predictions resulted in a lot of zero values, probably
underestimating the effect of biomass, influencing the overall result. Nevertheless, this study used for
the first time a set of forage quality variables (nitrogen, phosphorus, lignin and fibre) compared to other
studies where mostly biomass and nitrogen were used as proxies explaining red deer feeding habitat
selection. Further, only actual feeding positions were analysed. However, as only one time span was
analysed in more detail, potential short-term shifts in the feeding strategy cannot be fully detected.
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1 Introduction

Herbivores need to deal with a known trade-off between food quality and quantity. Resources that are
rich in nutrients (i.e. resources with high food quality) are often less abundant (Fryxell, 1991; Van Soest,
1994). With plant development throughout the summer, biomass increases through accumulation
whereas the nutrients peak in the beginning of spring / early summer and decrease with plant maturation
(Fryxell, 1991). This relationship is described by the forage maturation hypothesis (FMH). However, as
plants mature during the summer, their forage quality declines, while herbivore intake is limited at low
biomass. Therefore, to get enough energy, herbivores follow the phenology of the vegetation and select
forage with intermediate biomass (Fryxell, 1991; Hebblewhite et al., 2008; Merkle et al., 2016). The
food quality-quantity trade-off creates a difficulty for herbivores. They need to get enough energy, which
implies that they must find a balance in their diet between abundant resources that are lower in nutrients
and high-quality food that peaks at the beginning of the summer and decreases afterwards (Fryxell,
1991; Van Soest, 1994). Furthermore, they need to balance their energy intake with other disturbances
such as predators and humans (McArthur et al., 2014).

In theory, there are nine possible feeding strategies (Figure 1) that ungulates can follow during the
summer based on the trade-off between food quality and quantity. Herbivores selecting for both high
quality and high quantity (++, orange) would select for areas with both high nutrients and high biomass.
Herbivores selecting only for biomass (0+, cyan) prioritise food quantity regardless of quality, while a
neutral strategy (00, violet) would indicate neither food quality nor quantity drives the habitat selection.

Quantity (biomass)

+ + +0 + —
2
oy
2
=
3
£ 0+ 00 0-
>
©
3
e

-+ -0 - =

Figure 1: Nine theoretical feeding scenarios that ungulates can follow during the summer. A plus indicates that the species
Javours this trait, a minus that they avoid it and a zero means this trait is neutral in terms of habitat selection. Quality is on the
y-axis, ranging from low to high. Quantity is on the x-axis, ranging from high to low.

How herbivores can deal with the quality-quantity food dilemma depends on their feeding strategy.
Hofmann (1989) reviewed morphological studies of ruminants and classified them into three
overlapping categories based on their feeding behaviour: concentrate selectors (browsers), grass and
roughage eaters (grazers), and intermediate, opportunistic feeders. The analysed herbivore species for
this master’s thesis is red deer. Red deer fall into the category of intermediate feeders, meaning that they
prefer a mixed diet and try to avoid fibres in their diet as long as possible (Hofmann, 1989). Further,
they are opportunistic feeders, means, they choose whatever is available for them and they can adapt
quite fast to the resources that are currently present. This implies potential shifts in their habitat selection
during the summer as a consequence of the food quality-quantity trade-off and their needs.



One possibility for herbivores to maximise their energy intake is to follow the vegetation phenology. In
spring, herbivores start to follow vegetation peaks of high quality (Merkle et al., 2016; van der Graaf et
al., 2006). They “surf on the green wave” to maximise their energy intake after winter (Merkle et al.,
2016). The green wave hypothesis (GWH) represents the spatial extent of the forage maturation
hypothesis for large herbivores (Merkle et al., 2016). Especially at the beginning of the summer, studies
have shown that red deer benefited from surfing on the green wave compared to individuals that moved
slower and were not directly following the green wave (Rivrud et al., 2016). Related to this is the
migrating behaviour of red deer from their winter areas to summer areas. Blankenhorn et al. (1978)
analysed the migration behaviour of red deer around the Swiss National Park (SNP). They found that
most red deer migrate from their winter areas outside the SNP in spring to early summer to their summer
areas within the SNP and in autumn back to their winter areas. Not only do preferences change between
winter and summer; the preferences can also shift during the summer. At the beginning of the summer,
hinds provide maternal care (Clutton-Brock et al., 1982; Merkle et al., 2016) and stags grow their antlers
(Clutton-Brock et al., 1982; Mattioli et al., 2022). Further, towards the end of the summer, both need to
build up fat reserves for the winter (Clutton-Brock et al., 1982; Mattioli et al., 2022). These changing
needs could imply a change in the feeding strategy during the summer.

In this thesis, red deer were analysed in the Swiss National Park (SNP). Founded in 1914, the SNP is a
strict nature reserve and the oldest national park in the Alps which is part of the UNESCO Biosphere
Reserve Engiadina Val Miistair (Schweizerischer Nationalpark, n.d.). Since the early 1920s, red deer
have been present in the SNP with a peak population of over 2000 individuals in the 1980s and nowadays
with around 1400 individuals (Schweizerischer Nationalpark, n.d.). Without natural predator, red deer
are the dominant species in the SNP and are a strong competitor for other herbivores such as chamois
and ibex (Anderwald et al., 2015). Previous studies in the SNP have shown different habitat use by red
deer and other herbivores. Schweiger et al. (2015b) analysed the plant biomass and plant nitrogen
content of chamois, ibex and red deer in the SNP and found significant differences. Red deer were found
in areas where plant biomass was high, and plant nitrogen content was variable. Nitrogen (N) is a proxy
for forage quality and often measured and analysed in terms of red deer habitat selection. Nitrogen can
have positive effects on the body weight of hinds (Albon and Langvatn, 1992) and therefore influence
the survival rate of their offsprings (Borowik et al., 2016). Besides nitrogen, also phosphorus (P) is an
important nutrient for herbivores, e.g. for stags that need nutrients to grow their antlers (Landete-
Castillejos et al., 2007; Smolko et al., 2022). Phosphorus is often limited in subalpine and alpine
grasslands (Thiel-Egenter et al., 2007) and it was shown by Schiitz et al. (2006) that red deer preferred
phosphorus-rich grassland in the SNP. While nitrogen and phosphorus are favoured by red deer, fibres
are avoided as long as possible (Hofmann, 1989). The fibre content was quantified in this thesis with
the acid detergent fibre (ADF) which includes cellulose, lignin and ash (Holtzapple, 2003a) and with
acid detergent lignin (ADL), the part that is hardest to digest (Holtzapple, 2003b; Katoch, 2023). Fibres
are needed to some extent for the rumen (Van Soest, 1994); however, they are very difficult to chew and
digest (Van Soest, 1994; Holtzapple, 2003a,b) and are therefore less preferred compared to nitrogen and
phosphorus. Forage quantity was quantified in this thesis with dry biomass, the forage quality was
quantified with nitrogen, phosphorus, ADL and ADF.

Rapiya et al. (2025) showed that carbon (C), nitrogen, ADF and the ratio C:N:ADF changes over the
year and that the season influences these changes. The highest variations were found during late summer.
Further, Rempfler et al. (2024) showed that biomass (forage quantity) was more important in habitat
selection of red deer in the summer than quality by using Sentinel-2 data. But do red deer always
prioritise quantity, or do they shift their strategy during the summer with changing needs? These
temporal dynamics during the summer remain unexplored. Furthermore, studies to date used different
remote sensing approaches or did not include several nutrient proxies in the same study to assess red
deer feeding habitat selection. Until now, nitrogen and biomass were often used as proxies to describe
red deer presence, but there might be a better food quality proxy such as phosphorus or ADF.
Furthermore, all recorded GPS positions were used in previous analysis, regardless of whether the
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animals were feeding or not. However, various behaviours were recorded, and the focus of this thesis
will be on actual feeding positions.

To test which of the nine possible feeding strategies red deer follow during the summer in the SNP, this
thesis follows a multi-temporal imaging spectroscopy approach using APEX (Airborne Prism
Experiment; Schaepman et al., 2015) data. Imaging spectroscopy products can be used to derive
vegetation properties such as biomass, nitrogen and phosphorus content at high spatial resolution (Ustin
et al., 2004). However, the limitation for continuous measurements so far is the long revisit time.
Therefore, a multi-temporal approach is used, where different APEX products from multiple years are
combined and matched by the phenological state via the growing degree days (GDD), to construct one
summer season with information at the early, mid and late summer. This approach allows to quantify
potential temporal shifts in the feeding strategies of red deer during the summer. GPS locations of red
deer are used together with image spectroscopy products from APEX and ground measurements of
forage quantity (biomass) and forage quality (N, P, ADL, ADF) within the SNP to build a resource
selection function (RSF), a special case of a species distribution model (SDM; Figure 2) and to assess
red deer feeding habitat selection. SDMs, as well as RSF, are empirical statistical models that
characterise a species’ niche based on environmental variables and use it to explain the species’
distribution (Elith and Leathwick, 2009).

To sum it up, this master thesis focuses on:

1. Using a model to filter the behaviour “feeding” out of all collected GPS information to assess
actual red deer feeding habitat selection

2. Using a multi-temporal approach to see how the food diet preferences change during the summer
season (early, mid and late summer)

3. Using high resolution imaging spectroscopy data from APEX

4. Including phosphorous, lignin and the fibre content as important nutrients besides nitrogen and
biomass in the RSF to assess feeding habitat selection

_
« Behavioural classification ] I_» E + PLSR model for predictions 4—‘

+ Adding land cover information
+ Filtering for different behaviours * SDM for habitat selection

 Land cover classes &
behaviour

« Temporal shifts (early, mid
and late summer)

« Best forage proxy for
explaining feeding habitat

| SENE i NE S NS S

171}

« Sex-specific differences

Aboveground
biomass

Figure 2: Conceptual diagram showing the steps covered in this thesis (Created by A. Breitling in https://BioRender.com)
3



1.1 Research questions and hypotheses

This thesis aims to find answers to the following questions:
Q1: Where do we find red deer in the SNP?
Q1.1: What land cover classes do they use?

Q1.2: What is the dominant behaviour within these classes?

Q2: How do red deer home ranges and feeding locations vary spatially across the summer (early, mid
and late)?

Q2.1: Do red deer reuse their home ranges across the summer (early, mid and late)?

Q2.2: Do red deer reuse their feeding locations across the summer (early, mid and late)?

Q3: Which combination of topography, forage quality proxies (N, P, ADL and ADF) and forage
quantity (biomass) best explains red deer feeding habitat selection?

Q3.1: Topography alone?
Q3.2: Topography and food quantity (biomass)?

Q3.3: Topography together with food quantity (biomass) and quality (N, P, ADL, ADF)?
Q4: Are there sex-specific differences in feeding habitat selection?

By answering these questions, this thesis aims to find out which of the nine theoretical feeding scenarios
(see Figure 1) best describes red deer foraging strategy at different time periods during the summer in
the SNP. These hypotheses were made:

H1: Red deer are mainly found in the forest and grassland areas with the dominant behaviours lying
and feeding.

H2: There are differences in the home ranges and feeding locations across the three phenological
stages.

H3: Red deer feeding habitat selection is best explained by topography, biomass and forage quality
proxies. They are found at areas with high biomass, variable to high nitrogen content and high
phosphorus content. For lignin and fibres, on the other hand, low contents are preferred.

H4: There are no sex-specific differences in feeding habitat selection.



2 Theoretical backgrounds
2.1 Red deer and their diet

Red deer (Cervus elaphus Linnaeus, 1758; Figure 3) are a widespread species found in Europe, but also
in West and Central Asia (Mattioli et al., 2022). They are very closely related to wapitis and elks;
however, they are a nowadays considered as separate species and even the West and Central Asian red
deer (Cervus hanglu) are seen as separate species (Mattioli et al., 2022). In Europe, there are several
subspecies such as the Scottish, the Iberian or the Italian red deer, differentiated through genetic or
phenotypic characteristics (Mattioli et al., 2022; Volodin et al., 2013).

Red deer generally prefer woodland areas, but they also need grasslands to feed on, therefore, they are
typically found at places with grassland and forests (Mitchell et al., 1977). Due to hunting, deforestation
and the trade-off with space for livestock, red deer populations diminished to very few numbers, before
in the second half of the 20™ century, the populations recovered because of resettlements, better
protection of the forest and reducing the interspecific competition with livestock (Mattioli et al., 2022).

Figure 3: Female red deer (hind; own picture)

Depending on the season, there are changes within the physiological cycle of red deer (Arnold, 2020).
In spring and over the summer, red deer need to increase their energy intake through forage to
compensate for the winter depletion and to prepare for the reproduction cycle and the antler growth
(Clutton-Brock et al., 1982; Mattioli et al., 2022). Reproduction needs energy. While hinds are pregnant,
they need energy for their foetus to grow, but at the same time energy for themselves (Oftedal, 1985).
This extra energy is mainly gained through food or body fat reserves (Oftedal, 1985). Arman et al. (1974)
showed that hinds increased their forage intake towards end of the pregnancy by 1.2 to 1.8 times and
during lactation even up to 2.4 to 2.6 times compared to a non-reproducing hind. Further, they showed
that hinds with calves increased their body weight up to 12 kg in the first 20 to 30 days after the calf
was born. However, during lactation, the body fat reserves of the mother decrease again (Clutton-Brock
et al., 1982). If this decline is too drastic, the mother and also its calf will most probably not survive the
next winter (Clutton-Brock et al., 1982). Therefore, hinds need to gain fat reserves during summer to
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prepare for the winter and they reach their highest body weight in November (Mitchell et al., 1976).
Stags, on the other hand need to grow their antlers and gain body mass to prepare for the rutting season
in autumn (Clutton-Brock et al., 1982). They reach their highest body weight in September, the start of
the rut season, however, during the rutting season itself, they barely consume forage and can even lose
up to 14 — 17 % of their body weight (Mitchell et al., 1976). Even though red deer consume less forage
in winter due to reduced activity, it was shown by Arnold et al. (2015) that nutrients can be better
extracted. However, this does not compensate for the general loss in weight in both sexes during winter
(Mitchell et al., 1976).

Red deer are opportunistic, intermediate feeders, meaning they prefer a mixed diet and try to avoid fibres
as long as possible; however, they can also adapt quite fast to changing resource availability (Hofmann,
1989). Because stags are generally larger than hinds (males: 100 — 220 kg and females: 55 — 130 kg)
and grow faster, they need more forage intake (Mattioli et al., 2022). At the same time, they respond
more strongly to limited resources than hinds (Clutton-Brock et al., 1982). Even though hinds and stags
can generally be found in the same habitats, the habitat use and the forage selection differ between the
sexes, known as sexual segregation (Clutton-Brock et al., 1987).

While red deer generally follow the greening up of the vegetation to maximise biomass intake
(Hebblewhite et al., 2008; Merkle et al., 2016; Sigrist et al., 2022), they also need nutrients in their diet.
The body weight (mass and fat reserves) of hinds is essential for their reproduction and their pregnancy
success, as well as for their calves and how hinds manage lactation phase (Mitchell et al., 1976).
Reproductive success is therefore related to body condition and high-quality forage (Clutton-Brock et
al., 1982). Nitrogen can have positive effects on the body weight of hinds (Albon and Langvatn, 1992)
and therefore influence the survival rate of the offspring (Borowik et al., 2016). Stags need nutrients to
grow their antlers and make them strong. This is related to the body weight and size (Landete-Castillejos
et al., 2007). Besides nitrogen, phosphorus (needed by vertebrates for their bones and the mineralisation
of the skeleton (Cotti et al., 2020)) and CaCOs are also important for producing large antlers (Smolko
et al., 2022). The forage intake during lactation phase can already influence the growth of antlers of
young stags (Landete-Castillejos et al., 2007). Fibres are not preferred as they are more difficult to digest
(Van Soest, 1994; Holtzapple, 2003a,b; Katoch, 2023). With increasing fibre content in plants, the
digestibility decreases (Katoch, 2023). However, red deer also need them to some extent for the rumen
function (Van Soest, 1994). Whereas fibres are still digestible to some extent, lignin is the part that is
hardest to digest and avoided (Holtzapple, 2003b; Katoch, 2023).



2.2 Imaging spectroscopy

In the 1990s, imaging spectroscopy came up as a new research area to analyse and measure processes
on Earth (Huete, 2004; Ustin et al., 2004). The underlying concept is based on “interactions between
matter and electromagnetic radiation” (Ustin et al., 2004). Solar radiation can interact (i.e. be scattered
or absorbed) with the Earth’s surface and result in a signal that is received and measured by a sensor
(Figure 4; Huete, 2004). This field is rapidly evolving, with new methods and data becoming
increasingly available making it now possible to track changes in the environment and analyse different
Earth system components such as the cryosphere (e.g. Naegeli et al., 2015), the hydrosphere (e.g. Maire
et al., 2025) or the biosphere (e.g. Gamon et al., 2019; Homolova et al., 2013).

v Energy Source of
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Figure 4: Remote sensing concept (Huete, 2004)

The relevant spectrum goes from the visible range (VIS; 400 nanometres (nm)) to the short-wave
infrared (SWIR; 2500 nm; Ustin et al., 2004). Depending on the pigments and constituents in the
analysed object, different wavelengths are reflected and absorbed. Water absorbs strongly at the
wavelengths 820 nm, 940 nm, 1140 nm, 1400 nm and 1820 nm (Kakuta and Ozawa, 2022; Thompson
etal., 2015), whereas vegetation pigments strongly absorb in the VIS and reflect a lot of light in the near
infrared (Rouse et al., 1974). However, depending on the purpose, ultraviolet wavelengths can also be
useful, e.g. to detect atmospheric pollutants (Huete, 2004).

Whereas sensors of Landsat 8 or Sentinel-2 have their bands at distinct absorption features (see Figure
5 for albedo retrieval from Naegeli et al. (2017)), imaging spectrometers, also called “hyperspectral”
imagers, have hundreds of narrow bands to capture the full spectrum (Ustin et al., 2004). Sensors can
either be on satellites or on aircraft. Whereas Hyperion (operated 2000 — 2017), was on board the Earth
Observing-1 (EO-1) satellite (NASA, n.d.), AVIRIS (Airborne Visible/Infrared Imaging Spectrometer)
and APEX (Airborne Prism Experiment) are used on board of an aircraft.

Sensors can also be characterised by their resolution. Those are nicely described by Huete (2004) for
satellite sensors. The spatial resolution describes how large a pixel on Earth is, measured by the sensor.
The higher the spatial resolution, the more objects are resolved. The spectral resolution is defined be the
number of bands and the bandwidths and the temporal resolution is defined as how long it takes to take
an image of the same area again. However, there is a trade-off between the spectral, the spatial and the
temporal resolution (Key et al., 2001). For example, the higher the spatial resolution (i.e. more features
are resolved), the lower the temporal resolution, and the spectral resolution is lower as well (Key et al.,
2001). The hyperspectral sensors build on these trade-offs and try to circumvent them by having a high
spectral resolution and at the same time a high spatial resolution. Therefore, defining the goal and
purpose of the analysis and selecting accordingly the right spatial, spectral, and temporal resolution
together with the right sensor is very important (Key et al., 2001; Warner et al., 2009).
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Figure 5: Comparison of the position of bands for the sensors of Landsat 5/7, Landsat 8, Sentinel-2 and APEX for albedo
retrieval (Naegeli et al., 2017)

The sensors (e.g. APEX) on board of an aircraft measure a signal. To be able to use this information,
several pre-processing steps are necessary. One is the radiometric calibration. There are many user
guides on how to plan and perform the radiometric calibration (e.g. Tansock et al., 2015). The
radiometric calibration is necessary to characterise the sensors’ performance, to calibrate the data and to
account for electronic and optical effects (Tansock et al., 2015). Besides that, the measured signal in
digital numbers needs to be converted into a radiance signal in W m sr'! (Ustin et al., 2004). After the
radiometric calibration, the spectral calibration is also of importance, to ensure that each spectral band
is assigned to its correct wavelength (e.g. described by Kuhlmann et al., 2016). Due to aircraft movement
and the relief of the terrain, geometric distortions can occur. To account for those, algorithms need to be
applied to get an orthorectified image, in which every pixel is assigned to a geographic position
(Schlédpfer and Richter, 2002). However, there are also many processes within the atmosphere and on
the Earth’s surface, that influence the measured signal, such as scattering of radiation on molecules or
aerosols, the absorption of energy at gases and scattering processes depending on the surface topography
(Huete, 2004). These signals are included in the measured radiance; however, the “true” radiance from
the surface is only one part of it. Radiative transfer models (e.g. ATCOR) are used to “compensate” for
processes in the atmosphere and the topography such as the path radiance, the slope, the viewing and
scan angle and adjacency scattering processes (Richter and Schldpfer, 2002). The product of these
radiative transfer models is the surface reflectance, which can then be further used to derive information
(Ustin et al., 2004).

At higher spatial scale, vegetation is much better resolved, thus, also introducing shadow and reflectance
anisotropy effects due to the heterogeneity of the vegetation (Damm et al., 2015). These effects influence
the retrieved surface reflectance. While they cannot yet be entirely avoided, there are promising ideas,
like optimising the observation angle (Neneman et al., 2020) or via empirical correction approaches
(Weyermann et al., 2014). However, at very small scale (i.e. of individual trees), correcting for these
effects is still an active area of research (Damm et al., 2015).



2.3 Species distribution model

Species distribution model (SDMs) and are used to assess whether a species is present in an environment
or not (Elith and Leathwick, 2009; Godsoe and Harmon, 2012). Resource selection functions (RSF)
represent a special case of SDMs. The workflow of a RSF is similar and to the one of a SDM (here
generally described for SDMs), but in RSFs one accounts for variations between individuals (Gillies et
al., 2006; McCabe et al., 2021). The workflow for a SDM starts with collecting appropriate data on
species occurrence and environmental predictors and combining them in a model with presence-absence
data to get information about the environmental space of a species that can be applied to the geographic
space (see Figure 6 from Soley-Guardia et al., 2024). Most SDMs are based on a regression between the
species occurrence and a combination of predictor variables (Elith and Leathwick, 2009). Depending on
the type of the response variable, different models (e.g. a generalised linear model (GLM) when the
response variable is binomial) can be used to build an SDM. These different approaches are well
summarised in Table 1 of Guisan and Zimmermann (2000).
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Figure 6: Workflow for a SDM from gathering the data to building the model and applying the model to the environmental and
geographic space (Soley-Guardia et al., 2024)

Methodological difficulties in setting up an SDM include for example, how to include species
interactions and how to handle presence only data, as most SDMs require presence-absence data. Godsoe
and Harmon (2012) described how biotic interactions influence the results of SDMs and Poggiato et al.
(2025) showed that trophic interactions can be included in SDM by incorporating Bayesian statistics. If
only presence data are available, some “background” or “pseudo-absence” points need to be generated.
Background points are generated over the whole study area and describe the environment (Phillips et
al., 2009). On the other hand, pseudo-absence points (i.e. potential positions where the species was
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absent) can be generated in many ways, e.g. randomly or weighted (Engler et al., 2004; Ferrier et al.,
2002; Zaniewski et al., 2002). Pseudo-absence points can also be generated as a buffer around a location
(e.g. VanDerWal et al., 2009) or by incorporating the step length and the turning angle of the animal
with an integrated step selection analysis (iISSA; Avgar et al., 2016).

Several studies have shown that including absence points increases the model accuracy (Elith et al.,
2006; Phillips et al., 2009). However, the choice of the best method how to generate the absence points
is not trivial. Barbet-Massin et al. (2012) provided guidelines on how to choose the correct parameters
to build robust SDMs. Further, Phillips et al. (2009) describe how to deal with problems like sampling
bias of presence data. Besides that, spatial autocorrelation needs to be considered as the assumption of
independence does not hold for clustered points (Guisan and Zimmermann, 2000).

Besides methodological challenges, there are also conceptual challenges. SDMs are based on the
concept of the niche, i.e. the position of a species within its environment. There are different definitions,
of which the following three are the most important ones for the niche concept (Wang, 1995). The first
who used the term niche was Grinnell (1917) who defined the niche as a species’ distribution, also
referred to as “habitat”. Elton (1927) extended the concept and included in the niche the position a
species has within its community. Hutchinson (1957) defined the niche as ‘“n-dimensional
hypervolume”, where all environmental parameters are captured. He also defined the terms realised and
fundamental niche. Whereas the fundamental niche spans the whole environment where a species could
exist based on abiotic factors, the realised niche is the area where the species actually occurs based on
biotic interactions (Putman and Wratten, 1984). It’s a large debate, whether the fundamental or the
realised niche is modelled in SDMs and Aratjo and Guisan (2006) addressed this issue in their paper.
Depending on the used concept, the SDM output needs to be interpreted differently.

Besides that, SDMs can serve for different purposes and questions that one wants to answer. SDMs can
be used to explain, predict or project species distributions (Aratjo et al., 2019). Explanatory models
investigate the dependency between the environment and the occurrence of the species to identify
potential drivers of species distribution and provide or test hypotheses about these drivers. Predictive
models use the learned relationship between environment and species and predict the distribution of the
species within the same space and time. Projections extend this model to predict suitable habitats in the
past or the future and do predictions also in other geographic regions.

Depending on the purpose, different evaluation purposes are appropriate. For explanatory SDMs, Elith
and Leathwick (2009) suggest using statistical tests and incorporate that with what is known. For
predictive SDM they suggest using data resampling (e.g. by splitting the samples, via cross-validation
or bootstrapping) to test the model or use independent data.

SDMs come with a set of assumptions. One is that the “species are at equilibrium with their
environments, and that relevant environmental gradients have been adequately sampled” (Elith and
Leathwick, 2009). However, Guisan and Zimmermann (2000) describe that for species, which are rather
bounded to their environment and react more slowly to changes in the environment, such as alpine
species, this assumption can be relaxed. Furthermore, SDMs work best, if the species does not move
over large distances and stays within a defined area (Elith and Leathwick, 2009).

Despite all the methodological and conceptual challenges, SDMs have become a widely used tool in
ecology. SDMs can be used to model species niches and analyse how they will change under climate
change but are also useful for conservation purposes and management (Willis et al., 2015). However,
the implementation is not yet consistent leading to low quality models and non-comparable results.
Soley-Guardia et al. (2024) described in their paper some of the problems, i.e. that there is a lot of
software and literature available and that SDMs are easy to implement, but the real understanding is
often lacking. Aratjo et al. (2019) analysed 400 modelling studies and made clear, that standards for
setting up a SDM are still lacking. They provide guidelines and standards to improve the model quality,
make them transparent and transferable. Related to this is the idea of Zurell et al. (2020). They developed
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the “ODMAP (Overview, Data, Model, Assessment and Prediction) protocol, as its components reflect
the main steps involved in building SDMs and other empirically-based biodiversity models” (Zurell et
al., 2020). The goal of this protocol is to guide authors through the workflow of SDMs and how to report
and communicate the results to make them comparable.
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3 Material
3.1 Study area

The study area was the Swiss National Park (SNP), covering 170 km? in the canton of Grisons in
Switzerland (Figure 7; Schweizerischer Nationalpark, n.d.). The SNP is a strict nature reserve where
animals and plants are protected from human disturbances. The International Union for Conservation of
Nature (IUCN) categorised the SNP in the highest class of protection, category 1a, where only hiking
on trails and scientific work is allowed (Schweizerischer Nationalpark, n.d.). The elevation range is
between 1400 and 3174 metres above sea level (m a.s.l.; Schweizerischer Nationalpark, n.d.). Around
half of the area (51 %) is mountainous terrain consisting of scree and rocks, 21 % are alpine grasslands
and 28 % of the area is covered with forest, of which are almost all coniferous trees (Schweizerischer
Nationalpark, n.d.). The climate is dry and cool. The climate at Buffalora weather station (1971 m a.s.l.)
just outside the SNP (see Figure 7) was characterised by a mean annual temperature of 1.17 + 0.53 °C
(mean + SD) and mean annual precipitation of 812.33 + 236.21 mm (1991-2020; MeteoSwiss, n.d.).
Summer months (June — August) had a mean temperature of 10.28 &= 0.84 °C and a mean precipitation
0f 314.12 £ 69.83 mm (1991-2020; MeteoSwiss, n.d.). The plant growing season in alpine vegetation is
usually from mid-May to mid-September (Anderwald et al., 2015) for three to four months (Vorkauf et
al., 2021). Red deer are mainly present in the SNP during summer, with approximately 1400 individuals,
and leave the SNP in autumn for their winter areas outside the SNP (Schweizerischer Nationalpark,
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Figure 7: Extent of the SNP shown in green. Some valley names are added for a better orientation. The map was produced in
ArcGIS Pro (version 3.6.0).
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3.2 Data

3.2.1 Red deer summer locations

GPS positions of red deer were collected by the SNP for the Project Ingio Via for the years 2010-2019
(Rempfler, n.d. for the SNP). Over this time, 82 different individuals were captured and equipped with
a GPS collar. The sensor was set to record the individual’s GPS position approximately every hour,
sometimes up to four hours and lasted around two years, before the sensor was dropped off, ran out of
battery or the animal died. The GPS coordinates spatial accuracy was 11.3 + 4.7 m (Schweiger et al.,
2015b). Besides that, 73 of those individuals (55 females and 18 males) were also equipped with an
accelerometer (Figure 8) to measure their movement, starting in the autumn 2010 with one individual.
This special GPS collar (VERTEX Plus Collar) was from VECTRONIC Aerospace GmbH
(VECTRONIC Aerospace GmbH, 2016) and collected the acceleration in x- and y-direction every five
minutes. Again, the accelerometer recorded data for around two years, before the collars were dropped
off or ran out of battery. Out of these data, for this study the GPS summer positions (June — August)
were used as red deer presence data and together with the movement data to identify feeding locations.

Figure 8: Red deer equipped with a GPS collar including an accelerometer (Schweizerischer Nationalpark, n.d.).

3.2.2 Temperature data for summer phenology

The temperature data was downloaded for Buffalora weather station from Meteo Swiss (MeteoSwiss,
n.d.). The station (1971 m a.s.1.) is located just outside the SNP (see Figure 7 under section 3.1). From
01.01.1917 until present, the station records weather parameters like the air temperature. Used here were
the daily minimum and maximum air temperature, measured 2 m above the ground every day for
calculating the growing degree days (GDD). With the GDDs, different growing stages throughout the
summer could be assigned to the phenology.
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3.2.3 Plant trait data: Airborne imaging spectroscopy data and ground
measurements of forage quantity and forage quality

I used imaging spectroscopy data collected with APEX (Schaepman et al., 2015) over the SNP (SNP et
al., n.d.). APEX operates as an airborne pushbroom system with 1000 pixels in across track direction
and depending on the flight height, the swath-width ranges from 2.5 — 5 km (Schaepman et al., 2015).
The data were collected as 284 spectral bands between 450 to 2500 nm (Schaepman et al., 2015) with
spectral resolution in the visible and near infrared of 2.6 — 13.5 nm and in the short-wave infrared
(SWIR) 5.6 — 9.9 nm.

The APEX data were available for five years (2010, 2013, 2015, 2016 and 2019) where the whole SNP
was covered by a flight. The images were provided in 545 individual tiles, each consisting of 550 x 550
pixels and 284 bands. With a spatial resolution of 2 x 2 m, each tile covers an area of 1100 m x 1100 m
(= 1.21 km?). The product was a surface reflectance product containing hemispherical-conical
reflectance factor (HCRF) values, stored as Int16.

Ground measurements of forage quantity (biomass) and forage quality proxies (among others N, P, ADF
and ADL) were collected by Schweiger et al. (2015a) for the SNP at different locations within the SNP
or its nearby surroundings (Figure 9) for different years. They established 51 plots in 2010 and 82 in
2013 with a size of 6 x 6 m. On 24 June 2010 and on 12 July 2013 (the days of the APEX flights, see
Table 2 under Section 4.2.1) biomass was clipped 1 cm above the ground within a 1 x 1 m grid in the
centre of each plot and the fresh weight was measured (Schweiger et al., 2015a). The samples were then
dried and ground, and forage quality variables were determined in the lab (Schweiger et al., 2015a).
Whereas for the year 2010, 11 different vegetation characteristics were measured, only seven were also
measured in 2013 and the following years. The vegetation characterises of interest are shown in Table 1
and were used to describe forage quantity (dry biomass) and forage quality (N, P, ADF and ADL) within
the SNP. These proxies were used to determine which combination of forage quantity and forage quality
best explained red deer feeding habitat selection. The measurements in 2013 were mainly collected in
Val Trupchun, while the measurements from 2010 were also conducted in other areas within the SNP (Il
Fuorn and Val Mingér) covering the different elevation and vegetation characteristics within the SNP.
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Figure 9: Location of in-situ measurements collected within the Swiss National Park (green) and its nearby surroundings for
2010 (left) and 2013 (right).
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Table 1: Variables describing forage quantity (biomass) and forage quality (N, P, ADF and ADL), together with the available
data, the number of plots and the parameter range.

Variable Available data Number of plots Range
Biomass dry [g/m?] 2010 + 2013 133 7.19 - 443.30
Nitrogen [%] 2010 + 2013 133 1.16 - 4.00
ADL [%] 2010 + 2013 133 1.85 - 20.98
ADF [%] 2010 + 2013 133 21.55-44.19
Phosphorus [%] 2010 51 0.08 - 0.18

3.2.4 Topographic variables

The topographic variables (elevation, slope and aspect) were extracted from the digital elevation model
(DEM; Swisstopo, n.d.) with a 2 x 2 m spatial resolution covering Switzerland. In the DEM, the
elevation levels were directly stored, slope and aspect were retrieved.
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4 Method

4.1 Red deer locations

4.1.1 Identifying feeding locations from accelerometer data

As the objective was to analyse how red deer selected their summer (June — August) feeding habitat with
respect to forage quantity and quality, only actual feeding positions were of interest. To identify different
behaviours from accelerometer data, the predictive model developed by Bar-Gera et al. (2025) was used.
The model used acceleration measurements in x- (back and forth) and y-direction (left and right) and
converted them into discrete behavioural categories using linear discriminant analysis. The classification
was conducted following their provided R-script.

To match the activity data including the predicted behaviour (recorded every five minutes) with the GPS
locations (recorded roughly every hour, sometimes up to four hours), a temporal matching approach was
used. For every GPS location, all activity data within a + 20-minute window were identified. This
window was found with a sensitivity analysis, where different time windows (+ 5; + 10; £ 15; + 20; +
25 and + 30 minutes) were tested. The sensitivity analysis tested how sensitive the number of GPS
positions is in respect to the time window. The + 20-minute window was the best in terms of having
enough positions (seven to nine) within the window to identify a majority behaviour and assigning this
majority behaviour to the respective GPS position. By aggregating the activity data to GPS data within
a £ 20-minute window, temporal autocorrelation between the GPS locations was reduced. Further, a
diversity index was calculated by using the Simpson diversity index which is directly bounded between
0 and 1 and used to assess the homogeneity of the behaviour at each GPS location. In ecology, the
Simpson diversity index describes “the probability of two randomly sampled individuals belonging to
different species” (He and Hu, 2005). This was adapted and applied to different behaviours (0: low
heterogeneity and the same behaviour within the window; 1: high heterogeneity and with diverse
behaviours). 2286 GPS positions had no matching activity data within the time window and were
excluded, representing 1 % of all GPS positions. These missing activity data came from three different
individuals, where two of them had three and seven missing activity data respectively, that were not
recorded. The individual with the animal ID 20168 had 2276 missing activity data (no activity data was
recorded).

For later analysis, when only feeding positions were of interest, only GPS positions with the dominant
behaviour “feeding” and a Simpson index < 0.3 were kept. This value worked well with the data and
ensured a homogeneous behaviour within the time window of + 20 minutes, as a maximum of three out
of seven to nine positions differed from the majority behaviour.

4.1.2 Identifying GPS positions from land cover and by time of the day

To identify the corresponding land cover to each GPS position, the land cover class layer from ESA with
a 10-meter resolution (ESA WorldCover project [2021] / Contains modified Copernicus Sentinel data
([2021]) processed by ESA WorldCover consortium; Zanaga et al., 2022) was used (input by Hijmans
(2024)). To analyse day-night differences, the time between sunrise (06:00) and sunset (21:00) was
defined as day, the rest as night (for June — August; for all the years).

As for later data analysis, only red deer positions in open habitat were of interest, the land cover layer
(Zanaga et al., 2022) was used to produce a “grassland” mask. For doing so, the layer was projected into
the Swiss Coordinate System and resampled to 2 m resolution to fit the spatial resolution of the APEX
image. Land cover class grassland, cropland, bare/sparse vegetation and moss and lichen were counted
for the grassland mask and the rest (e.g. forest) was excluded. Even though forest made up a large
proportion of observations, the imaging spectroscopy data would only provide information on the
vegetation of the tree canopies, which were not informative of red deer feeding, and were therefore
excluded.
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4.2 Summer dynamics

4.2.1 Assigning phenological stages via growing degree days

The study used imaging spectroscopy data collected from several years in the SNP (Table 2) to represent
different phenological stages of the summer season. The goal was to construct one summer (June —
August) season to test, whether red deer feeding habitat preferences change throughout the summer.
There was only one flight per year, so a temporal matching of the different years via the growing degree
days (GDD; McMaster and Wilhelm, 1997) was done to construct one summer. The GDDs were
calculated based on the formula below (McMaster and Wilhelm, 1997). Days with an average
temperature below the base temperature did not contribute to the GDD.

(max. temperature + min. temperature)

GDD = > — base temperature

For calculating the GDD, a base temperature of 4 °C was taken, as suggested by Rauschkolb et al. (2025)
for herbaceous species in Central Europe. This also aligns with the long-term (1971 — 2004)
phenological monitoring project in the Swiss Alps, where 4 °C was chosen as an intermediate value for
species blooming from early spring to summer (Project MeteoSwiss Cost 725; Studer et al., 2005). GDD
are a good proxy for the phenological stage of plants and are better suited than calendar days, as GDD
account for thermal conditions (Quaglia et al., 2020). Usually, alpine plants need around three to four
months for their growing cycle (Vorkauf et al., 2021). Based on this, the GDD values were assigned
approximately to phenological stages, representing approximately the main growing phase of alpine
plants.

Table 2: Available APEX data for the SNP with the calculated GDD of the APEX flight, the calendar day and assigned
phenological stage. Highlighted in green are the three chosen GDD for further analysis.

Year GDD of APEX flight Calendar day Phenological stage
2010 154.7 24.06.2010 Early season

2013 239.95 12.07.2013 Mid season

2015 268.6 03.07.2015 Mid season

2016 284.75 16.07.2016 Mid season

2019 330.95 18.07.2019 Late season

For further analysis, the GDD 154.7, 239.95 and 330.95 were chosen representing early, mid and late
season in terms of vegetation growth. Further, the number of GDDs between early and mid and mid to
late summer were similar when using GDD 154.7, 239.95 and 330.95. These three GDD periods were
used to construct the summer season and to analyse whether red deer feeding habitats changed
throughout the summer. The summer temperature (June — August) in these years (2010, 2013 and 2019)
was 10.66 °C, 10.35 °C and 11.59 °C with total summer precipitation of 272.2 mm, 238.3 mm and 282.4
mm (MeteoSwiss, n.d.).

4.2.2 Assessing red deer home range fidelity across phenological stages

Home ranges were calculated to check whether red deer reused the same locations throughout the three
phenological stages. All available summer GPS positions (including all behaviours and all land cover
classes) for the years 2010 to 2019 were used and only filtered for the respective GDD with a window
of + 5 days. The window of + 5 days was used to find out whether red deer were attracted to the location
or not and to avoid duplicates of GPS positions when using a broader window. The GPS data were
checked for temporal autocorrelation (R package ctmm, version: 1.3.0; Fleming and Calabrese, 2025)
by calculating the semi-variance function (SVF) and fitting continuous-time movement models (Silva
et al., 2022). Model selection via the corrected Akaike Information Criterion (AICc; corrected for small
sample sizes) identified the independent and identically distributed (IID) anisotropic model as best

model for 207 out of 210 individual-GDD period combinations with IID isotropic for the remaining
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three individuals. Further, the mean ratio between the effective sample size and the absolute sample size
across all individuals and GDD periods was 0.994, indicating minimal temporal autocorrelation (Silva
et al., 2022) and the median time interval between two GPS positions across all individuals and GDD
periods was 1.6 hours. As the GPS positions had minimal temporal autocorrelation, the assumptions of
independent and identically distributed data for a standard kernel density estimation (KDE) were met
(Van Winkle, 1975; Worton, 1989). Therefore, there was no need of using autocorrelated KDE to correct
for spatial or temporal autocorrelation. To calculate the home range overlap, the tutorial by Paterson
(2023) was followed using the R package amt (version 0.3.0.0, Signer et al., 2019) with the function
hr_overlap to calculate home ranges based on the KDE method. Home ranges can be calculated in
different ways. There are geometric and probabilistic methods, summarised in Figure 1 by Signer and
Fieberg (2021) and compared in Table 5.1 by Kernohan et al. (2001). Into the category of geometric
home range estimations fall all methods where the (outermost) points were used to construct a polygon
around, e.g. like for the minimum convex polygon (MCP; Mohr, 1947) or the local convex hulls
(LoCoH, Getz and Wilmers, 2004). Probabilistic methods, like the kernel density estimation (KDE; Van
Winkle, 1975; Worton, 1989), use the underlying density and utilisation distribution to estimate the
home range. The different home range estimation methods come with advantages and disadvantages.
Whereas the KDE method includes the underlying density function to characterizes potential core areas
and their utilisation, the sample size and the selection of the smoothing parameter (h) determine the
performance of KDE and are not trivial (Kernohan et al., 2001). Further, area bias and therefore
underestimations are a problem in normal KDE, motivating a new family, called autocorrelated KDEs
(Fleming et al., 2015). The geometric methods on the other hand are very easy to compute and
understand and good to compare to other studies (Kernohan et al., 2001). However, these methods are
influenced by the sample size, and outliers, and often result in overestimation (Kernohan et al., 2001).
As the goal here was to determine the home range overlap, rather than the actual home range size, the
choice of the home range calculation method likely to have little impact on the overall result.

To make the home ranges comparable between the GDD periods, only individuals that were present in
all three periods were kept (n = 70). Further, a minimum of 30 GPS points per individual was set to
calculate robust KDE home ranges, as was done by Jarnemo et al. (2023). For calculating the KDE, the
bandwidth was calculated with the Ar kde ref function (h = 175; similar bandwidth value as found by
Richard et al., 2011) and the raster resolution was set to 100 m to balance computational efficiency and
the spatial detail.

4.2.3 Assessing red deer feeding location fidelity across phenological stages

To analyse not only summer home ranges, but also whether red deer reused their actual feeding locations
during the summer, feeding locations were used (as filtered in section 4.1.1) together with the land cover
filter (section 4.1.2). To quantify feeding intensity and spatially concentrated feeding areas, the number
of feeding events within a radius of 500 m around each feeding location was calculated. This radius was
chosen following Rempfler et al. (2024), who used this radius to analyse temporal revisits. Positions
with fewer than three events were excluded. To assess whether red deer reused feeding locations across
the GDD periods, spatial point-based overlap (i.e., the percentage of feeding locations from one GDD
period that fell within 500 m buffer of the feeding location from another GDD period) was calculated.

4.3 Red deer habitat predictors

4.3.1 Pre-processing imaging spectroscopy data for trait modelling

Before using the imaging spectroscopy data for training the model for plant trait predictions, pre-
processing steps were needed. The spectral data were scaled by dividing by 10’000 to get the reflectance
values between 0 and 1 (fraction of solar radiation that was reflected from a surface) and normalised for
their brightness before fitting the PLSR model. The brightness normalisation accounts for anisotropy
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effects, differences in viewing geometry and shade and was applied following Feilhauer et al. (2010).
To do so, each spectrum was divided by its Euclidean vector length, resulting in a unit vector of uniform
brightness.

To account for the spatial autocorrelation in the data, spatial cross-validation was conducted with the k-
means method. The k-means method clusters data into k groups with the goal of grouping datapoints
that are spatially close to each other (MacQueen, 1967). The training data was split into five spatial
similar groups. With a splitting of 80:20, each group then served once as validation group while the
other four groups were the training data.

4.3.2 Linking field measurements to spectral data via PLSR

The goal was to build a model that predicted biomass and forage quality parameters for the whole SNP
by linking field measurements with imaging spectroscopy data. As red deer reused the same feeding
locations during the phenological periods, only one GDD period was analysed in more detail with an
APEX image and ground measurements, here GDD 239.95 (year 2013). However, for phosphorus, only
data from 2010 were available, whereas for biomass, nitrogen, ADL and ADF ground measurements and
spectral information from 2010 and 2013 were available. Therefore, the two APEX images from 2010
and 2013 were radiometrically homogenised between the years by applying a regression correction using
invariant features (image of 2013 was taken as reference). This allowed to get more trainings data and
to get better models for the plant traits, when data from 2010 and 2013 were used.

I used partial least square regression (PLSR; Feilhauer et al., 2010; Wold et al., 2001) to model the
relationship between spectral data and the content of nutrients and biomass. Originally designed for
applying statistical methods to chemical datasets (chemometrics; Wold et al., 2001), PLSR became an
important tool for analysing remote sensing datasets (Feilhauer et al., 2010). PLSR can be used to
analyse hyperspectral datasets with hundreds of bands that are also highly correlated, as a principal
component analysis is performed within the model process (Wold et al., 2001). Another often used
method is the random forest (RF) method (Breiman, 2001). As shown by several studies (e.g. Habibi et
al., 2021; Wang et al., 2020), the RF model performed better compared to the PLSR, however, the PLSR
points with being quite simple and easy to understand and interpret (Wold et al., 2001). However, finding
the optimal number of components in a PLSR model is important to avoid overfitting (Wold et al., 2001).
As suggested by Wold et al. (2001), the optimal components were found through spatial cross validation
(k = 5 folds).

For the PLSR analysis, all spectral bands that were not interpolated by the radiative transfer model
ATCOR were filtered and used for the analysis. The ATCOR model converts measured radiance into
reflectance values and corrects hyperspectral imagery for topography and atmospheric effects (Richter
and Schlépfer, 2002). As atmospheric effects are wavelength-dependent, the ATCOR model can also be
used to interpolate bands, that were reduced e.g. due to noise. As the uncertainty is higher for the
interpolated band, these bands were excluded, and only non-interpolated bands were used. These bands
(n = 186) were used as predictor variables in the PLSR analysis. The steps in the practice guide of
Burnett et al. (2021) were followed for the PLSR with the pls package (version 2.8-5, Liland et al., 2024;
script: spectra-trait reseco lma plsr_example.R by Serbin (2024)). All variables were checked for
normality as this can lead to better PLSR results (Burnett et al., 2021). The distribution of biomass was
slightly skewed to the left, and nitrogen and ADL both had a slightly long tail (see Supplementary
Figures 1 - 5). A square root transformation was tested for biomass and log-transformations for ADL
and nitrogen. Three different models were developed (i) 2010 data only (n = 51), (ii) 2013 data only (n
= 82) and (iii) the combined data (n = 133)). For phosphorus, only one model with the data from 2010
(n=51) was developed.

The optimal number of components in each PLSR for each vegetation variable was tested by using the
procedure recommended by Burnett et al. (2021). A total of 1 to 20 components were plotted and
assessed for their model performance with the coefficient of determination (R?). The PLSR models were
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then trained on all data with the optimal components. The model performance was evaluated with the
coefficient of determination (R?) and the root mean square error (RMSE).

4.3.3 Plant trait predictions for the whole SNP

The PLSR model for each vegetation variable was used to infer the predictions to the entire SNP, by
predicting variable values for the entity of the APEX image. Only non-interpolated bands (n = 186) were
used, like for model training. To mask out pixels with values, that the model had not seen in the training,
the area of applicability (AOA) was calculated (Meyer and Pebesma, 2021). The AOA is defined as n-
dimensional space covered by the training data. Points outside the AOA are extrapolated predictions,
that differ from the training data and may be quite uncertain. For each pixel, the dissimilarity index (DI)
in the n-dimensional space was calculated as Euclidean distance to the nearest training sample (Meyer
and Pebesma, 2021). If the distance was larger than the threshold (“maximum DI of the training data
derived via cross-validation” (Meyer and Pebesma, 2021)), the value 0 was assigned, for points within
the threshold 1. To calculate the AOA, the online tutorial by Meyer (2025) was followed. All predictor
variables (same bands as used for the PLSR) got the same weight and were equally treated. Because the
data were spatially clustered, the k-means clustering was again used to produce different groups (same
as for training). The threshold (0.415; for Phosphorus 0.432, because of only data from 2010) was then
calculated within the CAST function (version 1.0.4, Meyer et al., 2026) “based on distances to a nearest
data point not located in the same spatial cluster” (Meyer, 2025). Finally, all negative predicted values
were set to zero.

The predictions for the whole SNP were done for each tile (n = 545) and variable individually. The AOA
mask was applied to only get meaningful predictions. The individual tiles were then combined to one
prediction layer. The grassland mask was applied with the mask function from the terra package (version
1.8-86, Hijmans, 2025) to the AOA predictions to get a final map and only predictions within the
grassland mask. To compare the maps, quantiles with five classes were used on each variable to
categorise the values into very low, low, medium, high and very high.

4.4 Data analysis

4.4.1 Using species distribution models to understand red deer feeding behaviour

The last step was to determine, if (i) topography alone, (ii) topography and food quantity or (iii)
topography together with food quantity and quality best explained red deer feeding behaviour. These
hypotheses were tested with a species distribution model (SDM). However, accounting for variations
between individuals has been shown to improve the models (Gillies et al., 2006; McCabe et al., 2021)
as done in resource selection functions (RSFs), representing a special case of SDMs. The goal was to
describe the relationship between red deer occurrence and the environment, so an “explanatory” SDM
(Aratjo et al., 2019). RSF was implemented with a generalised linear mixed model (GLMM) framework
(Bolker et al., 2009) because the independence assumption was violated due to multiple datapoints per
individual. The GLMMs are a combination of a mixed model framework and a generalised linear model
(GLM) and are well suited if data are e.g. in binary structure and random effects need to be accounted
for (Bolker et al., 2009). The presence data were the feeding locations that were previously filtered (see
Section 4.1.1). Additionally, the data were filtered for only the GDD period 239.95 + 10 days,
independent of the year and only positions within the grassland mask and the mosaic were kept. This
resulted in 3061 GPS positions and 41 individuals. As the GPS data, which were not temporarily
autocorrelated (see Section 4.2.2), were further reduced and filtered, temporal autocorrelation was also
minimised. Pseudo-absence data were then generated within a buffer around the GPS location
(VanDerWal et al., 2009) following the steps on the webpage of Hijmans and Elith (2024). To define a
buffer size, from where random points were sampled, the home range areas of each individual were
used. The buffer was set to 1 km, based on the median radius of 940 m, which was appropriate given
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the spatial extent of the SNP with 170 km? (Schweizerischer Nationalpark, n.d.). The buffer thus defined
the area that red deer could potentially use for feeding. A constraint was included so that random points
were only produced within the grassland mask. Following Muff et al. (2020), pseudo-absence points
were generated in a relation of approximately 1:10, consistent with their framework for unmatched RSF.
Because points could lie outside the AOA mask, 30 pseudo-absence points were generated first. For each
GPS location, the individual information from the generated GPS position was reused for the generated
absence points. After, all produced locations without a value (i.e. outside the AOA mask) were excluded
and then randomly resampled to 10 pseudo-absence points per GPS location. 544 presence points were
lost because they were located outside the AOA mask. The final dataset still contained enough positions
for the RSF analysis containing 2517 presence and 24924 absence points (1:9.9).

In ArcGIS Pro, the digital elevation model (DEM; SwissALTI3D 2m DEM - DHM — MNT from
Swisstopo (n.d.)) was cut to the extent of the SNP and downloaded from ArcGIS Pro (version 3.6.0).
The elevation was extracted directly with the extract function from the terra package (version 1.8-86),
the slope and aspect were calculated with terrain and after extracted (Hijmans, 2025). As the GPS has
an accuracy of 11.3 + 4.7 m (Schweiger et al., 2015b), a buffer of 10 m around each GPS location was
created and the mean value was extracted. The variable values (biomass, nitrogen, ADL, ADF and
phosphorus) were then extracted in the same way, also with a buffer of 10 m, from the TIFF-files (input
from Hijmans (2024)) and combined with the feeding locations of the red deer.

Correlations between the predictor variables (Figure 10) were checked using Pearson correlation
(collinearity if r > 0.7; Dormann et al., 2013). The only correlation with a value of 0.8 was found between
nitrogen and phosphorus (black square). Therefore, nitrogen and phosphorus were not included in the
same model.

Correlation matrix
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Figure 10: Correlation matrix showing the Pearson correlation of all predictor variables.
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Including topographic variables can improve the model performance of SDMs, as shown e.g. by Pottier
et al. (2014). Elevation, slope and aspect were used as topographic variables. Further, Donini et al.
(2025) showed that red deer occurrence was correlated to the elevation squared. Therefore, elevation
was used as squared elevation in the SDM. Due to the hierarchical principle, the elevation was also used
without the squared term in the equation (The Pennsylvania State University, n.d.). While slope
describes the “change in elevation” in degrees, aspect describes whether a slope is directed to the sun or
not (Olaya, 2009). Expressed in degrees, 0° (and 360°) was defined as North, where cos(a) can be used
to describe the northing and sin(a) the easting (King et al., 1999; Olaya, 2009).

Because the different parameters are in different units, the data were centred and scaled prior to model
fitting to a mean = 0 and SD = 0.5 (Gelman, 2008; Rempfler et al., 2024) to make the outputs directly
comparable. Muff et al. (2020) reviewed studies using GLMMs for habitat selection and highly
recommended including random intercepts and random slopes in the model to avoid biased and
overconfident results when modelling RSFs. Further they suggest fixing the intercept variance at a large
value (10°) to avoid shrinkage and bias and giving weights to the datapoints (presence = 1, available =
1000). Before the GLMMs were fitted, the number of positions recorded for each individual were
checked. Out of 41 individuals, 11 had less than 10 presence points and were therefore excluded,
resulting in 28 individuals (26796 points) for the analysis. All GLMMSs were fitted with the glmmTMB
package (version 1.1.14, Brooks et al., 2017) in R (version 4.5.1). To have a comparable RSF / SDM,
the ODMAP protocol by Zurell et al. (2020) was followed (Supplementary Table 4), summarising the
relevant elements for a good SDM.

To test the three hypotheses (explaining red deer feeding behaviour by (i) topography alone, (ii)
topography and food quantity or (iii) topography together with food quantity and quantity), three model
categories were created (see Table 3 with three different colours). MO was used as null model with only
the random effect. M1 (orange category) tested whether topography alone was a good explanation of
red deer feeding behaviour and M2 (blue category) whether topography together with food quantity
(biomass) was better. To determine which quality proxy described the red deer presence the best, all the
different quality variables were tested, as well as some 2-way-interactions of forage quality together
with biomass (M3 — M8, green category). The models were compared with the Akaike information
criterion (AIC).

For M2 — M8, the models were once fitted with a random intercept only and once with random slopes
(tested with biomass and the respective quality variable). The best model was then identified, and the
parameter uncertainty was checked via the confidence interval. To check for spatial autocorrelation, the
model residuals (5000 random points chosen due to computational constraints) were analysed with the
Moran’s I following the steps on the webpage by Gimond (2019). The Moran’s I is a measure for spatial
autocorrelation and describes how similar points are due to their geographic proximity, ranging from -1
to 1 with values close to 0 indicating no spatial autocorrelation. The Moran’s I (I = 0.003, p-value =
0.005), indicated only minimal spatial autocorrelation.
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Table 3: All models were fitted with fixed weights (presence = 1, available = 1000) and a fixed intercept variance of 10°. The
table shows only the model with the random intercept, but for models M2 — M8, also random slopes were fitted (not shown for
clarity). MO serves as reference model, the three colours (orange, blue and green) represent the three categories of the tested
hypothesis (i, ii and iii).

Model Fitted parameters Formula

Mo Random effect only (individual) Presence ~ (1|Individual)

M1 Topography Presence ~ elevation + elevation® + slope +
aspect_cos + aspect sin + (1| Individual)

M2 Topography + Biomass Presence ~ elevation + elevation® + slope +
aspect_cos + aspect_sin + Biomass + (1]
Individual)

M3 Topography + Biomass x Nitrogen  Presence ~ elevation + elevation? + slope +
aspect_cos + aspect sin + Biomass *
Nitrogen + (1| Individual)

M4 Topography + Biomass x Presence ~ elevation + elevation® + slope +

Phosphorus aspect_cos + aspect sin + Biomass *

Phosphorus + (1| Individual)

MS Topography + Biomass x ADL Presence ~ elevation + elevation? + slope +
aspect_cos + aspect _sin + Biomass * ADL +
(1] Individual)

M6 Topography + Biomass x ADF Presence ~ elevation + elevation® + slope +
aspect_cos + aspect sin + Biomass * ADF +
(1] Individual)

M7 Topography + Biomass x ADF x N Presence ~ elevation + elevation? + slope +
aspect_cos + aspect_sin + Biomass * ADF *
Nitrogen + (1] Individual)

M8 Topography + Biomass x ADF x P Presence ~ elevation + elevation? + slope +

aspect_cos + aspect _sin + Biomass * ADF *
Phosphorus + (1| Individual)

4.4.2 Sex-specific analysis

Hinds and stags can have different food preferences. To test whether feeding behaviour differed between
females and male, a sex-specific analysis was conducted. The dataset was split into females and males,
however, it was not possible to further distinguish the females into hinds with calves and those without.
Originally, there were 55 females and 18 males with GPS and activity information. After filtering for
the respective GDD period, 34 females and 18 males were left. There were 34 different female
individuals, however, 11 of those had fewer than 10 presence points. Therefore, those 11 individuals
were excluded, and 23 individuals (15024 GPS positions = sample size) were left for the analysis. 18
males were left and 11 of those males were outside the SNP (see Supplementary Figure 7) and also
outside the APEX image coverage. Therefore, data from seven males were available; however, two
individuals had one and three presence points respectively and were excluded. Five males (11772 GPS
positions = sample size) were left for the analysis. The number of individuals and the sample size for
males was smaller, therefore the results needed to be interpreted with care.

All the possible combinations of models (see Table 3 under Section 4.4.1) with random intercept and
also random slopes were tested. For each sex, the best model was identified via the AIC, and the model
parameter uncertainty was checked with the confidence intervals.

To test whether habitat selection differed between sexes, the two best models (M7d and M8b) were used
and fitted on the full dataset three times. Once without sex, once with sex as main effect and once with
sex as interaction term. These models were compared using AIC and a likelihood ratio test (anova()).

23



To check for spatial autocorrelation, the model residuals (5000 random points chosen due to
computational constraints for hinds, and 2000 random points for stags due to the lower number of GPS
points) were analysed with the Moran’s I following the steps on the webpage by Gimond (2019). The
Moran’s | indicated only minimal spatial autocorrelation (for hinds: I = 0.006, p-value = 1.87 * 10; and
for stags: I =-0.002, p-value = 0.76).
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5 Results

5.1 Animal summer locations

In total, 73 individuals were monitored over 9 years (2011 —2019) and a total of 219447 GPS positions
of red deer were recorded (Figure 11). These were all recorded positions before any filters were applied.
Although GPS positions were recorded from 2010 onwards, the first individual equipped with an
accelerometer recorded from autumn 2010 onwards, resulting in no summer locations for 2010. Red
deer in the SNP were predominantly found in four land cover classes: forest, grassland, moss and lichen
and bare/sparse vegetation (Figure 11). More than half of all positions (63.6 %) were recorded in forest,
followed by grassland with 28.1 %. The other land cover classes (moss and lichen: 6.0 %; bare/sparse
vegetation: 1.7 %) were less visited by red deer, and land cover classes such as shrubland, snow and ice,
or cropland were very rarely visited.
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Figure 11: Recorded GPS positions of 73 red deer for the summer months 2011 — 2019 for different land cover classes showing
the absolute values. Total number of positions per land cover class is added on top of each bar.

The behaviour varied between land cover classes (Figure 12). In relative terms, feeding was the
dominant behaviour in moss and lichen (52.7 %) and shrubland (75 %), indicating that these two land
cover classes were mainly used for feeding. In forest and grassland, the proportion of feeding positions
was 26.9 % and 37.7 % respectively. Within forest, the dominant behaviour was lying (63.4 %), followed
by feeding (26.9 %), walking (6.6 %) and running (3.1 %). In contrast, grassland showed a more
balanced distribution between feeding and lying (37.7 % and 42.3 %, respectively), while walking and
running were again less dominant (12.3 % and 7.7 %).
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Behaviour distribution based on land cover class (relative values)
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Figure 12: Behavioural distribution of red deer for different land cover classes showing the relative values.

During the day, red deer preferred forested areas, followed by grassland and moss and lichen (Figure
13). Forest was mainly chosen for lying, followed by feeding. Grassland was chosen equally during the
day for feeding and lying. During the night, red deer selected either grassland or forest locations, with
both land cover classes showing almost equal numbers of positions (37’685 and 38’916, representing
17.2 % and 17.7 % of all positions). These two land cover classes were used for feeding and lying during
the night.
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Figure 13: Behavioural distribution for red deer based on land cover class and day-night differences.
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5.1.1 Animal summer locations by sex

Females and males showed different distributions per land cover class. In total, 55 females and 18 males
were monitored, resulting in 158105 and 61336 GPS positions, respectively. Both sexes were mainly
found in forest, grassland and moss and lichen (Figure 14). However, females used forest much more
compared to males. While females used grassland, forest and moss and lichen mainly for feeding and
lying, forest was less important for males in terms of feeding but more for lying (Figure 15). For both
females and males, the behavioural distribution per land cover class between day and night was similar
to that of the overall population.
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Figure 14: Behavioural distribution of females and males for different land cover classes showing the relative values.
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Figure 15: Behavioural distribution of red deer for different land cover classes and sex showing the relative values.
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5.2 Home ranges across the summer

During the nine analysed years (2011 to 2019), there were 70 individuals with recorded GPS positions
for all the three GDD periods (154.7, 239.95 and 330.95), each individual tracked for approximately
two years. Figure 16 shows the home ranges of red deer for the three GDD periods, indicating that some
areas were heavily used. Val Trupchun, the region around the Ofenpass round (Il Fuorn) and Val Mingér
were predominantly used. Different colours indicate different individuals. Visually, there was a
substantial overlap between the home ranges at the three phenological stages. The largest overlap was
between GDD 239.95 and 330.95 with 72.9 %. The smallest overlap was between GDD 154.7 and
330.95 with 68.1 %. The overall mean overlap between the three GDD periods was 71.11 £ 16.96 %
(mean = SD, Supplementary Figure 6). This suggested that red deer reused the same home ranges
throughout the summer justifying the analysis of only one GDD period in more detail for the RSF.
However, the large standard deviation indicated that there are differences between individuals. Table 4
shows the size of the home ranges at the three phenological stages. The areas were all similar in their
size with the home ranges at GDD 330.95 slightly smaller (279.9 £ 120.9 ha) compared to the other two
time periods (315.7 £ 167.7 ha and 318.8 + 149.5 ha for GDD 154.7 and 239.95, respectively).

Home ranges (95% KDE) across all three GDD periods

n = 70 individuals | Green = Swiss National Park

GDD_154.7 GDD_239.95 GDD_330.95

1'185'000
1'180'000

1175'000

‘= 1170000

Northing [m, LV95]

1'165'000

1'160'000

Easting [m, LV95]

Figure 16: Home ranges for all 70 individuals across the three GDD periods. Each period was filtered for the GDD +5 days.
Only individuals with more than 30 recorded GPS locations and those that were present in all three GDD periods are shown.
Different colours indicate different individuals.
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Table 4: Red deer home range area statistics

Red deer home range statistics

95 % kernel density estimates across phenological stages

Phenological stage

GDD 154.7 (early)

GDD 239.95 (mid)

GDD 330.95 (late)

N Mean Area [ha] SD Area [ha] Mean Radius [m] SD Radius [m]

315.7 167.7 971 251
318.8 149.5 983 222
2799 120.9 923 201

5.3 Feeding locations across the summer

Overall, the feeding locations of red deer in the SNP did not vary spatially across the three phenological
stages (Figure 17). However, at a smaller spatial scale, there were some differences with a shift in the
intensity of the used feeding locations around Val Mingeér and in Val Cluozza between GDD 154.7 and
GDD 330.95. Later in the season (GDD 330.95) there were more feeding events (larger circles and
brighter colours). Also, around the Ofenpass road and Il Fuorn, there were more revisited feeding
locations for GDD 330.95 than for GDD 239.95 or for GDD 154.7. The largest overlap was between
the feeding areas of GDD 154.7 and GDD 239.95 with 94.4 %, followed by 93.2 % for GDD 239.95
and GDD 330.95. The smallest overlap was between the first and the last phenological stage (GDD
154.7 and GDD 330.95) with 88.5 %. The mean overlap, aggregated for all individuals, was 92 %. This
aligned with the findings that red deer not only reused their home ranges, but also their actual feeding

locations across the summer.
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Figure 17: Red deer feeding locations across the three GDD periods. Larger circles and brighter colours indicate more revisits.
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5.4 Model performance

The model performance of the training data with the PLSR ranged between an R? value of 0.331 for
phosphorus to 0.475 for biomass (Table 5). However, neither the square root nor the log transformations
improved the R? value for biomass (R? 0.469 vs. 0.475), nitrogen (R? 0.445 vs. 0.462) nor ADL (R?
0.333 vs. 0.416). Therefore, no transformations were applied. For biomass, nitrogen, ADF and ADL, the
model with data from 2010 and 2013 performed better compared to the single models, therefore, the
combined model was used for those variables.

Table 5: Model performance of the training data with the PLSR model evaluated by the coefficient of determination (R?) and
the root mean square error for each variable, together with the number of datapoints and the found optimal component.

Variable Dataset Number of Optimal Mean R? SD Mean
data component RMSE
Biomass 2010 + 133 9 0.475 0.163 68.174
2013
Nitrogen 2010 + 133 11 0.462 0.417 0.616
2013
ADF 2010 + 133 18 0.402 0.368 5.454
2013
ADL 2010 + 133 14 0.416 0.368 2.239
2013
Phosphorus 2010 51 12 0.331 0.324 0.030

5.5 Prediction maps of food quality and quantity

The prediction maps are shown for each variable individually (Figure 18 to 22). Biomass predicted
values ranged from 0 to 683.77 g/m?* (Figure 18). However, the AOA mask was more aggressive for
biomass than for the other variable predictions leading to a lot of zero values (negative predictions were
set to zero; left-skewed distribution), making up the first 20 % of the data (first quantile). Therefore, the
yellow category only contains zero values. The predicted values for the other four variables (N, P, ADL
and ADF) showed a normal distribution, with medium levels more prominent compared to very low or
very high values. Nitrogen predictions (Figure 19) ranged from 0 to 7.12 %, while phosphorus (Figure
20) predicted values ranged from 0 to 0.29 %. The predicted value range for ADL (Figure 21) was 0 to
46 % and for ADF (Figure 22) 0 to 79.54 %.
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Biomass [g/m?]

Value

0 very fow

< 58.992 lows
N 58.992 - <109.929  medium Source Layer:

o . Biomass prediction: processed by Antonia
I 109939 - <166.250 high A Brefting (2026)
I > 166.250 very high SNP: BAFU / Netzwerk Schweizer Parke
[ national Border Netional Border: Swisstopo / SCNAT
Basemap: Est|

[ Swiss National Park (SNP)

Figure 18: Biomass predictions in g/m? for the SNP masked for grassland. The values are split into quantiles with five categories
(very low, low, medium, high and very high). Due to a lot of predictions with the value zero, the first quantile only contains
zeros. Map produced in ArcGIS Pro.

Nitrogen [%] Phosphorus [%]
Value Value

< 1.424 very low < 0.063 very low

1424 - <1.843  low 0.063 - <0.081 low
[0 1843 - <2.234  medium Source Layer: 0.081 - <0.098 medium Source Layer:

%
R . Nitrogen prediction: processed by Antonia v Phosphorus prediction: d by Antonia

2234- <2764 high g phorus prediction: processex
- B h Breitling (2026) I 0.095 - <0.121 high Breitling (2026)
2764 very high SNP: BAFU / Netzwerk Schweizer Pérke Il =o0.121 very high SNP: BAFU / Netzwerk Schweizer Pérke
[ national Border National Border: Swisstopo / SCNAT [ National Border National Border: Swisstopo / SCNAT

N N Basemap: Esri Basemap: Esri

[ swiss National Park (SNP) [ swiss National Park (SNP) P

Figure 19: Nitrogen predictions in percentage for the SNP  Figure 20: Phosphorus predictions in percentage for the SNP
masked for grassland. The values are split into quantiles with ~ masked for grassland. The values are split into quantiles with
five categories (very low, low, medium, high and very high).  five categories (very low, low, medium, high and very high).
Map produced in ArcGIS Pro. Map produced in ArcGIS Pro
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Figure 21: ADL predictions in percentage for the SNP masked ~— Figure 22: ADF predictions in percentage for the SNP

for grassland. The values are split into quantiles with five — masked for grassland. The values are split into quantiles with
categories (very low, low, medium, high and very high). Map  five categories (very low, low, medium, high and very high).
produced in ArcGIS Pro. Map produced in ArcGIS Pro.

5.6 Characterisation of red deer feeding locations

Red deer feeding locations were found at slightly lower elevation levels (2280.77 £ 175.89 m) and flatter
slopes (26.54 + 11.47 °) compared to absence points (2303.33 + 175.00 and 30.49 + 11.88 °
respectively); Table 6 and Figure 23. Further, red deer were more often located at slopes directed to the
south (Northing: -0.105) and to the east (Easting: 0.138). Compared to the absence points, red deer
presence was in higher biomass areas (presence: 115.25 + 74.04 g/m?; absence: 79.41 + 71.53 g/m?) and
lower ADF areas (presence: 31.71 = 6.07 %; absence: 34.13 + 5.98 %). Nitrogen, ADL and phosphorus
values were similar between presence and absence.

Table 6: Descriptive statistics of red deer feeding locations.

Descriptive statistics of feeding locations and pseudo-absences
Elevation [m] Slope [°] Aspect [°] Biomass [g/m?] Nitrogen [%] ADF [%)] ADL [%] Phosphorus [%]
Group Mean SD Mean SD Mean SD  Mean SD Mean SD Mean SD Mean SD Mean SD

Absence 2303.33 175.00 3049 11.88 165.65 100.71 7941 7153 2.02 063 34.13 598 9.58 3.33 0.09 0.03

Presence 2280.77 175.89 26.54 11.47 146.27 84.23 11525 7404 195 0.52 31.71 6.07 9.08 3.80 0.09 0.02
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Figure 23: Descriptive statistics of red deer feeding locations, after the variables had been scaled for the presence and absence
data.

5.7 Explaining red deer presence

In total, there were 26796 GPS points (28 individuals) for the analysis. The different models represented
different tested hypotheses to assess which combination of biomass and food quality proxy best
explained red deer presence (Table 7). Including topography (M1) increased model performance
compared to only the random effect (AAIC: 910, y*> = 919.58, p-value < 0.001). Similar, including
biomass together with topography also improved model performance compared to the model with only
topography. Accounting for individual differences in respect to biomass (M2b; random slopes for
biomass) decreased the AAIC by 398 (y* = 401.78, p-value < 0.001), showing that different individuals
reacted differently to biomass values.

M3 to MS tested the hypothesis whether topography, biomass and forage quality best explained red deer
presence. Model M7d (for summary output see Supplementary Figure 8), was the model with the lowest
AIC and identified as the best model, supporting the hypothesis that red deer presence was best
explained by topography, biomass and forage quality. This model included topography, biomass,
nitrogen and fibre content, allowing the 3-way interaction and accounting for random slopes of ADF.
Individuals showed different responses to the fibre content with four individuals showing a negative
slope, while the others showed a neutral to slightly positive response, with confidence intervals including
the value zero (Figure 24).
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Figure 24: Estimate on fibre content for M7d for each individual (n = 28) showing the different preferences for each individual.
The large CI interval for some of the individuals are due to the slightly less recorded GPS positions, but still more than 10
positions (e.g. Individual 20126 and 20062).

All parameters except the intercept and the 3-way interaction were significant (model estimates in the
log odds scale; Figure 25). This aligns with the findings summarised in Table 6 (Section 5.6). Red deer
preferred higher elevations (positive estimate); however, the negative estimate for the squared elevation
showed that this effect is reduced at very high elevations. Thus, medium levels were most suitable for
red deer. Furthermore, red deer were found in flatter terrain, slopes facing south and east. They clearly
selected higher biomass values and higher nitrogen values but lower ADF values. All 2-way interactions
were significant. At high biomass values, the negative effect of ADF was reduced. Further, at higher
biomass values, higher nitrogen values were preferred and again, at higher nitrogen values, the negative
effect of ADF was reduced. Figure 26 summarises the effect size (95 % CI) of each fixed model
parameter in log odds scale.

Spatial autocorrelation was tested on the residuals of the best model (M7d) using the Moran’s I (I =
0.003, p-value = 0.005), indicating only minimal spatial autocorrelation.

For all the models, accounting for random slopes increased the model performance (see Table 7 and
compare e.g. M3a, M3b and M3c). This showed that red deer reacted differently to food quality
parameters and biomass. When biomass was modelled either with nitrogen or phosphorus, the model
with random slopes for biomass was better. Therefore, red deer reacted more individually to different
biomass values compared to nitrogen or phosphorus. However, if lignin or fibres were included together
with biomass, these two proxies as random slopes increased the model. Therefore, red deer showed a
greater variation in response to lignin and fibres content than to biomass.
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Table 7: Overview of the model performance characterised by the AIC and the AAIC value. The best model is highlighted in
green.

Model Degree of AIC AAIC
Freedom

MO: random effects only 1 50637.52 1845.33

M1: Topography 6 49727.94 935.75

M2a: Topography + Biomass (random 7 49451.17 658.98

intercept only)

M2b: Topography + Biomass (random 8 49330.16 537.97

slopes)

M3a: Topography + Biomass * N (random 9 49245.74 453.55

intercept only)

M3b: Topography + Biomass * N (random 10 49112.84 320.65

slope for Biomass)

M3c: Topography + Biomass * N (random 10 49172.67 380.48

slope for N)

M4a: Topography + Biomass * P (random 9 49294.28 502.09

intercept only)

M4b: Topography + Biomass * P (random 10 49124.14 331.95

slopes for Biomass)

Md4c: Topography + Biomass * P (random 10 49235.82 443.63

slopes for P)

MS5a: Topography + Biomass * ADL (random 9 49443.30 651.11

intercept only)

MS5b: Topography + Biomass * ADL (random 10 49313.63 521.44

slopes for Biomass)

MS5c: Topography + Biomass * ADL (random 10 49206.63 414.44

slopes for ADL)

Meéa: Topography + Biomass * ADF (random 9 49189.33 397.14

intercept only)

Mé6b: Topography + Biomass * ADF (random 10 49049.01 256.82

slopes for Biomass)

Meéc: Topography + Biomass * ADF (random 10 48979.71 187.52

slopes for ADF)

M?7a: Topography + Biomass * ADF * N 13 49007.73 215.54

(random intercept only)

M7b: Topography + Biomass * ADF * N 14 48856.30 64.11

(random slopes for Biomass)

M7c: Topography + Biomass * ADF * N 14 48931.19 139

(random slopes for N)

M7d: Topography + Biomass * ADF * N 14 48792.19 0

(random slopes for ADF)

M8a: Topography + Biomass * ADF * P 13 49043.90 251.71

(random intercept only)

M8b: Topography + Biomass * ADF * P 14 48865.90 73.71

(random slopes for Biomass)

MS8c: Topography + Biomass * ADF * P 14 48982.46 190.27

(random slopes for P)

M8d: Topography + Biomass * ADF * P 14 48850.21 58.02

(random slopes for ADF)
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|Predictor

|

|
| (Intercept) | -0.001| -370.311| 370.309|
|elevation | 0.189| 0.055]| 0.323]
|I(elevationA2) | -0.746| -0.929| -0.563|
| sTope | -0.527] -0.642| -0.412|
|aspect_cos | -0.662| -0.764| -0.560]|
|aspect_sin | 0.676| 0.584| 0.768|
|Biomass_dry | 1.118| 1.010]| 1.225]|
| ADF_perc | -1.451] -2.087| -0.814|
|Nitrogen_perc | 0.531| 0.400]| 0.661|
|Biomass_dry:ADF_perc | 0.970]| 0.796| 1.144|
|Biomass_dry:Nitrogen_perc | 0.960| 0.763] 1.157|
| ADF_perc:Nitrogen_perc | 0.858| 0.614| 1.101|
|Biomass_dry:ADF_perc:Nitrogen_perc | 0.216| -0.143| 0.575]|

Figure 25: Coefficient table including estimate and 95 % CI of the overall best model (M7d). All estimates are in log odds
scale.
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Figure 26: Effect size plot of the overall best model (M7d), showing the fixed effects estimates with a 95 % CI on the log odds
scale. The dashed red line indicates no effect (estimate = 0).

5.7.1 Sex-specific feeding habitat differences

Stags were more often found outside the SNP (see Supplementary Figure 7) compared to hinds which
were found more within the SNP, resulting in 23 hinds (15024 GPS positions) and 5 stags (11772 GPS
positions) available for the analysis.

The best model explaining female red deer distribution was also M7d (see Table 7 under Section 5.7),
including topographic variables, biomass, nitrogen and ADF and accounting for random slopes for ADF
(Figure 27; values in log odds scale). Again, most variables were significant (for summary output see
Supplementary Figure 9), except the intercept, nitrogen and the 3-way interaction. Females were found
in lower elevations and flatter terrain. Nitrogen as main effect did not describe where female red deer
were found (estimate = 0.08, p-value = 0.42, Supplementary Figure 9). However, in the 2-way
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interactions, nitrogen played an important role through its interactions with biomass and ADF. For higher
biomass values, higher nitrogen values were preferred and at high nitrogen values, the effect of ADF
was reduced.

| Predictor | Estimate| 2.5%]| 97.5%|
| i -mmmmm oo | -=====-=- o 3 et |
| (Intercept) | -0.001| -408.675| 408.673]
|eTevation | -1.159] -1.382| -0.936]
|I(elevationA2) | -1.386| -1.645| -1.127|
| sTope | -0.402| -0.558| -0.247]
| aspect_cos | -0.687| -0.817| -0.557|
| aspect_sin | 0.836| 0.715] 0.957|
|Biomass_dry | 0.534]| 0.360] 0.708]
| ADF_perc | -1.620] -2.496| -0.744]|
|Nitrogen_perc | 0.082] -0.118] 0.281]
|Biomass_dry:ADF_perc | 0.386| 0.121] 0.652|
|Biomass_dry:Nitrogen_perc | 0.671]| 0.352] 0.990]
| ADF_perc:Nitrogen_perc | 1.103| 0.743] 1.463|
|Biomass_dry:ADF_perc:Nitrogen_perc | -0.114| -0.663| 0.435]

Figure 27: Coefficient table including estimate and 95 % CI of the best model explaining female red deer presence. All
estimates are in log odds scale.

Generally, all models for males performed better when modelling random slopes for biomass (see
Supplementary Table 1) than for a food quality proxy. This indicated that males reacted differently to
different biomass values. However, because fewer GPS positions (11772) were available for stags, the
output needed to be interpreted with care. The best model explaining male red deer presence was M8b,
including topographic variables, biomass, phosphorus and ADF and accounting for random slopes for
biomass (Figure 28; values in log odds scale). Analysing the best model for male red deer (M8b) showed
that most parameters were significant (for summary output see Supplementary Figure 10; all in log odds
scale), except for the intercept and the 2-way interaction of ADF with phosphorus. Compared to females
that preferred lower elevations, elevation had a strong positive effect on males, indicating that male red
deer strongly preferred higher elevations. However, the squared elevation term showed that too high
elevations were not preferred. Males preferred higher biomass and phosphorus values but avoided high
ADF values. Males showed a weaker response to ADF (-0.906) compared to females (-1.620), but at the
same time a stronger response to biomass (males: 1.407; females: 0.534). At high biomass values, the
negative ADF effect was reduced, and high phosphorus values were preferred. The 3-way interaction
was slightly significant (Supplementary Figure 10). Figure 29 summarises the effect size (95 % CI) of
each fixed model parameter in log odds scale for males and females. Elevation had the overall strongest
effect on male red deer presence, ADF had the strongest effect on females.
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| Predictor

|

|
| (Intercept) | 0.000] -876.660| 876.659]
|eTevation | 2.082] 1.792] 2.372]
|I(elevationA2) | -2.315] -2.780| -1.850]
| slope | -0.776]| -0.945| -0.607]
|aspect_cos | -0.578]| -0.743| -0.413]
|aspect_sin | 0.431] 0.287| 0.574|
|Biomass_dry | 1.407]| 0.919| 1.895]
| ADF_perc | -0.906| -1.076|] -0.735]
| P_perc | 0.864] 0.690] 1.038]
|Biomass_dry:ADF_perc | 0.376] 0.116] 0.635]
|Biomass_dry:P_perc | 1.223] 0.941] 1.505]
| ADF_perc:P_perc | -0.279]| -0.613] 0.054|
|Biomass_dry: ADF_perc:P_perc | -0.560]| -1.097| -0.022]

Figure 28: Coefficient table including estimate and 95 % CI of the best model explaining male red deer presence. All
estimates are in log odds scale.
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Figure 29: Effect size plot of the parameters for the best model for females (M7d) and the best model for male (M8b),
showing the fixed effects estimates with a 95 % CI on the log odds scale. The dashed red line indicates no effect (estimate =
0). Females are shown in orange, males in blue.

The two best models (M7d and M8b) were used to test whether sex significantly influenced habitat
selection. Adding sex as main effect to M7d did not improve the model (AAIC: 2, x> =0, p = 0.9998),
however, adding sex with interactions did improve the model (AAIC: 80.66, y*> = 96.658, p < 0.001).
The same was true for M8b. Adding sex as main effect to M8 did not improve the model (AAIC: 2, y* =
0, p=0.9999), however, adding sex with interactions did improve the model (AAIC: 101.69, y*=117.69,
p < 0.001). This indicated that females and males showed sex-specific differences in their habitat
selection, especially for elevation and food quality proxies. While females selected for nitrogen in
combination with ADF, males selected for phosphorus and ADF. This suggested different nutritional
priorities between the sexes, however, with only five males, this difference needed to be interpreted with
care.

38



Spatial autocorrelation was tested on the residuals of the best model for hinds and stags using the
Moran’s I (M7d for hinds: I = 0.006, p-value = 1.87 * 10, M8b for stags: I = -0.002, p-value = 0.76),
indicating only minimal spatial autocorrelation.
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6 Discussion

Red deer were predominantly found in four land cover classes, with forest (63.6 %) having the largest
number of positions, followed by grassland (28.1 %), moss and lichen (6 %) and bare/sparse vegetation
(1.7 %). The dominant behaviour within forest was lying (63.4 %), followed by feeding (26.9 %),
walking (6.6 %) and running (3.1 %). In grassland, the behaviour was more balanced between lying and
feeding (42.3 % and 37.7 %, respectively), followed by walking (12.3 %) and running (7.7 %). During
the day, red deer were mainly found in the forest, with the dominant behaviour lying. During the night,
they either selected grassland or forest with more balanced behaviours between feeding and lying. Sex-
specific differences in terms of land cover and behaviour were found.

Red deer home ranges did not vary spatially across the summer. The summer home range sizes were
315.7 £ 167.7 ha, 318.8 + 149.5 ha and 279.9 + 120.9 ha for GDD 154.7, 239.95 and 330.95,
respectively. Analysing 70 home ranges of red deer showed that they reused their home ranges
throughout the summer with a mean overlap of 71.11 &+ 16.96 %. The home ranges were spread over the
whole SNP, with some individuals in Val Trupchun, but most of them around the Ofenpass road (Il
Fuorn) and Val Mingér. Besides the home ranges, the feeding locations were also revisited during the
summer, with a mean overlap of 92 % (aggregated for all individuals). However, at GDD 330.95, areas
around the Ofenpass road (Il Fuorn) and Val Mingér were more frequently visited compared to GDD
154.7 and showed higher feeding intensity.

The overall best model explaining red deer feeding habitat selection included topography, biomass
together with nitrogen and fibre content. Sex-specific differences in feeding habitat selection were found
between females and males. While female red deer feeding habitat selection could be best explained by
topography, biomass, nitrogen and fibre content, the best model for males included topography, biomass,
phosphorus and fibre content.

6.1 Behavioural distribution per land cover and time of the day

The land cover classes where red deer have been predominantly found are proportional to the most
frequent land cover classes in the SNP (51 % mountainous terrain out of scree and rocks, 21 % alpine
grasslands and 28 % forest (Schweizerischer Nationalpark, n.d.)). These findings partially align with the
results by Rempfler et al. (2024), who only analysed open areas (i.e. forest was excluded). These authors
found 74 % of the summer locations in grassland, followed by moss and lichen with 24 %, bare/sparse
vegetation with 2 % and cropland with 0.07 %.

The observed behavioural differences between day and night align with the results of Willisch et al.
(2024), who found red deer to select forest during the day and open areas during the night. Previous
studies suggested that forests provide protection from human disturbance and are therefore preferred
during the day when human activities are high (Sibbald et al., 2011). However, in the Swiss National
Park, human impact is minimal (Schweizerischer Nationalpark, n.d.), and the choice of forests might be
due to other factors. Still, day-night differences were observed, although they are not as strong as in
unprotected areas (Rempfler et al., 2025). Red deer habitat selection in the SNP can therefore result from
ecological effects, especially in terms of forests choice. Forests are identified to be important for red
deer and previous explanations include a diversity of alternative food types found within the forest
(Eggers et al., 2026; Suter et al., 2004), protection from temperature exposure (Widén et al., 2025) and
a safe location to rest and protect the calves (Eggers et al., 2026). Further, red deer are important in seed
dispersal and provide therefore useful ecosystem services (Garcia et al., 2025). Given that forests are
selected during the day, all of these factors — beyond avoidance of human influence — may be playing a
role in red deer habitat use. Further, red deer need to balance disturbances and forage intake. Predators
can also be a contributing factor, influencing the feeding behaviour and the selection of feeding places
(McArthur et al., 2014). During the analysed time (2010 until 2019), only one wolf was present within

40



the SNP (Schweizerischer Nationalpark, n.d.). Therefore, the predation risk was very low in the analysed
time and did most probably not influence red deer habitat selection.

While red deer mainly lay in the forest during the day, they used grassland and forests during night for
feeding. Godvik et al. (2009) showed that forest areas provide some food resources for red deer. This
was also supported by Suter et al. (2004), who analysed red deer pellets in the SNP and showed that red
deer feed mainly on grassland but also on plant species found within the forest. This explains why
feeding behaviour was also found within the forest. Red deer also need time to ruminate their food,
preferably in undisturbed areas while resting or lying (Clutton-Brock et al., 1982). Lying also has the
positive effect of providing protection from flies (Espmark and Langvatn, 1979). This explains why red
deer were found lying in the forest. Grassland areas were preferably used during the night, where forage
was sufficient available (Godvik et al., 2009). Further, during the night, temperatures are lower thus
enabling red deer to remain in open habitats and complement their feeding therein. These day-night
movements between different habitat types are known as complementary habitat hypothesis, previously
identified for similar species (i.e. roe deer; De Groeve et al., 2023). Often times, this complementary is
interpreted as a strategy in human modified landscapes (De Groeve et al., 2023), and for the SNP this
might represent a legacy of that behaviour. Within the SNP, red deer are protected (Schweizerischer
Nationalpark, n.d.), therefore, day-night differences are expected to be less strong affected by human
activities (Rempfler et al., 2025), even though there are still recreational activities.

These results are limited to the summer months and to GPS data that is used for the behavioural
assignments. Uncertainty and transferability need to be addressed before direct transferability to other
regions in the world. The observed behaviour patterns were analysed within a protected area for red
deer. Yet the use of GPs data is crucial to allow behaviours to be assigned without the need to observe
and follow red deer for a long time in their habitat thus providing measurements without observer biases.

6.2 Explaining summer home ranges and feeding locations in the
SNP

Several studies have shown (e.g. Jarnemo et al., 2023; Jerina, 2012) that stags have generally larger
home ranges than hinds. Female summer home ranges (n = 53) were 275.1 = 121.6 ha, 279.0 £ 107.8 ha
and 271.4 = 112.9 ha for GDD 154.7, 239.95 and 330.95, respectively and male summer home ranges
(n = 17) were larger with 423.6 + 247.3 ha, 421.1 + 206.5 ha and 284.1 + 141.5 ha for GDD 154.7,
239.95 and 330.95, respectively (hinds: Supplementary Table 2; stags: Supplementary Table 3).

The summer home range sizes lay within the range of home range sizes found in other studies using a
KDE approach. Female red deer in the Vosges mountains in the northeast of France had smaller summer
home ranges of 156.66 = 12.69 ha (n = 23; Richard et al., 2011). Furthermore, female red deer in
Germany had also smaller summer home ranges of 966 £+ 550 ha (n = 6; Gillich et al., 2021). Kropil et
al. (2015), on the other hand, analysed stags (n = 10) in the Kremnica Mountains in Slovakia and found
home ranges of 1947 + 1610 ha for migrating red deer by using a kernel home range of 90 %. Jarnemo
et al. (2023) analysed home ranges in Norway in two different landscapes, one more forest-dominated
and one more agriculturally based. Summer home ranges for hinds were 307 ha for the forest area (n =
13) and 512 ha (n = 12) for the more agriculture-based landscape. The ratio of stags to hinds’ home
range size is reported to be 2.6 for red deer across 18 studies (Jarnemo et al., 2023). Whereas hinds
prioritise protection of their young (Bonenfant et al., 2004), stags prioritise food quality to get strong
for the rutting season (Main et al., 1996). Home range size of hinds increased slightly at mid summer
and decreased towards the end of the summer most likely reflecting the high nutritional demands during
lactation and when the calves were growing (Clutton-Brock et al., 1982). Home range sizes of stags
were already largest at early summer and decreased towards end summer. This may be related to
reproduction strategies, as they prepare for the upcoming rutting season. Home range area at GDD
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330.95 was smaller than for the other GDD periods suggesting a better food availability to that time and
shorter distances to travel (Rivrud et al., 2010). Further, most individuals had their summer home ranges
around the Ofenpass road (Il Fuorn) and Val Mingér implying better habitat conditions. These areas
coincidence with the land cover classes preferred by red deer, as well as with the elevation ranges.

The feeding intensity was higher for GDD 330.95 compared to the earlier GDD periods. The energy
intake of red deer from vegetation was shown by Arnold et al. (2015) to be lowest in winter and to
increase continuously from spring to October. Additionally, Sigrist et al. (2022) analysed red deer habitat
selection in alpine regions related to the green wave and found strong selection for high biomass in the
later summer, when the green wave was coming to an end. GDD 330.95 represents the latest of the three
GDD stages coinciding with good food quality and high energy intake, which may reflect the build-up
of fat reserves as preparation for the rutting season and winter.

A more local study within the SNP (Rempfler et al., 2024), however, showed that the summer home
ranges (June to August of 2017 to 2021) of 70 individuals were considerably smaller than the ones found
in this study. The median for females was approximately 10 km? and for males approximately 25 km?,
(visually determined from Figure 2b in Rempfler et al. (2024)). The difference may be explained by the
different method used to estimate home range size (minimum convex polygon (MCP 100 %) in their
study and kernel density in this study) and that only open habitat locations were included in their study
(i.e. excluding forest positions).

The home range size is influenced by several factors, namely body size, energetic needs, trophic
structure, etc. Body size and related metabolic rate have been posited to influence the home range size
of mammals, explaining why males have generally larger home ranges than females (e.g. Lindstedt et
al., 1986), yet this is still to be settled (Kelt and Van Vuren, 2001) with new findings suggesting that
home range size is more related to available resources (Clutton-Brock et al., 1982), landscape
fragmentation (Haskell et al., 2002), physiological needs and disturbances (Nickel et al., 2021).
Landscape composition influences the home range size of red deer by defining how far red deer need to
walk to reach the next suitable area for feeding or resting (Bevanda et al., 2015). Migration can result in
generally larger home ranges compared to stationary red deer, as shown by Luccarini et al. (2006), who
analysed home ranges in the Italian Alps and Kropil et al. (2015), who analysed home ranges of stags in
the Kremnica Mountains in Slovakia. However, the analysed time in this thesis was the summer,
therefore, red deer should already be at their summer home ranges as migration into the SNP usually
starts in spring / early summer and back to their winter areas in October (Anderwald et al., 2015;
Blankenhorn et al., 1978). But they are generally migrating (20 to 30 km between summer and winter
areas; Anderwald et al., 2015), therefore, the home ranges can still be larger compared to only resident
individuals.

Also, climate influences home range size, as shown by Rivrud et al. (2010) for female red deer in
Norway. The direction of influence of temperature and precipitation depends on the temporal scale
analysed and can either be direct (on short term) or indirect (on longer terms via plant growth). Food
availability can also influence the home range size. If the home range area contains good food quality,
the home ranges were found to be smaller (Rivrud et al., 2010); alternatively, if roads or high red deer
density occur in an area, also the home ranges are affected (Jerina, 2012)

Red deer reused their home ranges throughout the summer with a mean overlap of 71.11 £+ 16.96 %,
indicating a strong fidelity to their summer home ranges, as well as their feeding locations. These
findings do not support the starting hypothesis, H2. Yet, Kamler et al. (2008) showed that both, hinds
and stags, reused their summer home ranges in different years. Contrary to my results, where hinds
showed a stronger mean overlap of 72.2 + 17.4 % compared to stags with 64.5 + 14 %, Kamler et al.
(2008) found stronger overlaps for stags in summer than for hinds (92.3 £ 2.1% and 83.1 = 7 %,
respectively). These differences may be interpreted as forage quality was most probably not as good
within the home range of hinds in the study area of Kamler et al. (2008), and therefore hinds had to
change their feeding locations more, showing a lower fidelity. Further, the large standard deviation in
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the mean summer home range overlap, suggests differences between individuals (e.g. hinds with calves
and without), which can further explain these differences (hinds with calves have a higher energy
demand compared to hinds without calves (Clutton-Brock et al., 1982)).

6.3 Modelling vegetation characteristics that relate to habitat
quality

Generally, trait prediction model performance was slightly higher for the training model compared to
the test model (see Table 5 under Section 5.4). This is not surprising as the training model is directly
fitted to the training data, and then extrapolated to the test model. Model performance, R? value, for
biomass (0.43) and nitrogen (0.34) lie within the range of performances of other models in the SNP,
even though performance for biomass lies at the lower end. Reported model performance for
aboveground biomass predictions in grassland and alpine environments include R?=0.52 in different
grassland systems in Northern Italy (Pinna et al., 2025) and R? = 0.60 (Rempfler et al., 2024) and R?=
0.57 (Schweiger et al., 2015b) in the SNP. For nitrogen, Rempfler et al. (2024) modelled an R* = 0.34,
Schweiger et al. (2015b) had an adjusted R* = 0.43 (mean across 4 years).

The difference may be explained by the different methods used, the number of sampled plots and the
time frame. Rempfler et al. (2024) used a RF model trained with a high number of plots (322 between
2011 and 2013 and additional 52 plots between 2016 and 2018). Further, several years were used for the
training data, to capture year-to-year variability in the vegetation. The model performance for biomass
is better, however, that for nitrogen is similar. This suggests that nitrogen predictions may be easier to
achieve and are more stable across the years. Biomass prediction, on the other hand, might benefit from
training data over several years to capture year-to-year variability. Schweiger et al. (2015b) used simple
spectral ratio indices. Model performance for both, biomass and nitrogen, are higher than herein,
however, the study area was only in the Val Trupchun and not the entire SNP. The number of plots were
similar (51 plots in 2010 and 2011 but 100 plots in 2012 and 2013), however, over data was used over
4 consecutive years for model training.

The model performance of the other variables (ADL, ADF and P) was also within the expected range,
even though no comparison to studies conducted in the SNP could have been done due to no available
studies addressing this topic. Zhang et al. (2025) estimated phosphorus in alpine grassland using a field
spectroradiometer in the Qinghai-Tibet Plateau and reported an R* = 0.39 using PLSR. This value is in
the same range as the value obtained in this study with R? = 0.33. The slightly lower model performance
may be explained by differences in the data acquisition approach. While Zhang et al. (2025) used a
handheld spectroradiometer, this study used airborne imaging spectroscopy data (APEX) together with
in-situ measurements, resulting in larger pixels (2 x 2 m) with potentially mixed pixels effects.
Wijesingha et al. (2020) estimated the fibre content (ADF) in different grassland types in Germany and
reported an R? = 0.39 (median) by using PLSR. Even though they used a multi-point spectrometer on a
drone to measure the spectra, their model performance value is in the same range as the one in this study
(R? = 0.40). The obtained model performance value for lignin (ADL; R? = 0.42) is comparable to the
range reported in other studies analysing lignin on grasslands, although lignin estimation with remote
sensing techniques is still challenging. Thulin et al. (2012) showed that the model performance for lignin
in grassland derived from a field spectrometer varied depending on spectral preprocessing and
transformations used, with reported adjusted R? values from practically zero to around 0.41.

Model performance is also affected by choices made during the modelling procedure. In RSFs, the
choice of absence or “pseudo-absence” data is known to affect model performance. When the numbers
are unbalanced, there are biases in where the data are selected from and whether they represent “true”
absence. To build the RSF and to account for variations between the individuals, the information about
the individual had to be available. Therefore, neither the background points nor completely random
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points were sampled, however for each individual, a buffer radius was constructed within the optimal
area (grassland mask) and randomly sampled from there. If the buffer size is either too broad or too
narrow, the model performance is reduced, highlighting the choice of an intermediate buffer size
(VanDerWal et al., 2009).

6.4 Red deer feeding habitat selection in the SNP

The best model explaining red deer feeding habitat selection in the SNP included two forage quality
proxies, namely nitrogen and fibres. Compared to other studies, these insights are new, as often biomass
and nitrogen were used to characterise red deer feeding habitats (Rempfler et al., 2024; Schweiger et al.,
2015b). Consistent with these two studies, biomass had a stronger predictive effect on red deer feeding
compared to nitrogen. However, acid detergent fibre (ADF) had an even greater effect and was strongly
avoided (negative sign). ADF relates to plant cell wall thickness and composition, which strongly
influence the digestibility of nutrients (Spalinger et al., 1986). Therefore, fibre fractions serve as an
indicator for low forage quality and digestibility (Van Soest, 1994) suggesting that areas with high ADF
content will likely be less preferred by red deer. This is supported by Zweifel-Schielly et al. (2012) who
analysed the diet of migrating red deer throughout the different seasons of the alpine landscape and
showed that red deer selected plant groups with low ADF content, especially during the growing season.

Lignin (ADL), the part that is hardest to digest (Holtzapple, 2003b; Katoch, 2023), was not good in
explaining red deer presence. The reason might be, that lignin is already part of ADF (correlation of 0.6;
see Figure 10), already capturing the effect of digestibility.

The best performing model (M7d) had random slopes for ADF, indicating that red deer individuals
responded differently to ADF content. This finding is supported by Cupi¢ et al. (2021) who analysed
faecal samples of deer in a controlled environmental setup. According to these authors, reproduction,
age, body weight and season influenced the amount of nitrogen and ADF in the diet. While reproduction
only slightly influenced the diet composition with approximately 4 % variability, sesason showed a strong
influence (17 % on average), as well as age and body weight (18 %).

All 2-way interactions were significant. At high biomass values, the negative effect of ADF was reduced,
suggesting that higher biomass values are more important than fibre content and compensating the
negative effect of it. At higher biomass values, higher nitrogen values were preferred and again, at higher
nitrogen values, the negative effect of ADF was reduced, suggesting that nitrogen-rich vegetation
slightly compensates for higher ADF values. The interaction between biomass and food quality is shown
by Langvatn and Hanley (1993). It was shown that the intake of digestible protein (estimated via the
nitrogen balance) and digestible dry matter increased with increasing biomass for young grasses of good
quality. However, for older plants, the biomass value was high, while the digestible protein and
digestible dry matter were low. As biomass more strongly influenced digestible dry matter compared to
digestible protein (Langvatn and Hanley, 1993), this suggests that high biomass values can partially
compensate for high ADF values, but not for nitrogen values. Further, Zweifel-Schielly et al. (2012)
were able to relate high protein values in plant groups with low fibre contents in summer. This supports
the hypothesis that nitrogen-rich vegetation can slightly compensate for higher ADF values.

Topography explained some variance in red deer presence. Red deer preferred elevation levels of
2280.77 £ 175.89 m during summer months. Compared to their winter areas in the Engadin and Val
Miistair (Blankenhorn et al., 1978), these elevation values are higher. This can be explained by a higher
abundance of forage quality at higher elevations as shown by Mysterud et al. (2017), where migrating
red deer had access to higher forage quality during summer as they moved to higher elevations compared
to the resident red deer. Besides the better forage quality at higher elevations, also the temperature
decreases with increasing elevation (6.5 Celsius per 1 km; Daidzic, 2019). Therefore, higher elevations
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provide cooler temperatures, likely because it enables better body thermal regulation (Widén et al.,
2025).

Further, red deer were found in flatter terrain and slopes facing south and east. This aligns with the
findings of other studies conducted in the SNP, where red deer were mainly found in flatter areas
(Schweiger et al., 2015b) especially hinds, likely, because these areas confer safe grounds for the young
(Rempfler et al., 2024). Additionally, Sigrist et al. (2022) found red deer in less steep areas and migrating
red deer preferred slopes with more solar radiation. These areas provide better forage availability as
south facing slopes get more radiation, are therefore snow free faster and have an earlier start of
vegetation growth compared to slopes facing north, as shown by Hebblewhite et al. (2008).

6.4.1 Explaining sex-specific feeding habitat differences

Sex-specific differences in feeding habitat selection were found between hinds and stags refuting H4.
While female red deer feeding habitat selection could be best explained by topographic variables,
biomass, nitrogen and ADF, the best explaining model for stags included topographic variables, biomass,
phosphorus and ADF.

Whereas Rempfler et al. (2024) only found slight differences in the habitat selection of male and female
red deer in the SNP, Garcia et al. (2023) found differences in the diet of Iberian male and female red
deer in Portugal. Especially during spring and autumn, differences in spring were associated with
reproduction, i.e. birth and lactation for hinds vs. start of growth of antlers for stags. Rempfler et al.
(2024) conducted their study during summer (June — August), where calves had already been born and
the differences within the diet might be smaller, explaining why only weak differences were found.

The found differences in this thesis might arise because within one study, a more comprehensive set of
quality proxies were included, compared to Rempfler et al. (2024) and Schweiger et al. (2015b) where
only biomass and nitrogen were included in the models, or Schiitz et al. (2006), which included only
phosphorus in models for the SNP. Nitrogen, measured as crude protein, was shown to be positively
correlated with the body weight of female red deer (Albon and Langvatn, 1992). Besides the age of
hinds (highest probability of pregnancy found at four years) the body condition is essential for the
survival of their offsprings (Borowik et al., 2016; Clutton-Brock et al., 1982). Hinds with access to high
quality forage are likely to have a better body condition, which in turn also influences the growth and
survival of their young (Borowik et al., 2016). This may explain why nutrient-rich forage, especially
nitrogen, was an important factor explaining female red deer habitat selection. However, the main effect
of nitrogen was not significant, but in the 2-way interaction it was, suggesting that nitrogen is still
important in female red deer habitat selection.

Stags need nutrients to build up their antlers. Antlers are the fastest growing bone among vertebrates
starting to grow in spring and then the speed increases towards the end of the summer (Goss, 1983).
This was only partially supported by Gomez et al. (2013), who showed that antler growth of Iberian red
deer lay between day 28 and 156 with the highest need of minerals around day 100 due to maximal
mineralisation. However, the antler growth depends on the nutrients in the forage and is thus related to
the body weight and size (Clutton-Brock et al., 1982; Landete-Castillejos et al., 2007). Smolko et al.
(2022) were able to show that CaCOs, phosphorus and nitrogen in the soil resulted in larger antlers,
highlighting the need of nutrients during antler growth. However, already at very young stages, the
forage intake can influence the growth of the antlers. Landete-Castillejos et al. (2007) showed that
weight gains during lactation were important for mineral composition of antlers. For phosphorus, 69 %
of the variability could be explained by lactation. As phosphorus is essential for all vertebrates for their
bones and the mineralisation of the skeleton (Cotti et al., 2020), this might explain why phosphorus was
important to include in the model describing male habitat selection. However, as stag data was only
from five males, this result might not be very robust and needs further investigation, i.e. whether
phosphorus really explains red deer presence better than nitrogen. Grasman and Hellgren (1993)
analysed the effect of phosphorus on white-tailed deer and found that antler growth was not limited by
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phosphorus. Furthermore, nitrogen and phosphorus tend to be highly correlated in vegetation
(correlation of 0.8; see Figure 10), making a separation of their individual effects difficult in habitat
selection models.

Hinds tend to occur more often within the SNP compared to stags, who were found more north of the
SNP and close to the border to Austria. This aligns with the findings of Rempfler et al. (2024) who found
hinds in flatter areas and closer to the forest and more within the SNP compared to stags, as they are
more sensitive to human disturbances. Therefore, only five stags were available for the analysis,
compared to 23 females. Although individual was included in the model as random effect to account for
the different sampling sizes, the overall result is likely dominated by females. This explains, why the
overall model is very similar to the model only containing hinds. Even though the GPS positions were
relatively similar (for males and females 11772 and 15024 GPS positions, respectively), the difference
between the individuals (5 vs. 23) does influence the model.

6.5 Limitations

The thesis comes with a set of limitations, especially regarding model training, model predictions, and
the predictors in the RSF. Two types of models were used: PLSR for modelling plant traits and RSF
(using as input the predictions from PLSR models). The PLSR linked in situ-measurements of plant
traits with airborne imaging spectroscopy reflectance information to train the model, and to do
predictions of biomass and other forage quality proxies for the whole SNP. However, the predicted
solution is unlikely to be unique, as multiple combinations between in-situ measurements and airborne
measurements may occur. The reason is that different chemical compounds (e.g. water and lignin) absorb
in the same wavelength region, making it difficult to assign a wavelength to a specific chemical
compound (Curran, 1989). This means, several combinations of reflectance data can result in the same
biomass prediction, even though the biomass value should be different due to differences in the
vegetation composition or structure. Further, shade and the viewing angle of the airborne sensor can
result in different reflectance measurements for the same material, influencing the predictions (Feilhauer
et al., 2010). Therefore, a brightness correction for the PLSR model was applied following Feilhauer et
al. (2010), however, noise introduced by the sensor could not be accounted for with the brightness
normalisation. This could have led to uncertainties in the predictive values that were used in the analysis
of habitat selection.

The data that were used to train the PLSR model consisted of in-situ measurements and spectral
information collected from 2010 and 2013 for the variables biomass, nitrogen, ADL and ADF. A variable
number of plots were sampled in the different years: 51 plots were collected in 2010, 82 plots in 2013,
summing up to 133 plots. Whereas the 51 plots from 2010 were spread over the whole SNP, capturing
different elevation levels, vegetation types and properties and areas (Val Trupchun and Il Fuorn;
Schweiger et al., 2015a), the 82 plots from 2013 were all sampled within Val Trupchun. This might put
greater weight on vegetation conditions found within Val Trupchun, explaining why the model for the
whole SNP might had a lower model performance compared to the model by Schweiger et al. (2015b)
within Val Trupchun. Further, phosphorus was only measured in 2010, but not in 2013. Therefore, only
51 plots provided data for training the model. Even though the sample size is smaller compared to the
training data used for the other predictions, the plots captured different environmental conditions within
the SNP.

Further, the bedrock in the SNP differs between a limestone and calcareous bedrock in Val Trupchun
and a dolomite bedrock around Il Fuorn (Schweiger et al., 2015a). Even though it was shown by
Schweiger et al. (2015a) that the model performance for predicting aboveground biomass differed
between the two sites (R? = 0.60 for Val Trupchun and R? = 0.30 Il Fuorn), only one model for the SNP
was used. The model performance for biomass for the whole SNP was 0.43, similar to the performance
achieved by Schweiger et al. (2015a) for their regional model (R?= 0.44).
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Additionally, even though vegetation can have year-to-year variation due to external factors like
temperature, precipitation and how long the snow-free period was (Choler, 2015), this variation was not
explicitly accounted for in the RSF model for red deer habitat selection. Instead, the GDD, which
accounts for the thermal conditions (Quaglia et al., 2020), was instead used as phenological
standardisation to ensure comparability across the years. However, as temperatures slightly increased
between 2010 and 2019, GDD 330.95 was reached earlier in 2019 compared to the other years.
Therefore, its possible that the three defined GDD periods may not have captured the full summer.
Further, Trepel et al. (2024) analysed 297 studies in their meta-analysis to see the effect of large
herbivores on the ecosystem and its function. These effects covered nutrient concentrations in the soil
(e.g. phosphorus), the soil compaction, responses on the vegetation (i.e. on plant nitrogen), heterogeneity
of the vegetation, and responses with other animals. All these effects were not accounted for in this
analysis.

The residuals of the best identified habitat models (overall, for hinds and for stags) were tested for spatial
autocorrelation using Moran’s 1. The GPS data were also previously tested for temporal autocorrelation
for the home range analysis and the feeding locations. Further, as only one “fix” timespan (GDD 239.95
+ 10 days) was analysed in the RSF, the temporal component was not considered in the RSF. As the GPS
had a spatial accuracy of 11.3 + 4.7 m (Schweiger et al., 2015b), variable values used for the RSF were
extracted within a buffer of 10 m (mean value was assigned).

The pseudo-absence points were generated within a buffer around the presence location (measured by
the GPS). Within the buffer, 30 random points were generated with the constraint, that these points lie
within the grassland mask. This ensured that absence points were only generated within open areas that
are used by red deer for feeding. Nevertheless, it could have been possible, that mountain ridges are
within the buffer, but on the mountain slopes, it could have grassland and these areas could have been
used for the absence points. However, red deer can’t “jump” over mountains ridges and might not be
able to feed at these places. This can make some of the pseudo-absence points unrealistic.

Even though the home ranges and the feeding locations were quite similar between the three GDD stages
with high overlaps (mean home range overlap between the three GDD periods was 71.11 = 16.96 % and
for the feeding locations 92 % (aggregated for all individuals)), the vegetation properties can still
change. Rapiya et al. (2025) analysed carbon, nitrogen, ADF and the ratio C:N:ADF in natural
rangelands in South Africa with Sentinel data and found seasonal changes in the concentration and the
ratio of these constituents. In late summer, the C:N:ADF ratio was highest, with high concentrations of
C and N and low ADF concentrations. These underlying changes within the vegetation were not
considered and only one GDD period was analysed further to define red deer feeding habitat selection.
Therefore, the question whether red deer shift their feeding strategy through the summer cannot be fully
answered in this thesis.

Despite the performance of the prediction model laying within the range of that for other models within
the SNP, the biomass predictions resulted in a high number of zero value predictions. Further, the AOA
mask seemed to be very conservative for biomass (i.e. reduced the predictions space), compared to the
other predictions. Whereas all predictions of forage quality (N, P, ADL and ADF) showed a normal
distribution of predicted values, the distribution of the predicted biomass values was left skewed with a
lot of values at zero. As all negative predictions were set to zero, it could either mean, a lot of negative
values had been predicted, that were then set to zero, or a lot of zero values were directly predicted. Zero
is still a value, however, it could have influenced the result of red deer habitat selection. It is, however,
unlikely that there is no biomass for these regions, likely leading to an underestimate of the effect of
biomass.

The position of the red deer relied on the GPS positions recorded. Each GPS collar recorded for

approximately two years, sometimes even shorter, before the sensor ran out of battery, was dropped off

or the animal died. Therefore, over the nine analysed years, different individuals were tracked and

included in the analysis. The question is, how representative is one individual for the whole red deer
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population? As shown with the different slopes in M7d, red deer do respond quite differently to nutrients.
Although individual differences were accounted for in the model with the random effect, nevertheless,
inter-individual differences in habitat selection could still introduces bias.

Besides that, the behavioural assignments relied on a discriminant analysis (Bar-Gera et al., 2025), a
method that enables to classify the movements into groups of behaviours. Originally five different
behaviours (feeding, lying, standing, walking, running) could be identified with their model (Bar-Gera
et al., 2025). However, walking, standing and running occurred on average for shorter times (lying:
34.77 min, compared to standing: 1.49 min, walking: 1.16 min and running: 2.39 min) compared to the
5-minute interval. Therefore, mixed intervals were used, where one behaviour was made up at least half
of the time of the interval. Further, standing was not further distinguished from the other categories and
was not treated as separate behaviour. However, mixed intervals lead to misclassification as one
behaviour does not fill the full interval. The input data for training their models were observations
together with GPS data, however, the accuracy of GPS data within a forest is lower compared to the
grassland (Piedallu and Gégout, 2005). This might also result in some misclassifications.
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7 Conclusion

The aim of this thesis was to determine which of the nine theoretical feeding strategies red deer follow
during the summer. The best scenario describing their feeding strategy included both high forage
quantity (biomass) and high forage quality (i.e. high nitrogen or phosphorus content and low fibre
content), corresponding to the (++) strategy. As stated in hypothesis H1, red deer were predominantly
found in the forest and grassland areas with the dominant behaviours lying and feeding. Hypothesis H2,
was not supported, as no spatial differences in the home ranges or feeding locations across the three
phenological stages were found. Similarly, hypothesis H4, was not supported, as sex-specific differences
in red deer feeding habitat selection were identified. Red deer habitat selection was best explained by
topography, biomass and forage quality proxies, supporting hypothesis H3. Specially, red deer were
found in areas with high biomass and high nitrogen or phosphorus content, but low lignin and fibre
content. Comparing forage quality and quantity, biomass (quantity) had a stronger predictive effect on
red deer feeding compared to nitrogen or phosphorus (quality). However, acid detergent fibre (ADF)
had an even greater effect compared to biomass for hinds and the general model. Males showed a weaker
response to the fibre content compared to females, but at the same time a stronger response to biomass.
Elevation had the overall strongest effect on male red deer presence, the fibre content had the strongest
effect on females.

This study used a set of combination of forage quality proxies (N, P, ADL and ADF) together with forage
quantity and topography to explain red deer feeding habitat selection in the SNP. Only actual feeding
locations were analysed, by applying successfully the behavioural classification model developed by
Bar-Gera et al. (2025). Further investigation is needed to assess a potential underestimation of the
biomass effect due to a high number of zero predictions, and to determine whether phosphorus is truly
a better explanatory variable for male red deer feeding habitat selection or whether this finding is an
artefact of the low number of GPS positions and individuals available for this analysis (n = 5). As red
deer reused their summer home ranges and feeding locations throughout the summer, analysing only
one time period was justified. However, potential short-term shifts during the summer in the feeding
strategy cannot be fully detected. Nevertheless, this thesis provides new insights into red deer feeding
habitat selection in the SNP by filtering GPS locations for feeding behaviour, using a multi-temporal
imaging spectroscopy approach and using a set of forage quality proxies. In a next step, the model
identified to explain red deer feeding habitat the best could be used and applied to generate a probability
map, showing where red deer are most likely found within the SNP and if these places match with the
actual recorded GPS locations.
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9 Appendix

9.1 Supplementary figures and tables
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Supplementary Figure 1: Distribution of in-situ biomass
values in g/m? collected in 2010 and 2013. Distribution is
slightly left skewed.
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Supplementary Figure 3: Distribution of in-situ ADL values in

% collected in 2010 and 2013. Distribution has a slightly long
tail.
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Supplementary Figure 5: Distribution of in-situ phosphorus
values in % collected in 2010.
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Mean home range overlap matrix
Pairwise comparisons across all three GDD periods
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Supplementary Figure 6: Home range overlap matrix across the three GDD periods.
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Supplementary Figure 7: Recorded male red deer positions in and around the SNP. Different colours indicate different
individuals, in green is the SNP.
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> summary (m7_sTope_ADF)
Family: binomial ( logit )
Formula: presence ~ elevation + I(elevationA2) + slope + aspect_cos +
aspect_sin + Biomass_dry * ADF_perc * Nitrogen_perc + (1 |
deployment) + (0 + ADF_perc | deployment)
Data: feeding_final_scaled

weights: w
AIC BIC logLik -2*1og(L) df.resid
48792.2 48906.9 -24382.1 48764.2 26782

Random effects:

Conditional model:

Groups Name variance sStd.Dev.
deployment (Intercept) 1.00e+06 1000.000
deployment.l ADF_perc 2.55e+00 1.597
Number of obs: 26796, groups: deployment, 28

Conditional model:
Estimate Std. Error z value Pr(|z|)

(Intercept) -0.001296 188.937100 0.000 0.99999
elevation 0.189024 0.068582 2.756 0.00585 =%
I(elevationAz) -0.746289  0.093466 -7.985 1.4le-15 *=**
slope -0.526695 0.058761 -8.963 < 2e-16 **¥%
aspect_cos -0.661966  0.051871 -12.762 < 2e-16 ***
aspect_sin 0.675940 0.047035 14.371 < 2e-16 *%%*
Biomass_dry 1.117913  0.054821 20.392 < 2e-16 *¥*
ADF_perc -1.450714  0.324859 -4.466 7.98e-06 ***
Nitrogen_perc 0.530699 0.066453 7.986 1.39e-15 ***
Biomass_dry:ADF_perc 0.970184 0.088652 10.944 < 2e-16 *%*
Biomass_dry:Nitrogen_perc 0.960306 0.100537 9.552 < 2e-16 *%%
ADF_perc:Nitrogen_perc 0.857635 0.124121 6.910 4.86e-12 *%*
Biomass_dry:ADF_perc:Nitrogen_perc 0.215935 0.183287 1.178 0.23875
Signif. codes: 0 “®*%%’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * " 1

Supplementary Figure 8: Summary output of the overall best model (M7d) with random slopes for ADF. All estimates are in
the log odds scale.
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> summary (m7_sTope_ADF_T)
Family: binomial ( logit )
Formula: presence ~ elevation + I(elevationA2) + slope + aspect_cos +
aspect_sin + Biomass_dry * ADF_perc * Nitrogen_perc + (1 |
deployment) + (0 + ADF_perc | deployment)
Data: female_filtered

Weights: w
AIC BIC logLik -2%7og(L) df.resid
27302.1  27408.7 -13637.0 27274.1 15010

Random effects:

Conditional model:

Groups Name vVariance Std.Dev.

deployment (Intercept) 1.000e+06 1000.000

deployment.l ADF_perc 4.027e+00 2.007

Number of obs: 15024, groups: deployment, 23

conditional model:
Estimate Std. Error z value Pr(>|z|)

(Intercept) -0.001115 208.510946 0.000 0.999996

elevation -1.159290 0.113882 -10.180 < 2e-16 *%%
I(elevationA2) -1.385964  0.131934 -10.505 < 2e-16 ***
slope -0.402372 0.079191 -5.081 3.75e-07 w%%
aspect_cos -0.687248 0.066250 -10.374 < 2e-16 *%*
aspect_sin 0.836062 0.061811 13.526 < 2e-16 **%
Biomass_dry 0.533948 0.088716 6.019 1.76e-09 =¥
ADF_perc -1.619644  0.446980 -3.624 0.000291 **=*
Nitrogen_perc 0.081675 0.101690 0.803 0.421874

Biomass_dry:ADF_perc 0.386377 0.135301 2.856 0.004295 ==
Biomass_dry:Nitrogen_perc 0.670713 0.162862 4.118 3.82e-05 #*%
ADF_perc:Nitrogen_perc 1.103241 0.183756 6.004 1.93e-09 #=%%
Biomass_dry:ADF_perc:Nitrogen_perc -0.113805 0.280164 -0.406 0.684589

Signif. codes: 0 ‘*%%’ 0,001 **%’ 0.01 ‘=<’ 0.05 “.” 0.1 * " 1

Supplementary Figure 9: Summary output of the best model (M7d) explaining female red deer presence in the SNP with
random slopes for ADF. All estimates are in the log odds scale.
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Supplementary Table 1: Overview of the model performance for stags in the SNP characterised by the AIC value. Best model
per category is highlighted in green. The overall best model is highlighted in blue

Model Degree of Freedom | AIC

MO: random effects only 1 22165.37
M1: topographic variables 6 21680.61
M2: topographic variables + Biomass (random 7 21413.18
intercept only)

M2: topographic variables + Biomass (random 8 21391.06
slopes)

M3: topographic variables + Biomass * N (random | 9 21181.70
intercept only)

M3: topographic variables + Biomass * N (random | 10 21137.52
slope for Biomass)

M3: topographic variables + Biomass * N (random | 10 21181.56
slope for Nitrogen)

M4: topographic variables + Biomass * P (random | 9 21191.35
intercept only)

M4: topographic variables + Biomass * P (random | 10 21158.67
slopes for Biomass)

M4: topographic variables + Biomass * P (random | 10 21184.74
slopes for P)

MS5: topographic variables + Biomass * ADL 9 21408.56
(random intercept only)

MS: topographic variables + Biomass * ADL 10 21388.34
(random slopes for Biomass)

MS5: topographic variables + Biomass * ADL 10 21407.67
(random slopes for ADL)

M6: topographic variables + Biomass * ADF 9 21264.64
(random intercept only)

M6: topographic variables + Biomass * ADF 10 21248.26
(random slopes for Biomass)

M6: topographic variables + Biomass * ADF 10 21251.83
(random slopes for ADF)

M7: topographic variables + Biomass * ADF * N 13 21053.46
(random intercept only)

M7: topographic variables + Biomass * ADF * N 14 21030.04
(random slopes for Biomass)

M7: topographic variables + Biomass * ADF * N 14 21053.52
(random slopes for Nitrogen)

M7: topographic variables + Biomass * ADF * N 14 21047.98
(random slopes for ADF)

MB&: topographic variables + Biomass * ADF * P 13 21031.86
(random intercept only)

MB8: topographic variables + Biomass * ADF * P 14 21007.33
(random slopes for Biomass)

MB8: topographic variables + Biomass * ADF * P 14 21030.14
(random slopes for Phosphorus)

MB8: topographic variables + Biomass * ADF * P 14 21021.04
(random slopes for ADF)
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> summary(m8_sTlope_B_m)
Family: binomial ( logit )
Formula: presence ~ elevation + I(elevationA2) + slope + aspect_cos +
aspect_sin + Biomass_dry * ADF_perc * P_perc + (1 | deployment) +
(0 + Biomass_dry | deployment)
Data: male_filtered

weights: w
AIC BIC logLik -2*Tog(L) df.resid
21007.3 21110.6 -10489.7 20979.3 11758

Random effects:

conditional model:

Groups Name Varijance Std.Dev.
deployment (Intercept) 1.000e+06 1000.0000
deployment.l Biomass_dry 2.74le-01 0.5235
Number of obs: 11772, groups: deployment, 5

Conditional model:
Estimate Std. Error z value Pr(>|z|)

(Intercept) -1.092e-04 4.473e+02 0.000 1.00000
elevation 2.082e+00 1.478e-01 14.084 < 2e-16 ***
I(elevationA2) -2.315e+00 2.372e-01 -9.759 < 2e-16 **«*
slope -7.763e-01 8.618e-02 -9.008 < 2e-16 *=*
aspect_cos -5.779e-01 &8.437e-02 -6.850 7.40e-12 #==*
aspect_sin 4.306e-01 7.330e-02 5.874 4.,24e-09 #%%*
Biomass_dry 1.407e+00 2.488e-01 5.655 1.56e-08 *¥*
ADF_perc -9.058e-01 8.708e-02 -10.402 <« 2e-16 ##%
P_perc 8.641e-01 8.899e-02 9.710 < 2e-16 *==
Biomass_dry:ADF_perc 3.756e-01 1.322e-01 2.840 0.00451 *=%
Biomass_dry:P_perc 1.223e+00 1.438e-01 8.505 < 2e-16 ***
ADF_perc:P_perc -2.793e-01 1.702e-01 -1.641 0.10074
Biomass_dry:ADF_perc:P_perc -5.595e-01 2.743e-01 -2.040 0.04138 *
Signif. codes: 0 “#%%’ 0_001 ‘**’ 0.01 ‘%' 0.05 “.” 0.1 “ " 1

Supplementary Figure 10: Summary output of the best model (M8b) explaining male red deer presence in the SNP with
random slopes for ADF. All estimates are in the log odds scale.
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Supplementary Table 2: Home range area statistic for hinds in the SNP.

Female red deer home range statistics

95 % kernel density estimates across phenological stages

Phenological stage N Mean Area [ha] SD Area [ha] Mean Radius [m] SD Radius [m]

GDD 154.7 (early) 53 275.7 121.6 914 203
GDD 239.95 (mid) 53 279.0 107.8 925 180
GDD 330.95 (late) 53 271.4 112.9 909 196

Supplementary Table 3: Home range area statistic for stags in the SNP.

Male red deer home range statistics

95 % kernel density estimates across phenological stages

Phenological stage N Mean Area [ha] SD Area [ha] Mean Radius [m] SD Radius [m]

GDD 154.7 (early) 17 423.6 2473 1,115 336
GDD 239.95 (mid) 17 421.1 206.5 1,125 282
GDD 330.95 (late) 17 284.1 1415 926 222
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Supplementary Table 4: ODMAP Protocol following Zurell et al. (2020)

ODMAP section

ODMAP subsection

ODMAP elements

Overview

Authorship

Antonia Breitling,
antonia.breitling@uzh.ch

Model objective

Explaining red deer feeding habitat
selection in the Swiss National Park (in
general and sex-specific)

Taxon

Red deer (Cervus elaphus)

Location

Swiss National Park (SNP)

Scale of analysis

- Spatial extent: 2800000 —
2825000 Easting, 1185000 —
1160000 Northing (LV95)

- Spatial resolution: 2 x 2 m

- Temporal extent: GPS data
collected from 2011 — 2019,
filtered for GDD 239.95 £ 10
days

- Extent boundary: SNP

Biodiversity data overview

- Observation type: GPS locations
of red deer (telemetry)
- Response data type: binary

Type of predictors

- Topography (elevation, slope,
aspect)

- forage quantity (biomass)

- forage quality (nitrogen,
phosphorus, lignin, fibres)

Conceptual model / hypotheses

Which combination of topography, forage
quality proxies (N, P, ADL and ADF) and
forage quantity (biomass) best explains
red deer feeding habitat selection?
- Topography alone?
- Topography and food quantity
(biomass)?
- Topography together with food
quantity (biomass) and quality (N,
P, ADL, ADF)?

Assumptions

- Species are in equilibrium with
their environment

- Species don’t move too far and
are rather stable within their niche

- No sampling bias of red deer data
(recorded by GPS, accuracy of
11.3+4.7m)

SDM algorithms

Resource selection function (RSF) used as
special case of SDM for accounting for
variations between individuals.
Implemented as generalised linear mixed
model (GLMM) framework because the
independence assumption was violated
due to multiple datapoints per individual.
Best model was identified via AIC.

No model averaging used.

Model workflow

The presence data were the feeding
locations. Additionally, the data were
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filtered for only the GDD period 239.95 +
10 days, independent of the year and only
positions within the grassland mask and
the mosaic were kept.

Pseudo-absence points were generated via
a buffer.

Data were centred and scaled prior to
model fitting to a mean =0 and SD = 0.5
Models were fitted with random intercepts
and random slopes in the model to avoid
biased and overconfident results when
modelling RSFs.

Intercept variance was fixed at a large
value (10°) to avoid shrinkage and bias
and weights were given to the datapoints
(presence = 1, available = 1000).

The number of positions recorded for
each individual were checked. Out of 41
individuals, 11 had less than 10 presence
points and were therefore excluded,
resulting in 28 individuals (26796 points)
for the analysis.

Software, codes and data

R /R studio

Data

Biodiversity data

Red deer (Cervus elaphus) in the SNP,
Switzerland.

Presence data measured by GPS (accuracy
of 11.3 £ 4.7 m) and together with data
from accelerometer, actual feeding
locations determined by a machine
learning approach were identified.
Temporal matching of accelerometer and
GPS data within a = 20-minute window
Filtered for GDD period 239.95 + 10
days.

Only individuals with more than 10 GPS
positions kept for RSF / SDM.

Absence data: Buffer of 1km around each
presence location, 10 absence points per
presence location defined (first 30 random
points generated, then subsampled to 10
points)

Predictor variables

- Topography: values extracted
from DEM (Swisstopo, n.d.)

- Forage quantity and forage
quality: variables are the output of
a PLSR model, trained with in-
situ and imaging spectroscopy
data collected within the SNP

- Bothin LV95, 2 x 2 m resolution

Model

Multicollinearity

Pearson correlation checked for r > 0.7.
Nitrogen and phosphorus not included in
the same model due tor = 0.8

Model settings / model complexity

- Random intercepts and slopes per
individual
Intercept variance fixed at 10°
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- Weights: presence = 1, available
=1000

Model estimates

- Model coefficients reported in log
odds scale

- 95 % confidence interval reported

- Fixed and random effects reported

Model selection / model averaging
/ ensembles

- Model selection via AIC

- Single best model identified (in
general, for females and males)

- Models compared within three
hypothesis categories

Non-independence
correction/analyses-

- Moran’s I tested on model
residuals for spatial
autocorrelation

- GPS data (presence data) tested
beforehand for temporal
autocorrelation with ctmm (SVF),
IID model identified as best
model

Assessment

Performance statistics

- No independent test data used

- Model performance assessed via
AIC and AAIC.

- No independent performance
statistics calculated.

Plausibility Check

Results compared to other studies
conducted within the SNP
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9.2 Personal declaration

I hereby declare that the submitted thesis is the result of my own, independent work. All external
sources are explicitly acknowledged in the thesis.

9.3 Statement on Al use

I'used Claude and DeepL as Al-tools in this thesis as supportive tools in the following purposes:

1. To translate words and to check grammar and spelling in text passages and the reading flow:
“Please check this passage in terms of grammar and spelling errors and the flow but do not
change the content, only paraphrase it”

2. Code explanation of found online tutorials:
“What does this line do in this code section?”

3. Error debugging:
“I have the following error, what and where could be the problem?”

4. Speeding up the R code (making it more efficient):
“How can I make this R code more efficient? How can I do that in a loop?”
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