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Spatio-temporal interactions between roe deer (Capreolus capreolus),
Alpine chamois (Rupicapra rupicapra) and red deer (Cervus elaphus) in
the Swiss National Park based on camera traps

by Luna Emilia Schilli

Interactions between species can influence and alter their use of space, activity patterns
or food intake. Such interactions can lead to avoidance or displacement mechanisms,
particularly between species at the same trophic level with similar habitat requirements.
In alpine regions, possible interactions between three of the four most common ungulate
species - red deer, roe deer and chamois - have been little studied, although red deer
have been observed to be the dominant ungulate species in many ecosystems compared
to smaller or more specialised species.

The present study addresses this knowledge gap. Using multi-scale camera trap
event data from the the Swiss National Park, possible spatial and temporal interactions
between the species were investigated. For this purpose, Generalized Linear Mixed
Models with the presence of one species as the dependent variable were conducted.
Possible influencing factors were the presence of other species and environmental
variables in order to determine spatial segregation. In addition, a directed interval
analysis between events of the three species was carried out. The Generalized Linear
Mixed Models included the intervals between events of one species pair as the dependent
variables. Possible influencing factors were the species pair direction (A — B or B
— A) and environmental variables. Hereby, it was analysed whether roe deer and
chamois avoid red deer temporally, i.e. whether the intervals after a red deer detection
are longer than vice versa.

The spatial distribution of all three species was primarily determined by environ-
mental gradients and resource availability; there was no evidence of spatial displacement
of roe deer or chamois by red deer. The temporal interval analyses, on the other hand,
showed asymmetrical interactions: roe deer and chamois occurred at longer intervals
after red deer detections than vice versa, indicating temporal avoidance reactions.
Overall, competitive processes occur primarily in time rather than space, suggesting
behaviourally mediated coexistence without spatial segregation. The findings are
directly relevant for multi-species monitoring approaches in topographically restricted
alpine systems and provide starting points for the management of ungulates under
changing environmental conditions.


HTTP://WWW.UNIVERSITY.COM
http://faculty.university.com
http://department.university.com




vii

Acknowledgements

First and foremost, I would like to express my sincere gratitude to Dr. Pia Anderwald for
excellent supervision, continuous and appreciative support, and constructive feedback
throughout the entire process of this thesis.

I also thank Prof. Dr. Ilse Storch for supporting the search for the thesis topic, for
giving me the opportunity to visit and get to know the Swiss National Park, and for
the helpful guidance during the course of this work. I am furthermore thankful that
Prof. Dr. Albert Reif agreed to act as second examiner, thereby making this thesis
possible in the first place.

I also wish to thank the Swiss National Park for providing the camera-trap and
geodata that form the basis of this study.






Contents

Declaration of Authorship

Abstract

Acknowledgements

1

Interspecific interactions between herbivores

1.1 Interspecific interactions between red deer (Cervus elaphus) and roe
deer (Capreolus capreolus) . . . . . . ... ... ... ...
1.2 Interspecific interactions between red deer (Cervus elaphus) and Alpine
chamois (Rupicapra rupicapra) . . . . . . . . . ...
Methods
2.1 Study area and data collection . . . . . . .. .. ...
2.1.1 Data and data preparation . . . ... .. ... ... ... ...
Camera data . . . .. .. .. ...
Environmental data . . . . . .. ... 000000
2.1.2  Statistical analysis . . . . . . . ... ... L
Spatial analysis . . . . . . .. ..o o
Temporal analysis . . . . . . .. .. . L o
Results
3.1 Spatial analysis . . . . . . .. ...
3.1.1 Roedeer. . .. .. ... ...
Tkmgrid . ... 0 oo
250 m grid . ...
3.1.2 Chamois . . . . . . . . . .
lkmgrid . . . .. . .
250 m grid . ... Lo
313 Reddeer. . .. .. ... .. ..
Tkmgrid . ... oo oo
250 m grid . ...
3.2 Temporal analysis. . . . . . . . . . ...
3.2.1 Roe deer - red deer temporal interaction . . . . . .. ... ...
lkmgrid . . . .. . .
250m grid . . ...
3.2.2 Roe deer - chamois temporal interactions . . .. ... ... ..
lkmgrid . ... . oo
250m grid . . ...
3.2.3 Chamois - red deer temporal interaction . . . . . . ... .. ..

ix

iii

vii



4 Discussion 31
4.1 Key findings and context . . . . . ... ... 31
4.2 Spatial patterns and environmental drivers . . . . . . .. ... ... .. 31
4.3 Temporal patterns and environmental drivers . . . . . . .. .. .. .. 32
4.4 Methodological considerations and limitations . . . . . . .. .. .. .. 34
4.5 Ecological implications . . . . . . .. ... o oo 35

5 Conclusion 37

List of References 38

A Biological relevance for tested interactions in the spatial analysis 45

A.1 Precipitation x Species presence . . . . . . . . ... 45
A.2 Julian day x Species presence . . . . . . . ... 45

B Correlation matrices (Spearman) 47
C Top models summary 49
C.1 Spatial analysis Top models . . . . . .. ... ... ... ... ..... 49
C.1.1 Spatialroedeer 1km . . . . . . .. ... ... .. ... ... 49

C.1.2 Spatialroe deer 250 m . . . . . . . . ... ... 50

C.1.3 Spatial chamois 1km . . . . .. .. ... ... ... ... ... 51

C.1.4 Spatial chamois 250 m . . . . . . . . ... ... ... .. .... 52

C.1.5 Spatial reddeer 1km . . . . . . .. ... ... .. .. 53

C.1.6 Spatialred deer 250 m . . . . . . . . ... ... ... 54

C.2 Temporal analysis Top models . . . . . .. .. ... ... ... ..... 55
C.2.1 Roedeer,reddeer 1km . .. ... ... ............. 55

C.2.2 Roedeer,reddeer 250 m . . . ... ... ... ... ...... 56

C.2.3 Roedeer, chamois 1km . . ... ... ... .. ... ...... 57

C.2.4 Roedeer, chamois 250 m . . . . . . ... ... ... ...... 57

C.2.5 Chamois, red deer 1km . . . . . ... ... ... ... .. .. 58



xi

List of Figures

2.1

3.1
3.2

3.3
3.4
3.5

3.6
3.7
3.8
3.9

3.10

3.11

3.12

3.13

3.14

B.1
B.2

General camera trap locations on the 250m (red) and 1km (yellow)
grids, background from Federal Office of Topography (swisstopo) (2024a,b) 8

Model-averaged results for roe deer presence on the 1km grid . . . . . 16
Forest plot showing the model-averaged coefficients and 95% CI for
predictors in the roe deer model at 250 m resolution. Significant effects

are shown in black, non-significant in grey. . . . . . . .. ... ... .. 17
Model-averaged results for roe deer presence on the 250m grid . . . . 18
Model-averaged results for chamois presence on the 1km grid . . . . . 19

Forest plot showing the model-averaged coefficients and 95% CI for
predictors in the chamois model at 250 m resolution. Significant effects

are shown in black, non-significant in grey. . . . . . . . ... ... ... 20
Model-averaged results for chamois presence on the 250m grid . . . . . 20
Model-averaged results for red deer presence on the 1km grid . . . . . 21
Model-averaged results for red deer presence on the 250m grid . ... 23
Model-averaged results for temporal intervals between roe deer and red

deer on the 1km grid . . . . . . . . . .. ... .. L 25
Forest plot showing the model-averaged coefficients and 95% CI for

predictors in the temporal intervals model between roe deer and red deer
at 250 m resolution. Significant effects are shown in black, non-significant

Ingrey. . . . . . . 26
Model-averaged results for temporal intervals between roe deer and red
deer on the 250m grid . . . . . . . . ... Lo oo 26
Model-averaged results for temporal intervals between roe deer and
chamois on the 1km grid. . . . . ... ... ... ... ... ... ... 27
Model-averaged results for temporal intervals between roe deer and
chamois on the 250m grid . . . . . . . ... ... ... L. 28
Model-averaged results for temporal intervals between chamois and red
deer on the Tkm grid . . . . . . . ... ... oL 30
Spearman correlations for the spatial models. . . . . .. ... ... .. 47

Spearman correlations for the temporal models. . . . . . . .. ... .. 48






List of Tables

2.1

2.2

3.1

3.2

3.3

C.1

C.2

C.3

C4

C.5

C.6

C.7

C.S8

Duration of time spans with at least 95% of cameras active, resulting in

the respective study period per year and the number of cameras included.

Number of camera-trap events per species, year and grid. . . . .. ..

Model-averaged spatial GLMMs. Formulas show the fixed effects across
the respective Top models; all models include random intercepts for
location and number of trap days. Weight and AAICc ranges refer
to the models included (Top) in the corresponding Top-model set. . . .
Model-averaged temporal GLMMs. Formulas show the fixed effects
across the respective Top models; all models include random intercepts
for Location and Year. Weight and AAICc ranges refer to the models
included (Top) in the corresponding Top-model set. . . . . . . . . . ..
Summary of pairwise intervals per species pair at both spatial resolutions
(250m and 1km grids). . . . . .. ... oL

Top models (AAICc < 2) used for model averaging for the roe deer
GLMM (1km). All models include an intercept and random intercepts
for Location and trapdays; ziformula = ~0, dispformula = ~1. .
Top models (AAICe < 2) used for model averaging for the roe deer
GLMM (250 m). All models include an intercept and random intercepts
for Location and trapdays; ziformula = ~0, dispformula = ~1. . ..
Top models (AAICc < 2) used for model averaging for the chamois
GLMM (1km). All models include an intercept and random intercepts
for Location and trapdays; ziformula = ~0, dispformula = ~1. .
Top models (AAICc < 2) used for model averaging for the chamois
GLMM (250m). All models include an intercept and random intercepts
for Location and trapdays; ziformula = ~0, dispformula = ~1. .
Top models (AAICc < 2) used for model averaging for the red deer
GLMM (1km). All models include an intercept and random intercepts
for Location and trapdays; ziformula = ~0, dispformula = ~1. .
Top models (AAICc < 2) used for model averaging for the red deer
GLMM (250m). All models include an intercept and random intercepts
for Location and trapdays; ziformula = ~0, dispformula = ~1. .
Top models (AAICc < 2) used for model averaging for the roe deer
red deer GLMM (1km). All models include an intercept and random
intercepts for Location and Year; ziformula = ~0, dispformula =
“Julian_day_z + Elevation_z + 1. . . .. . ... ... ... .....
Top models (AAICc < 2) used for model averaging for the roe deer,
red deer GLMM (250m). All models include an intercept and random
intercepts for Location and Year; ziformula = ~0, dispformula =
“Habitat type + Elevation_z + 1. . . ... . ... ... ... ....

xiii

15

23

24

49

50

51

92

53

o4



Xiv

C.9 Top models (AAICc < 2) used for model averaging for the roe deer,
chamois GLMM (1km). All models include an intercept and random
intercepts for Location and Year; ziformula = ~0, dispformula =
“Habitat type + 1. . . . . . .o

C.10 Top models (AAICc < 2) used for model averaging for the roe deer,
chamois GLMM (250m). All models include an intercept and random
intercepts for Location and Year; ziformula = ~0, dispformula =
“Elevation_z + Julian day_z + 1. . . ... ... ... ... .. ...

C.11 Top models (AAICc < 2) used for model averaging for the chamois,
red deer GLMM (1km). All models include an intercept and random
intercepts for Location and Year; ziformula = ~0, dispformula =
“Elevation_z + Julian_day_z + 1



Chapter 1

Interspecific interactions between
herbivores

Interactions between different species can influence ecological processes and population
dynamics (Schoener, 1973). They are fundamental drivers of community dynamics and
resource partitioning among herbivores (De Boer and Prins, 1990). They range from
positive interactions, such as facilitation or commensalism, to antagonistic processes
such as competition and predation (Schoener, 1973; Krebs, 2001). Krebs (2001)
defines five types of interactions in animal communities. These include mutualism and
commensalism, in which at least one of the species benefits without harming the other,
and parasitism, predation, and competition, which harms at least one of the species.

The various forms of competition can be classified into exploitative or interference
competition (Holdridge et al., 2016). Exploitative competition is indirect through
shared limited resources, and therefore dependent on resource availability. Interfer-
ence competition prevents access to resources directly through aggressive or passive
behaviour, but is not dependent on resource availability (Holdridge et al., 2016). In
practice, interference or exploitative competition are often difficult to distinguish
(Holdridge et al., 2016).

Among herbivores, interactions can be complex, ranging from facilitative mech-
anisms to direct competition. De Boer and Prins (1990) have defined the possible
interactions between herbivores more precisely. Three different mechanisms can occur
in the case of mutual or unilateral benefit. In the case of facilitation, different grazers
benefit from each other by, for example, making food more accessible to the other
species through their feeding behaviour. In the food manipulation strategy, interspecific
competition is avoided by cyclic migration so that the best vegetation status for each
species is maintained. The third point is predator detection and protection, where
several herbivore species stay in the same area to protect or warn each other against
predation.

Conversely, other conditions may result in competition, which often leads to reduced
fitness of the inferior competitor. According to De Boer and Prins (1990), interspecific
competition can occur if habitat requirements of the different species overlap, they have
overlapping feeding behaviour, and the availability of food and resources is limited.
This can lead to a reduction in fecundity, growth or survival of the inferior or both
of the competitors (De Boer and Prins, 1990; Parker et al., 2009). This type of
competition can be inferred when an increase in the population size of one species
coincides with a decline in another within the same area, but not when the species
occur separately (De Boer and Prins, 1990).

Species can reduce such competition and promote coexistence through niche par-
titioning, which may occur along spatial or temporal axes (Schoener, 1973; Durant,
1998; Darmon et al., 2012), whereby niche defines the conditions and resources needed
for and/or impacting a species to persist (Gillespie, 2024). Therefore conversely, niche
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partitioning does not necessarily indicate competition. In the case of habitat overlap, a
small overlap with similar requirements can also speak in favour of strong competition,
while complete overlap can be an indicator of functioning coexistence as no niche
partitioning seems to be necessary or there is no limitation of resources. No overlap
is also not necessarily an indication of competition if species generally have different
habitat requirements (Schoener, 1973; De Boer and Prins, 1990; Darmon et al., 2012;
Corlatti et al., 2019). Conclusively, niche partitioning alone does not have to be an
indicator for competition, but competition often manifests itself in different spatial
and/or temporal distributions (niche partitioning) to effectively avoid a dominant
species (Schoener, 1973; Durant, 1998). Spatial and temporal segregation therefore
represent specific forms of niche partitioning that facilitate coexistence among species
with overlapping ecological requirements.

Spatial niche partitioning can occur at different scales, from habitat segregation at
the landscape level to microhabitats or feeding site selection (Cromsigt and OIff, 2006).
This can be particularly evident between species with similar habitat requirements.
For example, inferior species such as roe deer (Capreolus capreolus) are often found
outside protected areas because the number of competing ungulate species is usually
lower there (Borkowski et al., 2021). Particularly in direct competition with the
generalist, physically larger red deer ( Cervus elaphus), spatial displacement or avoidance
mechanisms were found in roe deer (Torres et al., 2012; Borkowski et al., 2021). The
same applies to chamois (Rupicapra rupicapra), whose habitat use has been altered by
red deer numbers, possibly resulting in a decline in fitness for parts of the population
(Anderwald et al., 2016)

Temporal partitioning, involves the segregation of species in time, for instance by
shifting diel activity or seasonal use of shared habitats (Schoener, 1973; Durant, 1998;
Darmon et al., 2012; Smith et al., 2023). In the absence of spatial partitioning, species
can avoid each other temporally in the same areas. Such temporal partitioning has
been studied both between predator and prey species (Sprem et al.; 2015; Marshall
et al., 2023) and between species of the same trophic level (Di Bitetti et al., 2010;
Sprem et al., 2015; Kav¢i¢ et al., 2021; Marshall et al., 2023; Smith et al., 2023). One
can either identify general shifts in diurnal patterns (Sprem et al., 2015; Kavcié et al.,
2021; Smith et al., 2023), or determine the intervals between the appearance of one
species and the appearance of the next species at the same location (Marion et al., 2022;
Marshall et al., 2023; Smith et al., 2023). In the case of species-pair-specific differences,
a longer interval between species A to species B than vice versa can indicate possible
avoidance or displacement of B by A (Niedballa et al., 2019). Therefore, temporal
segregation may be detected at coarse or fine temporal scales even if there is no spatial
segregation.

Furthermore, patterns of spatial and temporal segregation are not static; they
are strongly modulated by short-term weather and microclimate, as well as forage
quality. For example, forest stands can buffer thermal stress and attenuate heavy
rainfall (de Frenne et al., 2019; van Beest et al., 2012; Anderwald et al., 2024), whereas
in the absence of heat waves, storms, or prolonged rain, open habitats often provide
good grazing opportunities (Johnson et al., 1995; Brivio et al., 2019; Widén et al.,
2025). In summer, Alpine chamois (Rupicapra rupicapra) also mitigate heat exposure
by selecting cooler, north-facing aspects and, during heavy rainfall, can shift to lower
elevations (Anderwald et al., 2024). Roe deer are less susceptible to heat stress (Widén
et al., 2025) and generally spend more time in denser wooded habitats compared to red
deer. These context-dependent shifts create temporal windows in which species either
segregate (seeking thermal/refuge habitats) or overlap (tracking high-quality forage),
shaping the strength and detectability of interspecific interactions, and therefore should
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(Capreolus capreolus)

be considered in respective analysis.

Different approaches have been developed to quantify spatial and temporal par-
titioning, depending on study scale and target species. Previous studies have used
a wide variety of monitoring methods, such as the scan method (Anderwald et al.,
2015), GPS data (Anderwald et al., 2024) or camera trap data (Sollmann, 2018; Donini
et al., 2025). Camera traps offer the advantage of being non-invasive and allowing
multiple species to be monitored simultaneously over long periods of time at many
locations (Burton et al., 2015; Sollmann, 2018). Diurnal overlap, spatial use based on
presence data of various types, partial group size, or animal demographics can all be
inferred from such studies. Based on this sort of camera trap data, for example, Smith
et al. (2023) and Marshall et al. (2023) observed temporal segregation of detections of
potentially competing species in the absence of spatial segregation. Studies such as
Marion et al. (2022) or Donini et al. (2025) demonstrate the usefulness of camera traps
for detecting spatial distribution patterns of herbivores that may indicate displacement
or avoidance. In particular, combining both spatial and temporal partitioning patterns
within a single study provides the most comprehensive picture possible for underlying
interspecies interactions, which is why many studies combine both approaches in their
methodology (Marion et al., 2022; Donini et al., 2025).

In this study, spatial and temporal segregation between three ungulate species
from the Swiss National Park will be analysed based on camera trap data. The three
species studied are red deer (Cervus elaphus), roe deer (Capreolus capreolus) and
Alpine chamois (Rupicapra rupicapra). They show overlapping habitat requirements,
and different types of competition (mainly exploitative) between red deer and the
other two species have been observed in previous studies in the Swiss National Park
and in other areas (Anderwald et al., 2015, 2016; Corlatti et al., 2019; Ferretti et al.,
2019; Borkowski et al., 2021; Donini et al., 2025). As red deer populations have
widely recovered, interspecific interactions have been studied in many protected areas.
Because ungulate densities there often exceed those in adjacent or hunted regions,
these sites are especially suitable for investigating potential interactions (Wagner et al.,
2006; Borkowski et al., 2019). The Swiss National Park is a suitable study area for such
analyses due to its large ungulate populations, absence of hunting and topographic
diversity.

1.1 Interspecific interactions between red deer (Cervus
elaphus) and roe deer (Capreolus capreolus)

As a smaller species with browser feeding habits, roe deer are often at a competitive
disadvantage compared to other ungulates in potential competitive situations. In many
studies on interactions between roe deer and other ungulates, roe deer were negatively
influenced by other species such as muntjac (Muntiacus spp.,Hemami et al. (2005)) or
fallow deer (Dama dama, Ferretti et al. (2008)). As two of the most common cervids
in Europe (Apollonio et al., 2010), the possible interactions between red deer and
roe deer are particularly important to investigate. Roe deer and red deer show large
overlap in their habitats (Apollonio et al., 2010; Borkowski et al., 2021) and partial
overlap in their choice of food (Latham et al., 1999), whereby the larger red deer with
a broader food niche also accesses all dietary resources of the smaller roe deer as a
selective feeder, but not vice versa (Storms et al., 2008; Mancinelli, S. et al., 2015).
Latham et al. (1996) observed a negative influence of red deer on roe deer numbers
in Scotland. With regard to spatial distribution, Torres et al. (2012) and Borkowski
et al. (2021) have shown that roe deer can be spatially displaced by higher red deer
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numbers. One of the few studies on red and roe deer interactions in the Alps on a
spatial and temporal scale is Donini et al. (2025) from the Stelvio National Park. Here,
no significant correlation was found between red deer abundance and the probability
of roe deer occupancy, and there was no temporal adjustment regarding diel activity
(Donini et al., 2025).

Based on the available literature, I hypothesize that the spatial distribution of roe
deer should be influenced by the presence of red deer. On the other hand, there is no
evidence so far for temporal segregation between the two species, especially in alpine
areas. The hypotheses are therefore:

Hypothesis H1 (Spatial segregation roe deer). Roe deer presence is negatively
influenced by red deer presence at the same camera location within 24 hours.

Hypothesis H2 (Temporal segregation roe deer). Roe deer do not temporarily avoid
sites with previous abundance of red deer. Therefore, intervals between roe deer to red
deer detections are not significantly shorter than from red deer to roe deer detections.

1.2 Interspecific interactions between red deer (Cervus
elaphus) and Alpine chamois (Rupicapra rupicapra)

Due to the large dietary overlap between chamois and red deer as intermediate feeders
(Lovari et al., 2014; Andreoli et al., 2016) and overlapping habitat requirements,
competition between chamois and red deer can occur (De Boer and Prins, 1990;
Lovari et al., 2014; Andreoli et al., 2016; Corlatti et al., 2019; Ferretti et al., 2019;
Kav¢i¢ et al., 2021). In the Stelvio National Park in the Italian Alps, Corlatti et al.
(2019) found negative demographic consequences on chamois populations due to the
increase of red deer numbers in the same area. The population growth of chamois
was mostly influenced by the red deer population size in the previous year (Corlatti
et al., 2019). Anderwald et al. (2015) and Anderwald et al. (2016) investigated the
influence of red deer on habitat utilisation, population growth, and/or the body
condition of individuals measured by horn growth in the Swiss National Park. Red
deer abundance had no influence on the population growth of chamois, but an effect
on horn growth of young animals and habitat utilisation. In the two areas studied,
different levels of segregation between chamois and red deer were observed (Anderwald
et al., 2015, 2016). Ferretti et al. (2019) support these results. They found interspecific
competition between Appenine chamois (Rupicapra pyrenaica ornata) and red deer.
The negative impact of red deer was exacerbated by changing weather conditions. As
the Appenine chamois is vulnuerable to extinction, this is an important observation,
especially with regard to climate change (Lovari et al., 2014; Ferretti et al., 2019).
Thus, possible negative consequences of climate change on chamois can be exacerbated
by the increased presence of red deer at higher elevations (Willisch et al., 2013; Ferretti
et al., 2019). Kav¢ié¢ et al. (2021) found a temporal decoupling between red deer and
chamois presence and their temporal overlap during the day. As the effects were only
weak, they indicated that further studies with a larger sample size and smaller spatial
resolution were needed (Kavci¢ et al., 2021). These results show possible patterns of
interspecific competition between red deer and chamois. This is particularly relevant
as competition at the same trophic level leads to ecological niche partitioning such as
spatial or temporal segregation (Darmon et al., 2012), which is the aim of the present
study.

Based on the available literature, I hypothesize that the spatial distribution of
chamois should be influenced by the presence of red deer, and that temporal segregation
between the two species should occur during the summer period.



1.2. Interspecific interactions between red deer (Cervus elaphus) and Alpine chamoig
(Rupicapra rupicapra)

Hypothesis H3 (Spatial segregation chamois). Chamois presence is negatively in-
fluenced by red deer presence at the same camera location within 24 hours, leading to
spatial segregation between the two species.

Hypothesis H4 (Temporal segregation chamois). Chamois temporarily avoid sites
with previous presence of red deer. Intervals from red deer to chamois detections
should therefore be significantly longer than vice versa, indicating one-sided temporal
segregation.






Chapter 2

Methods

2.1 Study area and data collection

The study is based on data from the Il Fuorn area located in the northern part of
the Swiss National Park in the Central Alps (46.66° N, 10.2° E). The study area is
located at 1800-2800 m above sea level and is characterised by a continental climate.
Consequently, there is continuous snow cover from November to the end of April, and
the vegetation period lasts from June to the end of September. The main habitat
types are alpine and subalpine grassland, coniferous forest and scree and rocks (in the
following: bare ground) (Zoller, 1995).

In the Il Fuorn area of the Swiss National Park, ungulate numbers fluctuated
between 392-520 chamois and 421-491 red deer between 2018 and 2021 (Schweizerischer
Nationalpark, 2019, 2020, 2021). Newly published roe deer numbers of 2.34 roe deer/
km? (Timcke, 2025) were not yet available in previous evaluations. Red deer are only
resident in the National Park area during the summer months (from June to October).
In autumn, they migrate to lower areas to spend the winter outside the National Park
(Haller, 2002; Anderwald et al., 2015, 2016). In these wintering areas, the red deer
population is controlled by culling (Anderwald et al., 2015). In contrast to migratory
red deer, chamois and roe deer populations are not directly controlled by humans
(Anderwald et al., 2015, 2016). The presence of predators during the study period
was limited to individual wolves migrating through and a single resident wolf (Canis
lupus) (Schweizerischer Nationalpark, 2019, 2020, 2021). Predators were therefore not
specifically taken into account.

The Swiss National Park was founded in 1914, making it the oldest National Park in
the Alps. It is also the only National Park in Switzerland and has the highest protection
status la (wilderness area) according to the International Union for Conservation of
Nature (IUCN) (IUCN, 2025). This status protects natural processes of habitats,
animals and plants from human intervention. There is no hunting in the National Park
area and anthropogenic disturbance is minimized by enforcing strict rules (e.g. visitors
have to keep to trails and cannot bring dogs to the park). During winter and at night,
the park is closed to visitors (Schweizerischer Nationalpark, 2024). One of the main
objectives of the National Park is research. There are many long-term monitoring
and research projects in the park to investigate natural processes taking place without
human disturbance (Schweizerischer Nationalpark, 2024).

2.1.1 Data and data preparation

Statistical analyses and data preparation were carried out with RStudio Version 4.1.2
and 4.5.0 (R Core Team, 2021). The map in Figure 2.1 was created with QGIS Version
3.42 Muenster (QGIS Development Team, 2025). The online translator DeepL: was used
for partial text translation and language improvement (DeepL, 2025). The OpenAl



8 Chapter 2. Methods

software ChatGPT was used to assist with R code debugging, plot adjustment, and
LaTeX formatting. All outputs were checked and validated by the author.

Camera data

Since 2018, a camera trap network has been established in the park for monitoring
purposes mainly during the vegetation period. Due to the risk of avalanches, ca.
one third of the cameras, particularly on the 1km grid, had to be removed during
the remaining months. However, as red deer are only present in the park during
the vegetation period, the surveys were limited to the beginning of July to the end
of September in 2018, 2019, 2020 and 2021. At all locations, the camera used was
a Bushnell Trophy Cam HD Aggressor 119876 camera trap. It was set to capture
single images with low sensor sensitivity and a short trigger interval (single-shot
mode, sensitivity: low, interval: 0.6s). The infrared flash and night vision operated
automatically at high LED intensity (IR flash: high, night shutter: auto), and images
were recorded at high resolution (5920 x 3416 pixels, 38° angle of view).

The camera data originates from two separate camera grids: one at a resolution of
1km, the other at 250 m, whereby the 250 m grid was embedded in the larger 1 km grid
and was specifically set up to monitor roe deer in the National Park area (Figure 2.1).

i 0 25 5km swiss national park boundary
A B SR 1 camera trap position
® 1000m grid
e 250m grid

background: swissALTI3D multidirectional hillshade / National Map 1:500'000

Figure 2.1: General camera trap locations on the 250m (red) and
1km (yellow) grids, background from Federal Office of Topography
(swisstopo) (2024a,b)

Locations of individual cameras have not changed over the years. The images were
processed by park staff in two semi-automated steps and summarised in a data set
divided into events. Images of the same species that were less than 5 minutes apart
or validated to detect the same individual (e.g. sleeping) were summarised as one
event. Each event was given an event ID and a start and end time with a duration
of zero if only one image was taken during this event. Each event also contains the
respective location (EPSG:2056) on the grid and an estimate of the group size if several
individuals of one species were detected at the same time.

To limit the study period to the time when all three species were present in the
study area, camera data were limited to the period between June and September. As
cameras at higher elevation and thus other habitats (e.g. bare ground) can only be set
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up later in the year, the analysis only started when 95 % of the cameras were set up
in each year (for detailed study periods see Table 2.1). This also took into account
the habitat preference of the species, as fewer cameras at higher elevation outside the
forest could cause a bias in chamois detections. They spend less time in forests and at
lower elevations than red deer and roe deer (Anderwald et al., 2024), which reduced
their detection probability if an insufficient number of cameras were running above the
treeline. Cameras that had an error for more than 30 days within the study period
were completely excluded from the analysis for that year. In addition, data from some
cameras was not fully processed in some years. These were also removed from the
data set in the respective year. Confirmed problem periods of less than 30 days were
deducted from the trapping days of each camera to keep the detection effort realistic,
resulting in the random factor ’trap days’ used in the models.
Table 2.1: Duration of time spans with at least 95% of cameras active,

resulting in the respective study period per year and the number of
cameras included.

Year Starting date Ending date Trapdays 1km grid 250m grid

2018 11.07.2018 10.09.2018 62 68 73
2019 11.07.2019 12.09.2019 64 73 75
2020 06.07.2020 15.09.2020 72 69 73
2021 05.07.2021 13.09.2021 71 72 74

All subsequent analyses were based on events from the 1 km grid and the 250 m
grid. In total, I analyzed n = 11,579 events from the 1 km grid and n = 16,373 events
from the 250 m grid across the four-year study period. Events were mostly evenly
distributed across years and grids. There were less roe deer detections compared to
the other two species, especially on the 1km grid. Red deer were detected most (Table
2.2).

Table 2.2: Number of camera-trap events per species, year and grid.

Species Year 1km 250 m

Roe deer 2018 135 421
Roe deer 2019 232 768
Roe deer 2020 213 647
Roe deer 2021 208 535

Chamois 2018 1110 908
Chamois 2019 1276 940
Chamois 2020 1243 1093
Chamois 2021 1181 1067

Red deer 2018 1279 2146
Red deer 2019 1637 2416
Red deer 2020 1709 2869
Red deer 2021 1356 2563

Environmental data

In addition to this camera data, environmental and weather variables were included to
control for additional possible influencing factors on species presence and distribution
(MacKenzie et al., 2004; Ramesh et al., 2017). To test for topography variables a
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digital terrain model of the Swiss National Park at 0.5m resolution was available
(Federal Office of Topography (swisstopo), 2024c). The digital terrain model contained
information of elevation, and derived from this, slope and aspect at each location.
Prior to analysis, each event was assigned the slope, elevation and aspect at its location.
Using terra: :terrain in R (Hijmans, 2025), slope and aspect were calculated as a grid
from the digital terrain model (unit = ‘degrees’) and then extracted individually
for each location. Aspect (0-360 °) was transformed to radians and split into northness
= cos(Aspect) and eastness = sin(Aspect), i.e. two linear variables for modelling
purposes.

A map of the habitat types in and around the park (Lotz, 2006) contained categorical
information of the dominant habitat type. Habitat types were grouped into three
main categories based on the dominant land cover: meadows, bare ground/ sparsely
vegetated areas, and forests. For each location the respective habitat type got extracted.
As stated in the introduction, habitat use by ungulates can change, particularly in
response to extreme weather events. For this reason, weather data was included in
both the spatial and temporal analysis in addition to location variables.

Hourly and daily weather data from Buffalora (station BUF; 46.648408° N, 10.2672°
E) were used, including daily air temperature averages, daily temperature maxima and
minima, as well as hourly and daily sum of precipitation (Federal Office of Meteorology
and Climatology MeteoSwiss, 2025). As weather data came from one single weather
station right outside the park borders, precipitation and temperature did not differ
between camera locations. To test for seasonality effects, Julian day (day of year 1-365,
or 1-366 in leap years) was calculated for each event.

2.1.2 Statistical analysis

Generalized linear mixed models (GLMM) were used to analyse possible displacement
patterns without performing specific density calculations for each species (Sollmann,
2018). They were conducted by using the R-package glmmTMB (Brooks et al., 2017).
Camera location and actual trap days per camera were included as random factors
into the models (Nakagawa et al., 2017; Burton et al., 2015). The three species were
tested against each other to detect possible interactions in any direction. GLMMs
were deliberately chosen over occupancy models because the focus was on relative use
and interaction effects at individual locations. In addition, key effort and detection
covariates as well as random effects at the location level were taken into account.
Moreover, all cameras were of the same model with identical settings. Detection
differences are therefore more likely to be of natural origin, such as habitat type, but
these were included in the model (MacKenzie et al., 2002, 2004). Although occupancy
models better separate the ecological from the observational process, GLMMs were
appropriate here in terms of study design and objectives.

To assess potential collinearity among predictors, pairwise Spearman rank correla-
tions were calculated using the cor (method="spearman") function in R. Correlation
matrices were inspected, and a threshold of |r| > 0.7 was defined as a critical level
of collinearity that may affect model stability (Dormann et al., 2013). In order to
avoid collinearity, only one level (daily or hourly) of temperature and precipitation
was included for each model. Weather covariates were selected to match the temporal
scope of the study. For the spatial analysis, which was based on 24-hour slots, the
maximum daily temperature and total precipitation within 24 hours were used. In
the temporal analysis, which considered the dynamic direct intervals between events,
precipitation and the current temperature at the time of the initial event were taken
into account. This avoided the only source of collinearity between different weather
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variables, and none of the other predictors showed significant collinear relationships
(>0.7). The habitat categories were an exception, as they showed a high correlation
because they each belong to one factor variable as dummy codes and there was a
correlation between sin(time) and temperature. Since the latter correlation value was
directly at 0.7 and both effects were considered important individually, both variables
were retained in the model (Correlation matrices Appendix B).

Spatial analysis

To determine possible spatial partitioning, the event data for each site were summarized
as a presence-absence dataset for each species and location every 24 hours.

All relevant continuous predictors were z-transformed, including 24-hour sum of
precipitation, maximum and minimum temperature, Julian day, elevation and slope.
Additionally, the 24-hour precipitation value was log-transformed to minimize right
skewness. The categorical variables (competitor presence and habitat type) were
dummy coded. The data were then split based on grid type. For each species and
grid type, a binomial GLMM was fitted. The fixed effects were the presence of the
two competitor species, habitat type, weather variables (24-hour precipitation and
minimum and maximum temperature), Julian day, and topography variables (elevation,
slope, northness and eastness). Random intercepts for locationID, and sampling effort
(trapdays) were included for each camera, resulting in the following model structure.

YSpecies Ay ™ Binomial (ni7 PSpecies A,i)

logit(Pr(SpeciesA; = 1)) = By + (1 - northness, ; + S - eastness, ;
+ B3 - elevation, ; + (B4 - Julian_day, ; + S35 - precip24h_log, ;
+ B6 - presencegpecies B,; 1 A7 - Habitat type; + fs - slope, ;
+ B9 - max_temp, ; + B10 - min_temp, ; + B1, - presencegpecics ¢;

+ ULocation[i] + Utrap days][i]

with A, B,C species placeholders, ¢ the 24-hour slot, n; the binomial tri-
als, Ppspecies A,; the presence of Species A, Habitat type, the habitat cate-
gOTY, ULocation[s] ~ N(O,a%) the random intercept for camera location, and

Vgrapdaysli] ~ N (0, 0%) the random effect for trapdays.

In addition, I used the likelihood ratio test and Akaike Information Criterion
corrected for small sample sizes (AICc) (Akaike, 1973; Symonds and Moussalli, 2011)
to test for biologically plausible interactions between the presence of the potentially
competing species and precipitation and Julian day (Precipitation x Species presence
and Julian day x Species presence) (MacKenzie et al., 2004; Ramesh et al., 2017;
Tallian et al., 2022). For the biological background for the two interactions used see
Appendix A. These variables are expected to modulate species responses with changing
weather and environmental changes during the study period. I did not fit the full set
of all possible interactions to avoid overparameterization. For each species and grid, I
fitted a set of candidate global models: one without interaction terms and additional
models including each of the two candidate interactions. The interaction was included
into the global model if the model including this interaction (i) had the lowest AICc
among the candidate models and (ii) the interaction itself was statistically significant
(p < 0.05; Akaike, 1973; Symonds and Moussalli, 2011). This resulted in six global
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models, which were validated by checking distributional assumptions using the DHARMa
package (Hartig, 2024). Both statistical and visual checks were performed to assess
residual uniformity (via the Kolmogorov—Smirnov test), dispersion, and zero-inflation,
whereby visual checks were deemed to be more important for substantial model fit
(Hartig, 2024).

The validated global models were ranked by using the dredge: :MuMIn package
(Bartori, 2025) across all fixed effects. Top candidate GLMMs were ranked using AICc
(Akaike, 1973; Symonds and Moussalli, 2011). Models with AAICc < 2 (relative to
the minimum AICc) were deemed to have substantial empirical support (Burnham
and Anderson, 2004; Symonds and Moussalli, 2011; Richards et al., 2011; Ramesh
et al., 2017). Since none of the Top models had sufficient Akaike weight (Table 3.1),
indicating model selection uncertainty, an averaged model was created from these
remaining models (Arnold, 2010; Symonds and Moussalli, 2011).

The relative importance of individual predictors was calculated from this averaged
model by summing up Akaike weights (w™) across all models in which the predictor
was included (Burnham and Anderson, 2004; Arnold, 2010; Symonds and Moussalli,
2011). If a predictor is included in all or many Top models, the summed Akiake weight
approaches 1.0. The value decreases as the number of models in which it is included
decreases. From this, a tendency can be derived as to whether the predictor has a high
probability of belonging to the best model. This was a further precautionary measure
to avoid overinterpreting parameters with little explanatory power (Arnold, 2010).

The direction and strength of predictor effects were described by the model-averaged
estimate ff . The significance or further relevance of the effects was assessed using the
95% confidence intervals (95% CI) based on conditional standard errors (revised.var
= TRUE, unconditional = FALSE). If the 95% CI excluded 0, a robust significant effect
was inferred across the models; if it included 0, the effect was classified as uncertain or
inconsistent (exemplary comparable method in Ngoprasert et al. (2022); Tallian et al.
(2022); Semper-Pascual et al. (2023)).

The averaged coefficients from the averaged model were used as the basis for
predictions. For effect plots, marginal predictions were obtained from the GLMMs on
the link scale (using fixed effects only), and then back-transformed to the response
scale using the appropriate inverse link function. Uncertainty bands of +1 standard
error (=1 SE) were approximated on the response scale using the Delta method applied
to the back-transformed predictions (Nakagawa et al., 2017; Lenth, 2025a,b). All
plots were produced in ggplot2 (Wickham, 2016), with covariates expressed in their
original units by inverting the underlying z-scaling (from the data mean and standard
deviation or the attributes stored by scale(), Schielzeth (2010)) .

Due to the biology and data availability on roe deer and chamois, the group size
per event resulted in too little variance, which is why only presence-absence data were
evaluated, as described above. However, if there were significant effects of red deer
presence in a model, one additional model with red deer count as a predictor was
included, to test for possible effects of the group size of red deer. The model evaluation
procedure was the same as for the presence-absence models.

Temporal analysis

To assess the behavioral avoidance between different species by using the time-to-event
analysis, a GLMM with the temporal intervals between events was performed. A
before/after occurrence (e.g. red deer (before)—roe deer (after), roe deer (before)—red
deer (after)) for the detected species was used (Sollmann, 2018; Niedballa et al., 2019;
Marion et al., 2022; Marshall et al., 2023; Smith et al., 2023). For each event, the
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minimum time to each subsequent event was determined between all species pairs at
each camera location in each study period (Sollmann, 2018; Marshall et al., 2023). If
the start time of the subsequent event was before the end time of the previous event,
it indicated overlap between events and the interval was set to 0 (n=43 = 0.095%).
Because this extremely small proportion led to modelling issues in the GLMM and
would have required a separate modelling framework (e.g. a hurdle or zero-inflated
model; Brooks et al., 2017) that was not justified by the low sample size, 0-values were
excluded from the interval analysis.

The time of day for each event was converted into two linear variables (Donini
et al., 2025). The timestamp of each detection was converted into radians with the
calculations given below and then broken down into its sine and cosine components

(Donini et al., 2025).

) <H0ur - 3600 + Minute - 60>
time,,q = 27 -

86400
sin_time = sin(time;aq)

cos_time = cos(time,aq)

These two variables (sin(time) and cos(time)) were integrated into the GLMM as
covariates to capture diurnal activity patterns. As in the spatial analysis, environmental
and location variables (habitat, slope, elevation) (Ramesh et al., 2017), as well as
weather (precipitation per hour and hourly temperature), were also included in the
model as z-scaled covariates (Niedballa et al., 2019). Location and year were added as
random factors. Precipitation was log-transformed to handle strong right-scewness.
Northness and eastness were excluded from the models, as they did not have a significant
effect in the spatial analysis and caused problems during model selection.

GLMMs with the glmmTMB function (Brooks et al., 2017) were used to model the
temporal intervals (interval_min) between species pairs. The glmmTMB package was
used for the possibility of dealing with different variances between the predictors by
using a separate variance model (dispformula). A separate model was processed for
each species pair, containing the interval direction of the species combination (A — B
and B — A). In all cases, Gamma models with log link provided the best residual
distribution in visual DHARMa checks (Hartig, 2024).

To account for heterogeneity in the variances between predictor values, alternative
dispersion terms were specified setting dispformula (Brooks et al., 2017). Various
candidate models with dispersion as a function of species pair, habitat type, elevation,
and Julian day were tested and compared using AICc. The best Gamma model with
the lowest AICc was used as the global model for further model selection (Table 3.2)
(Akaike, 1973; Symonds and Moussalli, 2011). No interaction terms were tested, as
overparameterization was to be avoided due to the smaller sample in the temporal
analysis. Model validation and selection were performed using visual DHARMa diagnostics
within the MuMIn package, as in the spatial analysis (Barton, 2025).

For the 250 m grid (red deer <+ chamois), the model diagnostics showed systematic
deviations, and the residuals against fitted values showed pronounced trends. The 250
m design was primarily set up to record roe deer in forested areas; accordingly, the
habitat distribution for red deer and chamois is highly unbalanced. Together with the
scale mismatch (250 m grid vs. typical movement intervals of red deer/chamois), the
data do not meet key model assumptions. For these reasons, red deer <+ chamois on
the 250 m grid was excluded from the main analysis and the evaluation was limited to
the 1 km grid (and comparisons suitable for roe deer).
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The procedure for calculating effect sizes and converting them back to the original
scale was identical to that used in spatial analysis.
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Chapter 3

Results

For both spatial and temporal analysis, overlapping potential factors influencing species
distribution were included in the models. However, only the spatial analysis tested for
northness and eastness. In the temporal analysis, two additional predictors to test for
diel activity were included. The effect of a covariate was considered significant when
the 95% CI did not overlap zero (dashed vertical lines in forest plots). Coefficients
(B) reported in the Results are on the link scale (logit for presence models, log for
temporal intervals) and refer to a 1 standard deviation (1 SD) change. The model
results of the model averaging are presented below by species and by grid. The text
focuses in particular on significant effects; effect sizes and 95% CI of the non-significant
effects can be taken from the respective forest plots.

3.1 Spatial analysis

Each averaged model included all environmental and weather variables. The presence
data of other species were only included in some of the averaged models and the species
differed between each model (Table 3.1).

Table 3.1: Model-averaged spatial GLMMs. Formulas show the

fixed effects across the respective Top models; all models include ran-

dom intercepts for location and number of trap days. Weight and

AAICc ranges refer to the models included (Top) in the corresponding
Top-model set.

Model Model (averaged; formula incl. random Top Weight AAICc
effects)

Chamois (1km) Chamois pres ~ eastness z + northness z 20 0.03— 0.00—
+ elevation_z + julian_day z + slope_z 0.08 1.95
+ precip24h _log z + Red deer pres
=+ precip24h log z:Red deer pres

+ max_ temp z + min temp z +
Roe deer pres + (1] Location) +
(1| trapdays)

Chamois (250 m) Chamois _pres ~ elevation z +  ju- 7 0.10— 0.00-
lian day z + min_temp z + pre- 0.28 1.99
cip24h_log_z + Red_deer pres + (ju-
lian day z:Red deer pres) + max temp z
+ eastness_z + northness z + habitat type
+ Roe deer pres + slope z + (1| Location)

+ (1| trapdays)

Roe deer (1km) Roe_pres ~ habitat _type + elevation_z + ju- 32 0.02— 0.00—
lian day z 4 min temp z 4 max temp z 0.06 1.99
+ eastness _z + mnorthness z + slope z
+ precip24h _log z + Red deer pres +
Chamois_pres + (1| Location) 4 (1 |trapdays)

Continued on next page
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Model Model (averaged; formula incl. random Top Weight AAICc
effects)

Roe deer (250 m) Roe pres ~ habitat type + elevation z + ju- 9 0.08— 0.00—
lian day_z + min_temp_z + max_temp_z 0.21 1.99

+ eastness z -+ northness z + slope z
+ precip24h_log_z + Red_deer_pres +
Chamois_pres + (1| Location) + (1 |trapdays)

Red deer (1km) Red deer pres ~ Chamois pres + habi- 9 0.07— 0.00—
tat_type + elevation_z + julian_day_ z + 0.20 1.99
Roe pres + eastness z + northness z +
slope z + max_temp 2z + precip24h log z
+ (1| Location) + (1]trapdays)

Red deer (250 m) Red deer pres ~ Chamois pres + habi- 11 0.06— 0.00—
tat_type + elevation_z + julian_day z 0.15 1.98
+ min_temp z + precip24h log z +
Roe pres + (Chamois pres:julian day z)
+ max_temp_z + slope z + eastness z +
northness z + (1|Location) + (1|trapdays)

3.1.1 Roe deer

For roe deer, the model-averaged estimates showed consistent correlations with several
environmental factors, which, however, varied across spatial resolution.

1km grid

Based on summed Akaike weights (w™), elevation (m) had the highest relative im-
portance (wgev = 1.00) and was included in all Top models. The next most frequent
predictor was minimum temperature (w;inTemp = 0.67).

Elevation was the only significant covariate included in each of the Top models on
the 1km grid (Figure 3.1a). The presence of red deer and chamois had a marginal or very
uncertain effect on the presence of roe deer (Figure 3.1a). Roe deer presence decreased
with increasing elevation on the 1km grid (8 = —1.87, 95%CI = [-2.75,—1.01];
Figure 3.1b).
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Figure 3.1: Model-averaged results for roe deer presence on the 1km
grid: (a) Forest plot of fixed-effect coefficients with 95% CI (black =
significant, grey = non-significant); (b) Effect of elevation on presence
probability: Line shows marginal model-averaged predictions of roe deer
presence probability from binomial GLMMs (logit link; focal covariate
varied, all other predictors at reference values: factors at reference
level, z-standardised covariates at 0; back-transformed from the linear
predictor to the probability scale using the inverse logit). Shaded bands
indicate +1 SE on the probability scale (Delta-method approximation).
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250 m grid

On the 250 m grid, elevation, habitat type, Julian day and red deer presence all showed
a maximum importance of wt = 1.00 and were included in each of the subset models
(Figure 3.2).

Red deer presence e
Julian day 1®

Min temperature
Eastness

Max temperature
Chamois presence

Log precipitation (24h)

Predictor

Slope
Northness

Elevation ——

Habitat type: forest

Habitat type: bare ground °

-7.5 -5.0 -2.5 0.0
Model-averaged log-odds estimate

Figure 3.2: Forest plot showing the model-averaged coefficients and
95% CI for predictors in the roe deer model at 250 m resolution. Sig-
nificant effects are shown in black, non-significant in grey.

With increasing elevation, roe deer presence probability decreased (8 =
—1.155, 95% CI = [—1.947, —0.363]; Figure 3.3a), and in the later study period, with
increasing Julian day, increased significantly (5 = 0.179, 95% CI = [0.125, 0.234],
Figure , 3.3b).

There was a positive correlation between the presence of red deer and the probability
of roe deer occurence on the 250 m grid. The latter increased with the presence of red
deer within 24 hours at a location (8 = 0.196, 95% CI = [0.079, 0.312], Figure 3.3c).
The habitat type bare ground showed a significant negative effect compared to the
reference habitat type, meadow (8 = —5.299, 95% CI = [—8.661, —1.937], Figure 3.3d).
The remaining covariates for weather, slope, northness, eastness and chamois presence
showed no significant effects on roe deer presence probability and were not included in
many of the Top Models (Appendix C).
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Figure 3.3: Model-averaged results for roe deer presence on the 250 m
grid: (a) Elevation, (b) Julian day, (c) Red deer presence, (d) Habitat
type (bare ground significant). Lines or points show marginal model-
averaged predictions of roe deer presence probability from binomial
GLMMs (logit link; focal covariate varied, all other predictors at
reference values: factors at reference level, z-standardised covariates at
0; back-transformed from the linear predictor to the probability scale
using the inverse logit). Shaded bands or whiskers indicate +1 SE on
the probability scale (Delta-method approximation).

Compared to modelling with red deer presence, the use of red deer count data
in the roe deer model at 250 m resulted in an almost identical model structure and
results. With the inclusion of red deer counts, the structure of the explanatory effects
remained the same: habitat type bare ground and elevation still had the most frequent
and robust negative effect, and Julian day had a positive effect on roe deer presence
probability. However, with a 95% CI that included 0 and moderate model summed
weight (w™ > 0.4), red deer counts became one of the the less robust effects.

With those results on the 250m, as well as on the 1km grid Hypothesis H1 is
rejected. No spatial segregation between red and roe deer presence was detected at
24 h intervals on the camera trap data. Conversely, there was a positive effect of red
deer presence on roe deer presence probability on the 250 m grid.

3.1.2 Chamois

The model results for chamois showed robust directionally stable estimates regardless
of spatial resolution.

1km grid

An interaction between precipitation and the presence of red deer showed a significant
improvement in model fit and was included in the global model of the 1km grid. In
addition to elevation and Julian day, this interaction also had a significant effect on
chamois presence in the averaged model (Figure 3.4a, 3.4b). The model included
the interaction between precipitation and red deer presence (24h Precipitation x
Red pres), which had a robust positive effect (8 = 0.15, 95% CI = [0.035,0.270],
w;{lt = 1.00). The negative effect of precipitation was mitigated by red deer presence
or vice versa (Figure 3.4Db).

Elevation showed a robust positive effect (8 = 0.35, 95% CI = [0.123,0.562]) and
was included in 100% of the models (w}, = 1.00). With increasing elevation the
probability of chamois presence increased (Figure 3.4¢). Julian day had a significant
negative effect (8 = —0.26, 95% CI = [—0.301, —0.213]), and was also included in
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all Top models (ijf11 = 1.00). Chamois presence on the 1km grid decreased over the
course of the season (Figure 3.4d).
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Figure 3.4: Model-averaged results for chamois presence on the 1km
grid: (a) Forest plot with model-averaged coefficients and 95% CI
(black = significant, grey = non-significant), (b) Interaction between
precipitation and red deer presence, (¢) Elevation effect, and (d) Julian
day effect. Lines show marginal model-averaged predictions of chamois
presence probability from binomial GLMMs (logit link; focal covariate
varied, all other predictors at reference values: factors at reference
level, z-standardised covariates at 0; back-transformed from the linear
predictor to the probability scale using the inverse logit). Shaded bands
indicate +1 SE on the probability scale (Delta-method approximation).

When red deer counts were included instead of presence/absence of red deer the
main effects of the model remained robust and DHARMa checks indicated no numerical
problem. The positive effect of elevation and negative effects of Julian day and
precipitation remained unchanged. The effect of red deer counts was included in
w™ = 0.72 of the models, but was not significant.

250 m grid

On the 250m grid, an interaction between Julian day and red deer presence improved
the AICc compared to the global model without interactions and was therefore included.
The remaining estimates were similar to those on the 1km grid.

Based on the summed Akaike weights with w™ = 1.00, the following key factors
influencing the presence of chamois on the 250 m grid were identified (Figure 3.5): a
strong positive effect of elevation (5 = 0.86, 95% CI = [0.354, 1.372], Figure 3.6a),
and a significant negative effect of the minimum temperature (5 = —0.063, 95% CI =
[—0.110, —0.016]), Figure 3.6b). In addition, there was a significant negative effect of
precipitation (§ = —0.09, 95% CI = [—0.140, —0.039]), Figure 3.6¢). The interaction of
Julian day and Red deer presence had a positive effect on chamois presence probability
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(8 =0.211, 95% CI = [0.116,0.306]), i.e. the effect of Julian day was enhanced by the
presence of red deer or vice versa (Figure 3.6d).

Elevation

Julian day x red deer presence

Habitat type: bare ground

Habitat type: forest
Red deer presence
Max temperature
Slope

Roe deer presence

Predictor

Northness

Eastness

Min temperature

Log precipitation (24h)

Julian day -

BN ERAR Y

-1 1

Model-averaged log-odds estimate

Figure 3.5: Forest plot showing the model-averaged coefficients and
95% CI for predictors in the chamois model at 250 m resolution. Sig-
nificant effects are shown in black, non-significant in grey.

Northness and eastness, maximum temperature, habitat type, roe deer presence
and slope showed no consistent influence (all (w™ > 0.2)), with 95% CI that include
zero). The group size of red deer also showed no significant influence on chamois
presence at a resolution of 250 m.
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Figure 3.6: Model-averaged results for chamois presence on the 250 m
grid: (a) Elevation, (b) Minimum temperature, (c) Precipitation, and
(d) Interaction between Julian day and red deer presence. Lines show
marginal model-averaged predictions of chamois presence probability
from binomial GLMMs (logit link; focal covariate varied, all other
predictors at reference values: factors at reference level, z-standardised
covariates at 0; back-transformed from the linear predictor to the
probability scale using the inverse logit). Shaded bands indicate +1
SE on the probability scale (Delta-method approximation).

Overall, Hypothesis H3 must be rejected. No negative effect of red deer presence
on chamois presence probability was found on either grid.

3.1.3 Red deer

For red deer, model-averaged estimates showed correlations with various environmental
variables, but these differed in terms of the direction of the effect or the strength
between the grids.

1km grid

Based on the averaging of 9 models with AAICc < 2.0, elevation (8 = —0.994,
95% CI = [—-1.56, —0.43], Figure 3.7b), Julian day (5 = 0.10, 95% CI = [0.057, 0.143],
Figure 3.7¢) and the habitat type bare ground (vs. meadow; 8 = —2.23, 95% CI =
[—3.57, —0.881], Figure 3.7d) had a significant effect on red deer presence on the 1km
grid. With a relative importance of w;e = (.81, the presence of chamois was included
in some Top models, but the effect was not significant as the 95% CI exceeds 0 (Figure
3.7a). On the 1km grid, red deer presence probability increased later in the study
period, on meadows and at lower elevations.
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Figure 3.7: Model-averaged results for red deer presence on the 1km
grid: (a) Forest plot showing the model-averaged coefficients and 95%
CI (black = significant, grey = non-significant); (b) Elevation effect; (c)
Julian day effect; and (d) Habitat type effect (bare ground significant).
Lines or points show marginal model-averaged predictions of red deer
presence probability from binomial GLMMs (logit link; focal covariate
varied, all other predictors at reference values: factors at reference
level, z-standardised covariates at 0; back-transformed from the linear
predictor to the probability scale using the inverse logit). Shaded bands
or whiskers indicate +£1 SE on the probability scale (Delta-method
approximation).

250 m grid

On the 250 m grid, elevation showed a significant positive effect on red deer presence
probability (5 = 0.626, 95% CI: [0.063, 1.188], Figure 3.8b), whereas the corresponding
coefficient was negative in the 1km model. In addition to the significant negative
effect of the habitat type bare ground (8 = —4.21, 95% CI: [ —6.797, —1.637], Figure
3.8e), there was a significant negative effect of the habitat type forest on the 250 m
grid (8 = —3.104, 95% CI: [ —5.435, —0.773], Figure 3.8¢). Red deer presence on the
250 m grid was therefore highest on meadows, later during the study period, and
with increasing elevation. The presence of roe deer had a significant, slightly positive
effect on the presence of red deer (5 = 0.189, 95% CI: [0.073, 0.306], Figure 3.8f), and
minimum temperature had a significant, slightly negative effect (5 = —0.078, 95%
CI: [-0.115, —0.041], Figure 3.8c). The interaction between Julian day and chamois
presence probability had a significant positive effect on red deer presence probability
(8 = 0.105, 95% CI: [0.009, 0.200]). The positive effect was enhanced by chamois
presence or vice versa ( Figure 3.8d).
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Figure 3.8: Model-averaged results for red deer presence on the 250 m
grid: (a) Forest plot showing model-averaged coefficients and 95% CI
(black = significant, grey = non-significant), (b) Elevation, (¢) Minimum
temperature, (d) Interaction between Julian day and chamois presence,
(e) Habitat type, and (f) Roe deer presence. Lines or points show
marginal model-averaged predictions of red deer presence probability
from binomial GLMMs (logit link; focal covariate varied, all other
predictors at reference values: factors at reference level, z-standardised
covariates at 0; back-transformed from the linear predictor to the
probability scale using the inverse logit). Shaded bands or whiskers
indicate +1 SE on the probability scale (Delta-method approximation).
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3.2 Temporal analysis

In order to investigate possible temporal interactions between the three species, the
intervals per species pair and species direction were modelled, resulting in five averaged
models shown in Table 3.2. All included Top models per averaged model can be seen in
Appendix C. The temporal intervals models for each species pair showed no anomalies
in the visual DHARMa diagnostics except for the one that was dropped (chamois <«
red deer 250 m grid). The sample size of detected temporal intervals was smaller
on the 1 km grid than on the 250 m grid. This difference was most pronounced for
chamois—roe deer and red deer—roe deer pairs, while the longest intervals were found
between chamois and roe deer on the 1 km grid (Table 3.3). In all models, the response
variable represents temporal intervals between detections. In the effect plots (Figures
3.9b - 3.14f), the y-axis is labelled “predicted mean distance (min)”, which in this
context refers to the predicted mean temporal interval between detections (i.e. distance
in time (minutes)).

Table 3.2: Model-averaged temporal GLMMs. Formulas show the

fixed effects across the respective Top models; all models include random

intercepts for Location and Year. Weight and AAICc ranges refer to
the models included (Top) in the corresponding Top-model set.

Model Model (averaged; formula incl. random Top Weight AAICc
effects)
Roe deer—Red deer man__intervals ~ species pair + habitat type 21 0.03— 0.00—
(1 km) — —
+ elevation z + Julian day z 4 slope z + 0.09 1.99

precip_1lh z + time_ cos 4 air_temp 2m 1z
+ (1| LocationNumber) + (1] Year)

disp ~ habitat type + elevation z + Ju-
lian day z + 1

Continued on mext page
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Model Model (averaged; formula incl. random Top Weight AAICc
effects)
?205% de)er—Red deer min_intervals ~ species pair 4 habitat type 10 0.07— 0.00—
m + elevation_z + Julian_day_ z + slope_z 0.18 1.75
+ precip_1lh z + time cos + time sin +
air_temp 2m_z + (1|LocationNumber) +
(1| Year)
disp ~ habitat type + elevation z + 1
ftloke d)eer—Chamois min_intervals ~ species pair 4 habitat type 11 0.06— 0.00—
m + elevation z + Julian day z + slope z 0.16 1.99
+ precip_1lh z + time cos + time sin +
air_temp 2m_z + (1|LocationNumber) +
(1| Year)
disp ~ habitat type + 1
?2(;% de)er—Chamois min_ intervals ~ species pair + elevation z 11 0.06— 0.00—
m + Julian_day_z + slope_z + precip_1h_z + 0.16 1.92
time_cos + time_sin + air _temp_ 2m_z +
(1| LocationNumber) + (1] Year)
disp ~ elevation z + Julian day z + 1
(Clhl?:ll)ois—Red deer min_ intervals ~ species pair + habitat type 4 0.17- 0.00—
+ elevation z + Julian _day_ z + precip_1lh_ z 0.45 2.00
+ time_ cos + time_sin + air_temp 2m_ z +
(1| LocationNumber) + (1| Year)
disp ~ elevation z + Julian day z + 1
Table 3.3: Summary of pairwise intervals per species pair at both
spatial resolutions (250 m and 1km grids).
Grid Species pair n Locations Years Median (min) Q25 Q75
250m  Red — Red 9713 71 4 1018 201 2651
250m  Red — Chamois 8310 71 4 7371 2106 20943
250m  Red — Roe 6867 62 4 5261 1789 13064
250m Chamois — Chamois 3739 73 4 1414 215 4537
250m  Chamois — Red 3463 71 4 1893 771 4661
250m  Roe — Red 2294 62 4 1698 701 4136
250m  Roe — Roe 2158 59 4 2368 563 6367
250m  Roe — Chamois 2012 60 4 12536 4142 31072
250m  Chamois — Roe 1658 60 4 8077 2807 20378
1km  Red — Red 5762 58 4 909 101 2761
1km  Red — Chamois 5123 61 4 6845 2402 18526
1km  Chamois — Chamois 4552 72 4 1186 61 4324
1km  Chamois — Red 2655 o7 4 4662 1470 13808
1km  Red — Roe 2473 32 4 10372 3620 25116
1km  Roe — Red 734 29 4 2238 867 5092
1km  Roe — Roe 702 25 4 2102 556 6224
1km  Roe — Chamois 590 31 4 13628 4174 28959
1km  Chamois — Roe 575 31 4 12340 4258 28083
3.2.1 Roe deer - red deer temporal interaction
1km grid

Model averaging for temporal intervals between roe deer <+ red deer events on the 1 km grid
based on AAICc < 2 yielded n = 21 models with similar weight distributions in the Top set.
Significant positive effects were found for Julian day (8 = 0.401, 95% CI = [0.361, 0.441],
Figure 3.9b) and temperature (8 = 0.063, 95% CI = [0.026, 0.099], Figure 3.9c). Intervals
between events became longer later in the season and with increasing temperature. The
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only significant negative effect was shown by the species pair direction roe deer — red deer
(8 = —0.768, 95% CI = [—0.886, —0.649], Figure 3.9d). Intervals between a roe deer and red
deer event were significantly shorter than those between a red deer and subsequent roe deer
event. Other environmental and location variables had no significant effect on the temporal
intervals between events (Figure 3.9a).
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Figure 3.9: Model-averaged results for temporal intervals between
roe deer and red deer on the 1km grid: (a) Forest plot showing
model-averaged coefficients and 95% CI (black = significant, grey =
non-significant), (b) Julian day effect, (c) Temperature effect, and (d)
Species pair effect. Lines or points show marginal model-averaged
predictions of temporal intervals from Gamma GLMMs (log link; focal
covariate varied, all other predictors at reference values: factors at
reference level, z-standardised covariates at 0; back-transformed from
the linear predictor to the original scale using the inverse log). Shaded
bands or whiskers indicate £1 SE on the original scale (Delta-method
approximation).

250 m grid

Julian day (5 = 0.104, 95%CI = [0.0787, 0.130], Figure 3.11a) and temperature (5 =
0.075, 95% CI = [0.039, 0.111], Figure 3.11b) also had a significant positive effect on the
temporal intervals on the 250 m grid (Figure 3.10). The species direction roe deer — red deer
again had a significant negative effect (8 = —0.83, 95% CI = [—0.891, —0.769], Figure 3.11c).

In addition to environmental and species influences, there was a diurnal pattern of intervals,
which was mainly influenced by the sine component (8 = 0.056, 95% CI = [0.019, 0.100],
3.11d) but not by the cosine variable (8 = 0.0321, 95% CI = [—0.011, 0.075]).

Overall the intervals between roe deer and red deer increased over the course of the study
period and as the maximum daily temperature rose. In addition, the intervals changed over
the course of the day (Figure 3.11d).
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Figure 3.11: Model-averaged results for temporal intervals between
roe deer and red deer on the 250 m grid: (a) Julian day, (b) Temperature,
(c) Species pair, (d) Time of day. Lines or points show marginal model-
averaged predictions of temporal intervals from Gamma GLMMs (log
link; focal covariate varied, all other predictors at reference values: fac-
tors at reference level, z-standardised covariates at 0; back-transformed
from the linear predictor to the original scale using the inverse log).
Shaded bands or whiskers indicate +1 SE on the original scale (Delta-
method approximation).

Contrary to Hypothesis H2 derived from the literature, a temporal displacement of roe
deer by red deer could be detected. Both on the 250 m grid and on the 1 km grid, roe deer
took longer to appear after a red deer event than vice versa.

3.2.2 Roe deer - chamois temporal interactions
1km grid

At 1 km resolution, the temporal intervals between chamois and roe deer events were as-
sociated with seasonal timing, temperature, and habitat (Figure 3.12a). Intervals between
events increased with Julian day (8 = 0.609, 95% CI = [0.545, 0.672], Figure 3.12b) and
temperature (8 = 0.062, 95% CI = [0.002, 0.123], Figure 3.12c). The habitat type for-
est showed a significantly negative effect compared to the reference habitat type meadow
(8 =—-0.627, 95% CI = [—1.134, —0.119], Figure 3.12d).
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Figure 3.12: Model-averaged results for temporal intervals between
roe deer and chamois on the 1km grid: (a) Forest plot showing model-
averaged coefficients and 95% CI (black = significant, grey = non-
significant), (b) Julian day effect, (¢) Temperature effect, and (d)
Habitat type effect (forest significant). Lines or points show marginal
model-averaged predictions of temporal interval from Gamma GLMMs
(log link; focal covariate varied, all other predictors at reference val-
ues: factors at reference level, z-standardised covariates at 0; back-
transformed from the linear predictor to the original scale using the
inverse log). Shaded bands or whiskers indicate +1 SE on the original
scale (Delta-method approximation).

250 m grid

At 250 m resolution, the chamois—roe deer model identified Julian day, temperature, and
species-pair direction as supported predictors, whereas Habitat type did not enter the averaged
set (Figure 3.13a). As on the 1km grid, Julian day (8 = 0.433, 95% CI = [0.3778, 0.477],
Figure 3.13b) and temperature (8 = 0.095, 95% CI = [0.044, 0.146], Figure 3.13c) both
showed a significant effect on the temporal intervals between roe deer and chamois. On the
250 m grid, there was also a significant negative effect of the species pair direction chamois
— roe deer compared to the reference direction roe deer — chamois (8 = —0.183, 95% CI =
[—0.287, —0.079], Figure 3.13d). On average, it took longer for a chamois to appear at the
same location on the 250 m grid after a roe deer event than vice versa.
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Figure 3.13: Model-averaged results for temporal intervals between
roe deer and chamois on the 250m grid: (a) Forest plot showing
model-averaged coefficients and 95% CI (black = significant, grey =
non-significant), (b) Julian day effect, (¢) Temperature effect, and (d)
Species pair effect. Lines or points show marginal model-averaged
predictions of temporal intervals from Gamma GLMMs (log link; focal
covariate varied, all other predictors at reference values: factors at
reference level, z-standardised covariates at 0; back-transformed from
the linear predictor to the original scale using the inverse log). Shaded
bands or whiskers indicate +1 SE on the original scale (Delta-method
approximation).

3.2.3 Chamois - red deer temporal interaction

For the red deer—chamois pair, inter-event intervals were associated with Julian day, tempera-
ture, habitat, diel activity, and species-pair direction (Figure 3.14a). Julian day in particular
showed a significant, strongly positive effect on intervals between red deer and chamois events
(8 = 0.545, 95%CI = [0.517, 0.572], Figure 3.14b). Temperature (8 = 0.053, 95% CI =
[0.017, 0.090], Figure 3.14¢) and habitat type bare ground compared to the reference habitat
type meadow (8 = 0.547, 95% CI = [0.263, 0.832], Figure 3.14d) also had a significantly
positive influence on the intervals. Intervals between red deer and chamois events increased
with rising temperature and on bare ground. In addition to the environmental variables, there
was also a time-of-day effect on the intervals, which was mainly driven by the significant sine
component (8 = 0.066, 95% CI = [0.022, 0.110], Figure 3.14f) and a non-significant cosine
component (§ = 0.0456, ;95% CI = [—0.001, 0.092]). In addition, the species pair direction
chamois — red deer showed a significant decrease on interval sizes compared to the reference
direction red deer — chamois (8 = —0.4409, 95% CI = [-0.524, —0.374], Figure 3.14e). The
intervals between chamois and red deer events were shorter than those between red deer events
and the next chamois occurrence at the same location.
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Figure 3.14: Model-averaged results for temporal intervals between
chamois and red deer on the 1km grid: (a) Forest plot with model-
averaged coefficients and 95% CI (black = significant, grey = non-
significant), (b) Julian day, (¢) Temperature, (d) Habitat type (bare
ground significant), (e) Species pair, and (f) Time of day. Lines or points
show marginal model-averaged predictions of temporal intervals from
Gamma GLMMs (log link; focal covariate varied, all other predictors
at reference values: factors at reference level, z-standardised covariates
at 0; back-transformed from the linear predictor to the original scale
using the inverse log). Shaded bands or whiskers indicate +1 SE on
the original scale (Delta-method approximation).
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Hypothesis H4 was confirmed by the results shown on the 1 km grid. There is a one-sided
interval difference between chamois and red deer, indicating one sided temporal segregation.



31

Chapter 4

Discussion

4.1 Key findings and context

The aim of this study was to investigate spatial and temporal interactions between roe deer,
chamois and red deer based on camera trap data. The focus was on possible displacement of
roe deer and chamois by red deer, to find out whether avoidance mechanisms occur in the study
area. In the spatial analysis, the main factors influencing the presence of the three species
were elevation, seasonality and, in some models, habitat type. No evidence of displacement
was found between species.

However, the temporal analysis revealed that roe deer and chamois kept greater intervals
from red deer events than vice versa, which may be an indication of temporal displacement.
In the following the spatial and temporal analysis results will be examined and placed in the
context of other study results in order to address broader ecological implications.

4.2 Spatial patterns and environmental drivers

The spatial analysis aimed to identify whether there was any spatial partitioning between roe
deer, chamois and red deer. The results demonstrated that environmental gradients, rather
than interspecific interactions, were the main determinants of species occurrence patterns
across both spatial scales.

Elevation, seasonality and habitat were the most important factors for all three species.
However, the relative importance and effect strength varied between the 1 km and 250 m
grids, showing scale-dependent habitat selection. The scale-dependent effects are particularly
noticeable in roe deer and red deer. Elevation was the only significant effect on roe deer
presence probability on the 1 km grid, while other significant environmental variables became
significant on the 250 m grid. These include additional factors such as seasonality and
a preference for meadows over bare ground, which is in line with their use of open areas
during favourable conditions and good food quality (Johnson et al., 1995; Storms et al., 2008;
Mancinelli, S. et al., 2015). This reflects the finer environmental heterogeneity captured at
smaller scales (Cromsigt and OIff, 2006). For red deer, the effect of elevation changed from
negative on the 1 km grid to positive on the 250 m grid. This structure suggests that the
smaller and therefore more detailed grid captures local habitat heterogeneity and represents
finer resource selection patterns that would have remained undetected on a larger scale.

The scale dependence of the effects is also evident in the varying effect strengths of a
predictor for the same species. For example, the influence of elevation on the probability of
detecting chamois is significantly stronger on the 250 m grid (8 = 0.86) than on the 1 km
grid (8 = 0.35). This difference can be explained on the one hand by the different spatial
resolution (Jelinski and Wu, 1996; Cromsigt and OIff, 2006). On the finer scale, local relief
structures such as forest edges, slope edges or rocky areas are mapped more accurately, while
this heterogeneity is averaged out on the 1 km area due to aggregation (Jelinski and Wu,
1996).

The 250 m grid on the other hand, is predominantly located in areas at lower elevations and
with denser forest cover. Even small differences in elevation can be associated with transitions
to steeper terrain or more open habitat. Those are particularly relevant as microhabitats
for chamois (Anderwald et al., 2016; Kavcic et al., 2021). The stronger elevation effect can
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therefore be interpreted as an expression of finer habitat selection mechanisms on the 250 m
grid, which are attenuated on a larger scale by averaging effects.

Beyond these biological explanations, methodological factors also contribute. It should
be noted that all predictors within each grid were z-standardized. Differences in 3 values
therefore reflect both biological scale dependence and differences in the variance of elevation
distribution and aggregation effects (Greenland et al., 1986; Jelinski and Wu, 1996). A more
detailed methodological discussion can be found in the section on methodological limitations.

In addition to these environmental gradients, weak interspecific interactions were detected
that can be linked to the scale dependence of environmental variables. On the 250 m grid,
roe deer presence probability was slightly positively correlated with red deer presence, and
vice versa. For chamois at the 1 km grid, a slightly reduced negative effect of precipitation
appeared when red deer were present. As most previous studies have found either neutral
or negative effects of red deer on the spatial distribution of other cervids (Latham et al.,
1996; Torres et al., 2012; Ferretti et al., 2019; Anderwald et al., 2016; Borkowski et al., 2021;
Donini et al., 2025), this was unexpected. This apparent positive relationship likely reflects
shared environmental preferences rather than true facilitation (Blanchet et al., 2020). The
marginal positive effect of roe deer on red deer further suggests that both species respond to
similar habitat conditions rather than directly influencing each other especially at finer spatial
resolution. Roe deer select habitats primarily based on good food quality and variability
(Mancinelli, S. et al., 2015), and the distribution of red deer and chamois depends in part on
productivity gradients in the respective habitats (Anderwald et al., 2016). In more productive
areas, Anderwald et al. (2016) observed negative effects of red deer density on the horn growth
of young chamois. No such correlation was found in less productive areas. Such productivity
effects, which can influence the spatial distribution of species, were not taken into account
in the analysis and may influence the results. This supports common responses to resource
gradients (such as higher primary productivity) that can be mistaken for interspecific effects.
This interpretation is consistent with the caution expressed by Blanchet et al. (2020) regarding
the risk of false species associations in presence—absence models that do not fully account
for environmental covariation. Environmental factors that are not taken into account can
cause apparent correlations between coexisting species. (Dormann et al., 2018; Blanchet et al.,
2020).

For the spatial analysis, it can thus be concluded that the three species inhabit similar
habitats in the National Park, with partially differing preferences. Chamois were found
at higher elevations and were more likely to be present at the beginning of the season.
The probability of red deer and roe deer being present increased later in the study period.
Importantly, there was no evidence that red deer presence reduced the probability of roe deer
or chamois being present at the same camera location. These results are in line with those
of Donini et al. (2025) in the Alps. They also found no effect of red deer abundance on the
occupancy probability of roe deer but effects of other environmental variables such as elevation
and slope (Donini et al., 2025). In contrast, the results of Torres et al. (2012) and Borkowski
et al. (2021) have found a change in the spatial use of roe deer with increased abundance of
red deer. The same applied to Alpine chamois (Anderwald et al., 2015; Corlatti et al., 2019;
Ferretti et al., 2019). This could indicate that such displacement effects can depend on habitat
availability and productivity. In resource-limited alpine landscapes, limited suitable habitat is
likely to reduce the possibility of spatial segregation between species (Donini et al., 2025). Due
to their generalist lifestyle, red deer are widespread throughout the park in summer (Haller,
2002). In terms of space, roe deer and chamois have little alternative habitat due to their
more limited habitat selection and need for high quality, variable food in case of roe deer
(Storms et al., 2008; Mancinelli, S. et al., 2015; Anderwald et al., 2015).

The overlap in habitat use thus supports the absence of spatial displacement, but it may
increase the potential for temporal segregation as a coexistence mechanism, which is explored
in the following section.

4.3 Temporal patterns and environmental drivers

When two species use the same habitat due to identical habitat requirements, temporal
partitioning may occur during spatial co-use, which may be an indication that one species
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is being displaced (Di Bitetti et al., 2010; éprem et al., 2015; Kav¢ié et al., 2021; Marshall
et al., 2023). Especially in habitat-limited and heterogeneous areas as the alpine Il Fuorn area
(Anderwald et al., 2016) such temporal avoidance can become of importance.

To assess potential temporal avoidance among species pairs in the area, directional time
intervals betweens species detections were analysed. The temporal analysis revealed species
pair-specific differences in the intervals, which varied over the day and study period. A longer
interval between species A to species B than vice versa indicates a possible avoidance or
displacement of B by A (Niedballa et al., 2019).

These directional intervals may represent the possible displacement of roe deer and chamois
by red deer as postulated in the hypotheses H2 and H4. Similar approaches have been used,
for example, by Marshall et al. (2023) and Smith et al. (2023) to detect temporal displacement
between carnivores. The directional intervals in this study show greater intervals between
red deer and roe deer at both resolutions, between red deer and chamois on the 1 km grid,
and between roe deer and chamois on the 250 m grid. An asymmetric temporal distribution
in favour of red deer emerged. This indicates that the often superior competitor (red deer)
temporarily has priority in shared habitats, while the smaller species (roe deer and chamois)
change their timing accordingly.

These trends may be associated with interference at attractive resources (gprem et al.,
2015) and are consistent with the results of Kav¢i¢ et al. (2021) who found weak temporal
partitioning between roe deer and chamois and the mostly superior competitor red deer due to
competition for resources. Even though the spatial analysis found no evidence of displacement,
these temporal patterns indicate behavioural segregation on a fine scale. Increasing time
intervals towards the end of the study period despite increased presence of roe deer and red
deer further emphasises that both species increasingly use the same areas, but at different
times. This indicates temporal segregation under intensified competition. Especially at the
end of summer and beginning of autumn, sufficient access to high-quality food is essential
especially for juveniles (Parker et al., 2009). If exploitative competition occurs during this
period, it can lead to fitness losses for the disadvantaged species at the beginning of winter
(Parker et al., 2009; Willisch et al., 2013; Anderwald et al., 2024) and thus to a long-term
weakening of the respective population. Smith et al. (2023) also found no significant changes
in the 24-hour cycles when investigating spatio-temporal relationships between carnivores
using comparable methodology, but did find a finer-scale segregation in successive events and
less overlap in resource-poor periods due to presumed increased competition (Smith et al.,
2023) . Using similar methodology, Marshall et al. (2023) found similar results in carnivores,
in which temporal partitioning occurred despite spatial coexistence, and interpreted this as a
possible avoidance mechanism for a species, especially where spatial segregation is limited.

However, alternative explanations related to detection probability must also be taken into
account. Such directional interval length differences can also be influenced by the detection
probability of a species. The greater interval between roe deer and chamois on the 250 m grid
could be explained by the fact that the general detection frequency of chamois on the 250
m grid is lower and it takes longer for them to appear (MacKenzie et al., 2002; Sollmann,
2018; Swinkels et al., 2023; Smith et al., 2023; Ferry et al., 2024). Nevertheless, if detection
probability were the sole driver, seasonal patterns would be expected to shorten intervals
when presence probabilities increase, not the opposite. In contrast, the seasonal changes in
intervals align with biological expectations: as the probability of presence of both roe deer
and red deer increased over the season, intervals lengthened rather than shortened. This
pattern is unlikely under a detection-only explanation. Moreover, the remaining directional
patterns are biologically plausible, consistent within each grid, and occur at generally shorter
total intervals than for the roe deer—chamois intervals which makes it more plausible to be
an interspecies effect. Therefore, different detection frequencies alone do not seem to be the
complete explanation for directionally asymmetric intervals between species.

In summary, the spatial analysis showed no strong correlation between the presence of the
species, while the results of the temporal analysis indicate behavioural adaptations of the two
competitively inferior species.
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4.4 Methodological considerations and limitations

The following section deals with methodological considerations that apply specifically to spatial
and temporal analyses and discusses general limitations that apply to both approaches.

For the spatial models, several methodological aspects need to be considered when in-
terpreting effect sizes across scales. The model predictors were z-standardised within both
spatial resolutions. The regression coefficients therefore reflect a change of one SD per grid.
Direct comparisons of the § values between the two grids are therefore only possible to a
limited extent, as the SD and the underlying scale variance differ between the grids. In
addition, aggregation on a large scale can lead to a weakening of the effects of elevation or
other predictors when local heterogeneity is averaged (Greenland et al., 1986; Jelinski and
Wu, 1996). Differences in effect (8) sizes were therefore interpreted both biologically (e.g. as
fine-scale habitat selection or relief differences) and statistically through different variance
structures. The main effects were thus not directly interpreted in terms of their effect strength
but in terms of their significance or insignificance.

An exception to this are the significant but very weak effects of roe deer presence,
temperature and Julian day on, for example, red deer presence probability on the 250m
grid. Model averaging can lead to post-selection bias. Overly complex models are sometimes
favoured in AIC analyses, which can lead to a larger number of included predictors and thus
to overinterpretation of the importance of predictors (Arnold, 2010; Symonds and Moussalli,
2011). Arnold (2010) suggests reporting all included Top models, as shown in Appendix C,
in order to ensure the necessary transparency. Particularly weak effects should therefore
be viewed with caution. To mitigate or circumvent this problem, model averaging with the
strictest common limit of AAICc < 2, rather than selecting one specific model, was used.
Averaging is particularly useful when, as in this analysis, no single model stands out in terms
of weight (Arnold, 2010; Symonds and Moussalli, 2011). As a further safeguard, according
to Arnold (2010), only those effects whose 95% CI do not exceed 0 should be interpreted as
significant, which is a more robust approach than using p-values alone. Thus, particularly
weak effects are treated with caution in the interpretation, but the necessary measures have
been taken to ensure the overall robustness of the results.

Beyond main effects, the choice and number of tested statistical interactions influence
model interpretability and statistical power. To avoid overfitting, the spatial analysis focused
on two biologically meaningful combinations with Julian day and precipitation and the
respective presence of the other species. Only if the model containing the interaction showed
a smaller AICc than the global model was the interaction included in the model selection.
No interactions were tested in the temporal analysis, although some showed significance in
the spatial analysis. This may have resulted in potentially relevant biological interactions
remaining undetected. However, since only the intervals between one species pair were
considered per model, the sample size was significantly reduced compared to the spatial
analysis with additional daily variables (sin and cos (time)). Additional interactions could
easily have led to overfitting. Nevertheless, the observed species- and scale-specific patterns
indicate that biologically meaningful relationships were captured despite model simplifications.

For the temporal analysis, several methodological and statistical considerations apply due
to the structure of inter-event data and pairwise comparisons. It should be noted that some of
the direction-dependent inter-event intervals can be explained by different detection frequencies
of the species (Sollmann, 2018; Ferry et al., 2024). If red deer are detected more frequently
than roe deer or chamois, sequences of other species to red deer occur more frequently and
closer together in time than the opposite direction, purely by chance (MacKenzie et al., 2002;
Swinkels et al., 2023; Smith et al., 2023; Ferry et al., 2024). Key covariates such as environment,
time of day and season, as well as location and year, were taken into account as effects and
random effects, but an explicit correction of local activity, for example via relative abundance
indices or rate-preserving null models (Ferry et al., 2024), was not part of the analysis plan.
The directional effects are therefore interpreted associatively, with reference to the possibility
of a base rate component. Roe deer—chamois showed the longest intervals (both directions),
consistent with their different habitat preferences. At 250 m, roe deer — chamois intervals
were longer than chamois — roe deer intervals, which is consistent with microhabitat and
detection-related differences. Roe deer—red deer intervals were shorter at 250 m than at 1 km,
together with increased presence probability and positive presence correlation, this suggests
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higher densities or closer co-use at lower elevations. For roe deer, this could lead to fitness
costs in the case of resource competition; whether this involves active avoidance or active
displacement from corresponding areas remains open and requires supplementary data (e.g.
vegetation/quality, individual fitness metrics such as Anderwald et al. (2016) for chamois, ibex
and red deer).

Another important limitation of the study is the lack of time limits on the intervals
analysed. Individual very long intervals can skew the predicted mean intervals and the effects
acting on them upwards. For this reason, the detected time-of-day effects (sin and cos (time))
in particular are interpreted with caution and show that there is a diurnal pattern. Subsequent
studies could describe and represent such patterns even more accurately by limiting very long
intervals (e.g. by capping the maximum intervals as, Niedballa et al., 2019 and Marion et al.,
2022).

Furthermore, the time interval analysis follows a time-to-first-event approach. Here, only
the first subsequent event is examined, and the strength and duration of an effect are not
separated. Newer approaches to recurrent event models would take all subsequent events into
account and explicitly quantify the direction, strength, and duration of the effect (Ferry et al.,
2024). Comparable works such as Swinkels et al. (2023) use the survival approach, in which
censored intervals (e.g. camera failure or end of study) and competing events caused by the
detection of third species are taken into account. An interval is thus considered ‘observed
without target event up to this point’ instead of deleted. This further reduces bias due to
data loss and distortion due to third species. This approach was not implemented in the
study, so the time-to-first-event results provide initial indications of temporary decoupling
of the species, but could be meaningfully deepened and supported by the implementation of
such approaches. Due to time constraints, these approaches were not included in this work.
However, the linear modelling of AB BA intervals with the inclusion of covariates, on different
camera grids and with a very large sample size can still be seen as sufficient power to interpret
the results as temporal partitioning (Niedballa et al., 2019). This approach in the simulations
tested by Niedballa et al. (2019) corresponds to the most powerful standard there. While more
advanced recurrent-event or survival approaches could provide refined insights, the present
design represents a validated and statistically powerful framework for detecting temporal
partitioning patterns.

The computational capacity of the available hardware restricted more extensive model
testing. This trade-off between complexity and feasibility was addressed by focusing on the
most ecologically meaningful predictors and robust modelling approaches. By combining two
research scales in the same study area with a large sample size over four years and a robust
GLMM structure, this study picks up on similar studies on temporal and spatial partitioning.
For example, Kav¢ié¢ et al. (2021) discussed that a smaller spatial frame and a larger sample
size could have revealed possible intraspecific interactions more clearly in their study. These
methodological considerations suggest that the observed spatial and temporal patterns are
not only artefacts of modelling, but likely reflect genuine ecological mechanisms, which are
discussed in the following section.

4.5 Ecological implications

Based on the spatial and temporal results, while keeping methodological limitations in mind,
several ecological implications can be derived regarding coexistence mechanisms, competitive
interactions and potential future dynamics among alpine ungulates. Discussing these implica-
tions helps to link the observed statistical patterns to ecological processes and to evaluate how
competition, habitat use and behavioural adjustments shape species assemblages in alpine
ecosystems. The following section therefore outlines the main ecological interpretations and
perspectives, beginning with data requirements for future studies, followed by resource-based
mechanisms, competition and predator effects. First of all, future studies using experimental
or controlled designs would be needed to more conclusively separate habitat effects from direct
interspecific interactions. However, this could be challenging in the study area used.
Secondly, the spatial and temporal models considered broad-scale predictors, yet finer
environmental variables such as vegetation quality, primary productivity or soil nutrient content
may further explain habitat preferences. Studies such as Anderwald et al. (2016) demonstrated
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that productivity gradients can influence habitat selection in chamois and ibex. Incorporating
comparable measures for red and roe deer would therefore help to clarify whether observed
overlaps or separation result from resource availability rather than behavioural avoidance.
Integrating such fine-scale data could improve ecological interpretability of the models and
reveal additional niche differentiation mechanisms. However, these remote sensing data do not
exist for forested areas, or are difficult to collect.

Even without evidence of spatial displacement, competition can still have fitness-relevant
consequences for subordinate species. Resource competition may manifest as reduced access
to high-quality forage or as temporal segregation around shared feeding sites (Anderwald
et al., 2015, 2016). Especially towards the end of summer and in early autumn, sufficient
nutrient intake is crucial for rebuilding body condition before winter (Parker et al., 2009;
Willisch et al., 2013; Brivio et al., 2019). If interference competition occurs during this critical
period, it can lead to reduced growth or survival of juveniles, and possibly to long-term
demographic weakening of the affected population. Chirichella et al. (2013) showed that
chamois may exploit energetically poorer refuge microhabitats for foraging rather than shifting
broad-scale spatial or temporal habitat use when competition increases. This underlines that
coexistence without spatial segregation does not necessarily imply the absence of competition,
but rather reflects behavioural adjustment under resource limitation. Such mechanisms may
become particularly important for mountain species that are physiologically constrained by
temperature. Additional competition pressure could amplify the effects of climate change (van
Beest et al., 2012; Ferretti et al., 2019).

Climate change and the expected increase in extreme weather events are likely to alter both
intra- and interspecific interactions among alpine ungulates (Brivio et al., 2019). According
to Anderwald et al. (2024), chamois respond to high temperatures not only by moving to
higher elevations, but also by shifting into areas with greater tree cover. Those are habitats
more typical for lower-elevation species such as red deer. Such behavioural plasticity could
increase spatial and temporal overlap between these species. This could intensify competition
for thermally suitable and productive foraging sites (de Frenne et al., 2019; Widén et al., 2025).
While direct evidence for this mechanism in chamois is lacking, high summer temperatures
lead chamois to select more forested, shaded sites (Anderwald et al., 2024), and forests buffer
thermal extremes (de Frenne et al., 2019). By analogy to overcrowding observed in other alpine
ungulates at high elevations (Brivio et al., 2019), such concentration in limited refuge areas
could increase intra- and interspecific competition and may reduce access to high-quality forage
(Widén et al., 2025). This remains a hypothesis to be tested. Similar processes may apply to
red deer, where droughts and reduced forage productivity could increase density-dependent
competition in forested valley bottoms (Widén et al., 2025). Overall, the combined effects of
warming, habitat compression and changing vegetation structure may enhance competitive
pressure among sympatric ungulates in the Alps (van Beest et al., 2012; de Frenne et al., 2019;
Ferretti et al., 2019; Anderwald et al., 2024).

Additionally expansion of large carnivores such as the grey wolf and brown bear may
alter these interspecific dynamics (Bleicher, 2017; Stears et al., 2020; Dellinger et al., 2022).
According to Sprem et al. (2015), chamois in forested habitats exhibited clear shifts in activity
patterns to avoid predators, mainly wolves, which overrode potential competition effects with
other ungulates such as wild boar. Similarly, increasing predator presence in the Alps could
either buffer herbivore competition by inducing shared avoidance behaviour (De Boer and
Prins, 1990; Stears et al., 2020), or intensify temporal segregation among prey species through
cascading effects on activity patterns (Dellinger et al., 2022). Monitoring these changes
in parallel with herbivore interactions will be crucial for understanding future community
structuring in alpine systems.
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Chapter 5

Conclusion

The spatial presence of roe deer, chamois and red deer in the Il Fuorn area of the Swiss National
Park is primarily influenced by environmental conditions and resource availability. No evidence
was found for spatial displacement of roe deer or chamois by red deer. However, supplementary
temporal interval analyses carried out at the same location indicate asymmetric, temporally
mediated interactions: roe deer and chamois avoid red deer events temporally as there were
longer intervals after red deer detections than in the opposite direction. This represents a
pattern of behaviourally mediated coexistence without spatial segregation. The results provide
a robust basis for locating competitive processes in the system temporally rather than spatially,
and are therefore directly relevant for future studies of multi-species interactions and for
monitoring and management decisions in alpine ecosystems. Understanding these interactions
is essential for predicting how ongoing climate change and predator recolonisation may reshape
alpine ungulate communities and for developing adaptive management strategies in protected
mountain areas.
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Appendix A

Biological relevance for tested
interactions in the spatial analysis

A.1 Precipitation x Species presence

Precipitation can have a significant impact on the spatial and habitat use of mountain ungulates.
In particular in the Alpine region, where there is heavy rainfall in exposed terrain, species
such as chamois move to more sheltered areas (de Frenne et al., 2019; van Beest et al., 2012;
Anderwald et al., 2024). This can increase spatial overlap with other ungulate species. The
spatial use of roe deer and red deer (Apollonio et al., 2010; Borkowski et al., 2021), as well as
chamois and red deer (Lovari et al., 2014), already show considerable overlap and are strongly
influenced by environmental factors. If chamois for example tend to stay in wooded areas
during heavy rainfall (Anderwald et al., 2024), but are present in higher, rockier areas when red
deer are more abundant (Anderwald et al., 2015), these two effects could influence each other.
An interaction between the presence of a potentially competing species and precipitation
allows to test whether the influence of the presence of the potentially competing species on
the presence of the target species is precipitation-dependent (and, conversely, whether the
effect of precipitation changes in the presence of the competing species).

A.2 Julian day x Species presence

During the course of the year, environmental conditions (vegetation changes, snow cover,
average temperatures) as well as habitat use and activity patterns or foraging behaviour(Storms
et al., 2008; Parker et al., 2009; Kav¢ic et al., 2021; Widén et al., 2025) of the species studied,
change. Sympatric species can adapt their spatial and temporal use over the course of the year,
thereby alter competitive situations (Kav¢ié¢ et al., 2021; Tallian et al., 2022; Smith et al., 2023).
An interaction between Julian day and the presence of a potentially competing species covers
the fact that the strength of the competitive effect can vary seasonally (Tallian et al., 2022).
Therefore, it is not necessary to specify a separate interaction for each individual variable with
seasonal change. By focusing on these two important potential factors influencing partitioning
behaviour, the risk of overfitting can be avoided while still taking relevant interactions between
covariates into account.
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Correlation matrices (Spearman
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Figure B.2: Spearman correlations for the temporal models.



Appendix C

Top models summary

C.1 Spatial analysis Top models

C.1.1 Spatial roe deer 1 km
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Table C.1: Top models (AAICc < 2) used for model averaging for the roe deer GLMM
(1km). All models include an intercept and random intercepts for Location and trapdays;

ziformula = 70, dispformula = 1.
Model k logLik AlICc AAICc Weight Predictors (fixed effects)
1 5 -1749.94 3509.88 0.00 0.06  Elevation (z) + Min temperature (z)
7 -1748.01 3510.03 0.15 0.05 Habitat type + Elevation (z) + Min
temperature (z)
3 4 -1751.23 3510.47 0.58 0.04 Elevation (z)
4 6 -1749.27 3510.54 0.65 0.04  Elevation (z) + Julian day (z) + Min
temperature (z)
5 6 -1749.30 3510.61 0.73 0.04 Habitat type + Elevation (z)
6 8 -1747.34 3510.68 0.80 0.04 Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z)
7 6 -1749.48  3510.95 1.07 0.03  Elevation (z) + Min temperature (z)
+ Slope (z)
8 6 -1749.49 3510.98 1.09 0.03 Elevation (z) + Min temperature (z)
+ Red deer presence
9 8 -1747.52 3511.04 1.16 0.03 Habitat type + Elevation (z) + Min
temperature (z) + Northness (cos
aspect, z)
10 8 -1747.56 3511.14 1.25 0.03 Habitat type + Elevation (z) + Min
temperature (z) + Red deer presence
11 6 -1749.60 3511.20 1.31 0.03 Elevation (z) + Min temperature (z)
+ Northness (cos aspect, z)
12 5 -1750.63 3511.27 1.38 0.03 Elevation (z) + Max temperature (z)
13 7 -1748.71 3511.42 1.53 0.03 Habitat type + Elevation (z) + Max
temperature (z)
14 8 -1747.75 3511.51 1.62 0.03 Habitat type + Elevation (z) + Min
temperature (z) + Slope (z)
15 5  -1750.77  3511.54 1.65 0.03  Elevation (z) + Slope (2)
16 6 -1749.77 3511.54 1.66 0.03  Chamois presence + Elevation (z) +
Min temperature (z)
17 6 -1749.79 3511.58 1.70 0.03  Elevation (z) + Max temperature (z)
+ Min temperature (z)
18 9 -1746.84 3511.69 1.80 0.02 Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z) +
Northness (cos aspect, z)
19 6 -1749.86 3511.72 1.84 0.02 Elevation (z) + Min temperature (z)
+ 24-h precipitation (log, z)
20 5 -1750.86  3511.73 1.85 0.02  Elevation (z) + Julian day (2)
21 8 -1747.86 3511.73 1.85 0.02 Habitat type + Elevation (z) + Max
temperature (z) + Min temperature
()
22 5 -1750.89 3511.78 1.90 0.02 Elevation (z) + Northness (cos as-
pect, z)
23 7 -1748.89 3511.78 1.90 0.02  Elevation (z) + Julian day (z) + Min

temperature (z) + Red deer presence

Continued on next page
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Model k logLik AICc AAICc Weight Predictors (fixed effects)

24 6 -1749.89 3511.79 1.91 0.02 Eastness (sin aspect, z) + Elevation
(z) + Min temperature (z)

25 7 -1748.90 3511.81 1.93 0.02 Elevation (z) + Julian day (z) + Max
temperature (z) + Min temperature
(2)

26 7 -1748.90 3511.82 1.93 0.02 Habitat type + Elevation (z) + Red
deer presence

27 7 -1748.92 3511.85 1.96 0.02 Elevation (z) + Julian day (z) + Min
temperature (z) + Northness (cos
aspect, z)

28 8 -1747.93 3511.87 1.99 0.02 Habitat type + Elevation (z) + Min
temperature (z) + 24-h precipitation
(log, 7)

29 7 -1748.93 3511.87 1.99 0.02 Habitat type + Elevation (z) + Ju-

lian day (z)

Cumulative weight

0.06, 0.11, 0.15, 0.19, 0.23, 0.27, 0.30,
0.33, 0.36, 0.39, 0.42, 0.45, 0.48, 0.51,
0.54, 0.57, 0.59, 0.61, 0.63, 0.65, 0.67,
0.69, 0.71, 0.73, 0.75, 0.77, 0.79, 0.81,
0.83

C.1.2 Spatial roe deer 250 m

Table C.2: Top models (AAICc < 2) used for model averaging for the roe deer GLMM
(250m). All models include an intercept and random intercepts for Location and trapdays;
= 70, dispformula = 1.

ziformula

Model k

logLik

AICc

AAICc

Weight Predictors (fixed effects)

1

9

10

10

10

10

10

-5009.68

-5011.18

-5010.30

-5009.36

-5009.37

-5009.37

-5009.62

-5009.64

-5009.65

10037.37

10038.36

10038.61

10038.72

10038.74

10038.75

10039.25

10039.29

10039.30

0.00

1.00

1.24

1.36

1.38

1.38

1.88

1.93

1.94

0.21

0.13

0.10

0.10

0.08

0.08

0.08

Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z) +
Red deer presence

Habitat type + Elevation (z) + Ju-
lian day (z) + Red deer presence
Habitat type + Elevation (z) + Ju-
lian day (z) + Max temperature (z) +
Red deer presence

Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z) +
24-h precipitation (log, z) + Red deer
presence

Eastness (sin aspect, z) + Habitat
type + Elevation (z) + Julian day (z)
+ Min temperature (z) + Red deer
presence

Habitat type + Elevation (z) + Ju-
lian day (z) + Max temperature (z)
+ Min temperature (z) + Red deer
presence

Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z) +
Northness (cos aspect, z) + Red deer
presence

Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z) +
Slope (z) + Red deer presence
Chamois presence + Habitat type +
Elevation (z) + Julian day (z) + Min
temperature (z) + Red deer presence
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C.1.3 Spatial chamois 1 km

Table C.3: Top models (AAICc < 2) used for model averaging for the chamois GLMM
(1km). All models include an intercept and random intercepts for Location and trapdays;

ziformula = 70, dispformula = 1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 10 -7185.20 14390.41 0.00 0.08 Eastness (sin aspect, z) + Elevation

(z) + Julian day (z) + Slope (z) +
24-h precipitation (log, z) + Red deer
presence + 24-h precipitation (log, z)
X Red deer presence

2 9 -7186.23 14390.48 0.07 0.08 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + 24-h precipi-
tation (log, z) + Red deer presence +
24-h precipitation (log, z) x Red deer
presence

3 11 -7184.35 14390.71 0.31 0.07  Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Max temper-
ature (z) + Slope (z) + 24-h precipi-
tation (log, z) + Red deer presence +
24-h precipitation (log, z) x Red deer
presence

4 10 -7185.39 14390.78 0.38 0.07 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Max tempera-
ture (z) + 24-h precipitation (log, z)
+ Red deer presence + 24-h precipita-
tion (log, z) x Red deer presence

5 8  -7T187.40  14390.81 0.41 0.07  Elevation (z) + Julian day (z) + 24-
h precipitation (log, z) + Red deer
presence + 24-h precipitation (log, z)
X Red deer presence

6 9 -7186.42 14390.85 0.44 0.06 Elevation (z) + Julian day (z) +
Slope (z) + 24-h precipitation (log, z)
+ Red deer presence + 24-h precipita-
tion (log, z) X Red deer presence

7 9 -7186.55 14391.12 0.71 0.06 Elevation (z) + Julian day (z) + Max
temperature (z) + 24-h precipitation
(log, z) + Red deer presence + 24-
h precipitation (log, z) x Red deer
presence

8 10 -7185.57 14391.15 0.74 0.06 Elevation (z) + Julian day (z) + Max
temperature (z) + Slope (z) + 24-
h precipitation (log, z) + Red deer
presence + 24-h precipitation (log, z)
X Red deer presence

9 11 -7184.63 14391.28 0.88 0.05 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Min tempera-
ture (z) + Slope (z) + 24-h precipi-
tation (log, z) + Red deer presence +
24-h precipitation (log, z) x Red deer
presence

10 10 -7185.67 14391.36 0.95 0.05 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Min tempera-
ture (z) + 24-h precipitation (log, z)
+ Red deer presence + 24-h precipita-
tion (log, z) X Red deer presence

11 9 -7186.84 14391.69 1.28 0.04 Elevation (z) + Julian day (z) + Min
temperature (z) + 24-h precipitation
(log, z) + Red deer presence + 24-
h precipitation (log, z) X Red deer
presence

12 10  -7185.86  14391.72 1.32 0.04  Elevation (z) + Julian day (z) + Min
temperature (z) + Slope (z) + 24-
h precipitation (log, z) + Red deer
presence + 24-h precipitation (log, z)
X Red deer presence

Continued on next page
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Model k logLik AICc AAICc Weight Predictors (fixed effects)

13 11 -7184.88 14391.78 1.38 0.04 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Slope (z) +
24-h precipitation (log, z) + Roe deer
presence + Red deer presence + 24-
h precipitation (log, z) x Red deer
presence

14 10 -7185.91 14391.84 1.43 0.04  Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + 24-h precipi-
tation (log, z) + Roe deer presence +
Red deer presence + 24-h precipita-
tion (log, z) X Red deer presence

15 12 -7184.03 14392.07 1.66 0.04  Eastness (sin aspect, z) + Eleva-
tion (z) + Julian day (z) + Max
temperature (z) + Slope (z) + 24-
h precipitation (log, z) + Roe deer
presence + Red deer presence + 24-
h precipitation (log, z) x Red deer
presence

16 11 -7185.06 14392.13 1.72 0.03 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Max temper-
ature (z) + 24-h precipitation (log,
z) + Roe deer presence + Red deer
presence + 24-h precipitation (log, z)
X Red deer presence

17 9 -7187.10 14392.20 1.80 0.03  Elevation (z) 4+ Julian day (z) + 24-
h precipitation (log, z) + Roe deer
presence + Red deer presence + 24-
h precipitation (log, z) x Red deer
presence

18 10 -7186.12  14392.25 1.84 0.03  Elevation (z) + Julian day (z) +
Slope (z) + 24-h precipitation (log,
z) + Roe deer presence + Red deer
presence + 24-h precipitation (log, z)
X Red deer presence

19 11 -7185.14 14392.29 1.89 0.03 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Slope (z) + 24-
h precipitation (log, z) + Northness
(cos aspect, z) + Red deer presence +
24-h precipitation (log, z) x Red deer
presence

20 10 -7186.17 14392.36 1.95 0.03 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + 24-h precipita-
tion (log, z) + Northness (cos aspect,
z) + Red deer presence + 24-h precip-
itation (log, z) x Red deer presence

Cumulative weight 0.08, 0.16, 0.23, 0.30, 0.37, 0.43, 0.49,
0.55, 0.60, 0.65, 0.69, 0.73, 0.77, 0.81,
0.85, 0.88, 0.91, 0.94, 0.97, 1.00

C.1.4 Spatial chamois 250 m

Table C.4: Top models (AAICc < 2) used for model averaging for the chamois GLMM
(250m). All models include an intercept and random intercepts for Location and trapdays;

ziformula = 70, dispformula = ~1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 9 -6599.82 13217.64 0.00 0.28  Elevation (z) + Julian day (z) + Min

temperature (z) + 24-h precipitation
(log, z) + Red deer presence + Julian
day (z) x Red deer presence

2 10 -6599.39 13218.79 1.15 0.16 Elevation (z) + Julian day (z) + Max
temperature (z) + Min temperature
(z) + 24-h precipitation (log, z) +
Red deer presence + Julian day (z) x
Red deer presence

Continued on next page



C.1. Spatial analysis Top models o3

Model k logLik AICc AAICc Weight Predictors (fixed effects)

3 10 -6599.62 13219.24 1.60 0.12 Eastness (sin aspect, z) + Elevation
(z) + Julian day (z) + Min tempera-
ture (z) + 24-h precipitation (log, z)
+ Red deer presence + Julian day (z)
X Red deer presence

4 11 -6598.65 13219.32 1.67 0.12 Habitat type + Elevation (z) + Ju-
lian day (z) + Min temperature (z) +
24-h precipitation (log, z) + Red deer
presence + Julian day (z) X Red deer
presence

5 10 -6599.71 13219.42 1.78 0.11 Northness (cos aspect, z) + Elevation
(z) + Julian day (z) + Min tempera-
ture (z) + 24-h precipitation (log, z)
+ Red deer presence + Julian day (z)
X Red deer presence

6 10 -6599.78 13219.57 1.92 0.11  Elevation (z) + Julian day (z) + Min
temperature (z) + 24-h precipitation
(log, z) + Roe deer presence + Red
deer presence + Julian day (z) X Red
deer presence

710 -6599.81  13219.64 1.99 0.10  Elevation (z) + Julian day (z) + Min
temperature (z) + Slope (z) + 24-
h precipitation (log, z) + Red deer
presence + Julian day (z) X Red deer
presence

Cumulative weight 0.28, 0.44, 0.56, 0.68, 0.79, 0.90, 1.00

C.1.5 Spatial red deer 1km

Table C.5: Top models (AAICc < 2) used for model averaging for the red deer GLMM
(1km). All models include an intercept and random intercepts for Location and trapdays;

ziformula = 70, dispformula = ~1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 9 —6687.14 13392.30 0.00 0.20 Chamois presence + Habitat type

(factor) + Elevation (z) + Julian day
(z) + Northness (cos aspect, z)

2 8 —6688.45 13392.91 0.62 0.15 Chamois presence + Habitat type
(factor) + Elevation (z) + Julian day

(2)

3 8 —6688.49 13393.00 0.70 0.14 Habitat type (factor) + Elevation (z)
+ Julian day (z) + Northness (cos
aspect, z)

4 7 —6689.80 13393.61 1.31 0.10 Habitat type (factor) + Elevation (z)
+ Julian day (z)

5 10 —6686.88 13393.78 1.48 0.09 Chamois presence + Habitat type

(factor) + Elevation (z) + Julian day
(z) + Northness (cos aspect, z) + Roe
deer presence

6 10 —6686.99 13393.99 1.70 0.09 Eastness (sin aspect, z) + Chamois
presence + Habitat type (factor)

+ Elevation (z) + Julian day (z) +
Northness (cos aspect, z)

7 10 —6687.04 13394.08 1.79 0.08 Chamois presence + Habitat type
(factor) + Elevation (z) + Julian
day (z) + Slope (z) + Northness (cos
aspect, z)

8 10 —6687.12 13394.24 1.95 0.08 Chamois presence + Habitat type
(factor) + Elevation (z) + Julian
day (z) + Max temperature (z) +
Northness (cos aspect, z)

9 10 —6687.14 13394.28 1.99 0.07 Chamois presence + Habitat type
(factor) + Elevation (z) + Julian day
(z) + 24-h precipitation (log, z) +
Northness (cos aspect, z)
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C.1.6 Spatial red deer 250 m

Table C.6: Top models (AAICc < 2) used for model averaging for the red deer GLMM
(250m). All models include an intercept and random intercepts for Location and trapdays;

ziformula = 70, dispformula = ~1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 13 -10252.29 20530.60 0.00 0.15 Chamois presence + Habitat type +

Elevation (z) + Julian day (z) + Min
temperature (z) + 24-h precipitation
(log, z) + Northness (cos aspect,

z) + Roe deer presence + Chamois
presence X Julian day (z)

2 12 -10253.36 20530.73 0.13 0.14 Chamois presence + Habitat type
+ Elevation (z) + Julian day (z) +
Min temperature (z) + 24-h precipi-
tation (log, z) + Roe deer presence +
Chamois presence X Julian day (z)

3 13 -10252.72 20531.47 0.87 0.10 Chamois presence + Habitat type +
Elevation (z) + Julian day (z) + Max
temperature (z) + Min temperature
(z) + Northness (cos aspect, z) + Roe
deer presence + Chamois presence X
Julian day (z)

4 12 -10253.76 20531.54 0.95 0.10 Chamois presence + Habitat type
+ Elevation (z) + Julian day (z) +
Min temperature (z) + Northness
(cos aspect, z) + Roe deer presence +
Chamois presence x Julian day (z)

5 12 -10253.79 20531.60 1.00 0.09 Chamois presence + Habitat type +
Elevation (z) + Julian day (z) + Min
temperature (z) + Roe deer presence
+ Chamois presence x Julian day (z)

6 11 -10254.83 20531.68 1.08 0.09 Chamois presence + Habitat type +
Elevation (z) + Julian day (z) + Min
temperature (z) + Chamois presence
x Julian day (z)

7 14 -10251.94 20531.90 1.30 0.08 Chamois presence + Habitat type +
Elevation (z) + Julian day (z) + Min
temperature (z) + Slope (z) + 24-h
precipitation (log, z) + Northness
(cos aspect, z) + Roe deer presence +
Chamois presence x Julian day (z)

8 13 -10253.05 20532.13 1.53 0.07 Chamois presence + Habitat type
+ Elevation (z) + Julian day (z) +
Min temperature (z) + Slope (z) +
24-h precipitation (log, z) + Roe
deer presence + Chamois presence X
Julian day (z)

9 14 -10252.20 20532.43 1.83 0.06 Chamois presence + Habitat type +
Elevation (z) + Julian day (z) + Max
temperature (z) + Min temperature
(z) + 24-h precipitation (log, z) +
Northness (cos aspect, z) + Roe
deer presence + Chamois presence X
Julian day (z)

10 13 -10253.27 20532.56 1.96 0.06 Chamois presence + Habitat type
+ Elevation (z) + Julian day (z) +
Max temperature (z) + Min temper-
ature (z) + 24-h precipitation (log,
z) + Roe deer presence + Chamois
presence X Julian day (z)

Continued on next page
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Model k logLik AICc AAICc Weight Predictors (fixed effects)

11 14 -10252.28 20532.57 1.98 0.06 Eastness (sin aspect, z) + Chamois
presence + Habitat type + Elevation
(z) + Julian day (z) + Min temper-
ature (z) + 24-h precipitation (log,
z) + Northness (cos aspect, z) + Roe
deer presence + Chamois presence X
Julian day (z)

Cumulative weight 0.15, 0.29, 0.39, 0.49, 0.58, 0.67, 0.75,
0.82, 0.88, 0.94, 1.00

C.2 Temporal analysis Top models
C.2.1 Roe deer, red deer 1 km

Table C.7: Top models (AAICc < 2) used for model averaging for the roe deer, red deer
GLMM (1km). All models include an intercept and random intercepts for Location and Year;

ziformula = 70, dispformula = “Julian_day_z + Elevation_z + 1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 13 -32733.70 65493.50 0.00 0.09 Species pair + Elevation (z) + Julian

day (z) + Time of day (cos) + Air
temperature (z)

2 12 -32734.77 65493.64 0.14 0.08 Species pair + Elevation (z) + Julian
day (z) + Air temperature (z)

3 11 -32735.86 65493.81 0.30 0.07  Species pair + Elevation (z) + Julian
day (z) + Time of day (cos) + Air
temperature (z)

4 10 -32736.89 65493.84 0.33 0.07 Species pair + Elevation (z) + Julian
day (z) + Air temperature (z)

5 14 -32733.17 65494.46 0.96 0.05 Species pair + Elevation (z) + Julian

day (z) + Slope (z) + Time of day
(cos) + Air temperature (z)

6 13 -32734.23 65494.58 1.07 0.05 Species pair + Elevation (z) + Julian
day (z) + Slope (z) + Air tempera-
ture (z)

7 12 -32735.33 65494.76 1.25 0.05 Species pair + Elevation (z) + Julian

day (z) + Slope (z) + Time of day
(cos) + Air temperature (z)

8 11 -32736.34 65494.77 1.26 0.05 Species pair + Elevation (z) + Julian
day (z) + Slope (z) + Air tempera-
ture (z)

9 13 -32734.49 65495.09 1.58 0.04 Species pair + Julian day (z) + Slope

(z) + Time of day (cos) + Air tem-
perature (z)

10 15 -32732.48 65495.10 1.60 0.04 Species pair + Habitat type + Eleva-
tion (z) + Julian day (z) + Time of
day (cos) + Air temperature (z)

11 12 -32735.51 65495.12 1.61 0.04 Species pair + Julian day (z) + Slope
(z) + Air temperature (z)
12 14 -32733.55 65495.24 1.73 0.04 Species pair + Habitat type + El-

evation (z) + Julian day (z) + Air
temperature (z)

13 10 -32737.59 65495.25 1.74 0.04 Species pair + Elevation (z) + Julian
day (z) + Time of day (cos) + Air
temperature (z)

14 10 -32737.60 65495.26 1.76 0.04 Species pair + Julian day (z) + Slope
(z) + Air temperature (z)

15 9 -32738.60 65495.26 1.76 0.04 Species pair + Elevation (z) + Julian
day (z) + Air temperature (z)

16 12 -32735.59 65495.27 1.76 0.04 Species pair + Julian day (z) + Time
of day (cos) + Air temperature (z)

17 11 -32736.62 65495.32 1.81 0.03 Species pair + Julian day (z) + Air

temperature (z)

Continued on next page
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Model k logLik AICc AAICc Weight Predictors (fixed effects)

18 11 -32736.62 65495.33 1.83 0.03 Species pair + Julian day (z) + Slope
(z) + Time of day (cos) + Air tem-
perature (z)

19 13 -32734.64 65495.39 1.88 0.03 Species pair + Habitat type + Eleva-
tion (z) + Julian day (z) + Time of
day (cos) + Air temperature (z)

20 12 -32735.66 65495.42 1.91 0.03 Species pair + Habitat type + El-
evation (z) + Julian day (z) + Air
temperature (z)

21 9 -32738.70 65495.45 1.95 0.03 Species pair + Julian day (z) + Air
temperature (z)
22 14 -32733.68 65495.49 1.99 0.03 Species pair + Elevation (z) + Julian

day (z) + 1-h precipitation (z) +
Time of day (cos) + Air temperature

(z)

Cumulative weight 0.09, 0.17, 0.24, 0.31, 0.36, 0.41, 0.46,
0.51, 0.55, 0.59, 0.63, 0.67, 0.71, 0.75,
0.79, 0.83, 0.86, 0.89, 0.92, 0.95, 0.98,
1.00

C.2.2 Roe deer, red deer 250 m

Table C.8: Top models (AAICc < 2) used for model averaging for the roe deer, red deer
GLMM (250m). All models include an intercept and random intercepts for Location and

Year; ziformula = ~0, dispformula = “Habitat type + Elevation_z + 1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 14 -89684.80 179397.60 0.00 0.18 Species pair + Habitat type + Julian

day (z) + Time of day (cos) + Time
of day (sin) + Temperature (z)

2 13 -89685.85 179397.70 0.08 0.17 Species pair + Habitat type + Ju-
lian day (z) + Time of day (sin) +
Temperature (z)

3 15 -89684.37 179398.80 1.15 0.10 Species pair + Habitat type + Julian
day (z) + Precipitation (1h, z) +
Time of day (cos) + Time of day (sin)
+ Temperature (z)

4 14 -89685.48 179399.00 1.36 0.09 Species pair + Habitat type + Julian
day (z) + Precipitation (1h, z) +
Time of day (sin) + Temperature (z)

5 15  -89684.54  179399.10 1.48 0.08  Species pair - Habitat type + Ele-
vation (z) + Julian day (z) + Time
of day (cos) + Time of day (sin) +
Temperature (z)

6 15 -89684.59 179399.20 1.57 0.08 Species pair + Habitat type + Julian
day (z) + Slope (z) + Time of day
(cos) + Time of day (sin) + Tempera-
ture (z)

7 14 -89685.62 179399.30 1.63 0.08 Species pair + Habitat type + Eleva-
tion (z) + Julian day (z) + Time of
day (sin) + Temperature (z)

8 12 -89687.64 179399.30 1.67 0.08 Species pair + Julian day (z) + Time
of day (cos) + Time of day (sin) +
Temperature (z)

9 14 -89685.64 179399.30 1.68 0.08 Species pair + Habitat type + Julian
day (z) + Slope (z) + Time of day
(sin) + Temperature (z)

10 11 -89688.68 179399.40 1.75 0.07 Species pair + Julian day (z) + Time
of day (sin) + Temperature (z)

Cumulative weight 0.18, 0.35, 0.45, 0.54, 0.62, 0.70, 0.78,
0.86, 0.94, 1.00
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C.2.3 Roe deer, chamois 1 km

Table C.9: Top models (AAICc < 2) used for model averaging for the roe deer, chamois
GLMM (1km). All models include an intercept and random intercepts for Location and Year;
ziformula = 70, dispformula = “Habitat type + 1.

Model k logLik AlICc AAICc Weight Predictors (fixed effects)
1 11 -12422.56 24867.34 0.00 0.16 Habitat type + Julian day (z) +
Precipitation (1h, z) + Temperature
(%)
2 10 -12423.67 24867.53 0.19 0.15 Habitat type + Julian day (z) +
Temperature (z)
3 12 -12421.91 24868.08 0.74 0.11 Art-pair + Habitat type + Julian

day (z) + Precipitation (1h, z) +
Temperature (z)

4 11 -12423.01 24868.24 0.90 0.10 Art-pair + Habitat type + Julian day
(z) + Temperature (z)
5 12 -12422.23 24868.73 1.39 0.08 Habitat type + Elevation (z) + Ju-

lian day (z) + Precipitation (1h, z) +
Temperature (z)

6 11 -12423.32 24868.87 1.53 0.07 Habitat type + Elevation (z) + Ju-
lian day (z) + Temperature (z)
7 12 -12422.31 24868.88 1.54 0.07 Habitat type + Julian day (z) +

Precipitation (1h, z) + Time of day
(sin) + Temperature (z)

8 9 -12425.42 24869.00 1.66 0.07  Julian day (z) + Precipitation (1h, z)
+ Temperature (z)
9 12 -12422.48 24869.22 1.88 0.06 Habitat type + Julian day (z) +

Precipitation (1h, z) + Time of day
(cos) + Temperature (z)

10 12 -12422.51 24869.29 1.94 0.06 Habitat type + Julian day (z) +
Slope (z) + Precipitation (1h, z) +
Temperature (z)

11 8 -12426.61 24869.34 1.99 0.06 Julian day (z) + Temperature (z)

Cumulative weight 0.16, 0.31, 0.42, 0.52, 0.60, 0.67, 0.74,
0.81, 0.87, 0.93, 0.99

C.2.4 Roe deer, chamois 250 m

Table C.10: Top models (AAICc < 2) used for model averaging for the roe deer, chamois
GLMM (250m). All models include an intercept and random intercepts for Location and

Year; ziformula = ~0, dispformula = “Elevation_z + Julian_day_z + 1.
Model k logLik AlICc AAICc Weight Predictors (fixed effects)

1 11 -38917.29 77856.65 0.00 0.16 Species pair + Julian day (z) + Slope
(z) + Time of day (sin) + Tempera-
ture (z)

2 10 -38918.40 77856.86 0.21 0.14 Species pair + Julian day (z) + Slope
(z) + Temperature (z)

3 10 -38918.65 77857.35 0.70 0.11 Species pair + Julian day (z) + Time
of day (sin) + Temperature (z)

4 9 -38919.77 77857.58 0.93 0.10 Species pair + Julian day (z) + Tem-
perature (z)

5 12 -38916.84 77857.77 1.12 0.09 Species pair + Julian day (z) + Slope

(z) + Time of day (cos) + Time of
day (sin) + Temperature (z)

6 12 -38916.94 77857.96 1.31 0.08 Species pair + Elevation (z) + Julian
day (z) + Slope (z) + Time of day
(sin) + Temperature (z)

7 11 -38918.07 77858.21 1.56 0.07  Species pair + Elevation (z) + Julian
day (z) + Slope (z) + Temperature
(=)

Continued on next page
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Model k logLik AICc AAICc Weight Predictors (fixed effects)

8 12 -38917.12 77858.32 1.67 0.07 Species pair + Julian day (z) + Slope
(z) + Precipitation (1h, z) + Time of
day (sin) + Temperature (z)

9 11 -38918.17 77858.42 1.76 0.06 Species pair + Elevation (z) + Ju-
lian day (z) + Time of day (sin) +
Temperature (z)

10 11 -38918.20 77858.47 1.82 0.06 Species pair + Julian day (z) + Time
of day (cos) + Time of day (sin) +
Temperature (z)

11 11 -38918.25 77858.58 1.92 0.06 Species pair + Julian day (z) + Slope
(z) + Time of day (cos) + Tempera-
ture (z)

Cumulative weight 0.16, 0.30, 0.41, 0.51, 0.60, 0.68, 0.75,
0.82, 0.88, 0.94, 1.00

C.2.5 Chamois, red deer 1km

Table C.11: Top models (AAICc < 2) used for model averaging for the chamois, red deer
GLMM (1km). All models include an intercept and random intercepts for Location and Year;

ziformula = 70, dispformula = "Elevation_z + Julian_day_z + 1.
Model k logLik AICc AAICc Weight Predictors (fixed effects)
1 13 -78966.19 157958.40 0.00 0.45 Species pair + Habitat type + Julian

day (z) + Time of day (cos) + Time
of day (sin) + Temperature (z)

2 14 -78965.99 157960.00 1.60 0.20 Species pair + Habitat type + Ele-
vation (z) + Julian day (z) + Time
of day (cos) + Time of day (sin) +
Temperature (z)

3 12 -78968.08 157960.20 1.77 0.19 Species pair + Habitat type + Ju-
lian day (z) + Time of day (sin) +
Temperature (z)

4 14 -78966.18 157960.40 2.00 0.17 Species pair + Habitat type + Julian
day (z) + Precipitation (1h, z) +
Time of day (cos) + Time of day (sin)
+ Temperature (z)

Cumulative weight 0.45, 0.65, 0.84, 1.00
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