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Habitat selection of the northern lapwing
(Vanellus vanellus) during breeding season

In Europe

Abstract

The ongoing population reduction of northern lapwings across Europe has raised serious conser-
vation concerns. One of the primary drivers of this trend is the continuous transformation of their
habitats. Land-use changes, particularly the expansion of agricultural fields and intensively man-
aged pastures, have altered the species’ breeding environments, significantly affecting reproduc-
tive success. Eggs and chicks are especially vulnerable, facing increased risks due to habitat mod-

ifications.

To investigate how landscape structure influences habitat selection, this study, conducted in col-
laboration with Helmholtz Centre for Environmental Research - UFZ, analyzed tracking data
from 13 northern lapwings alongside land use and land cover and elevation data. A spatial com-
plexity assessment was performed using landscape metrics, which were then integrated into step-

selection function (SSF) models to quantify habitat preferences.

Findings from the SSF models indicate that, under the tested scenarios, habitats characterized by
homogeneous resource diversity and spatial configuration increase the relative probability of hab-
itat selection. These results provide key insights into how northern lapwings interact with their
environment, offering a foundation for designing more effective conservation strategies tailored

to their ecological needs.

Keywords: northern lapwing, habitat selection, landscape metrics, GIS, step-selection functions,
SSF.
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1 Introduction

Landscape transformation, driven by the expansion of agricultural and urban areas, leads to hab-
itat loss, reduced species diversity, and increased population isolation (Morera et al., 2008).
Among the species undergoing a continuous population decline is the northern lapwing (Vanellus
vanellus) which in 2021 was classified as a Vulnerable species on the IUCN Red List of Threat-
ened Species (BirdLife International, 2021). Given the ongoing modification of suitable habitats,
it becomes crucial to understand how species like the northern lapwing respond to environmental
changes. One way to approach this is by examining habitat selection, a process that shapes species'

behavior, ecology, and survival.

Habitat selection plays a fundamental role in species preservation. It influences key factors such
as food availability, predator avoidance, and competition, ultimately affecting population dynam-
ics and ecosystem stability. In ecological research, resource selection frameworks are widely used
to explore how individuals interact with their environment, shedding light on habitat preferences
and species adaptations to changing landscapes. This is typically assessed by comparing where
the animals are found (i.e., habitat use) with the availability of resources in the surrounding area
(Florko et al., 2024).

For species experiencing population declines, studying habitat selection provides key insights into
how they interact with their environment and respond to habitat changes. The northern lapwing,
a medium-sized bird distributed across Europe, has experienced a steady decline, raising conser-
vation concerns. Despite adaptability of the species to diverse habitats, its numbers have been
decreasing over time. This population trend has drawn the interest of academics, researchers, and

conservation organizations, prompting a deeper investigation into the factors driving this decline.

Research in the field of ecology has identified consistent patterns affecting northern lapwing pop-
ulations. One of the most pressing concerns is low reproductive success, which has been linked
to agricultural intensification and land-use changes, particularly in breeding habitats such as
grasslands and wetlands (Schekkerman et al., 2009). Additionally, predation has been identified
as a significant threat, as eggs and chicks are especially vulnerable during the breeding season

(Jackson, 2001), further impacting population numbers.

While previous researches have provided valuable insights into the factors contributing to north-
ern lapwing decline, there is still a need for a more detailed understanding of how landscape
complexity influences habitat selection. This thesis addresses that gap by adopting a fine-scale

analytical approach to examine habitat selection of the northern lapwing. In collaboration with
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the BIOECOS research group, which focuses on biodiversity and ecosystem services and is part
of the Helmholtz-Centre for Environmental Research -UFZ Leipzig, this study explores how
the landscape complexity influences the habitat selection process of this species during the breed-
ing season. The following sections will provide an overview of the species' ecological context
and the current state of the art, establishing the foundation for the key questions and objectives of
this study.

1.1 Theoretical Background

The study followed two main lines of analysis: landscape complexity and integration of local
landscape metrics with real movement data. The first line of analysis, landscape complexity was
quantified using land use and land cover data. To capture habitat diversity and spatial configura-
tion, the study incorporates three key landscape metrics: Shannon diversity index, mean patch
area index, and contagion index, based on the 10-meter resolution land use and land cover dataset
named Dynamic World. These metrics provide a detailed assessment of landscape complexity,
which will be further explained in the section 2.3.4 Calculating local landscape metrics. The
analysis examines habitat selection at a scale relevant to the species' immediate surroundings us-
ing a moving window approach. This method ensured that each output pixel reflects landscape
metrics within a defined local extent, providing a detailed spatial representation of habitat struc-

ture.

The second stage of the analysis integrates local landscape metrics with real movement data. The
study uses tracking data from 13 northern lapwing individuals, sourced from the Movebank plat-
form, which leverages GPS devices to ensure data accuracy and continuous monitoring. To
achieve this integration, the analysis applies statistical models commonly used in resource selec-
tion studies. In addition to landscape metrics, the methodology incorporates elevation and land
use and land cover information as potential factors influencing habitat selection in northern lap-

wing.

These two analytical approaches aim to generate insights into how landscape structure influences
habitat selection during the breeding season, within the spatial and temporal scales defined by the
available data. Understanding this relationship is essential for assessing the ecological factors
shaping northern lapwing habitat use. The following subsections will further explore key concepts

relevant to this study, along with related research that provides context for the findings.

11



Hochschule fiir Technik Stuttgart Master Thesis 2025
University of Applied Sciences U FZ Lady Johanna Esguerra Montafia
M.Sc. Photogrammetry and Geoinformatics Introduction

1.1.1 Habitat characteristics of the northern lapwing

The northern lapwing is a semi-colonial species (see reference photo of a lapwing in Figure 1),
with group sizes ranging from 1 to 8 nests (Watson et al., 2006). Northern lapwing are ground-
nesting birds (see reference photos in Figure 2), and the median clutch size is four (Sheldon et al.,
2013). Although the young are precocial (Parish & Coulson, 1998), they follow their parents to
feeding grounds (Korner et al., 2024), before eventually becoming independent. In Europe, north-
ern lapwing migrate during winter from north and northeast to the south and southwest, but they
return to their natal grounds in order to breed (Lislevand et al., 2009). (See distribution map of

the species in Figure 3).

Figure 1. Photo of a northern lapwing: This bird is distinguished for its metallic green, blue, and

violet colors, as well as its distinctive crest (Source: Derer, n.d.).

12
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Figure 2. Left photo: A northern lapwing nesting on the ground in a grassland area (Source:

NABU, n.d.). Right photo: A northern lapwing nest with three eggs in a grassland area (Source:

Grundmann, n.d.)
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Figure 3. Geographic distribution map of the northern lapwing (Vanellus vanellus): The legend

details presence and conservation status of the species (Sourced: BirdLife International, 2016).

As described by Eglington et al. (2010) and the Royal Society for the Protection of Birds (RSPB)
(2017), the northern lapwing is primarily distributed on wetlands and grasslands in both lowland
and upland areas, with a smaller presence in arable farmland and intensively managed pastures.
These habitats provide key food resources, including earthworms, cranefly larvae, surface-dwell-
ing insects, and other invertebrates. Nesting typically occurs in open fields with short vegetation,
which allows for early predator detection. Ideal nesting sites include sparsely vegetated grasslands
and areas with open water, offering both safety and proximity to food sources. This species ex-

13
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hibits strong site fidelity, returning to the same fields year after year. However, widespread drain-
age of wetlands and grasslands, the reseeding of faster-growing grass species, increased fertilizer
use, intensive grazing, and mechanized farming have altered these landscapes. These changes in
environmental conditions reduce both the availability and the quality of food resources essential
for the species.

Although management strategies have been implemented to slow the decline of the northern lap-
wing population, such as agri-environment schemes (AES) in the Netherlands, where delayed
mowing was introduced to protect nests and chicks, the results have not met expectations (Barba-
Escoto et al., 2024). This contrasts with similar studies in the UK, which reported benefits for
some species, but the results were influenced by biases in data interpretation (Breeuwer et al.,
2009) (Breeuwer et al., 2009). To develop more effective conservation strategies, it is crucial to
understand the complex relationship between the northern lapwing and the landscape, particularly

agricultural environments, and to address the factors contributing to its population decline.

1.1.2 Modelling animal habitat selection

A key aspect of understanding species decline is analyzing how individuals interact with their
environment. Animal movement models address this by using stochastic processes to describe
movement trajectories, represented as sequences of steps or transitions between consecutive po-
sitions. These movements are influenced by factors such as speed, direction, resource availability,
and other environmental variables (Florko et al., 2024). This approach helps researchers study the
determinants of animal selection for specific environmental characteristics, such as proximity to

food sources or shelter (Thurfjell et al., 2014).

A movement-based approach to resource selection studies often rely on step-selection functions
(SSF), which are an advanced extension of resource selection functions (RSF). While RSF are
based on comparisons between specific locations used and available (Boyce et al., 2002), the SSF
defines the selection of locations by considering the individual's location at a given time and its
potential movement between observations (Buderman et al., 2023). This approach is particularly
useful when there is serial dependence in an individual’s locations and when the time between

observations is short relative to the size of its home range (Fieberg et al., 2021).

In SSF implementation, steps are defined as the linear displacement between two consecutive
locations of the animal. For each observed step, random steps are generated that represent alter-
natives that the animal could have taken, and the environmental attributes of the used steps are

compared to the random steps. The SSF are particularly useful for studying how animals move

14
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and interact across landscapes, identifying movement routes and migratory corridors that may be

essential for conservation (Thurfjell et al., 2014).

The SSF models implemented contribute to predicting habitat selection; however, deriving clear
insights from their results can present challenges. This is where the Relative Selection Strength
(RSS) becomes relevant. RSS is a metric that quantifies the strength with which an animal selects
one habitat over another (Fieberg et al., 2021). Essentially, it indicates how preferable a given
location is compared to another while keeping all other conditions constant. Using RSS is crucial
because it provides a practical interpretation of the estimated coefficients in SSF models, allowing
for comparisons of the significance of different factors influencing habitat selection both within
and across studies (Avgar et al., 2017). RSS enhances the clarity of results and facilitates their

application in wildlife management and conservation.

1.2 State of the art for the analysis of habitat selection

Researchers have sought to understand the factors driving the population decline of the northern
lapwing. Recent studies have focused on key ecological and reproductive challenges affecting
northern lapwing populations. For instance, van den Berg (2024), in the Ph.D. thesis "The breed-
ing ecology of the northern lapwing (Vanellus vanellus) in France: investigating the decline of a
widely-distributed wader™ examined hatching success rates in France and the environmental fac-

tors influencing reproductive success.

The research by van den Berg (2024) also found that agricultural activities such as land prepara-
tion, seeding and mechanical weeding are often carried out during the birds' breeding season,
which can result in the direct destruction of nests. Low wind speeds were also found to increase
thermoregulation costs for the birds and higher exposure to predators by making it difficult to

dissipate odors generated around the nest.

The study of animal-habitat interactions has advanced significantly in recent years, driven by
improvements in GPS telemetry and the availability of high-resolution movement data. These
advancements have helped identify critical movement corridors and key conservation areas by
shedding light on how animals respond to habitat fragmentation (Thurfjell et al., 2014). Addition-
ally, the integration of geographic information systems (GIS) and remote sensing (RS) technolo-
gies with animal movement data has further enhanced the understanding of their movement pat-
terns (Craft et al., 2025). Movebank stands as one of the most successful integrations of these

technologies for ecological research, serving as a platform for sharing and managing movement
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data collected from worldwide multi-sensor datasets. Together, these technological advancements

provide invaluable tools for understanding species movement.

Fieberg et al. (2021) and Thurfjell et al. (2014) provide a detailed framework in their papers “A
‘How to’ guide for interpreting parameters in habitat-Selection analyses” and “Applications of
step-selection functions in ecology and conservation” for integrating GIS and RS with animal
tracking data through the implementation of SSF as statistical models. Their approach compares
the environmental attributes of the "used steps" taken by the animal with alternative movement
options, making it applicable to a wide range of species, including studies on northern lapwing-
environment interactions. Together, these papers serve as a step-by-step guide for data prepara-
tion, outlining how to process environmental variables for analysis, generate available locations,
and fit SSF models in R. Additionally, they provide insights into the tools and resources available

to implement these models effectively

The paper “Using step and path selection functions for estimating resistance to movement: pumas
as a case study” (Zeller et al., 2016) presents a case study that effectively applies SSF to model
animal movement and assess landscape resistance in a population of pumas (Puma concolor) in
southern California. The study incorporated movement steps obtained from GPS-collared indi-
viduals as input data along with a 30-meter resolution land cover raster. The results revealed that
pumas exhibit habitat preferences for grasslands, barren areas, chaparral, coastal scrub, and per-
ennial grasslands. Additionally, the study underscored the influence of spatial scale on the out-
comes, highlighting the importance of considering scale effects when analyzing movement pat-
terns.

Other studies have explored northern lapwing habitat preferences and the role of landscape fea-
tures in nesting success. The study “Habitat Selection and Diet of Lapwing Vanellus vanellus
Chicks on Coastal Farmland in S.W. Sweden” by (Johansson & Blomqvist, 1996) examined how
lapwing chicks use coastal habitats by comparing the composition of their breeding areas with the
availability of surrounding resources. For this, there was a monitoring of their movement, diet,
and food availability across different grassland types. The study determined that chicks preferred
coastal grasslands, linked to the fact that agricultural lands do not provide adequate foraging re-

sources for lapwing chicks, highlighting potential habitat limitations.

The study ” Landscape effects on nest site selection and nest success of northern Lapwing Vanel-
lus vanellus in lowland wet grasslands” by (Bertholdt et al., 2017) investigated whether forest

patches in wet grasslands influence the nesting distribution and predation rates of the northern
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lapwing. Researchers mapped nest locations, monitored nesting success using temperature log-
gers, and analyzed the distance between nests and forest patches. This study revealed that the
northern lapwing tends to avoid nesting near forests, and that predation rates did not vary signif-
icantly when the distance to forest patches changed. This suggests that their natural predators are
not concentrated in near forest edges.

The decline of northern lapwing populations is partially explained by the influence of environ-
mental changes, agricultural expansion, and habitat dynamics. The state of the art discussed pro-
vides in this section address a strong foundation for understanding how habitat characteristics
shape site selection and, ultimately, species survival. Advances in tracking technologies, GIS, and
statistical models have made it possible to analyze these relationships in greater detail, offering
insights about habitat use. Based on this framework, it is possible carry more detailed studies of
the species' habitat interactions and contribute inputs to designing effective conservation strate-

gies.
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1.3 Objectives and Key Questions

1.3.1 Key questions

This thesis explores the following research questions, each designed to provide deeper insight

into the problem at hand:

I.  How is the landscape complexity of the interest area at a local context of the northern
lapwing by considering its diversity and spatial structure?
II. Do northern lapwings show a preference of habitat based on the complexity of the land-

scape?

1.3.2 Objectives

Based on the literature review, two main methods are used to address the research questions. The
methods are computing local landscape metrics and implementation of step-selection function
models. The main goal of this thesis is to evaluate how landscape complexity influences the hab-
itat selection of the northern lapwing during breeding season by examining whether the species
exhibits a preference for a specific spatial configuration and composition of the landscape. To

achieve this goal, the study is addressed to the specific objectives presented below:

I.  To evaluate spatial structure and resources diversity of landscape in the study area con-
sidering the step length of the northern lapwing as a local scale reference.
Il.  To identify the habitat preferences of northern lapwings by modeling step selection func-

tions, integrating animal movement data with environmental variables.
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2 Methodology

This chapter presents the data, tools and methods used throughout the study. A description of the
datasets is given, detailing their main characteristics and relevance to addressing the research
questions. Next, the software tools used are presented, explaining their specific role in analyzing
and processing the information. Finally, the methodological procedures adopted are described,

ensuring that the analysis is in line with the objectives set out in Chapter 1.3.

2.1 Data

For this project, two main types of data were needed to meet the objectives. First, a land cover
and land use dataset, together with an elevation dataset, provided the inputs to assess landscape
complexity and serve as key environmental variables. Second, GPS tracking data from a group of

northern lapwings were integrated to model their habitat selection preferences.

2.1.1 Northern lapwing tracking data

The movement dataset for the northern lapwing was obtained from the Movebank repository, an
open-access online database for animal tracking data hosted by the Max Planck Institute of Ani-
mal Behavior. This dataset comprises information on the movements of individual animals, gath-
ered through GPS tags that accurately record their locations at specific timestamp based on satel-
lite positioning. These locations were transmitted to the user via the GSM network, offering high-

resolution and precise tracking of animal movements.

The dataset used in this study, titled “Lapwing NFW Vanellus vanellus”’, was conducted under
the guidance of principal investigator Jelle Loonstra and tracks the movements of the species
Vanellus vanellus. This dataset, hosted on Movebank (Study I1D: 1448409403), includes location
data for 13 individual animals, with a total of 362,603 location records (See Figure 4). Data were
accessed on October 07 of 2024, via the Movebank repository, under a Creative Commons At-

tribution-NonCommercial (CC BY-NC) license that allow public access.
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Figure 4. Visualization of map tracks of the 13 individuals from the Moveback repository, with

each individual's name displayed on the left. The region of the tracked movements covers

southern Spain, France. Belgium, the Netherlands and England.

The data were retrieved in shapefile format, including two files: a point-geometry shapefile rep-

resenting the positions of the 13 individuals, and a second polyline-geometry shapefile represent-

ing the movement steps between positions. Relevant attributes in these datasets for the study sum-

marize in Table 1.

Table 1. Table of attributes description of tracking data retrieved in shapefile format from

Movebank repository across the 13 individuals.

Field name
FID

Description

It is a unique identifier for each feature in the shapefile.

‘ Data type

Numeric

tag_ident

Identifier of the device attached to the animal to collect
and transmit data (numeric).

Text
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ind_ident Identifier of the animal by a given name. Text

individual Species observed, in this study all of the individuals are | Text
Vanellus vanellus.

sensor_typ Type of sensor used to collect positioning data, in this | Text
study GPS was the sensor used with all individuals.

timestamp Date and time at which the individual's position was rec- | Date
orded.

Long Longitude of the position recorded. Double

lat Latitude of the position recorded. Double

The tracking period spans from March 20, 2021, to March 15, 2023, where the timestamp differs

across individuals and thus the number of positions recorded as shown in Figure

5. The individual

“Lekkum” had two different deployments (d1 and d2) with partially overlapping timestamps.

nage | [ 100 postions
Augsbuurt I 9428 positions
sutenpost | N 2521 positons
ook | ¢ 3o
oriezum { N 5055 posiions
H o] N 77 posiicns
£ forn | I 5570 positions
g Kollum N 22065 positions
'-E Kollumeroudzijl - D 23323 positions
" kolumerporp | [ 5505 positons
Lekkum o1 | N 20755 postors
Lekkum d2 4 I 22290 positions
Miedum - D 32099 positions
ws{ ] 1 positiors
— —————
ffﬁﬁﬁﬁf@fﬁfﬁfﬁﬁﬁﬁﬁfﬁﬁﬁfﬁﬁﬁﬁﬁ

Time (monthly)

Figure 5. Tracking timeline chart showing the recording periods (in months) on the x-axis for each

individual's name on the y-axis. The bar labels indicate the number of recorded

2.1.2 Land cover and land use dataset

positions.

To accurately analyze land cover and landscape complexity in this study, the dataset Dynamic

World was used. Dynamic World is a near real-time 10m resolution global lan

d use land cover

dataset, produced using deep learning, freely available and openly licensed. resulting of a part-

nership between Google and the World Resources Institute (Google & the World Resources In-

stitute, n.d.).
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Dynamic World predictions are produced for Sentinel-2 L1C images where the percentage of
cloud-covered pixels is 35% or lower. To enhance accuracy, clouds and their shadows are filtered
out using a combination of S2 Cloud Probability, the Cloud Displacement Index, and the Direc-

tional Distance Transform (Google Developers, n.d.)

The model training for Dynamic World employs a Fully Convolutional Neural Network (FCNN),
specifically designed for semantic segmentation, to analyze spatial context in Sentinel-2 imagery
and interpret global land cover types. The FCNN predicts 9-class probabilities for each pixel by

combining spatial and spectral data, following the taxonomy outlined in Table 2. The model de-

livers high accuracy worldwide, aligning closely with expert annotations (Brown et al., 2022)

Table 2. Dynamic World land use Land cover classification taxonomy. Data sourced from

Dynamic World, Near Real-Time Global 10 m Land Use Land Cover Mapping (Brown et al.,

Land use/land

2022).

cover (LULC) Description Examples
o Water is present in the image. ¢ Rivers
e Contains little-to-no sparse vegetation, | e Ponds & Lakes
no rock outcrop, and no built-up features | ¢ Ocean
0 Water like docks. e Flooded Salt Pans
¢ Does not include land that can or has pre-
viously been covered by water.
o Any significant clustering of dense vege- | e Wooded vegetation
tation, typically with a closed or dense | e Dense green shrubs
canopy. e Cluster of dense, tall vegetation
o Taller and darker than surrounding vege- within savannas
tation (if surrounded by other vegeta- | e Plantations such as apples, bananas,
1 Trees tion). citrus, and rubber
e Swamp (dense/tall vegetation with
no obvious water)
e Any mix of the above
¢ Any burned areas of the above
e Open areas covered in homogenous | ¢ Natural meadows and fields with
grasses with little to no taller vegetation. sparse or no tree cover
e Other homogenous areas of grass-like | e Open savanna with little to no tree
vegetation (blade-type leaves) that ap- cover
pear different from trees and shrubland. | e Parks, golf courses, human mani-
o Wild cereals and grasses with no obvious cured lawns, including large fields in
human plotting (i.e. not a structured urban settings like soccer and base-
2 Grass field). ball.
e Tree cut-throughs for power lines,
gas etc.
e Pastures
¢ Reeds and marshes with no obvious
flooding
o Areas of any type of vegetation with ob- | e Flooded mangroves
3 Elooded vegeta- vious e Emergent vegetation
tion e intermixing of water.
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Do not assume an area is flooded if flood-
ing is observed in another image.
Seasonally flooded areas that are a mix of
grass/shrub/trees/bare ground.

4 Crops

Human planted/plotted cereals, grasses,
and crops.

e Corn, wheat, soy, etc.
e Hay and fallow plots of structured
land

5 Shrub & Scrub

Mix of small clusters of plants or individ-
ual plants dispersed on a landscape that
shows exposed soil and rock.
Scrub-filled clearings within dense for-
ests that are clearly not taller than trees.
Appear grayer/browner due to less dense
leaf cover.

e Moderate to sparse cover of bushes,
shrubs, and tufts of grass

e Savannas with very sparse grasses,
trees, or other plants

Clusters of human-made structures or in-
dividual very large human-made struc-
tures.

Contained industrial, commercial, and
private building, and the associated park-
ing lots.

A mixture of residential buildings,
streets, lawns, trees, isolated residential
structures or buildings surrounded by

e Cluster of houses, can include smalls
lawns or small patches of trees can
be included

o Dense villages, town, and cityscape
(buildings and roads together)

e Clusters of paved roads and large
highways

e Asphalt and other human-made sur-
faces

6 Built area vegetative land covers.
e Major road and rail networks outside of
the
o predominant residential areas.
e Large homogeneous impervious sur-
faces, including parking structures, large
office buildings, and residential housing
developments containing clusters of cul-
de-sacs.
e Areas of rock or soil containing very | e Exposed rock
sparse to no vegetation. e Exposed soil
e Large areas of sand and deserts with no | e Desert and sand dunes
; Bare ground to little vegetation. * Dry salt flats and salt pans
e Large individual or dense networks of | e Dried lake bottoms
dirt roads. e Mines
e Large empty lots in urban areas
o Large homogenous areas of thick snow or | e Glaciers
ice, typically only in mountain areas or | e Permanent snowpack
8 Snhow & Ice highest latitudes. ¢ Snowfall

Large homogenous areas of snowfall.

The dataset was accessed and downloaded using the Google Earth Engine Code Editor. A script

was written (see Appendix 8.1) in JavaScript syntax, specifying parameters such as the dataset

name, the date range for the images within the collection to be included in the output, and the area

of interest for data extraction (see Figure 6). The dataset specifications are described in Table 3.

The download covering the area of interest contains the tiles for each year considered.
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Table 3. Technical specifications of Dynamic World: Land cover and land use dataset.

ID Google Earth Engine GOOGLE/DYNAMICWORLD/V1
Theme: Land cover and land use
Classes: 9
Spatial resolution: 10m
Format: GeoTIFF
Coverage: Global
Dataset Provider: World Resources Institute Google
GO gle Earth Engine Q. Search places and datasets. @ B ee-johanesguerra ‘
LI CH Docs  Assfl Landcover * Get Link vl Save v. Run vI Reset vl Apps EI
c s 1 // Define the area of interest for Europe -
¢ 2~ var europe = ee.Geometry.Polygon([
~ Owner (1) 3 [[-1.529085, 46.87], [-2.229717, 47.50492], [-1.938698, 48.14066], [-©.579187, 48.084:
4 H
~ users/joha... 5 D
B Contag 6 // Load the Dynamic World dataset
& DEM 7 var dynamicWorld = ee.ImageCollection('GOOGLE/DYNAMICWORLD/V1'); v
- v f ] »
S———— G
LY AR AR "R - | ‘ Uhghis Map Satellite
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= 5 O;I;Ioghedn Manchester g
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Figure 6. Dynamic World dataset of the area of interest retrieved from Google Earth Engine Code

Catalog.
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2.1.3 Digital Elevation Model (DEM)

Elevation is a key variable in animal movement studies as it helps assess how topography influ-
ences an individual's selection of resources and locations. Factors such as slope and elevation can
impact the energetic cost of movement as well as the accessibility and preference for different
habitats. The Copernicus DEM GLO-30 was integrated in the project, obtained from the Google
Earth Engine catalog. This dataset, freely available worldwide under a Copernicus open license
(European Space Agency & Airbus, 2022), provides elevation data for the study area. More de-
tails about the dataset are presented in Table 4. The DEM contains elevation values ranging from
-137.97 to 493.58 meters, with negative values likely corresponding to natural depressions. A
visual representation of the dataset is shown in Figure 7.

Table 4. Copernicus DEM GLO-30: Global 30m Digital Elevation Model data specification.

COPERNICUS/DEM/GLO30
Elevation

GeoTIFF

Gioba

Copernics
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Figure 7. Map of Digital Elevation Model (DEM) dataset of the area of interest retrieved from

Google Earth Engine catalog.
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2.2 Software and Technology

This section dives into the software, programming languages and technologies needed to visualize
and process the source data. The R programming language was used to model habitat selection
from tracking data and evaluate the performance of the models. In addition, Python and the
Google Earth Engine (GEE) platform allow the calculation of metrics that assess landscape com-
plexity from land cover and land use dataset. To complement these analyses, ArcGIS Pro was
used to visualize data, generate maps and perform spatial operations. The following sections detail

each of these tools.

221 R

R is an open-source programming language for statistical computing and data visualization. R
allows to perform advanced statistical analyses on processed data, including the modeling of se-
lection functions, critical to understanding ecological dynamics, leveraging creation of detailed
graphs and maps that enhance and contextualize the geospatial analysis. It is widely used in ani-
mal movement analysis due to its comprehensive set of packages specifically designed for han-

dling, analyzing, and visualizing movement data.

R Packages like amt (animal movement tools) allows users to preprocess tracking data, calculate
movement metrics (such steps length and turning angles), and fit statistical models to understand
movement patterns. Additionally, spatial analysis packages, like sp, sf, terra, and raster, facilitate
the integration of movement data with environmental and geographic layers. Visualization pack-
ages such as ggplot2 provides dynamic, interactive mapping options that help illustrate movement

trajectories and habitat interactions over time.

More information about the main R packages employed in this thesis are described below:

Package

Description
name

This package offers functionalities to explore and analyze animal movement,

including telemetry, and provides tools for calculating home ranges, tracking
amt movement statistics (such as step length, speed, and turning angles), preparing
data for habitat selection modeling, and simulating space use based on fitted
step-selection functions (Signer, 2024).

It provides functions to calculate landscape metrics for categorical landscape
landscape- patterns in a tidy workflow. The landscapemetrics package reimplements key
metrics metrics from the program FRAGSTATS and introduces additional metrics
based on recent research in landscape analysis. It supports terra raster objects
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as input and also offers tools for visualizing landscape patches, selecting rele-
vant metrics, and creating custom metrics by combining foundational elements
(Hesselbarth et al., 2024)

terra

This package includes functions for creating, reading, modifying, and export-
ing vector and raster data. Among its capabilities are versatile tools for general
raster data manipulation, which can also be adapted to develop custom func-
tions. Also, it provides methods that allow users perform geometric operations
in vector data such as points, lines and polygons, and their attributes (Spatial
Data Science Web Site, n.d.).

raster

The raster package provides tools and classes for working with geographic
(spatial) data in raster format, it is particularly useful for creating, analyzing,
and managing raster data. It supports large datasets, spatial operations like dis-
tance and neighborhood analysis, data conversion, model predictions, value
extraction, visualization, and efficient handling of multiple raster file formats
(Hijmans, 2024)

sp

This package provides classes and methods for working with spatial data, de-
signed to manage spatial location information for both 2D and 3D datasets.
The package includes utility functions for tasks such as plotting data as maps,
performing spatial selection, retrieving coordinates, and operations like sub-
setting, printing, and generating summaries (Pebesma & Bivand, 2005)

sf

It provides support for simple features, a standardized format for encoding
spatial vector data. It integrates with 'GDAL' for reading and writing spatial
files, 'GEQOS' for performing geometric operations, and 'PROJ' for handling
projection conversions and datum transformations (Pebesma, 2018)

ggplot2

ggplot2 offers tools for the creation of visualizations by combining modular
components rather than relying on predefined chart types. With defaults for
scales, facets, and themes, ggplot2 simplifies the creation of flexible and pre-
cise visualizations. In this project, it is particularly useful to examine the input
data and visualize outputs generated by regression models, simplifying result
interpretation (Wickham et al., n.d.).

survival

This package provides functions for conducting survival analysis, which is
used to model the time until an event occurs. It includes tools for fitting Cox
models, parametric survival models, and performing survival curve compari-
son tests. The package also offers diagnostic tools, prediction functions, and
visualization capabilities for survival models (Therneau, 2020).

lubridate

This package simplifies working with dates and times in R. It provides func-
tions to parse, manipulate, and perform calculations with dates and times in
various formats. lubridate also facilitates the conversion between different
date-time formats (Grolemund & Wickham, 2011).

tibble

It introduces an enhanced version of the data frame, known as 'tbl_df' or tibble.
Tibbles enforce stricter data validation and offer a cleaner, more readable
printing format compared to traditional data frames. As the core data structure
of the tidyverse, a collection of packages designed for data science, tibbles
also display column types, helping users distinguish between character and
factor variables (Miller & Wickham, 2024).

dplyr

This package provides a set of functions for manipulating tabular data. It in-
cludes tools for filtering, selecting, arranging, modifying, and summarizing
data. Designed to be intuitive and user-friendly, dplyr simplifies data transfor-
mation for analysis (Wickham et al., 2022).
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This is a collection of packages designed for the statistical analysis of spatial
data, with a primary focus on two-dimensional spatial point patterns. It offers
a wide range of tools for exploratory data analysis, model fitting (Cox, Pois-
spatstat son, Gibbs, etc.), simulation, model diagnostics, and inference. spatstat in-
cludes functions for creating and manipulating spatial data, visualization,
smoothing, and relative risk estimation. It is particularly useful for modeling
spatial intensity and interactions between points (Baddeley et al., 2015).

2.2.2 Google Earth Engine (GEE)

GEE is a cloud-based platform designed for large-scale environmental data analysis, providing
access to a wide collection of satellite imagery and thematic datasets (Amani et al., 2020). It offers
an explorer composed of an integrated data catalog and workspace and leverages Google’s high-
speed, parallel processing capabilities and machine learning tools, allowing for efficient analysis

on a large scale (Tamiminia et al., 2020).

The code editor is a key component of this study because it allows access to the Dynamic World
and DEM datasets using the computational resources available in GEE. It also provides features
for developing complex geospatial (United States Department of Agriculture, 2019), which is
useful for calculating landscape metrics that require operations such as counting pixels per class
in specific extents, applying mathematical calculations based on pixel values, and exporting the

results in a raster format.

2.2.3 Python

Python is a high-level, object-oriented programming language designed intuitive learning. Its dy-
namic typing and built-in data structures make it great for fast development and smooth integra-
tion of software components. With strong support for modularity and code reuse, Python is widely
used across various fields, from scripting to large-scale applications (Van Rossum & Python de-
velopment team, 2018). What stands out most is its versatility in handling data types of interest

to the study, such as raster and vector.

Python provides several tools for working with large raster files and performing custom spatial
analysis. It allows you to develop code to calculate landscape metrics at the local level and apply
block processing approaches to optimize performance. In particular, the NumPy, Rasterio, and

Gdal libraries provide functionality that meets the needs of this thesis:
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e NumPy provides optimized data structures for working with large numeric arrays, facil-
itating pixel-level raster image processing and fast execution of spatial computations
(Harris et al., 2020).

¢ Rasterio simplifies reading, writing, and manipulating geospatial raster data and inte-
grates with NumPy to perform operations without losing spatial reference (Gillies & oth-
ers, 2013).

e Gdal provides advanced tools for managing geospatial data in multiple formats, allowing
reprojection, metadata querying, and operations on both raster and vector files
(GDAL/OGR contributors, 2025).

2.2.4 ArcGIS Pro

This geographic information system (GIS) software allows users to perform advanced spatial
analysis and data visualization in geospatial research (NobleProg, n.d.). ArcGIS Pro provides a
robust suite of tools for processing and preparing spatial datasets, supporting the exploration and
manipulation of both animal movement data in vector format and land cover data in raster format.
Additionally, it simplifies tasks like defining and refining the area of interest. Through its intuitive
interface and geoprocessing tools, ArcGIS Pro enables precise spatial analyses that are essential

for understanding spatial relationships.

2.3 Methods

In this subchapter, the methods are presented in a methodological framework that were used in
the study, including the approach used to define the study area for the lapwing breeding season
and the criteria for selecting a meaningful land use and land cover (LULC) dataset. It also de-
scribes the calculation of landscape metrics and the assessment of collinearity among environ-
mental variables. Lastly, it outlines the process of fitting SSF models and evaluating their perfor-

mance.

2.3.1 Methodological framework

The methodological framework developed to achieve the two specific objectives is illustrated in
Figure 8. The workflow consists of two main sections. The left column of the diagram represents
the process of evaluating landscape complexity through the calculation of local landscape metrics.

The second section focuses on the design and fitting of SSF models. The key elements in the
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diagram include the main processes, their associated subtasks, intermediate outputs, and the final

result. Each stage is explained in detail in the following subsections.
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Figure 8. Workflow diagram showing the structure of the methodology used to conduct the study.
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2.3.2 Defining study area

The analysis was carried out in the Western Europe and Northern Europe sub-regions. This area
covers part of the southern United Kingdom, the Netherlands, north-western Germany, northern
Belgium and northern France, covering of 251,129 km? (See Error! Reference source not f
ound.). This area was delimited based on the extent of tracking data collected during the northern

lapwing breeding season.
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Figure 9. Map of the study area for the northern lapwing habitat preference analysis: The poly-

gon outlines the region of positions recorded for the 13 individuals during breeding season.
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The breeding season was the reference for the definition of the study scope. This criterion was
defined considering that one of the main causes of population decline is problems in the repro-
ductive aspects of the species’ population dynamics (van den Berg, 2024). Some of the most
common threats are predation of eggs, chicks and incubating adults (Berg et al., 1992). The breed-
ing period of this species can vary depending on the colony and its area of distribution. According
to the behavior of the colonies observed in Switzerland, the breeding season starts in mid to late
March and ends in June (Swiss Ornithological Institute, 2023), so these months were used as a

timeline reference for the thesis development.

Tracking data recorded in the timeline reference, corresponding to the breeding season were fil-
tered and used for the analysis, excluding positions recorded during the migration season. For
this, the Geopandas object GeoDataFrame (gdf) was used in Python, allowing handle the spatial
data and filter the rows of the timestamp field “timestamp” that meet the timeline condition, as
shown in the script fragment of Figure 10. For the full script, see 8.2 Appendix. Code developed
in python to extract tracking data of breeding season.

filtered gdf = gdf[

( (gdf [timestamp] > ( 03-15") & (gdf[timestamp] <
( (gdf [timestamp] >= 5') & (gdf[timestamp] <=
{ (gdf [timestamp] > 5') & (gdf[timestamp] <

Figure 10. Code snippet developed in Python to filter geospatial data for the breeding seasons
(2021-2023), performed in Google Colab.

After filtering the original tracking dataset for the 13 monitored individuals, a refined subset of
206,622 positions was extracted for analysis. This dataset served as a reference for delineating

the study area polygon and as input for fitting the SSF models.

2.3.3 Assessing changes in land cover and land use.

Assessing the differences between land use and land cover raster data from different years in
which tracking data were recorded (2021- 2023) is a key preliminary step in determining what
meaningful data to incorporate into the study, while considering the computational cost of pro-
cessing in the subsequent stages of the analysis. In this context, simplifying the analysis by using
a single representative year would optimize resources and avoid redundancies in the results. To
address this analysis, a map of differences between the raster maps for each year was generated,

allowing visualized and quantified the variations.
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This analysis evaluates whether LULC classes change for each pixel over time. This involves
verifying whether the class value, which is an integer between 0 and 8, remains the same or
changes between 2021, 2022, and 2023. To perform this assessment, each pixel is compared year
by year. If the class remains unchanged, the output pixel is assigned a value of 0. If the class
changes in any year, the output pixel is assigned a value of 1. This approach allows the precise
identification of areas where the landscape has changed, facilitating the interpretation of their
relevance for the analysis. The maps resulting from these comparisons are presented in Figure 11.

N _Ty:\e o ﬁEsbjerg (Tyn_e o _Eshierg
ks Difference Map of Land Cover & |l Difference Map of Land Cover &
A The Land Use 2021 -2022 The Land Use 2022 -2023
ancheser e anchester
oHa oHa
s 5 sBremen s OBremen
Cardiff 91 Cardiff Hang
% Legend 5 Legend
Difference Map Difference Map
o]21-22.tif 22-23.tif
Value Value
- Pixel: - - Pixels non-
=t e
Saint Helier 1 - Pxels Saint Helier 1 - Pixels
e changed g changed

saarbricken T, saarbriicken

Percentage change in the land cover and land use
between the years 2022 and 2023

is Q.
Percentage change in the land cover and land use
between the years 2021 and 2022

Classes changed (1) Classes changed (1)

FRANC FRANC
oBordeaux Classes keep the same (0) Osoraeaux Classes keep the same (0)
Centr. Centry.
T >
oTyne JEsbjerg

L. Difference Map of Land Cover &
A The Land Use 2021 -2023

Pennines
0M:-mche‘stef

)

Bremen
o

Saint Helier

%, Saarbriicken
N

Percentage change in the land cover and land use
between the years 2021 and 2023

Classes changed (1)

FRANC

oBvrdeaux Classes keep the same (0)
Centr

34



Hochschule fiir Technik Stuttgart Master Thesis 2025

University of Applied Sciences U FZ Lady Johanna Esguerra Montafia
M.Sc. Photogrammetry and Geoinformatics Methodology

Figure 11. Maps illustrating changes in land cover and land use classes across the study area
be-tween 2021, 2022, and 2023: The areas in green represent pixels where the LULC classes

remained the same between years and in orange where there were changes.

The analysis of the differences in the land cover and land use raster showed that annual changes
accounted for 7.30 to 7.98% of the total pixels. This percentage indicates that variations in the
classes represented in each pixel do not generate a significant analytical contribution to the study.
Furthermore, such non-significant variations would produce landscape metrics with similar re-
sults between years. Consequently, the land cover and land use dataset corresponding to the in-
termediate year, 2022, was selected as it adequately represents the general characteristics of the

study area.

2.3.4 Calculating local landscape metrics

The assessment of landscape complexity requires consideration of various aspects, including the
analysis of landscape composition, determined by the proportion of each land cover and land use
class; landscape configuration, which examines the spatial patterns of these classes; and landscape
connectivity (Karimi et al., 2021). One of the most recent approaches to achieving a detailed
assessment of landscape complexity involves combining multiple metrics (Machado et al., 2018),
providing a comprehensive evaluation of the spatial characteristics of the landscape. This ap-

proach was adopted in this thesis, incorporating the analysis of various metrics.

The study focused on selecting metrics that capture key landscape features influencing habitat
selection during the breeding season. It considered features such as the distribution of land cover
and land use patches, which may be related to ground nest success, distribution, abundance, or
predator activity. These factors could ultimately affect the risk of predators locating nests
(Bertholdt et al., 2017).

Habitat diversity is essential for the northern lapwing, as this species selects areas with a mix of
cover types such as grasslands, crops, and wetlands for nesting and foraging. A preference for
diverse habitats likely ensures access to the resources necessary for survival and reproductive
success (Horvat & Denac, 2019). For this thesis the landscape metrics Shannon diversity index,
mean patch area, and contagion indices were used to analyze landscape complexity, addressing
key aspects of habitat composition and configuration. The detailed methodology and application

of each metric are presented in the following sections.
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2.3.4.1 Shannon diversity index (SHDI)

I. Definition: This index measures species diversity by calculating the proportion be-tween the
number of species and the number of individuals, which for this particular study is the proportion
between the number of LULC classes and the number of pixels in the study area (Spellerberg &
Fedor, 2003). For a given number of species, diversity has a minimum value when abundance is
concentrated in only one species while all others are left with only one individual, and has a
maximum value when all species are equally common (Moreno et al., 2011). The Shannon index

is determined by Equation 1:

Equation 1. Shannon diversity index.

SHDI = —zpi In(pi)
i=1

where, pi is the relative abundance of species i, that is, the abundance of species i divided by the
sum of the abundances of the s species that compose the community. In(pi) is the natural loga-
rithm of pi; and the summation (X) extends to s species (Jost & Gonzalez-Oreja, 2012). That is
to say, the calculation takes the proportion of individuals for each class relative to the total abun-
dance of all classes, multiplying this proportion by the logarithm of itself, and then summing these

values for all species.

I1. Implementation: Google Earth Engine's platform enables the calculation of the Shannon di-
versity index from the Dynamic World dataset for 2022. This platform provides both a computing
environment and a JavaScript code editor to design and run the index code. A 7x7 pixel neigh-
borhood was defined to assess local diversity, defined by moving windows with an additional

buffer to minimize border effects.

To calculate the index by breaking down the individual components of Equation 1. Shannon di-
versity index. Firstly, the frequency of each land cover and land use within the defined window
is counted using the reduceNeighborhood function, which sums the number of pixels correspond-
ing to each class in the neighborhood. These frequencies are then normalized by dividing by the
total number of pixels in the neighborhood, which generates the proportions of each of the 9
classes, as proposed in the code shippet in Figure 12. Code snippet developed in JavaScript for
computation of class proportions. (see full code in 8.3 Appendix. JavaScript code for Shannon

diversity index calculation in environment GEE.):
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/ Generate proportions for each class and assign explicit names
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Figure 12. Code snippet developed in JavaScript for computation of class proportions.

From these proportions, the logarithmic expression is applied to derive the Shannon index and
the sum is iterated over all land cover and land use classes. The block approach was adopted to
make parallel processing feasible and to handle large spatial extents. Within each block, the Shan-
non Index calculation is looped locally, ensuring that each neighborhood is evaluated inde-
pendently, the code fragment of Shannon diversity index calculation is presented in the Figure
13. Code snippet developed in JavaScript for Shannon diversity index computation from class
proportions. (see the complete code in the 8.3 Appendix. JavaScript code for Shannon diversity
index calculation in environment GEE.). The result of each block is cropped to its original geom-

etry and prepared for export in GeoTIFF format at high resolution (10 meters).

/{ Calculate the Shannon Index
var shannonIndex = proportions.expression(

'-1 * {class_ @ * log{class @ + le-6) + " +
‘class_1 * log( 5) + 1+
‘class_2 * logic + o+
og(class_7 + le-6
og(class_8 +
": proportions.

1": proportions.
2": proportions.se

7°: proportions
3°: proportions

Figure 13. Code snippet developed in JavaScript for Shannon diversity index computation from

class proportions.

2.3.4.2 Mean Patch Area index (AREA_MN)

1. Definition: This metric calculates the average size of all patches within a specific land cover
class. This metric provides a straightforward approach to characterizing the composition of the
landscape. When combined with the total area of the class, it offers valuable insights into the
patch structure, such as whether the landscape consists of numerous small patches or a few large

one. Mathematically, it is ex-pressed in Equation 2.
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Equation 2. Mean Patch Area index

iy Al
AREA_MN = ———
n
Where Ai is the area of patch i and n is the total number of patches in the class concerned (Hes-
selbarth et al., 2024). Establish a relationship between the area occupied by a class and the number
of fragments corresponding to that class (Subirés et al., 2006). High values indicate that the
patches of the analyzed cover class are, on average, large, suggesting the presence of more con-
tinuous habitats. On the other hand, low values show that the cover class patches are, on average,

small, which may be indicative of a highly fragmented landscape (Midha & Mathur, 2010).

I1. Implementation: For this index calculation, the programming environment was changed to a
Python in Colab Pro+, which provided access to greater computational resources. Following a
similar scheme to that employed with the SHDI, the block processing approach was implemented
a for all landscape metrics, running the mpa_by_pixel (see the code in the 8.4 Appendix. Python
(Colab) code for Mean Patch Area index calculation.) function on each of them. In this way, the
local habitat could be analyzed using 7x7 pixel moving windows allowing the identification and

measurement of specific patches.

In order to optimize the spatial characterization and refine the quantification of the size of local
patches, a specialized technique was employed for extracting and labelling valid classes. Within
each window, these classes are identified using the label function, which allows the area of each
patch to be measured in square meters and the average of these areas to be calculated. In order to
speed up the processing, the function mpa_by_block has been developed (see the code in the 8.4
Appendix. Python (Colab) code for Mean Patch Area index calculation.), which is responsible
for traversing the blocks and running the analyses in parallel. Lastly, the results are assigned to a
block and exported in GeoTIFF format, thus ensuring a detailed and efficient analysis of the av-

erage size of local patches across the entire image.

2.3.4.3 Contagion index (CONTAG)

I. Definition: The landscape contagion index measures the degree of clumping of attributes on
raster maps. This index measures how pixels of the same class tend to cluster in the landscape.
When there is clustering or ‘clumping’ in the landscape, i.e. pixels of the same class are together
rather than scattered, the contagion index reflects this. The metric works because it is influenced

by the greater frequency with which pairs of adjacent pixels that have the same attribute (such as
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two forest pixels together) appear. In other words, if many of the same pixels are clustered to-
gether, the value of the contagion index will be higher (Riitters et al., 1996). The contagion Index

is given by Equation 3. Contagion index.

Equation 3. Contagion index.

Jik ][l ( glk )]
2iz1 L= l[pl k=1 Jik e k=1 Jik
21In(m)

CONTAG =1+

Where pi corresponds to the proportion of the landscape occupied by patch type (class) i, g;i is
the number of adjacencies (joins) between pixels of patch types (classes) i and k based on the
double-count method. m is the number of patch types (classes) present in the landscape. That is
to say, the index is calculated by combining the proportion of a patch type and the proportion of
its adjacencies with other types, multiplied by the logarithm of that value. This sum is then divided
by twice the logarithm of the total number of patch types. Contagion values approach 0 when
patch types are fully disaggregated (i.e. each cell is of a different patch type) and sparse (with
equal proportions of all adjacencies between pairs), and reach 1 when all patch types are fully
aggregated (McGarigal et al., 2002).

1. Implementation: The methodology implements the function calculate_contagion (see the
code in the 8.5 Appendix. Python (Colab) code for Contagion index calculation.), which quanti-
fies the spatial connectivity of categorical classes by analyzing their 8-directional adjacencies.
Initially, each local window evaluates how many times each category borders with another, thus
constructing a contiguity matrix that quantifies the closeness between classes. By normalizing
these frequencies, relative probabilities are obtained and subjected to logarithmic transformation,
this step allows that the structural complexity of the landscape to be expressed in a synthetic
index. Consequently, the result is a quantitative value able to reflect the intensity of the spatial

intertwining of the patches.

The connectivity calculation is integrated into a workflow designed to process large amounts of
geospatial data. It maintains the technique of processing the image in blocks and, within each
block, applies the moving window that enables the extraction and labelling of patches, thus ad-

justing to the scale of analysis required, while the parallel execution optimizes time.
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2.3.4.4 Localized landscape metrics through moving windows

The study incorporates a moving window technique to analyze landscape characteristics at a spe-
cific scale. In moving window technique, each location is associated with the landscape patterns
present within the surrounding spatial window, where the window size determines the scale of
the analysis (Hagen-Zanker, 2016). The moving window iterates over each pixel in the image,
calculating the landscape metric based on the land cover and land use data within the window.
The result of the calculation is assigned to the center output pixel (see Figure 14. The SHDI,
AREA_MN, and CONTAG landscape metrics are calculated within the extent of the moving
window, and the results are assigned to the corresponding output pixel for each metric.).

Land Cover & Land Use
Dynamic World

Moving windox 7px X 7px

. 0  Water
. 1 Trees
. will e e Ll Landscape metrics are
B 3 Flooded vegetation kS wRaél?t;z:e applied to the moving
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5 Shrub & Scrub Y 4 K Output pixel
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. 7  Bare ground Esri, CGIAR, USGS, Katlaster, Estf
— TomTom, Garmin, FAQ, NOAAYUS
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Figure 14. The SHDI, AREA_MN, and CONTAG landscape metrics are calculated within the ex-
tent of the moving window, and the results are assigned to the corresponding output pixel for each
metric.

This approach provides a more detailed analysis as it considers the local context of the northern
lapwing. To define the size of the moving window, the overall mean step length between positions
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for all individuals was used as the criterion. This reference value offers an indicative scale that
reflects the bird’s immediate decision-making process regarding how far it should move. Thurfjell
et al. (2014) analyzed the use of step-selection functions to study resource selection by animals
moving through the landscape, indicating that movement behavior is closely linked to habitat
perception.

The analysis of the mean step length for the 13 individuals revealed an average of approximately
70 meters. Considering the spatial resolution of the land cover and land use dataset, which is 10
meters per pixel, the moving window size of 7 x 7 pixels was adopted for the calculations. By
aligning the window size with the observed movement patterns of the species, the analysis of
landscape complexity incorporates the birds’ interaction dynamics with their environment in a

more representative way.

To calculate local landscape metrics the function to divide the raster into smaller blocks was im-
plemented. This approach ensured efficient computation since the available resources could not
process the full 10-meter resolution raster at once. By working with manageable sections, the

analysis maintained accuracy while optimizing performance.

2.3.5 Assessing collinearity in environmental variables

In non-experimental research environments, i.e. those where conditions are not directly inter-
vened upon, predictor variables are often correlated with each other (collinearity). This makes
difficult to accurately estimate the individual effect of each variable in multiple regression models
(Fieberg, 2024), such as the logistic models commonly used in SSF fitting, increasing the magni-
tude of standard errors. When two variables are closely linked, distinguishing their separate in-
fluence on the variable of interest is complex, as changes in one are often accompanied by alter-
ations in the other. These limitations in identifying the specific role of each predictor lead to
further reflection on the role of collinearity in the interpretation of the results (Morrissey & Rux-
ton, 2018).

Models are commonly used to test hypotheses by assessing whether predictors have a statistically
significant effect on the variable of interest (i.e. habitats). When there is high collinearity it is
possible to estimate coefficients, but with inflated standard errors and small changes in the data
can alter the results considerably, as the model becomes unstable and it makes difficult to accu-
rately determine the relative importance of each variable (Dormann et al., 2013). To assess the
collinearity between the environmental variables considered in the study, the correlation matrix

and Variance inflation factors (VIF) were calculated.
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2.3.5.1 Correlation matrix for environmental variables

A correlation matrix indicates the linear association (collinearity) between each pair of variables,
where the rows and columns of the matrix correspond to specific variables of interest, showing
the correlation coefficients between them (Hadd & Rodgers, 2021). This is useful for identifying
possible redundancies between predictor variables in statistical analyses, helping to avoid collin-
earity problems in the models (Juarez, 2022). In this study, the correlation matrix was applied to
the variables Shannon diversity index, mean patch area index, contagion index and elevation, as
shown in Table 5.

Table 5. Correlation matrix of the predictor variables: Shannon diversity index (SHDI), mean
patch area index (AREA_MN), digital elevation model (DEM) and contagion index (CONTAG).

] AREA_MN DEM  CONTAG

SHDI 1 -0.804 0.093 -0.869

AREA_MN -0.804 1 -0.084 0.762

DEM 0.093 -0.084 1 -0.069
CONTAG -0.869 0.762 -0.069 1

The correlation matrix provides important insights about how the predictor variables relate to
each other, helping to understand their interaction within the landscape. A high negative correla-
tion is observed between SHDI (diversity) and CONTAG (connectivity), which could indicate
that more diverse landscapes tend to be more fragmented and less connect-ed. In contrast, the
variable DEM (elevation) shows very low correlations with the others, suggesting that, statisti-
cally, it does not strongly influence the landscape structure. This information is fundamental for
the definition and fitting of the SSF model, allowing to define a strategy for the selection of the

most relevant predictor variables and to minimize the effects of multicollinearity.

2.3.5.2 Variance inflation factors (VIF) of environmental variables

A complementary path for estimating multicollinearity is the calculation of variance inflation
factors (VIF), which assesses how much the variance of an estimated regression coefficient in-
creases when predictor variables are correlated. The VIF quantify the impact of strong relation-
ships between predictors, indicating how much the precision of the coefficients is degraded due

to this collinearity. It is calculated using the Equation 4.

42



Hochschule fiir Technik Stuttgart Master Thesis 2025

University of Applied Sciences U FZ Lady Johanna Esguerra Montafia
M.Sc. Photogrammetry and Geoinformatics Methodology

Equation 4. Equation for the calculation of variance inflation factors (VIF).

VIE=1"%ke

where R? represents the proportion of variability explained by the other predictors in the equation
for each independent variable (Robinson & Schumacker, 2009). The VIF of a group of variables
is calculated by performing an auxiliary regression where that variable becomes the dependent
variable, and the remaining variables act as independent variables (Singh, 2024). For the calcula-
tion of the VIF in this study, the SHDI was adopted as the dependent variable (see results in Table
6. Variance inflation factors (VIF) for predictor variables. The SHDI was treated as the dependent

variable for the calculation.).

Table 6. Variance inflation factors (VIF) for predictor variables. The SHDI was treated as the de-

pendent variable for the calculation.

Variable VIF

AREA_MN 2.389
DEM 1.007
CONTAG 2.383

The evaluation of the Variance Inflation Factors (VIF) indicates acceptable levels of col-linearity
among the variables used. According to Akinwande et al. (2015), values close to 1, such as the
case for DEM, suggest no multicollinearity between the regressors (DEM - SHDI). In contrast,
values greater than 1 indicate moderate correlation among the regressors, as observed for SHDI
with AREA_MN and CONTAG. Nonetheless, this analysis must be carefully considered during
the fitting of the SSF model to ensure appropriate inclusion of variables and maintain the accuracy

of the results.

2.3.6 Implementation step-selection function (SSF) model

This section describes the process of application and fitting step-selection functions (SSF) models
in R. For this analysis, it mainly used specialized libraries in the study of animal movement, such
as amt, move, and terra, described in the chapter on Data and Tools. An individualized approach
was adopted, performing an independent analysis for each of the 13 individuals studied. The
methodology proposed in this study has been developed following the guidelines set out in the
work of 4 ‘How to’ guide for interpreting parameters in habitat-selection analyses (Fieberg et

al., 2021), which provides a robust framework for the analysis of SSF models.
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2.3.6.1 Data preparation

At this stage the data from movement tracking, the land use and land cover dataset, landscape

metrics and the elevation dataset are loaded and prepared:

I. Creation of subsets per individual and year: In the framework of a study involving multiple
individuals, it was considered to carry out a separate analysis for each individual. For this,
the positions were filtered and stored individually, taking as reference the unique identifier
“id” (“ind_ident” in the raw data) assigned to each animal. As long as the condition is met
that the positions are selected where the value of the id column is equal to the value of the
individual variable as seen in the chuck of code of Figure 7. (see the complete code in the 8.6
Appendix. R code developed for SSF model fitting.). As a result, it generated subsets of po-
sition data and stored individually in RDS (R Data Serialization) format to secure the outputs

of the intermediate process steps and to be called up in subsequent steps:

for the current individua
cat("Fil b or indi

position_i <- position )
saveRDs(position_ind, file =] , individuo, ".rds"))

Figure 15. R code snippet of the creation of subset of positions per individual using the “id” as

criteria to filter the data.

Il. Generation of tracks and bursts: Tracks integrate spatial coordinates (x and y) with
timestamps, transforming raw data in shapefile format into an organized format suitable for
modeling and analysis (Signer et al., 2024). As part of the data transformation, the process
automatically generates bursts by grouping consecutive points, breaking the tracking data into

smaller and continuous trajectories. It assigns the same burst_ id to all points within each

group.

The R function make_track from amt package generates the tracks and bursts from the indi-
vidual’s positions. Tracks and bursts are fundamental to calculate movement metrics, such as
step length and turning angles, which are essential for generating available steps. This struc-
tured approach ensures that the spatial and temporal dynamics of movement are accurately
captured and ready for detailed analysis (see the chunk of code in Figure 16 and the complete

code in the 8.6 Appendix. R code developed for SSF model fitting.).
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. rds

Figure 16. R code snippet of the creation of tracks: A differentiated resampling rate and toler-

ance was configured for each individual.

Along with track creation, the data were resampled to retain only points at regular intervals.
The time interval was determined individually for each individual and each year using the
median of time differences between consecutive points. A tolerance of 10% of the median
was applied as a reference, ensuring a more consistent and standardized dataset for subsequent
analysis. Although the literature consulted on implementing SSF models in R does not pro-
vide a specific criterion for what reference values to use to define the rate and tolerance of
resampling, the reference statistics have been defined as in the Appendix A of the supporting

information from Signer et al. (2021).

I1l. Generating available steps: The generation of available steps allows modelling the ani-
mal's movement decisions by comparing observed steps with theoretical alternatives. Ini-
tially, the steps_by_burst function converts the generated tracks and bursts into a set of used
steps, defining each step as the trajectory between two consecutive points on the track. Then
the function random_steps creates random steps associated with each used step considering
it step length and turning angles. This approach ensures that the generated alternatives are
consistent with the animal's movement patterns (see Figure 17).

Fandon<rep

group_b
mutat

log_s1_
_ta_

Figure 17. R code snippet for generating 10 random (available) steps from used steps. The
input consists of previously created tracks and bursts: The movement characteristics
log_sl_ (logarithm of the step length) and cos_ta_ (cosine of the turning angles) are calcu-
late.
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According to Fieberg et al. (2021), using 10 available steps per observed step is sufficient
to robustly interpret the coefficients of predictor variables (i.e. Elevation, Human popula-
tion density and land use) in the SSF analysis; coefficient estimates stabilize once this
threshold is reached. As the number of available steps increases, the estimates remain con-
stant and variability decreases significantly. For this study, this number of available steps
has been taken as a reference (10 available steps), maintaining a balance between accuracy
and computational efficiency.

2.3.6.2 Fitting SSF models

The designed models examine how landscape complexity influences northern lapwing habitat
selection. It incorporates LULC, elevation, and landscape metrics to predict the relative probabil-
ity of select a step. Now, considering the indications of moderate collinearity between the land-
scape metrics reviewed in section 2.3.5 Assessing collinearity in environmental variables and
under the assumption that one of these variables could explain the behavior and influence on the
response variable of the other landscape metrics, two more models are proposed as follows (see
Figure 18):

~ landcover + shannon + elevation + Tog_sT_ + cos_ta_
(step_id_), model = T

LUE) ,
model_2 5 it_issf( dcov mean_patch_area + elevation + log_sl_ + cos_ta_
(step_id_), model = T y
model_3 5 it_issf{case landcover + contagio + elevation + log_s1_ + cos_ta_
model = TRUE)

Figure 18. Fitting of SSF models using the function in fit_issf in R: For each landscape metric a
separate model is fitted.

In addition to the predictor variables it includes strata(step_id_) which indicates the stratum, that
is the grouping that matches each observed step with its corresponding available steps, avoiding
treating all steps as independent. Also, properties of the movement such as log_sl_ (logarithm of
the step length) and cos_ta_ (cosine of the turning angles) are included in the model (Fieberg et
al., 2021).

The fit_issf function fits a conditional logistic regression model that compares steps used with
steps available in relation to predictor variables. The fit_issf function estimates the relative prob-

ability of selecting a step based on environmental characteristics compared to the alternatives
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generated (Signer et al., 2024). The logistic equation has the following form (see Equation 5)
(Fieberg et al., 2021):

Equation 5. Logistic regression equation in logit form.

Di
1-p;

logit(py) = log || = Bo + B1Xus - BicXu

Where log [:—;_ is the logit transformation of the probability, where p; represents the probability
that a resource is used, B, B1, ..., Bx are the regression parameters and X;; ... Xj;, are the predictor

variables. To calculate the probability between o and 1, the exponent of the logit value is calcu-
lated Equation 6:

Equation 6. Inverse-logit transformation.

p; = exp(Bo + B1Xi1 - BrXik)
" 14 exp(Bo + B1Xi1 - BrXik)

This equation converts the linear combination of predictor variables and their coefficients into
interpretable probabilities, which allow the assessment of the animal's habitat preferences in re-

lation to the predictor variables (Fieberg et al., 2021).

2.3.7 Model performance

It is important to evaluate the performance of SSF models to ensure their accuracy and applica-
bility in ecological studies. Carrying out an evaluation allows for identifying the need for model
adjustments and ensures that the model accurately reflects the observed movements of individu-
als. Yates et al. (2022) emphasize that cross-validation is key to selecting models in ecology, as
it ensures that inferences are reliable and reproducible. In addition, Burnham (2011) highlights
the ability of information-theoretic (I-T) approaches, such as Akaike's information criterion

(AIC), to effectively handle complex problems and perform formal inference on a model set.

2.3.7.1 K-Fold cross-validation

K-fold cross-validation is a technique that helps to evaluate how robust the predictive capability
of a model is. This method randomly divides the dataset into k independent parts. Then, it uses k

- 1 parts to fit the model and evaluates its performance on the remaining part (Hirzel et al., 2006).
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To measure the performance of the fitted SSF models, a 10-fold cross-validation was imple-
mented integrating the metric Area under the Curve (AUC). The AUC is a global measure of the
ability of a test to discriminate whether a specific condition is present or not present (Hoo et al.,
2017), in the context of SSF model, whether the model can discriminate between selected and
non-selected steps.

In the implementation of the R cross-validation code, the per-individual evaluation approach has
been kept using loops to access the set of steps used and available. For the 9 training subsets the
3 models are fitted and the coefficients obtained from these fits are used to predict selection scores
in a log-probability scale, as seen in the code snippet in Figure 19. These scores are then expo-

nentiated to convert them into relative probabilities, which indicate the relative likelihood of each

step being chosen compared to alternative steps (Michelot et al., 2023).

Figure 19. Code snippet taken from the k-Fold cross validation for SSF models in R: This segment

predicts the probability of selection of a step by comparing it with available options.

From the relative probabilities predicted in the previous stage, the code calculates the AUC in the
segment shown in Figure 19. The roc() function ranks these probabilities from highest to lowest,
separating used steps from available steps (Fawcett, 2006). Then the AUC is extracted from the
ROC (Receiver Operating Characteristic) object using the $auc attribute, representing the pro-
portion of times a used step is ranked higher than an available step, summarizing the model’s
ability to differentiate between them. See the 8.7 Appendix. R script to perform K-Fold cross

validation of SSF model fitting, using AUC metric. for details.

2.3.7.2 Akaike’s information criterion for model selection

The Akaike’s information criterion (AIC) is a widely used method for comparing the quality of
various models. The objective of model selection with AIC is to estimate the loss of information
that occurs when the actual model that generated the data is approximated by the model being
evaluated (Wagenmakers & Farrell, 2004). The AIC is made up of two elements: a penalty func-
tion, which favors parsimony, and the maximum likelihood function, which measures how well

the model fits the data (Hughes & King, 2003). Here, the principle of parsimony is a criterion
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used to identify the model that explains the most variation with the fewest variables (Boyce et al.,
2002, p. 20). The model with the smallest AIC over the set of models is preferred (Hastie et al.,
2009).

To calculate the AIC of the fitted models, R provides a generic function to perform the calculation.
The function AIC() calculates Akaike's ‘An Information Criterion’ for one or several fitted model
objects for which a log-likelihood value can be obtained, according to the formula —2 * log —
likelihood + k * npar, where npar represents the number of parameters in the fitted model,
and k = 2 for the usual AIC (R Core Team, 2024). To perform the AIC calculation with the
generic function, a script in R was developed to call the outputs of the fitted models for each
individual per year and saves the calculation to a local file, see 8.8 Appendix. R script to perform

AIC calculation iteratively in a set of fitted models using the generic function AIC().for details.
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3 Results

3.1 Landscape complexity assessment

The complexity of the landscape in the study area was evaluated using the metrics Shannon di-
versity index, mean patch area index and the contagion index. These metrics allowed us to analyze
both the variety and the spatial structure of the resources available in the study area. This analysis
was carried out from two perspectives: first, through a global calculation of landscape metrics
and, second, from a local perspective. Both approaches form the basis for subsequent phases of
the study on lapwing habitat preferences.

3.1.1 Global landscape metrics

The global metrics were calculated considering the entire study area, providing an overview of
the landscape structure. Given that the range of values that the Shannon diversity index can take
varies between 0 and the natural logarithm of the number of classes (Peet, 1975), that is In(9) =
2.19, the value obtained for the global index was 1.3 (see Table 7), indicating that the area is
characterized by an intermediate diversity in terms of the land use and land cover classes included
in the calculation. This result not only suggests an intermediate richness of classes in the area, but
also an equitable relative representation of each of them.

Table 7. Global landscape metrics and mean patch area index for each LULC in the study area

for the year 2021 (spatial resolution: 10 meters).

Landscape Metric

e Ehss SDHI AREA_MN  CONTAG
Water 192.0
Trees 14.1
Grass 8.50
Flooded vegetation 3.01
Crops 1.37 142.0 0.56
Shrub & Scrub 3.12
Built area 145
Bare ground 6.80
Snow & Ice 2.07

Furthermore, the mean patch area index shows that the Water and Crop classes have the largest
patches, with mean values of 192 m? and 142 m?, respectively. In the particular case of the Water

class, this result is to be expected, since a significant part of the study area includes the North
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Sea. Part of the North Sea was included because, based on the tracking data of this study, northern

lapwings move frequently from the Netherlands to the southeastern coast of England.

Important classes for lapwings during the breeding season, such as Grass and Flooded vegetation
classes, exhibited smaller mean patch sizes. It is possible that the index values are influenced by
extreme cases that inflate or reduce the final values. To complement the previous two landscape
metrics, the Contagion Index obtained a value of 0.56. On the 0 to 1 interpretation scale, this
result indicates moderate connectivity and clustering between landscape classes, suggesting that,
in the overall area, there is a balance between clustering and fragmentation of land use and land
cover classes. This value also could indicate that the homogeneous landscape mosaic is inter-

spersed with possibly transformed areas, such as crops, pastures and urbanized areas.

3.1.2 Local landscape metrics

In addition to calculating metrics to globally assess landscape complexity in the study area, a
localized calculation approach of landscape metrics was adopted. This approach provides pix-el-
by-pixel values of the metrics at a specific scale, with the objective of capturing the perception of
the immediate environment of the lapwings. Although the interactions between the species and
its environment are the result of complex physiological processes and external factors that are
difficult to reduce to a single value, the movement of individuals is dependent on their perception
of their immediate surroundings. In this study, the temporal resolution of observations was used
as a criterion, and specifically, the mean distance between consecutive steps, which corresponds

toa 7 x 7 pixel window (70 m x 70 m), as a reference.

These local scale landscape metrics allow to obtain the of Shannon diversity, mean patch area,
and contagion indices values for each used and available step, considering a surrounding extent
of 4,900 m2. These values are extracted and used in the SSF model fitting process. As explained
in the Method chapter, a block processing approach was implemented to handle the high compu-
ting cost of the calculation. In this process, the LULC raster was divided into blocks of 5,000 x
5,000 pixel subsets, with each block processed separately before merging the subsets to recon-

struct the raster for each index.

3.1.2.1 Local Shannon diversity index

The assessment of the diversity index in the study area, calculated at the local scale pixel by pixel,
is shown in the map in Figure 20. The results indicate that the index reached a maximum value of

1.95 and a minimum of 0, showing the variability in the distribution of diversity. Areas in blue
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represent pixels with the highest diversity of classes and resources, while light green indicates
areas with low resource variety. The raster generated from this calculation was incorporated as a
variable in one of the SSF models, described in section 3.2.2 The effect of landscape diversity on

the habitat use of the northern lapwing.

3500000 375?000 W 425?01”
g— { s —§
’NX Manchester
I
le _Bremen
Hany
S Cardiff- 1 - E
# Bielkfeld #
|
Essen ‘(‘ ERM
Disseldor! £
Cologne
Frankfurt 3¢
_Mdin

?75?000

FRANCE

ZSOYOM

Shannon Diversity Index
Study Area
Moving window 7 px X 7 px

Design: 21.01.2025

0 30

SHOL
. 1.95 - High Diversity
0 - Low Diversity

60 120 180 240

Km

Scale: 1:5,000,000

ege Spatial Reference Information
) \ U@ HELMHOLTZ L nd Name: ETRS 1989 LAEA
Stuttgort et R *  Used steps GCS: GCS ETRS 1989
Datum: ETRS 1989
[ study Area Projection: Lambert Azimuthal Equal Area

Central Meridian: 10.0000
Latitude of Origin: 52.0000
Longitude of Origin: 0.0000
False Easting: 4,321,000.0000
False Nerthing: 3,210,000.0000
Map Units: Meter

Authority: EPSG

WKID: 3035

Figure 20. Shannon diversity index - SHDI (local scale) in the study area generated with the mov-

ing window approach (7 x 7 pixel) in Google Earth Engine.
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The frequency calculation based on intervals, as shown in Table 8, revealed that 85.08% of the
pixels have an index between 0 and 0.6, while 14.76% fall within the 0.6 to 1.3 range. These
results indicate that, for the most part, LULC classes diversity is low to moderate when the index
is calculated over a 70 x 70 meter area. In contrast, only 0.15% of the pixels reflect a high diversity
of resources.

Table 8. Distribution table of Shannon diversity index (SHDI) ranges: Absolute frequency (pixel

count) and relative frequency (percentage).

Shannon diversity Absolute Frequency  Relative Frequency
index intervals (number of pixels) (%)
>0 SHDI<0.6 1,830,427,058 85.08%
>0.6 SHDI < 1.3 317,595,051 14.76%
> 1.3 SHDI<1.95 3,270,243 0.15%
Total 2,151,292,352 100%

3.1.2.2 Local mean patch area index

The evaluation of the average patch size of LULC revealed that the minimum recorded value is
100 m?, equivalent to the size of a single 10 x 10 meter pixel. In contrast, the maximum observed
value is 4,900 m?, corresponding to the limit defined by the 70 x 70 meter extent window. These
results define the range within which patch sizes vary across the study area. See the Figure 21.
Mean patch area index — AREA_MN (local scale) in the study area generated with the moving
window approach (7 x 7 pixel) in Python Colab +. to visualize the raster generated from the index
calculation. The map represents high mean patch area indices in reddish-brown, highlighting areas
where patch sizes are larger. In contrast, light reddish-brown or white areas indicate regions with
smaller average patch sizes. Further details on its integration into the SSF model fitting are pro-

vided in section 3.2.3 The effect of the patch size on the habitat use of the northern lapwing.
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Figure 21. Mean patch area index — AREA_MN (local scale) in the study area generated with the

moving window approach (7 x 7 pixel) in Python Colab +.

The distribution of mean patch area index (AREA_MN) values shows a clear pattern in patch

sizes, where each patch is defined by the continuity of a single LULC class. Only 0.01% of pixels

fall within the 1,634 to 2,450 m2 range, while 12.70% of pixels are in patches that have a mean

area between 0 and 1,634 m2. In contrast, the majority of pixels (87.29%) are in a range of patches
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with a mean area from 2,450 to 4,900 m2. These results indicate that, within the extent defined by

the 4,900 m2 moving window, the predominant patches are large at this scale (see Table 9).

Table 9. Distribution table of mean patch index (AREA_MN) ranges: Absolute frequency (pixel

count) and relative frequency (percentage).

Mean patch area Absolute Frequency  Relative Frequency
index intervals (number of pixels) (%)
>0 AREA MN <1634 273,036,645 12.70%
> 1634 AREA MN <2450 165,175 0.01%
> 2450 AREA MN <4900 1,876,777,812 87.29%
Total 2,149,979,632 100%

3.1.2.3 Local contagion index

For the local contagion index (CONTAG), the resulting raster has between 0.2 and 1, this last is
the highest value that the index can reach. Figure 22. displays the map with the resulting raster
and the range of values present in the study area. The contagion index map represents higher
index values in green, indicating areas where class patches are more aggregated. In contrast, lower
index values are shown in brown, corresponding to homogeneous landscapes. Further details on
how this output is used in model fitting can be found in section 3.2.4 The effect of the aggregation

of patches on the habitat use of the northern lapwing.
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Figure 22. Contagion index - CONTAG (local scale) in the study area generated with the moving

window approach (7 x 7 pixel) in Python Colab +.

For the contagion index, the data distribution table (see Table 10) shows that 95.78% of the pixels

fall within the 0.7 to 1 range. This indicates that, at the evaluation scale, the study area is predom-

inantly composed of landscapes where LULC classes are more aggregated, forming large patches

with minimal fragmentation. In contrast, only 4.22% of the pixels fall below the 0.7 threshold.
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Table 10. Distribution table of contagion index (CONTAG) ranges: Absolute frequency (pixel

count) and relative frequency (percentage).

Contagion index Absolute Frequency  Relative Frequency
intervals (number of pixels) (%)
>0 CONTAG <0.3 3,621 0.0002%
>0.3 CONTAG <0.7 90,754,403 4.2213%
>0.7 CONTAG < 2,059,167,488 95.7786%
Total 2,149,925,512 100%

3.1.3 Used steps distribution in landscape metrics

As a first insight, the steps used per individual for the Shannon diversity index reveals that indi-
viduals more frequently utilize sites where landscape diversity tends to be low. It is notable that
most individuals are clustered around index values below 0.2 (see Figure 23), including those
with the highest number of steps within the group.

Mean Shannon Diversity Index per Individual at Used Steps

30000

Individual (Id)
25000 ® 5181
® 5264
® 5268
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] 5277
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® 5439

10000
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0
0.1 0.2 0.3 0.4

Mean Shannon Diversity

Figure 23. Distribution of mean Shannon diversity index across used steps per individual. Each

individual is identified by the “id” number in the legend on the right.

Regarding the mean patch area index, there is a tendency for individuals to select positions where
the mean patch size is large. Given that the range of values of this index varies between 100 and

4900 m?, corresponding to the size of the moving window, most individuals are concentrated in
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values above 3500 m? (see Figure 24). This suggests a preference for homogeneous landscapes

characterized by large, continuous patches of a single LULC classes.
Mean Patch Area per Individual at Used Steps
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Figure 24. Distribution of mean patch area index across used steps per individual. Each individ-

ual is identified by the “id” number in the legend on the right.

The contagion index shows a strong tendency for individuals to select sites with index values
close to 1 (see Figure 25). This is the highest value of the index and suggests a clear preference
on the part of the group of individuals for highly contiguous or homogeneous landscapes, char-

acterized by compact and contiguous blocks of a single class.
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Mean Contagion Index per Individual at Used Steps
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Figure 25. Distribution of Contagion index across used steps per individual. Each individual is

identified by the “id” number in the legend on the right.

3.2 Estimation parameters of step-selection functions

A separate modeling was conducted for each landscape metric for 2021 and 2022. Although,
initially fitting the 3 models was considered with the data available for the individual with id 5301
in the year 2023, the data were not sufficient (steps used = 18) for the generation of the bursts
needed in the creation of available steps. A total of 60 models were fitted, from which the standard

output provided the coefficients of the covariates and inference statistics.

The estimated parameters of the habitat variables allow the relative selection strength of these
resources to be established (Fieberg et al., 2021). This study analyzed the estimated parameter
exp(coef), which represents the relative selection strength (RSS). More precisely, it measures the
effect of a variable change on the selection of a resource or habitat in relation to another (Avgar
etal., 2017). The estimated parameters for all fitted models are examined with more detail in the

following sections.
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3.2.1 General findings

There is evidence of an intense relationship between the relative probability of selecting habitats
with the presence of the Grass class. Although other classes, such as Flooded Vegetation, Shrub
& Scrub, and Crops classes, have a smaller effect, they still play a significant role in this proba-
bility. At the same time, the Built Area class remains as a reference class for the estimation. Fur-
thermore, individuals appear to avoid water bodies and forests. Regarding elevation as a predictor
variable, it can be inferred that its influence is not decisive, at least in explaining the relative

habitat selection within the reference dataset.

The estimators obtained for the overall landscape metrics reveal, at least in the dataset, a relative
preference for homogeneous landscapes, such as open fields where one LCLU class (e.g., Grass)
predominates. These landscapes are spatially configured in a simple way, characterized by low
fragmentation, minimal edge density, and contiguous patches, which could be associated with

more predictable and specific resources required during the breeding season for lapwings.

3.2.2 The effect of landscape diversity on the habitat use of the northern

lapwing

The model 1, which considers the Shannon diversity index of the landscape following the struc-

ture (see Equation 7).

Equation 7. Model 1 structure that includes the Shannon diversity index “shannon” and the envi-

ronmental variables: land cover, elevation, log_sl, cos_ta and step stratification.

model 1 = steps~ landcover + shannon + elevation + log_sl_ + cos_ta_

+ strata(step_id_)

Where steps refers to the set of used and available steps, and landcover refers to LULC classes,
the results show that, for most variables the relative resource selection preferences of individuals
are consistent, with some variations between the years 2021 and 2022. The Figure 26 shows that
within the LCLU classes, there is a higher intensity of areas use with Grass class presence. In
2021, the SSF for the Grass class ranged between 70.68 and 75.95 for 11 individuals, using Built
area class as the reference class. For two individuals, the RSS values were higher, ranging from
116.17 to 187.78, while one individual had a value of 57.70. In all cases, these RSS values were
the most representative within the LULC classes considered (supporting information in 8.1 Ap-

pendix. Standard outputs of SSF fitted models.).
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In 2022, tracking data was available for only six individuals. Among them, four showed the high-
est RSS values for the Grass class, ranging from 17.40 to 14.26. One individual had the highest
RSS magnitude in the Flooded vegetation class, with a value of 9, while another had the highest
RSS magnitude in the Tree class, reaching 16.07. In summary, 18 out of the 20 models fitted for
2021 and 2022 using the Shannon diversity index as an environmental variable showed a higher
RSS for areas classified as Grass in the LULC dataset.

Estimated Parameters for Model_1
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Figure 26. Estimated parameters in fitted SSF model 1 (landscape diversity) per individual
for the years 2021 and 2022. The x-axis displays the ranges of relative selection strength (RSS)

values for all variables considered in Model 1. Each color represents an individual, as indicated
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in the legend on the right. Data from 2021 is represented by circles, while data from 2022 is

represented by diamond symbols.

Across the 20 fitted models, the Water class had the lowest RSS magnitude, indicating the weak-
est relative selection strength. In general, other classes with a meaningful but lower selection
strength than Grass included Flooded Vegetation, Crops, and Shrub & Scrub. The inference met-
ric p-value (see supporting information in 8.1 Appendix. Standard outputs of SSF fitted models.)
indicated that all LULC classes were statistically significant for the models, using the conven-
tional threshold of @ = 0.05, except for the Water class. In three out of the 20 models, the p-value

for Water class was higher than 0.05, indicating a weaker statistical significance for the models.

In all the models fitted for 2021 and 2022, the Shannon diversity index had the lowest RSS values
among all variables, ranging from 0.22 to 0.45. This indicates a weak intensity in the relative
selection of habitats by the northern lapwing group. These results suggest a positive relationship
between habitat selection and landscapes with lower LULC class diversity, which characterize

more homogeneous habitats.

For the elevation variable, the models fitted with 2021 data showed an RSS magnitude of 1, indi-
cating no effect on the relative selection of a habitat. In contrast, the models fitted with 2022 data
showed an RSS value of 0.6 for the six individuals, suggesting a weak and negative effect on
habitat selection. This suggests that, an increase in the elevation represents a slightly relative risk

for the individuals to select a habitat.

3.2.3 The effect of the patch size on the habitat use of the northern
lapwing
In this model, where the mean patch area index is considered and expressed below in the Equation

8:

Equation 8. Model 2 structure that includes the mean patch area index “mean_patch_area” and

the environmental variables: land cover, elevation, log_sl, cos_ta and step stratification.

model 2 = steps~ landcover + mean_patch_area + elevation + log_sl_ + cos_ta_

+ strata(step_id_)

Where steps refers to the set of used and available steps, and landcover refers to LULC classes,

the RSS magnitudes obtained for the LULC classes are similar to the results from Model 1 (see
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supporting information in 8.1 Appendix. Standard outputs of SSF fitted models.). For the models
fitted with 2021 data (see Figure 27.), the highest RSS values across all models corresponded to
the Grass class. Eleven individuals had values ranging from 72.90 to 78.31, two individuals
showed values between 115.85 and 189.86, and one individual had a value of 58.80. These results

indicate a higher strength in the relative selection for areas with Grass class.

For the models fitted with 2022 data, four out of six individuals had the highest RSS measure in
the Grass class, with values ranging from 17.41 to 18.52. The lasting two individuals showed
higher RSS value in the Flooded Vegetation class, with values between 9.49 and 16.25. Similar
to the models in section 3.2.3 The effect of landscape diversity on the habitat use of the northern
lapwing, these results suggest an increased in the relative probability of individuals selecting hab-
itats mostly containing the class Grass and, but with lower preference, habitats with Flooded

Vegetation.
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Estimated Parameters for Model_2
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Figure 27. Estimated parameters in fitted SSF model 2 (size of patches) per individual for
the years 2021 and 2022. The x-axis displays the ranges of relative selection strength (RSS)
values for all variables considered in Model 2. Each color represents an individual, as indicated
in the legend on the right. Data from 2021 is represented by circles, while data from 2022 is rep-

resented by diamond symbols.
For the mean patch area index and elevation variables, the RSS magnitudes in 2021 were 1. This

suggests that these predictors had a weak effect on habitat selection by individuals, at least within

the dataset used in this study. In contrast, in 2022, elevation had RSS values of 0.6 for the group
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of individuals. This indicates a weak negative effect on habitat selection. That is to say, the group

of northern lapwings showed a slight preference of use for locations with lower altitude.

For the overall predictor variables, the p-values were <0.001, pointing statistical significance in
the model fit, with the exception of individual “5264” for the year 2021 in the LCLU class “Wa-
ter” with a p-value = 0.636 and individual “5439” in the LCLU class “Shrub & Scrub” with a
p-value = 0.908. The examination of the trends of the confidence intervals for the overall variables
(see Figure 27.) showed them to be narrow, indicating minimal uncertainty in the estimation.
However, exceptionally, the confidence intervals for individuals '5181' and '5285" in the LCLU

classes are notably wider compared to the others, indicating greater uncertainty.

3.2.4 The effect of the aggregation of patches on the habitat use of the

northern lapwing

For model 3 where the landscape metric considered is Contagion index, following the structure
of the Equation 9:

Equation 9. Model 3 structure that includes the Contagion index “contagio” and the environmental

variables: land cover, elevation, log_sl, cos_ta and step stratification.

model 3 = steps~ landcover + contagio + elevation + log_sl_ + cos_ta_

+ strata(step_id_)

Where steps refers to the set of used and available steps, and landcover refers to LULC classes,
and in alignment with prior results obtained in the sections 3.2.2 The effect of landscape diversity
on the habitat use of the northern lapwing and 3.2.3 The effect of the patch size on the habitat use
of the northern lapwing the RSS measurements for the LCLU classes were similar to that of
model 1 and model 2. There is a stronger strength in the relative selection of areas with Grass
over the other classes (see Figure 28Error! Reference source not found.). The same occurs with
the elevation variable, which remains at values close to 1, reiterating that at least for this data set,
it could not have an influence on relative habitat preferences (see supporting information in 8.1
Appendix. Standard outputs of SSF fitted models.).
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Estimated Parameters for Model_3
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Figure 28. Estimated parameters in fitted SSF model 3 (aggregation of patches) per indi-
vidual for the years 2021 and 2022. The x-axis displays the ranges of relative selection
strength (RSS) values for all variables considered in Model 3. Each color represents an individ-
ual, as indicated in the legend on the right. Data from 2021 is represented by circles, while data

from 2022 is represented by diamond symbols

The contagion index variable showed RSS measures ranging from 5 to 26.3 across the 20 fitted
models for 2021 and 2022. These values indicate that the individuals studied exhibited a stronger
relative selection for areas where the contagion index was higher. In other words, they showed a

greater intensity of use in landscapes with a higher degree of patch clustering, where patches of
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similar cover types are more spatially aggregated. This pattern suggests that individuals displayed
a relative preference for habitats that provide continuous or cohesive resources, particularly when

a specific cover class dominates a large portion of the available habitat.

For both Model 3 discussed in this section and the models examined in sections 3.2.2 The effect
of landscape diversity on the habitat use of the northern lapwing and 3.2.3 The effect of the patch
size on the habitat use of the northern lapwing, the confidence intervals remain narrow for most
individuals studied. This applies to the variables LULC classes (land cover), Shannon diversity
index (shannon), mean patch area index (mean_patch_area), and contagion index (contagio), in-
dicating reliable estimates. However, individuals identify as “5181” and “5285” present wider

confidence intervals, indicating higher uncertainty in the estimated coefficients.

3.3 Model performance

3.3.1 Akaike’s Information Criterion for model selection

The AIC value was calculated for each of the three adjusted models to identify the one that best
fits the observations, minimizing the loss of information between the data distribution and the
model assumptions (Burnham et al., 2011). Based on this criterion, the best model is the one with
the lowest AIC. As shown in Table 11, for all individuals across 2021 and 2022, Model 1 that

incorporate the Shannon diversity index, held the model with the lowest AIC.

Table 11. Compiled AIC scores for models by individual for the years 2021-2022. Model 1 in-
cluded the Shannon diversity index, Model 2 incorporated the mean patch area index, and

Model 3 used the contagion index.

AKAIKE INFORMATION CRITERION (AIC) EVALUATION

Data: 2021 Data: 2022
Id - individual
Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
5181 — Dokkum 14630.99 @ 14951.36 @ 14927.81 | 9972.884 @ 10028.33 | 10029.08
5264 - Joris 22303.52 | 22617.81 @ 22566.07 | 70792.71 @ 70911.32 70958.12

5268 — Kollumerpomp | 68469.10 @ 68882.70 68533.44 -- -- --
5270 - Kollumeroudzijl | 68392.42 @ 68822.13 | 68475.17 - -- --

5277 - Buitenpost 68480.70 | 68870.99 @ 68548.24 = = =
5278 — Miedum 68306.60 68686.42 68367.58 = = =
5282 — Lekkum d1 68412.14  68834.59 @ 68503.51 = = =
5284 — Kollum 68355.30  68750.78 < 68438.79 = = =
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5285 — Lekkum d2 6305.52 6421.45 6422.93 70858.14 @ 70988.94 | 70997.15
5286 — Augsbuurt 68424.78 | 68831.99 @ 68492.17 - - -
5301 - Driezum 68562.15 | 68981.88 @ 68662.83 | 70818.99 @ 70926.30 @ 70957.81
5303 -Jorn 68452.76 | 68844.12 @ 68503.10 | 70605.68 @ 70745.34 @ 70759.53
5308 - Aagje 68355.61 | 68789.73 @ 68460.34 - - -
5439 - Wyns 68533.00 | 68929.95 @ 68614.61 | 28492.10 28565.82 @ 28584.95

Lower AIC Intermediate Highest AIC
value AIC Value Value

Subsequently, model 2 (mean patch area index model) and model 3 (contagion index) exhibit high
and intermediate AIC values. This pattern suggests that, despite their similar structure, these mod-

els may offer a less robust statistical explanation for habitat selection preferences.

3.3.2 K-Fold cross validation

A k-fold cross-validation was computed to evaluate how well the fitted models generalize to un-
seen data. Specifically, the area under the curve (AUC) metric was used to quantify the model's
ability to predict the relative probability of individuals selecting a specific habitat (Boyce et al.,
2002). Overall, most models fitted with 2021 data had a mean AUC > 0.7 (see Table 12), sug-
gesting a good predictive capacity. This indicates that model performance remains relatively sta-
ble across different landscape metrics, with minimal variation in fit quality. In other words, the

models consistently capture habitat selection patterns, reinforcing their reliability for inference.

Table 12. Results of the 10-Fold Cross-Validation using the AUC metric to evaluate model per-
formance by individuals for the years 2021-2022. Model 1 included the Shannon diversity in-

dex, Model 2 incorporated the mean patch area index, and Model 3 used the contagion index.

Cross validated models, K-Folds = 10

Metric: AUC
Id - individual Data: 2021 Data: 2022
Model 1 | Model2 | Model 3 | Modell | Model 2 | Model 3
5181 — Dokkum 0.914 0.914 0.914 0.758 0.758 0.758
5264 — Joris 0.783 0.783 0.783 0.686 0.686 0.686
5268 — Kollumerpomp 0.767 0.767 0.767 - - -
5270 — Kollumeroudzijl 0.768 0.768 0.768 - - -
5277 — Buitenpost 0.768 0.768 0.768 -- -- --
5278 — Miedum 0.769 0.769 0.769 -- -- -
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5282 — Lekkum d1 0.768 0.768 0.768 -- -- --
5284 — Kollum 0.768 0.768 0.768 -- -- --
5285 — Lekkum d2 0.843 0.843 0.843 0.686 0.686 0.686
5286 — Augsbuurt 0.767 0.767 0.767 -- -- --
5301 — Driezum 0.767 0.767 0.767 0.686 0.686 0.686
5303 — Jorn 0.767 0.767 0.767 0.689 0.689 0.689
5308 — Aagje 0.768 0.768 0.768 -- -- --
5439 — Wyns 0.767 0.767 0.767 0.681 0.681 0.681

In contrast to others, the individuals ‘5787’ and ‘5285’ exhibit the highest AUC values (> 0.84,
see Table 12). The validation of models fitted with data from 2022 generally showed low perfor-
mance, with AUC values around 0.6. This indicates that their predictive capacity requires im-

provement, which may be partially explained by an insufficient number of observations.
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4 Discussion

The main goal of this thesis was to determine how landscape complexity influences the habitat
selection of the northern lapwing. The calculation of local landscape metrics Shannon diversity
index, mean patch area index, and contagion index allowed for addressing the first objective by
quantifying landscape complexity in terms of resource diversity and spatial configuration. At the
local scale used for these calculations, the study area, defined as the region utilized by northern
lapwings during the breeding season was found to be predominantly homogeneous. These land-
scape metrics served as explanatory variables in the step-selection function (SSF) models, con-

tributing to the analysis of habitat selection.

The application of SSF models made it possible to address the second specific objective: modeling
habitat selection in the studied individuals. The estimates derived from these models indicate that
habitat selection was stronger in areas where landscape metrics reflected lower complexity. These
findings indicate that the likelihood of habitat selection increases in less complex landscapes
among the studied group. This indicates that northern lapwings may actively seek out environ-
ments where resource distribution is more uniform and predictable, reducing the challenges asso-
ciated with navigating highly heterogeneous landscapes. Homogeneous areas likely provide
clearer visibility, facilitating predator detection, as well as easier access to food resources, which

aligns with the species' preference for open habitats with short vegetation.

Moreover, the preference for less complex landscapes may reflect an adaptive strategy linked to
their breeding ecology. During the reproductive season, selecting habitats with lower structural
diversity could enhance nesting success by minimizing risks associated with habitat fragmenta-
tion and predation. In highly diverse landscapes with mixed land cover, contrasting vegetation
types may create more complex microhabitats that attract a wider range of predators or increase
competition for resources. This could explain why the study group exhibited a stronger preference

for landscapes with lower complexity.

Ultimately, these findings answer the central research question by demonstrating that landscape
complexity plays a significant role in shaping habitat selection during the breeding season. The
observed preference for less complex landscapes suggests that conservation efforts should focus
on protecting and restoring large, homogeneous areas with suitable nesting conditions rather than
promoting landscape heterogeneity in breeding grounds. An important next step would be to as-
sess how different levels of complexity influence reproductive success and survival rates, refining

conservation strategies accordingly.
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Although no published studies were found that specifically examine the effect of landscape com-
plexity on the habitat selection process of this species for direct comparison, this thesis provides
novel insights based on the findings obtained. However, research focused on other aspects, such
as northern lapwing preferences regarding land use and land cover, suggests a preference for large
grasslands and wetlands. This aligns with the characterization of homogeneous landscapes, rein-
forcing the hypothesis that lower landscape complexity is favorable for this species.

As highlighted in the subsection State of the art for the analysis of habitat selection, northern
lapwings prefer open areas with short vegetation, which enhances their ability to detect predators
while tending to their nests and accessing soil-based food resources (Schekkerman et al., 2009).
Bertholdt et al. (2017) further observed that when habitat selection considered mixed land cover
such as grasslands or agricultural fields adjacent to forests northern lapwings tended to avoid
areas where these two covers are near. A proposed conservation measure was the restoration of
wet grasslands at distances greater than 500 meters from forested areas. These studies highlight
specific habitat preferences but do not report lapwing nests in highly diverse landscapes composed
of a mix of different land use and land cover classes.

These findings suggest that both landscape diversity and spatial resource distribution influence
habitat selection in northern lapwings, guiding their preference for or avoidance of specific areas.
This provides valuable insights into which habitats should be prioritized for protection or resto-
ration to ensure safe breeding grounds, shelter, and food availability. Similar to agri-environmen-
tal schemes where delaying crop mowing has been proposed to enhance reproductive success
(Bertholdt et al., 2017), conservation efforts could be further refined by targeting protection

measures in specific areas where nesting is most likely to occur.

For instance, the estimates derived from SSF models can be used to generate probability maps,
serving as a strategic guide for defining priority areas where protective measures such as nest
safeguarding and predator deterrence should be implemented. Identifying nests in the field pre-
sents a significant challenge, particularly when attempting to identify nests in the field is particu-
larly challenging when assessing nesting sites across northern lapwing populations in Europe. A
probability-based habitat selection map would optimize fieldwork efforts, enabling researchers to

focus on high-probability nesting areas more efficiently.

Additionally, these targeted conservation strategies could enhance collaboration with farmers by
facilitating the adoption of conservation measures. Providing farmers with precise nesting loca-
tions would allow delayed mowing strategies to be applied selectively rather than uniformly

across entire fields, minimizing economic disruptions while still promoting conservation efforts.
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This thesis also emphasizes that the scale at which landscape metrics were calculated using mov-
ing windows may influence the results. A more detailed review of this aspect in spatial analysis
would provide a stronger basis for selecting the most appropriate scale to represent landscape
reality. Similarly, sampling frequency may impact parameter estimates, as discussed in section
3.2 Estimation parameters of step-selection functions. Individuals with higher sampling rates ex-
hibited slightly different behaviors compared to the rest of the group. While landscape metrics
retained their directional effect, differences in effect size and confidence intervals were observed.
Therefore, ensuring frequent and uniform sampling rates for the studied individuals is crucial for

robust analyses.

An alternative approach for SSF model fitting involves exploring the use of different landscape
metrics that capture the two key components addressed in this study: composition and spatial
configuration. Considering alternative metrics, such as those discussed in FRAGSTATS: Spatial
pattern analysis program for categorical maps (McGarigal et al., 2002), could provide deeper
insights into how different aspects of landscape complexity influence habitat selection. Evaluat-
ing whether variations in explanatory variables lead to differences in the observed effects of land-
scape complexity would contribute to a more comprehensive understanding of how spatial pat-
terns and resource distribution shape species movement and site preference. This approach offers
a valuable opportunity to enhance habitat selection models and improve their ecological rele-

vance.

72



Hochschule fiir Technik Stuttgart Master Thesis 20%5
University of Applied Sciences U FZ Lady Johanna Esguerra Montafia
M.Sc. Photogrammetry and Geoinformatics Prospects for future study

5 Prospects for future study

5.1 Movement simulation approach

The estimated parameters from the SSF model fitting enable simulations to predict potential
movement trajectories of northern lapwings during the breeding season, using real recorded po-
sitions as a reference. One possible implementation is the approach proposed in “Estimating uti-
lization distributions from fitted step-selection functions” by Signer et al., (2017), which provides
a set of R functions for simulating space use and includes a complete case study as an example.
These simulations help identify movement and habitat selection patterns, enhancing the under-
standing of northern lapwing behavior. Modeling habitat selection and movement patterns en-

hances conservation planning by identifying critical areas for protection and management.

5.2 Multitemporal analysis

According to report “IUCN Red List of Threatened Species: Vanellus vanellus, Northern Lap-
wing” by BirdLife International (2021), the intensive land use intensification is one of the main
reasons for population decline of this species. The effects of land use changes on individual be-
havior could be analyzed through a multitemporal assessment of land use and land cover changes
in recent years, alongside the evaluation of habitat selection during the same period. This ap-

proach would help establish patterns and relationships between the two events.
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6 Conclusions

This thesis aimed to provide insights into the first key question of the subsection 1.3 Objectives
and Key Questions, how landscape characteristics, such as diversity and configuration, influence
habitat selection in northern lapwings during the breeding season, when they are most vulnerable.
Based on tracking data from 14 northern lapwing deployments, the study area was defined (see
2.3.2 Defining study area), and performing the calculation of key landscape metrics Shannon
diversity index, mean patch area and contagion, applying a local scale approach to capture in

more detail the interaction of individuals with the environment.

The calculation of landscape metrics within a 70 x 70 meter extent around each pixel of the input
LULC dataset “Dynamic World” revealed that the study area is characterized by low diversity of
LULC classes. The landscape is dominated by one or a few classes, which are highly aggregated
into large patches and continuously connected, characterizing a mainly homogeneous area with a

simple spatial configuration.

The second key question of the subsection 1.3 Objectives and Key Questions is answer by the
results of the fitted SSF models, which incorporated landscape metrics, elevation, and LULC
classes, indicate that small RSS magnitudes in response to the Shannon diversity index reflect a
relatively negative effect on habitat selection by the studied individuals. This suggests that, under
the conditions of this study and considering the effect of the other environmental variables in-
cluded in the model, individuals had a slightly higher selection strength for areas with lower

LULC diversity, compared to other available places.

At the study scale considered, RSS values for the mean patch area index between 0.6 and 1, and
for elevation at 1, indicate a weak or null effect on the relative selection of a location by the
individuals. In other words, the average patch size of LULC classes and elevation values do not
have stronger influence in the habitat selection intensity. In contrast, RSS magnitudes ranging
from 5 to 26.3 for the contagion index indicate a positive change in the probability of habitat
selection. This suggests that, an increase in the contagion index is associated with increased hab-

itat selection by the individuals.

The RSS magnitudes obtained for overall landscape metrics, as discussed in previous paragraphs,
suggest a positive effect in the relative probability of northern lapwings selecting homogeneous
landscapes. These landscapes are characterized by low class diversity and a simple spatial distri-
bution. This pattern may also be linked to habitat availability in the study area, which predomi-

nantly consists of homogeneous landscapes.
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Although the environmental variables LULC and elevation may influence the RSS magnitudes of
the landscape metrics Shannon diversity index, mean patch area, and contagion index, fitting sep-
arate models for each metric while maintaining a consistent variable structure allows for an iso-
lated assessment of their effects. This approach ensures that the influence of each landscape fea-
ture on northern lapwing habitat selection can be interpreted independently, providing a clearer
understanding of how these three spatial characteristics shape selection patterns.

This master's thesis advocates for the use of moving windows to integrate more detailed spatial
analyses into habitat selection modeling. Moving windows were proposed as a method that allows
for multi-scale analyses, such as the calculation of landscape metrics. By enabling a more dy-
namic representation of spatial patterns, these techniques contribute to recreating realistic scenar-
ios in resource selection modeling. This approach highlights an opportunity to foster stronger

synergies between geoinformatics and ecology.

The methodology developed for this study is designed to be both applicable and reproducible
across different trackable species and study areas. As long as animal movement data can be col-
lected, habitat selection can be analyzed for a wide range of species. The selection of explanatory
variables should be guided by the study's hypotheses and objectives to ensure relevance to the
research question. Furthermore, this methodology can be automated in environments that inte-
grate multiple programming languages and spatial analysis tools, enhancing its scalability and

adaptability for future applications.
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8 Appendix

8.1 Appendix. Google Earth Engine code developed in
JavaScript, for generating, visualizing, and exporting

Dynamic World 2021 data across the interest area.
/********************************

* Define the area of interest.

R R R R R R S S S R R S S R R R S S R R R S S S R e

* Creation of a polygon using a list of geographic coordinates

* (longitude, latitude). This polygon represents the boundary

* of our area of interest, which in this case is the extent covering
* the positions recorded during the breeding season.

********************************/

var europe = ee.Geometry.Polygon([
[

[6.107946, 54.7522],
[8.385332, 52.58993],
[-3.823165, 38.03111],
[-5.775337, 35.62247],
[-8.734014, 36.97163],
[-3.291528, 46.41424],
[-6.162365, 47.4557],
[-6.324172, 49.8537],
[-1.775206, 50.59337],
[-3.84628, 52.66445],
[-3.513924, 54.71713],
[6.107946, 54.7522]

]
D:

/********************************

* Load the Dynamic World dataset
k,kkhkkhkkhkkhkkhkhkkhkhkkikhkhhkhhkkhhhkhkhihihihkkikhk

* Google’s Dynamic World (V1) is a global land cover dataset
* derived from Sentinel-2 imagery. It provides near real-time
* data for 9 land use and land cover classes.

********************************/

var dynamicWorld = ee.ImageCollection(GOOGLE/DYNAMICWORLD/V1Y;

/********************************

* Filter images for the year 2021

R R R R R R S S S R S S R R R S S R R R S S R R S

* 1. Restrict the dataset to images between Jan 1, 2021,

*and Dec 31, 2021. To download the dataset for 2022 y 2023
* just replace the year in the whole code.

* 2. Limit the area to interest area polygon.

* 3. Compute all filtered images to
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* create a composite.
********************************/

var dw2021 = dynamicWorld
filterDate('2021-01-01', '2021-12-31")
filterBounds(europe);

var dw2021_median = dw2021.median().clip(europe);

/********************************

* Visualize the median composite
* 1. Center the map on the area of interest.
* 2. Add the composite to the map, displaying the
* 'label' band, which indicates land cover classes.
* 3. Define a specific palette (color scheme)
* and value range (0-8) for the classification.
********************************/
Map.centerObject(europe, 4);
Map.addLayer(
dw2021_median.select('label),
{
min: 0,
max: 8,
palette: [
'419BDF', // Water
'397D49', // Trees
'88B053", // Grass
"7TA87C6', // Flooded Vegetation
'E49635', // Crops
'DFC35A, // Shrub & Scrub
'C4281B', // Built Area
'AB9B8F', // Bare Ground
'‘B39FEL', // Snow & Ice
]
}
'‘Dynamic World - 2021’
)i

I
JEFFFTTTRIIXX * *k*k%k *khkkkk*k

* Export the processed image
*hkkkkkkikkkikkkhkkkhkkkhkkkhkkhkkhhkkikhkkikkikkikkikk

* Export the land cover 'label’ band to Google Drive:

* - Using EPSG:4326 (WGS84) as the coordinate reference system.
* - Setting the output spatial resolution of 10 meters .

* - Limiting the export region to the polygon.

* - Allowing a high maximum number of pixels (maxPixels).
********************************/
Export.image.toDrive({

image: dw2021_median.select('label’)

.reproject({
crs: 'EPSG:4326', // Coordinate reference system
scale: 10 /I Spatial resolution in meters

b,
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description: '‘Dynamic_World_Europe_2021',

folder: 'EarthEngine_Exports', //Change for name of the user folder
fileNamePrefix: 'dynamic_world_europe_2021',

region: europe,

scale: 10, /Il Spatial resolution in meters

crs: 'EPSG:4326', // Use WGS84

maxPixels: 1e13  // Allow large exports

H;

/********************************

* Create and add a legend to the map
k,kkhkkkhkkhkkhkhkkhkhkkhkhkkikkkhkkkikkikkhkhkhkkhkihkiikkik

* Build a small panel that lists each land cover class
* alongside a color box. This helps to interpret

* the map’s classification.

********************************/

var legend = ui.Panel({
style: {
position: 'bottom-left’,
padding: '8px 15px’

}
H;

/I Legend title
var legendTitle = ui.Label({
value: 'Land Cover Classes (Dynamic World)',
style: {
fontWeight: 'bold’,
fontSize: '14px’,
margin: '0 0 4px 0',
padding: '0'
}

});
legend.add(legendTitle);

I/ Define color palette and class names
var palette = [
'419BDF', '397D49', '88B053', '7A87C6', 'E49635',
'DFC35A', 'C4281B', 'A59B8F', 'B39FE1"
I
var names = [
‘Water',
"Trees',
'Grass',
'Flooded Vegetation',
'‘Crops',
'Shrub & Scrub',
'‘Built Area’,
'‘Bare Ground',
'‘Snow & Ice'
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/I Loop through each class, creating legend entries
for (var i = 0; i < palette.length; i++) {
/I Color box
var colorBox = ui.Label({
style: {
backgroundColor: '# + palette[i],
padding: '8px’,
margin: '0 0 4px 0'

}
H:

/I Class name text
var description = ui.Label({
value: namesJi],
style: { margin: '0 0 4px 6px' }
b

/I Combine color box and text into a horizontal panel
var legendltem = ui.Panel({

widgets: [colorBox, description],

layout: ui.Panel.Layout.Flow(‘horizontal")

};
legend.add(legendltem);

/[l Add the legend to the map
Map.add(legend);

8.2 Appendix. Code developed in python to extract tracking

data of breeding season.

#Import libraries to perform operations with attributes from shapefile.

import geopandas as gpd

import pandas as pd

# Load original shapefile of tracking data.

positions = "/content/drive/MyDrive/Lapwing_NFW_Vanellus_Vanellus/points_3035.shp"

gdf = gpd.read_file(positions)

# Name of the field containing date and time of capture of the individual's position in the original

shapefile.

timestamp = ‘timestamp'’

# Convert the date and time field from ‘text’ to ‘datetime’ format.

gdf[timestamp] = pd.to_datetime(gdf[timestamp], format="%Y -%m-%d %H:%M:%S")

# Select data collected during the breeding season per year (2021, 2022 and 2023).

filtered_gdf = gdff
((gdf[timestamp] >='2021-03-15") & (gdf[timestamp] <='2021-06-30") |
((gdf[timestamp] >='2022-03-15") & (gdfftimestamp] <= '2022-06-30") |
((gdf[timestamp] >='2023-03-15") & (gdf[timestamp] <= '2023-06-30"))

]
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# Saving the filtered data in a new shapefile.
filtered_gdf.to_file("/content/drive/MyDrive/Lapwing NFW_Vanellus_Vanellus/Breeding_poi
nts.shp™)

8.3 Appendix. JavaScript code for Shannon diversity index

calculation in environment GEE.

/I Define the geometry (in geographic coordinates) base in the polygon define to the study area
where the analysis will be performed.
var areaOflnterest = ee.Geometry.Polygon([
[-1.529085, 46.87], [-2.229717, 47.50492], [-1.938698, 48.14066], [-0.579187, 48.08423],
[0.59795, 49.12168], [0.689647, 49.70694], [1.380388, 50.91567], [0.914895, 51.13522],
[-0.090363, 51.5187], [-1.108916, 52.11399], [-1.037776, 52.96926], [-0.091826, 53.74214],
[1.45859, 53.31731], [0.812231, 52.78129], [1.288547, 52.41761], [2.802825, 52.7073],
[4.593831, 53.29824], [5.518836, 54.10992], [7.850975, 53.67639], [6.264834, 51.61802],
[3.048556, 50.33066], [2.750967, 48.52854], [0.666143, 46.87172], [-1.529085, 46.87]
D
/I Load the Dynamic World dataset for the year 2022. This dataset provides global land cover
/[classifications
var dataset = ee.ImageCollection(GOOGLE/DYNAMICWORLD/V1")
filterDate('2022-01-01', '2022-12-31") // Selects images from 2022
filterBounds(areaOflInterest); // Filters only images within the study area
[/l Extract the land cover classification band and compute the most common class over time
var landCover = dataset.select('label’).mode().clip(areaOflInterest);
/I Apply a mask to remove pixels with no data (values of 0 indicate missing data)
var landCoverMasked = landCover.updateMask(landCover.gt(0)).unmask(0);
/I Fills no-data pixels with O
I/ Define a kernel (neighborhood window) for spatial analysis
var kernelSize = 7; // size of the moving window
var kernel = ee.Kernel.square(kernelSize / 2 + 3, 'pixels’, false); // Adds a 3-pixel buffer to the
window
/I Function to calculate the Shannon diversity index in a moving window
var calculateShannonOptimized = function(image) {
/I Compute the total number of pixels in the moving window
var totalPixels = ee.Image(1).reduceNeighborhood({
reducer: ee.Reducer.sum(),
kernel: kernel
b
/I Compute the proportion of each land cover class within the moving window
/I This generates a set of images where each band represents the proportion of a land cover class
var proportions = ee.Image.cat([
image.eq(0).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: Kkernel}).divide(to-
talPixels).rename('class_0"),
image.eq(1).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-
talPixels).rename('class_1"),
image.eq(2).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-
talPixels).rename('class_2"),
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image.eq(3).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-
talPixels).rename(‘class_3"),

image.eq(4).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-
talPixels).rename(‘class_4"),

image.eq(5).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-
talPixels).rename('class_5"),

image.eq(6).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-
talPixels).rename(‘class_6"),

image.eq(7).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: Kkernel}).divide(to-
talPixels).rename('class_7"),

image.eq(8).reduceNeighborhood({reducer: ee.Reducer.sum(), kernel: kernel}).divide(to-

talPixels).rename('class_8")
D;
/I Compute the Shannon diversity index using the equation.
var shannonlndex = proportions.expression(
-1 * (class_0 * log(class_0 + 1le-6) + '+
‘class_1 * log(class_1 + le-6) + ' +
‘class_2 * log(class_2 + le-6) +' +
‘class_3 * log(class_3 + le-6) + ' +
‘class_4 * log(class_4 + 1le-6) +' +
‘class_5 * log(class 5 + le-6) +' +
‘class_6 * log(class_6 + 1le-6) +"' +
‘class_7 * log(class_7 + 1le-6) + ' +
‘class_8 * log(class_8 + le-6))', {
‘class_0": proportions.select(‘class_0"),
‘class_1": proportions.select(‘class_1"),
‘class_2": proportions.select(‘class_2"),
‘class_3": proportions.select('class_3'),
‘class_4": proportions.select('class_4"),
‘class_5": proportions.select(‘class_5"),
‘class_6": proportions.select('class_6"),
‘class_7": proportions.select(‘class_7"),
‘class_8": proportions.select(‘class_8")
b
/I Masking to ensure only valid areas are considered
return shannonlndex.updateMask(totalPixels.gt(0)).max(0);

}

/I Generate a grid over the study area to divide it into smaller analysis units

var scale = 50000; // Defines the size of each block (50 km)

var projection = ee.Projection('EPSG:3035"); // Uses the LAEA projection system

var grid = areaOflInterest.coveringGrid({
proj: projection,
scale: scale
b
/I Convert the grid into a FeatureCollection
var gridFeatures = ee.FeatureCollection(
grid.map(function(geometry) {
return ee.Feature(geometry);
by,
);
// Display the grid on the map
Map.centerObject(areaOflInterest, 10);
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Map.addLayer(gridFeatures, {}, 'Grid");
/I Process each block separately and export results
gridFeatures.toList(gridFeatures.size()).evaluate(function(tiles) {
tiles.forEach(function(tile, index) {

var block = ee.Feature(tile).geometry();

/I Add a buffer to the block to minimize edge effects

var bufferedBlock = block.buffer(scale / 10); // 10% buffer

/I Clip the land cover map to the block area

var landCoverMaskedBlock = landCoverMasked.clip(bufferedBlock);

/I Compute the Shannon index for the block
var shannonResultBlock = calculateShannonOptimized(landCoverMaskedBlock);
/I Clip the result to match the original block area
var croppedResultBlock = shannonResultBlock.clip(block);
/I Export the computed Shannon index as a GeoTIFF file
Export.image.toDrive({
image: croppedResultBlock,
description: 'Shannon_Index_Block ' + index,
folder: 'EarthEngine_Exports',
scale: 10, // Uses 10-meter resolution
region: block,
crs: 'EPSG:3035',
maxPixels: 1el12
b
b;
b

8.4 Appendix. Python (Colab) code for Mean Patch Area index

calculation.

import numpy as np

import rasterio

from rasterio import features

from scipy.ndimage import label
from osgeo import gdal

import 0s

import multiprocessing

from joblib import Parallel, delayed

def mpa_by_pixel(i, j, land_cover_block, kernel_radius):
Computes the Mean Patch Area (MPA) for a given pixel by analyzing a 7x7 neighborhood.
Parameters:
- i, J: Coordinates of the pixel within the block.
- land_cover_block: 2D NumPy array representing the land cover raster block.
- kernel_radius: Radius of the neighborhood kernel (3 pixels for a 7x7 window).
Returns:
- Mean patch area (m?2) of the identified patches within the 7x7 window.
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- NaN if the window contains only nodata values.
# Extract the 7x7 neighborhood around the current pixel
kernel = land_cover_block([i - kernel_radius:i + kernel_radius + 1,
j - kernel_radius:j + kernel_radius + 1]

# Skip computation if the entire kernel contains only nodata values (-1)
if np.all(kernel == -1):

return np.nan
# ldentify unique land cover classes within the neighborhood (excluding nodata)
unique_classes = np.unique(kernel[kernel >= 0])
patch_areas =[] # Store the area of patches found in the kernel
for cls in unique_classes:

# Create a binary mask for the specific land cover class

binary_kernel = (kernel == cls).astype(int)

# Label connected patches of the same class

labeled_patches, num_features = label(binary_kernel)

# Compute the area of each patch (assuming 10x10 m per pixel)

for patch_id in range(1, num_features + 1):

patch_size = np.sum(labeled_patches == patch_id)
patch_areas.append(patch_size * 100) # Convert to square meters

# Return the mean patch area for the pixel, or 0 if no patches were found
return np.mean(patch_areas) if patch_areas else 0

def mpa_by_block(input_raster_path, output_folder_path, block_size=5000, start_block=0):
Computes the Mean Patch Area (MPA) for an input raster by processing it in blocks.
Parameters:
- input_raster_path: Path to the input raster file.
- output_folder_path: Directory where processed blocks will be saved.
- block_size: Size of each processing block in pixels (default: 5000x5000).
- start_block: Index of the first block to process (useful for resuming interrupted runs).
Output:
- Saves each processed block as a separate raster file.
# Create the output directory if it does not exist
if not os.path.exists(output_folder_path):
os.makedirs(output_folder_path)
# Open the input raster file
with rasterio.open(input_raster_path) as src:
profile = src.profile # Store raster metadata
nodata_value = src.nodata # Retrieve the nodata value of the raster
block_id =0 # Initialize block counter
# Loop through raster blocks row-wise
for block_index in range(0, src.height, block_size):
# Loop through raster blocks column-wise
for block_col_index in range(0, src.width, block_size):
# Skip blocks that have already been processed
if block_id < start_block:
block id +=1
continue
# Define the actual block size (accounting for raster edges)
block_height = min(block_size + 6, src.height - block_index)
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block_width = min(block_size + 6, src.width - block _col_index)
# Read the current block from the raster (including a 3-pixel buffer)
window = rasterio.windows.Window(

max(0, block_col_index - 3),

max (0, block_index - 3),

block width,

block_height
)
land_cover_block = src.read(1, window=window)
# Convert nodata values to -1 for easier processing
land_cover_block = np.where(land_cover_block == nodata_value, -1,

land_cover_block)
# Define the 7x7 neighborhood moving window size/kernel size
kernel_size =7
kernel_radius = kernel_size // 2 # 3 pixels (centered window)
# Initialize an array to store the computed MPA values for the block
block_result = np.full((block_height - 6, block_width - 6), fill_value=np.nan,
dtype=float)

# Set up parallel processing to compute MPA for each pixel
num_cores = multiprocessing.cpu_count()
num_cores = 16 # number of cores for optimal performance

results = Parallel(n_jobs=num_cores)(
delayed(mpa_by_pixel)(i, j, land_cover_block, kernel_radius)
for i in range(kernel_radius, block_height - kernel_radius)
for j in range(kernel_radius, block_width - kernel_radius)
)
# Store results in the corresponding block result array
index =0
for i in range(kernel_radius, block_height - kernel_radius):
for j in range(kernel_radius, block_width - kernel_radius):
block_result[i - kernel_radius, j - kernel_radius] = results[index]
index += 1
# Update raster metadata for the output block
block_profile = profile.copy()
block_profile.update(
height=block_height - 6,
width=block_width - 6,
transform=rasterio.windows.transform(window, src.transform),
dtype=rasterio.float32,
nodata=-9999 # Define a new nodata value for output
)
# Define the output path for the processed block
block_output_path = f"{output_folder_path}/MPA_block_{block_id}.tif"
# Write the computed MPA values to a new raster file
with rasterio.open(block_output_path, 'w', **block_profile) as dst:
dst.write(block_result, 1)
print(f"Block {block id} calculated and saved to: {block_output_path}")
block id +=1

# Define input raster path and output folder
input_raster = "/content/drive/My Drive/dw_2022/dw_2022_mosaic_bB.tif"
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output_folder = "/content/drive/My Drive/dw_2022/blocks_mpa4"

# Start processing from block = number

start_block = 1 #This is especially useful when suddenly the calculation stop.
# Run the block processing function

mpa_by_block(input_raster, output_folder, start_block=start_block)

8.5 Appendix. Python (Colab) code for Contagion index

calculation.

import numpy as np

import rasterio

from rasterio.windows import Window
import 0s

import multiprocessing

from joblib import Parallel, delayed

# Function to calculate the Contagion Index for a given 7x7 window
def calculate_contagion(values, n_classes=9):
Computes the Contagion Index for a given window of land cover values.
Parameters:
- values: 1D NumPy array representing a flattened 7x7 pixel neighborhood.
- n_classes: Number of land cover classes (default is 9).
Returns:
- Contagion Index value (float) if valid, otherwise NaN.
# If the entire window is NaN (no data), return NaN
if np.all(np.isnan(values)):
return np.nan
# Reshape the flattened array into a 7x7 matrix
size = int(np.sqgrt(len(values)))
matrix = values.reshape((size, size))
# Initialize adjacency matrix to count transitions between classes
adjacency_matrix = np.zeros((n_classes, n_classes))
# Iterate through each pixel in the 7x7 window
for i in range(size):
for j in range(size):
current_class = matrix[i, j]
# Ensure valid class values (non-NaN and within the class range)
if not np.isnan(current_class) and 0 <= current_class < n_classes and current_class.is_in-
teger():
neighbors =[]
# Check 8-directional adjacency (including diagonals)
if i > 0: neighbors.append(matrix[i - 1, j]) # Up
if i <size - 1: neighbors.append(matrix[i + 1, j]) # Down
if j > 0: neighbors.append(matrix[i, j - 1]) # Left
if j < size - 1: neighbors.append(matrix[i, j + 1]) # Right
if i >0 and j > 0: neighbors.append(matrix[i - 1, j - 1]) # Up-Left
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if i >0and j <size - 1: neighbors.append(matrix[i - 1, j + 1]) # Up-Right
if i <size - 1 and j > 0: neighbors.append(matrix[i + 1, j - 1]) # Down-Left
if i <size-1and j <size - 1: neighbors.append(matrix[i + 1, j + 1]) # Down-Right

# Update adjacency counts for neighboring land cover classes
for neighbor in neighbors:
if not np.isnan(neighbor) and 0 <= neighbor < n_classes and neighbor.is_integer():
adjacency_matrix[int(current_class), int(neighbor)] += 1
# Compute the total number of adjacency transitions
total_adjacencies = np.sum(adjacency_matrix)
# If there are no valid adjacencies, return NaN
if total_adjacencies == 0:
return np.nan
# Calculate the probability of each adjacency transition
p_ij = adjacency_matrix / total_adjacencies
# Compute the Contagion Index using entropy formula
p_ij_log = np.where(p_ij > 0, p_ij * np.log(p_ij), 0)
contagion_raw = np.sum(p_ij_log)
contagion_index = 1 + (contagion_raw / (2 * np.log(n_classes)))
return contagion_index
# Function to process a single pixel in a raster block
def process_pixel(i, j, block, buffer_size, n_classes=9):
Extracts a 7x7 window around a pixel and computes its Contagion Index.
Parameters:
- i, j: Pixel coordinates within the raster block.
- block: NumPy array representing the land cover raster block.
- buffer_size: Half-size of the moving window (7x7 — 3-pixel buffer).
- n_classes: Number of land cover classes.
Returns:
- Tuple (i, j, contagion_value) where contagion_value is the computed Contagion Index.

# Extract 7x7 neighborhood window

window_values = block([i - buffer_size:i + buffer_size + 1, j - buffer_size:j + buffer_size + 1]
# Compute Contagion Index for the extracted window

return i, j, calculate_contagion(window_values.flatten(), n_classes=n_classes)

# Block processing parameters

window_size =7 # size moving window

half_window = window_size // 2 # 3-pixel buffer to account for edge effects
buffer_size = half_window

block_size = 5000 # Process raster in blocks of 5000x5000 pixels

# Specify the starting block (in terms of row and column)
start_row =0 # Row index to start processing from
start_col = 0 # Column index to start processing from

# Input raster file and output directory

input_file = "/content/drive/My Drive/dw_2022/dw_2022_mosaicContagB.tif"
output_dir = "/content/drive/My Drive/dw_2022/blocks_contagionD"
os.makedirs(output_dir, exist_ok=True) # Create output directory if not exists
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# Open the input raster file
with rasterio.open(input_file) as src:
profile = src.profile # Copy raster metadata
profile.update(dtype=rasterio.float32, count=1, nodata=np.nan) # Update to float32 format

# lterate through raster in blocks (starting from the specified row/column)
for row_start in range(start_row, src.height, block_size - 2 * buffer_size):
for col_start in range(start_col, src.width, block_size - 2 * buffer_size):
# Define the block size, considering the image boundaries
row_end = min(row_start + block_size, src.height)
col_end = min(col_start + block_size, src.width)

# Define the block window (including buffer)
window = Window(col_start, row_start, col_end - col_start, row_end - row_start)
block = src.read(1, window=window)
# Skip empty blocks (all NaN)
if np.all(np.isnan(block)):
print(f"Skipping empty block at rows {row_start}-{row_end} and cols {col_start}-
{col_end}")
continue

# Create an output array for storing Contagion index results
output_block = np.full_like(block, np.nan, dtype=np.float32)
# Get block dimensions
block_height, block_width = block.shape
# Set up parallel processing (use up to 16 CPU cores)
num_cores = min(16, multiprocessing.cpu_count())
results = Parallel(n_jobs=num_cores)(
delayed(process_pixel)(i, j, block, buffer_size, n_classes=9)
for i in range(buffer_size, block height - buffer_size)
for j in range(buffer_size, block_width - buffer_size)

)

# Assign the computed Contagion Index values to the output block
for i, j, contagion_value in results:
output_block[i, j] = contagion_value
# Remove the buffer before saving the block
core_output_block = output_block[
buffer_size:block.shape[0] - buffer_size,
buffer_size:block.shape[1] - buffer_size

]

# Skip saving if there is no valid data
if np.all(np.isnan(core_output_block)):
print(f"No valid data in core block at rows {row_start}-{row_end} and cols {col_start}-
{col_end}")
continue

# Define output transform for the cropped block
core_transform = rasterio.windows.transform(
Window(
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col_start + buffer_size,

row_start + buffer_size,

core_output_block.shape[1],

core_output_block.shape[0]
),

src.transform

)

# Update raster metadata for output block

block_profile = profile.copy()

block_profile.update(
height=core_output_block.shape[0],
width=core_output_block.shape[1],
transform=core_transform

)

# Define the output file path for the block

output_path = os.path.join(output_dir, f"block_{row_start} {col_start}.tif"")

# Save the processed block as a new raster file

with rasterio.open(output_path, "w", **block_profile) as dst:
dst.write(core_output_block, 1)

print(f"Saved block: {output_path}")

8.6 Appendix. R code developed for SSF model fitting.

library(sf) # Spatial vector data handling
library(amt) # Animal movement analysis
library(dplyr)  # Data manipulation and transformation
library(raster)  # Raster data processing
library(spatstat) # Spatial point pattern analysis
library(sp) # Spatial data classes and methods
library(terra)  # Raster and vector processing
library(tibble)  # Improved data frames handling
library(ggplot2) # Data visualization and plotting
library(survival) # Survival analysis modeling
library(lubridate) # Date and time manipulation

#Define work directory

setwd(""Y:/Home/esguerrl/Temp™)

# Load northern lapwing positions

position <- st_read("Y:/Home/esguerrl/locations_breeding/locations_points.shp™)

# Load raster layers: Land Use /Land cover (LULC), Diversity Shannon Index, Mean Patch Area
Index, and Contagion Index

landcover <- raster("Y:/Home/esguerrl/dw_2022_mosaic/LandcoverDW2022. tif")
shannon <- raster("'Y:/Home/esguerrl/Indices_Final/Shannon_Total.tif")
mean_patch_area <- raster("Y:/Home/esguerrl/Indices_Final/MPA_Resampled.tif'")
contagio <- raster("Y:/Home/esguerrl/Indices_Final/Contagion_Resampled.tif")
elevation <- raster(*"Y:/Home/esguerrl/Indices_Final/dem30m_merged.tif")
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# Convert the required data types of the fields x and y coordinates, timestamp (t) and individual
id (id)

position$x <- as.numeric(position$x)

position$y <- as.numeric(position$y)

position$t <- as.POSIXct(position$t, format="%Y-%m-%d %H:%M:%S")

position$id <- as.factor(position$id)

position$geometry <- NULL # Delete the field geometry to avoid errors during track creation

# Filter positions for year. It's necessary to set the year of analysis

position <- position %>% filter(year(t) == 2021)

year_filter <- unique(year(position$t))

cat("Filtered positions for the year... ", year_filter,"\n")

# Validate the number of positions remaining after filtering

cat("Number of positions for the year ", year_filter,": ', nrow(position), "\n")
# Unique individual 1Ds

individuos <- unique(position$id)

head(individuos)

#Uncomment the rates and tolerances for the year required for the analysis.
HiHHHEHEHEHEHE Define rates, tolerance per individual year 202 1##HHHHEHHEHHEHHT
config <- data.frame(
individuo = ¢("5181", "5264", "5268", "5270", "5277", "5278", "5282", "5284", "5285", "5286",
"5301", "5303", "5308", "5439"),
resample_rate = ¢(7, 10, 2, 2, 2, 2, 2, 2, 30, 2, 2, 2, 2, 2), # Resample time in minutes
resample_tolerance = c(42, 60, 12, 12, 12, 12, 12, 12, 180, 12, 12, 12, 12, 12) # Resample
tolerance in seconds

)

HitHHH I Define rates, tolerance per individual year 2022###HHHHHHHEHHHERHHIH
#config <- data.frame(
# individuo = ¢("5181", "5264", "5285", "5301", "5303", "5439" ),
# resample_rate = ¢(60, 2, 2, 2, 2, 10), # Resample time in minutes
# resample_tolerance = ¢(360, 10, 10, 10, 10, 60)  # Resample tolerance in seconds
#)
# Loop to create subsets, tracks, bursts, and steps for each individual
for (individuo in individuos) {
cat("\nProcessing individual: ", individuo, "\n")

# Set the individual-specific resampling parameters according to the data frame “config”.
rate <- config$resample_rate[config$individuo == individuo]

tolerance <- config$resample_tolerance[config$individuo == individuo]

cat("Rate (resample): ", rate, "minutes\n™)

cat("Tolerance (resample): ", tolerance, "seconds\n")

# Filter data for the current individual and store it locally in position_ind_xxxx.rds
cat("Filtering data for individual: ", individuo, "\n")
position_ind <- position %>%

filter(id == individuo) %>%

filter(tis.na(t)) # Remove row with NA in the timestamps column "t
saveRDS(position_ind, file = paste0("position_ind_", individuo, " ", year_filter, ".rds"))
cat("Number of points for individual ", individuo, ": ", nrow(position_ind), "\n")
rm(position_ind)
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9c()

# From the individual data stored locally (rds file), create the tracks and bursts
track_ind <- readRDS(paste0("position_ind_", individuo, " ", year_filter, ".rds")) %>%
# Creating track (track_xyt format)
make_track(x =x,.y =y, .t=t,id = id, crs = 3035) %>%
# Resample data according to the config per individual
track_resample(rate = minutes(rate), tolerance = seconds(tolerance))
head(track_ind)
# Save the data in local directory
saveRDS(track_ind, file = pasteO("track_ind_", individuo,
rm(track_ind)
gc()

", year_filter, ".rds"))

# Adjust overlapped consecutive positions (step length=0), adding 0.01 m to the (x,y) coordi-
nates.
# Stored as bursts "burst_ind_xxxx.rds".
burst_ind <- readRDS(paste0("track_ind_", individuo, " ", year_filter, ".rds")) %>%
mutate(
x_ =ifelse(lead(x_ ) ==x_ & lead(y ) ==y ,x_+0.01, x ),
y_=ifelse(lead(x ) ==x_&lead(y )==y ,y_+0.01,y)
)
print(head(burst_ind)) # Debugging: Print first rows
saveRDS(burst_ind, file = paste0("burst_ind_", individuo,
rm(burst_ind)
gc()

year_filter, ".rds"))

# Create used and available steps and store them.
cat(""Creating used and available steps for individual: ", individuo, "\n")
burst_ind <- readRDS(paste0(*"burst_ind_", individuo, " ", year_filter, ".rds™))
# Validar si hay suficientes bursts para procesar
if (n_distinct(burst_ind$burst ) < 2) {

cat(""Skipping individual”, individuo, "as there is only one burst.\n")

next # Saltar al siguiente individuo
}

# Delete bursts with less than 3 positions, otherwise it will show an error.
burst_ind <- burst_ind %>%

group_by(burst ) %>%

filter(n() >= 3) %>%

ungroup()

# Debugging: Print the structure and unique values of burst_
print("Structure of burst_:")
print(str(burst_ind$burst_))
print("Unique values of burst_:")
print(unique(burst_ind$burst_))
burst_ind$burst_ <- as.integer(burst_ind$burst ) # Ensure burst_is treated as an integer

#From tracks and bursts, create the random steps. 10 random step by 1 used.
steps_ind <- burst_ind %>%
steps_by_burst(burst_ = burst ) %>%
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random_steps(n = 10) %>%
group_by(step_id_) %>%

mutate(
log_sl_=log(sl),
cos_ta_=cos(ta )
) %>%

ungroup() %>%

filter(tis.na(x2_) & lis.na(y2_) & lis.na(log_sl ) & lis.na(cos_ta ))
saveRDS(steps_ind, file = paste0("steps_ind_", individuo, " ", year_filter, ".rds"))
rm(steps_ind)
gc()

# Convert steps to sf (simple feature) for raster extraction and store it
cat("Converting steps to sf for individual: ", individuo, "\n")
steps_sf <- readRDS(paste0("'steps_ind_", individuo, " ", year_filter, ".rds")) %>%
filter(lis.na(x2_) & lis.na(y2_)) %>% # Remove rows with "na" missing coordinates before
conversion
st_as_sf(coords = c("x2_", "y2_"), crs = 3035, remove = FALSE)
# remove = FALSE to keep the x2 and y2 columns in the original dataframe

# Extract raster values for each step

cat("Extracting raster values for individual: ", individuo, "\n")
steps_sf$landcover <- raster::extract(landcover, steps_sf)
steps_sf$shannon <- raster::extract(shannon, steps_sf)
steps_sf$mean_patch_area <- raster::extract(mean_patch_area, steps_sf)
steps_sf$contagio <- raster::extract(contagio, steps_sf)
steps_sf$elevation <- raster::extract(elevation, steps_sf)

cat("Reclassifying landcover and removing NAs for individual: ", individuo, "\n")

# Specify the landcover classes of interest as numerical codes, where 0: water; 1: trees; 2: grass;
3: flooded vegetation; 4: crops, 5: Shrub & Scrub, 6: Built area. The class 6 is used as a reference
level for the other classes

selected_classes <- ¢(6, 0, 1, 2, 3, 4, 5)

# Filter and clean the data for the selected landcover classes
steps_sf <- steps_sf %>%
filter(landcover %in% selected_classes) %>% # Retain only rows where landcover is in the
selected classes
mutate(
# Reclassify landcover into a factor with meaningful labels: "Class_0", "Class_1", etc.
landcover = factor(landcover, levels = selected_classes, labels = pasteO("Class ", se-
lected_classes)) # convert landcover as a categorical variable type factor
) %>%
na.omit() # Remove rows with missing values in any column
# Save the processed data for the individual to an rds file steps_sf xxxx.rds
saveRDS(steps_sf, file = pasteO("steps_sf ", individuo, " ", year_filter, ".rds™))
rm(steps_sf)
gc()
}

# Loop to fit multiple SSF models for each individual
for (individuo in individuos) {
# Get the steps for the current individual
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steps_sf <- readRDS(paste0("steps_sf ", individuo, " ", year_filter, ".rds™))
print(head(steps_sf))

# Fit a SSF model for each landscape metric
models <- list(
model_1 = steps_sf %>% fit_issf(case_ ~ landcover + shannon + elevation + log_sl_+cos_ta_
+ strata(step_id_), model = TRUE),
model_2 = steps_sf %>% fit_issf(case_ ~ landcover + mean_patch_area + elevation + log_sl_
+ cos_ta_ + strata(step_id_), model = TRUE),
model_3 = steps_sf %>% fit_issf(case_ ~ landcover + contagio + elevation + log_sl_ +cos_ta_
+ strata(step_id_), model = TRUE)
)

# Store each fitted model
for (model_name in names(models)) {
saveRDS(models[[model_name]], file = pasteO(model_name, " ", individuo, " ", year_filter,
".rds"))
}
rm(models)
ac()
}
# Summarize the models for each individual
for (individuo in individuos) {
for (model_name in c("model_1", "model_2", "model_3")) {
cat("\nSummary for Individual: ", individuo, " - Model: ", model_name, "\n")
model_ind <- readRDS(pasteO(model_name, " ", individuo, "_", year_filter, ".rds"))
print(summary(model_ind))
rm(model_ind)
gc()

8.7 Appendix. R script to perform K-Fold cross validation of
SSF model fitting, using AUC metric.

e B A T B R T B R e e
#1 strongly recommend to run the validation in the same R space than the SSF models fitting, this
make easier rebuilt the formulas and the input data.

e B A T B R T B R e e
library(dplyr)

library(pROC)

# Set the year of the fitted models outputs
year_filter <- 2021
# Loop to fit multiple SSF models for each individual
validation_results <- data.frame() # DataFrame to store validation results
# lterate over each individual
for (individuo in individuos) {
cat("'Processing individual:”, individuo, "\n")
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# Load the dataset for the current individual
steps_sf <- readRDS(paste0("'steps_sf ", individuo, " ", year_filter, ".rds"))
print(head(steps_sf)) # Print the first rows for debugging
# Fit multiple SSF models using different predictor combinations
models <- list(
model_1 = steps_sf %>% fit_issf(case_ ~ landcover + shannon + elevation + log_sl_ +cos_ta_
+ strata(step_id_), model = TRUE),
model_2 = steps_sf %>% fit_issf(case_ ~ landcover + mean_patch_area + elevation + log_sl_
+ cos_ta_ + strata(step_id_), model = TRUE),
model_3 = steps_sf %>% fit_issf(case_ ~ landcover + contagio + elevation + log_sl_ +cos_ta_
+ strata(step_id_), model = TRUE)

)

# Save each fitted model to disk for later use
for (model_name in names(models)) {
saveRDS(models[[model_name]], file = pasteO(model_name, " ", individuo, " ", year_filter,
".rds"))
}
# Cross-validation process for each model
for (model_name in names(models)) {
cat("\nValidating model:", model_name, "for Individual:", individuo, "\n")
model <- models[[model_name]]
# Create folds for cross-validation by randomly assigning fold IDs
steps_sf <- steps_sf %>%
group_by(step_id_) %>% # Ensure each step_id remains within a single fold
mutate(fold_id = sample(rep(1:10, length.out = n()))) %>%
ungroup()

auc_values <- c¢() # List to store AUC values for each fold

for (fold in 1:10) {
# Split the dataset into training and testing subsets
train_data <- steps_sf %>% filter(fold_id != fold) # Training set (9/10 of the data)
test_data <- steps_sf %>% filter(fold_id == fold) # Testing set (1/10 of the data)
if (nrow(train_data) > 0 && nrow(test_data) > 0) {
formula_actual <- switch(model_name,
"model_1" = case_ ~ landcover + shannon + elevation + log_sl_ +cos_ta_+
strata(step_id ),
"model_2" = case_ ~ landcover + mean_patch_area + elevation + log_sl_+
cos_ta_ + strata(step_id ),
"model_3" = case_ ~ landcover + contagio + elevation + cos ta +
strata(step_id )

# Fit the model using the training data
fold_model <- fit_issf(formula_actual, data = train_data, model = TRUE)
fold_model_clogit <- fold_model$model # Extract the internal clogit model

# Generate predictions for the test dataset
test_data <- test_data %>% mutate(

relative_prob = exp(predict(fold_model_clogit, newdata = test_data, type = "Ip"))
)
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# Compute AUC only if the test dataset contains both used (case_ = 1)
# and available (case_ = 0) steps. If the test data lacks one of these classes,
# AUC cannot be computed, so it is set to NA.
if (length(unique(test_data$case )) > 1) {
auc <- tryCatch({
# Compute the AUC (Area Under the Curve) to evaluate how well the model
# distinguishes between used and available steps.
pROC::roc(test_data$case_, test_data$relative_prob)$auc
}. error = function(e) {
NA # If an error occurs (e.g., due to insufficient data), assign NA to AUC.
by,
}else {

auc <- NA

¥

auc_values <- c(auc_values, auc) # Store AUC values from each fold

¥
¥

# Compute the average AUC across all folds as a measure of model performance
mean_auc <- mean(auc_values, na.rm = TRUE)
cat("Mean AUC for", model_name, "on individual”, individuo, ":", mean_auc, "\n")

# Store validation results in the DataFrame
validation_results <- bind_rows(validation_results, data.frame(
Individual = individuo,
Model = model_name,
Mean_AUC = mean_auc
)
¥

rm(models) # Remove stored models from memory
gc() # Perform garbage collection to free up memory

}

# Save the cross-validation results as a CSV file
write.csv(validation_results, "Y:/Home/esguerrl/Temp_prueba/CV_seguridad.csv", row.names =
FALSE)

8.8 Appendix. R script to perform AIC calculation iteratively in

a set of fitted models using the generic function AIC().

# Load required libraries

library(dplyr)
library(purrr)

# Directory where the files are located
path <- "Y:/Home/esguerrl/temp_prueba" # Change this to your folder path
# List files with a specific pattern
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files <- list.files(path, pattern = "model_\\d+_\\d+_\\d{4}\.rds$", full.names = TRUE)
# Create a list to store models and their AIC values

model_list <- list()

aic_values <- list()

# Loop to load files and calculate AIC
for (file in files) {

# Extract information from the file name
base_name <- gsub("model_(\\d+)_(\d+)_(\d{4})\\.rds", "see\\2_\3m\\1", basename(file))
# Read the .rds file
model <- readRDS(file)
# Store the model with the specific name
model_list[[base_name]] <- model
# Calculate AIC and store it
aic_values[[base_name]] <- AIC(model)

¥

# Convert the AIC list into a data frame for easier visualization
aic_df <- data.frame(Model = names(aic_values), AIC = unlist(aic_values))
# Save the AIC results to a CSV file
write.csv(aic_df, file ="Y:/Home/esguerrl/temp_prueba/AIC_results.csv"”, row.names = FALSE)

# Display the result

print(aic_df)

8.1 Appendix. Standard outputs of SSF fitted models.

Model 1: landcover + shannon + elevation + log_sl_ + cos_ta_ + strata(step_id_). Data: 2021
Individual 5181 (n = 68306, number of events = 6623)

Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 95 upper 95 Concordance l::ﬁ!htzzs
Water class 0.124 1.132 0.351 0.725 0.569 2.252
Trees class 1.789 5.981 0.377 <0.001 2.856 12.523
Grass class 5.235 187.779 0.32 <0.001 100.2 351.907
Flooded vegeta- 4.586 98.148 0.346 <0.001 49.81 193.395
tion class
Crops class 3.659 38.84 0.321 <0.001 20.711 72.838 0.907 (se = 16249.29,
Shrub & Scrub 3.662 38.939 0.517 <0.001 14.143 107.204 0.002) p=<0.001
class
shannon -1.521 0.218 0.061 <0.001 0.194 0.246
elevation -0.007 0.993 0.003 0.007 0.988 0.998
log_sl_ 0.247 1.28 0.009 <0.001 1.257 1.303
cos_ta_ -1.735 0.176 0.027 <0.001 0.167 0.186

Individual 5264 (n = 63701, number of events = 6010)

Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 95 upper 95 Concordance L::Eghtzzf
Water class -0.013 0.987 0.287 0.965 0.563 1.732
Trees class 1.538 4.656 0.299 <0.001 2.591 8.368
Grass class 4.055 57.695 0.246 <0.001 35.644 93.386 0.777 (se = 6066.05,
Flooded vegeta- 3.705 40.658 0.27 <0.001 23.948 69.03 0.004) p=<0.001
tion class
Crops class 3.035 20.792 0.246 <0.001 12.837 33.677
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Shrub & Scrub 3.415 30.418 0.406 <0.001 13.729 67.392
class
shannon -1.193 0.303 0.057 <0.001 0.271 0.339
elevation -0.014 0.986 0.003 <0.001 0.981 0.992
log_sl_ 0.101 1.106 0.004 <0.001 1.097 1.115
cos_ta_ -0.829 0.436 0.021 <0.001 0.419 0.455
Individual 5268 (n = 191256, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 95 upper 95 Concordance lee_“hOOd
ratio test
Water class 0.519 1.681 0.216 0.016 1.1 2.569
Trees class 1.962 7.116 0.219 <0.001 4.636 10.922
Grass class 4.288 72.812 0.191 <0.001 50.092 105.835
Flooded vegeta- 3.599 36.551 0.206 <0.001 24.387 54.782
tion class
Crops class 3.23 25.277 0.191 <0.001 17.378 36.767 0.765 (se = 15718.26,
Shrub & Scrub 3.489 32.761 0.28 <0.001 18.927 56.708 0.002) p=<0.001
class
shannon -0.969 0.379 0.035 <0.001 0.354 0.407
elevation -0.022 0.979 0.003 <0.001 0.973 0.985
log_sl_ 0.05 1.051 0.002 <0.001 1.047 1.055
cos_ta_ -0.918 0.399 0.012 <0.001 0.39 0.409
Individual 5270 (n = 191282, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 95 upper 95 Concordance lee.“hOOd
ratio test
Water class 0.523 1.686 0.218 0.017 1.1 2.586
Trees class 1.959 7.094 0.22 <0.001 4.607 10.922
Grass class 4.316 74.855 0.193 <0.001 51.304 109.218
Flooded vegeta- 3.611 37.01 0.208 <0.001 24.604 55.672
tion class
Crops class 3.236 25.432 0.193 <0.001 17.419 37.133 0.765 (se = 15801.05,
Shrub & Scrub 3.522 33.864 0.279 <0.001 19.597 58.518 0.002) p=<0.001
class
shannon -0.985 0.374 0.035 <0.001 0.348 0.4
elevation -0.022 0.979 0.003 <0.001 0.973 0.984
log_sl_ 0.052 1.053 0.002 <0.001 1.05 1.057
cos_ta_ -0.915 0.401 0.012 <0.001 0.391 0.41
Individual 5277 (n = 191165, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_ 9  upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.477 1.612 0.216 0.027 1.055 2.464
Trees class 1.951 7.037 0.219 <0.001 4.583 10.806
Grass class 4.258 70.676 0.19 <0.001 48.661 102.649
Flooded vegeta- 3.544 34.614 0.206 <0.001 23.103 51.86
tion class
Crops class 3.199 24.52 0.191 <0.001 16.869 35.641 0.765 (se = 15689.76,
Shrub & Scrub 3.439 31.144 0.281 <0.001 17.968 53.983 0.002) p=<0.001
class
shannon -0.981 0.375 0.035 <0.001 0.35 0.402
elevation -0.023 0.978 0.003 <0.001 0.973 0.983
log_sl_ 0.048 1.049 0.002 <0.001 1.045 1.052
cos_ta_ -0.917 0.4 0.012 <0.001 0.391 0.409
Individual 5278 (n = 191145, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_9 upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.495 1.641 0.216 0.022 1.074 2.508
Trees class 1.985 7.276 0.219 <0.001 4741 11.166
Grass class 4.286 72.69 019 <0.001 50.045  105.581 0'70650(5)6 B f: 296251'
Flooded vegeta- 3.634 37.851 0.206 <0.001 25.27 56.695 ' '
tion class
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Crops class 3.23 25.273 0.191 <0.001 17.388 36.735
Shrub & Scrub 3.656 38.721 0.279 <0.001 22.399 66.936
class
shannon -0.982 0.375 0.035 <0.001 0.35 0.402
elevation -0.023 0.977 0.003 <0.001 0.971 0.983
log_sl_ 0.049 1.051 0.002 <0.001 1.047 1.054
cos_ta_ -0.93 0.395 0.012 <0.001 0.385 0.404
Individual 5282 (n = 191295, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_ 9  upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.503 1.654 0.218 0.021 1.078 2.536
Trees class 2.007 7.443 0.219 <0.001 4.843 11.438
Grass class 4.299 73.657 0.192 <0.001 50.514 107.404
Flooded vegeta- 3.613 37.09 0.208 <0.001 24.664 55.777
tion class
Crops class 3.241 25.558 0.193 <0.001 17.516 37.294 0.766 (se = 15784.13,
Shrub & Scrub 3.515 33.615 0.279 <0.001 19.459 58.068 0.002) p=<0.001
class
shannon -0.988 0.372 0.035 <0.001 0.347 0.399
elevation -0.026 0.975 0.003 <0.001 0.968 0.981
log_sl_ 0.051 1.052 0.002 <0.001 1.049 1.056
cos_ta_ -0.921 0.398 0.012 <0.001 0.389 0.407
Individual 5284 (n = 191142, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_ 9  upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.497 1.644 0.218 0.023 1.072 2.521
Trees class 2.033 7.636 0.221 <0.001 4,948 11.783
Grass class 4.327 75.754 0.194 <0.001 51.827 110.727
Flooded vegeta- 3.653 38.602 0.209 <0.001 25.623 58.156
tion class
Crops class 3.281 26.605 0.194 <0.001 18.19 38.914 0.766 (se = 15810.50,
Shrub & Scrub 3.615 37.155 0.279 <0.001 21.485 64.252 0.002) p=<0.001
class
shannon -0.961 0.383 0.035 <0.001 0.357 0.41
elevation -0.025 0.976 0.003 <0.001 0.97 0.982
log_sl_ 0.051 1.053 0.002 <0.001 1.049 1.056
cos_ta_ -0.92 0.398 0.012 <0.001 0.389 0.408
Individual 5285 (n = 21070, number of events = 2033)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_9 upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.084 1.087 0.575 0.884 0.352 3.358
Trees class 1.47 4.347 0.618 0.017 1.294 14.609
Grass class 4.755 116.17 0.505 <0.001 43.161 312.675
Flooded vegeta- 4.494 89.463 0.536 <0.001 31.272 255.938
tion class
Crops class 3.536 34.346 0.506 <0.001 12.747 92.541 0.841 (se = 3208.03,
Shrub & Scrub 4.177 65.15 0.683 <0.001 17.07 248.65 0.006) p=<0.001
class
shannon -1.226 0.293 0.097 <0.001 0.242 0.355
elevation -0.008 0.992 0.004 0.055 0.985 1
log_sl_ 0.153 1.165 0.01 <0.001 1.143 1.189
cos_ta_ -1.227 0.293 0.039 <0.001 0.271 0.317
Individual 5286 (n = 191185, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_ 9  upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.482 1.619 0.217 0.026 1.059 2.475
Trees class 1.979 7232 0219 <0.001 4.708 1111 0765le= - 15750.03,
0.002) p=<0.001
Grass class 4.288 72.788 0.191 <0.001 50.091 105.769
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Flooded vegeta- 3.593 36.331 0.206 <0.001 24.25 54.43
tion class
Crops class 3.229 25.248 0.191 <0.001 17.364 36.712
Shrub & Scrub 3.459 31.784 0.282 <0.001 18.274 55.28
class
shannon -0.978 0.376 0.035 <0.001 0.351 0.403
elevation -0.025 0.975 0.003 <0.001 0.969 0.981
log_sl_ 0.05 1.052 0.002 <0.001 1.048 1.055
cos_ta_ -0.916 0.4 0.012 <0.001 0.391 0.41
Individual 5301 (n = 191157, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_ 9  upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.508 1.663 0.217 0.019 1.087 2.542
Trees class 2.004 7.419 0.219 <0.001 4.833 11.389
Grass class 4.282 72.418 0.191 <0.001 49.829 105.249
Flooded vegeta- 3.64 38.092 0.207 <0.001 25.412 57.1
tion class
Crops class 3.23 25.271 0.191 <0.001 17.376 36.755 0.764 (se = 15606.58,
Shrub & Scrub 3.52 33.77 0.281 <0.001 19.485 58.527 0.002) p=<0.001
class
shannon -0.989 0.372 0.035 <0.001 0.347 0.398
elevation -0.019 0.981 0.003 <0.001 0.976 0.986
log_sl_ 0.049 1.05 0.002 <0.001 1.047 1.054
cos_ta_ -0.914 0.401 0.012 <0.001 0.391 0.41
Individual 5303 (n = 191044, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 9 upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.494 1.639 0.218 0.023 1.069 2.513
Trees class 1.99 7.316 0.22 <0.001 4.752 11.264
Grass class 4.297 73.492 0.192 <0.001 50.464 107.027
Flooded vegeta- 3.66 38.859 0.207 <0.001 25.877 58.353
tion class
Crops class 3.24 25.532 0.192 <0.001 17.518 37.213 0.765 (se = 15694.06,
Shrub & Scrub 3.536 34.34 0.283 <0.001 19.704 59.847 0.002) p=<0.001
class
shannon -0.982 0.375 0.035 <0.001 0.35 0.402
elevation -0.02 0.98 0.003 <0.001 0.976 0.985
log_sl_ 0.049 1.05 0.002 <0.001 1.046 1.053
cos_ta_ -0.917 0.4 0.012 <0.001 0.39 0.409
Individual 5308 (n = 190976, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_9 upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.463 1.589 0.217 0.033 1.039 2.43
Trees class 1.999 7.378 0.219 <0.001 4.8 11.341
Grass class 4.301 73.76 0.191 <0.001 50.739 107.226
Flooded vegeta- 3.63 37.705 0.207 <0.001 25.153 56.522
tion class
Crops class 3.25 25.799 0.191 <0.001 17.734 37.532 0.765 (se = 15777.56,
Shrub & Scrub 3.636 37.924 0.279 <0.001 21.942 65.546 0.002) p=<0.001
class
shannon -1.03 0.357 0.035 <0.001 0.333 0.383
elevation -0.024 0.976 0.003 <0.001 0.971 0.982
log_sl_ 0.052 1.053 0.002 <0.001 1.05 1.057
cos_ta_ -0.909 0.403 0.012 <0.001 0.393 0.412
Individual 5439 (n = 191150, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 9 upper_95 Concord- Likelihood
5 ance ratio test
Water class 0.561 1.752 0.218 0.01 1.144 2.683  0.766 (se = 15634.01,
Trees class 2.011 7.472 0.22 <0.001 4.852 11.507 0.002) p=<0.001
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Grass class
Flooded vegeta-
tion class

Crops class
Shrub & Scrub
class

shannon
elevation
log_sl_

cos_ta_

4.33
3.664

3.273
3.601

-0.99
-0.023
0.049
-0.915

75.953
39.015

26.377
36.644

0.372
0.978
1.051
0.401

0.192
0.208

0.193
0.279

0.035
0.003
0.002
0.012

<0.001
<0.001

<0.001
<0.001

<0.001
<0.001
<0.001
<0.001

52.111
25.965

18.084
21.208

0.347
0.972
1.047
0.391

110.703
58.625

38.475
63.314

0.398
0.983
1.054

0.41

Model 1: landcover + shannon + elevation + log_sl_ + cos_ta_ + strata(step_id_). Data: 2022
Individual 5181 (n = 27690, number of events = 2527)

Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 wupper_95 Concordance Likelihood
ratio test
Water class -1.277 0.279 0.561 0.023 0.093 0.838
Trees class 2.777 16.066 0.447 <0.001 6.684 38.617
Grass class 2.658 14.262 0.417 <0.001 6.293 32.323
Flooded vegeta- 2.731 15.342 0.457 <0.001 6.26 37.603
tion class
Crops class 2.612 13.633 0.415 <0.001 6.045 30.745 0.759 (se = 2145.60,
Shrub & Scrub 12.007 0 896.668 0.989 0 Inf 0.006) p=<0.001
class
shannon -1.343 0.261 0.104 <0.001 0.213 0.32
elevation -0.381 0.683 0.04 <0.001 0.632 0.739
log_sl_ 0.056 1.057 0.006 <0.001 1.045 1.07
cos_ta_ -1.015 0.362 0.032 <0.001 0.34 0.386
Individual 5264 (n = 177942, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95 upper_95  Concordance Likelihood
ratio test
Water class 0.684 1.982 0.228 0.003 1.268 3.098
Trees class 2.012 7.48 0.231 <0.001 4758 11.759
Grass class 2.792 16.309 0.204 <0.001 10.943 24.305
Flooded vegeta- 2.615 13.664 0.216 <0.001 8.95 20.863
tion class
Crops class 2.506 12.253 0.203 <0.001 8.233 18.236 0.686 (se = 6818.73,
Shrub & Scrub 1.242 3.463 0.502 0.013 1.293 9.27 0.003) p=<0.001
class
shannon -0.814 0.443 0.041 <0.001 0.409 0.48
elevation -0.458 0.632 0.021 <0.001 0.607 0.659
log_sl_ 0.018 1.018 0.002 <0.001 1.015 1.021
cos_ta_ -0.718 0.488 0.012 <0.001 0.476 0.499
Individual 5285 (n = 177962, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95 upper_95  Concordance Likelihood
ratio test
Water class 0.712 2.037 0.228 0.002 1.304 3.183
Trees class 2.002 7.405 0.23 <0.001 4715 11.631
Grass class 2.838 17.09 0.204 <0.001 11.469 25.467
Flooded vegeta- 2.64 14.018 0.216 <0.001 9.183 21.398
tion class
Crops class 2.549 12.791 0.203 <0.001 8.593 19.039 0.687 (se = 6756.77,
Shrub & Scrub 1.256 3.511 0.526 0.017 1.253 9.841 0.003) p=<0.001
class
shannon -0.796 0.451 0.04 <0.001 0.417 0.488
elevation -0.45 0.637 0.02 <0.001 0.613 0.663
log_sl_ 0.017 1.017 0.002 <0.001 1.014 1.02
cos_ta_ -0.707 0.493 0.012 <0.001 0.482 0.505
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Individual 5301 (n = 177949, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 95 upper_95  Concordance Likelihood
ratio test
Water class 0.735 2.086 0.228 0.001 1.334 3.263
Trees class 1.995 7.349 0.231 <0.001 4.677 11.546
Grass class 2.856 17.398 0.204 <0.001 11.661 25.957
Flooded vegeta- 2.644 14.072 0.216 <0.001 9.208 21.505
tion class
Crops class 2.561 12.948 0.203 <0.001 8.69 19.294 0.687 (se = 6795.40,
Shrub & Scrub 1.376 3.957 0.508 0.007 1.461 10.721 0.003) p=<0.001
class
shannon -0.795 0.451 0.04 <0.001 0.417 0.489
elevation -0.44 0.644 0.02 <0.001 0.619 0.67
log_sl_ 0.018 1.018 0.002 <0.001 1.014 1.021
cos_ta_ -0.71 0.491 0.012 <0.001 0.48 0.503
Individual 5303 (n = 177932, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower 95 upper_95  Concordance Likelihood
ratio test
Water class 0.686 1.986 0.228 0.003 1.269 3.108
Trees class 1.971 7.18 0.232 <0.001 4.559 11.309
Grass class 2.832 16.979 0.204 <0.001 11.378 25.336
Flooded vegeta- 2.632 13.898 0.216 <0.001 9.093 21.24
tion class
Crops class 2.525 12.495 0.204 <0.001 8.383 18.624 0.689 (se = 7005.76,
Shrub & Scrub 1.304 3.684 0.504 0.01 1.372 9.887 0.003) p=<0.001
class
shannon -0.825 0.438 0.04 <0.001 0.405 0.474
elevation -0.464 0.629 0.02 <0.001 0.604 0.654
log_sl_ 0.017 1.017 0.002 <0.001 1.014 1.02
cos_ta_ -0.723 0.485 0.012 <0.001 0.474 0.497
Individual 5439 (n = 71400, number of events = 6498)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95 upper_95  Concordance Likelihood
ratio test
Water class -0.925 0.396 0.276 <0.001 0.231 0.681
Trees class 1.226 3.409 0.262 <0.001 2.041 5.695
Grass class 2.058 7.832 0.2 <0.001 5.296 11.581
Flooded vegeta- 2.197 9.001 0.221 <0.001 5.84 13.874
tion class
Crops class 1.885 6589  0.198 <0.001 4.47 9.712 0'%830(233 = jfzg ‘ggi
Shrub & Scrub -0.143 0.867 1.025 0.889 0.116 6.462 ’ ’
class
shannon -0.873 0.418 0.06 <0.001 0.372 0.47
elevation -0.398 0.672 0.028 <0.001 0.636 0.709
log_sl_ 0.03 1.031 0.003 <0.001 1.025 1.037
cos_ta_ -0.586 0.556 0.019 <0.001 0.536 0.577

Model 2: landcover + mena_patch_area + elevation + log_sl_ + cos_ta_ + strata(step_id_). Data:
2021
Individual 5181 (n = 68306, number of events = 6623)

Covariate coef Exp(Co se(coef Pr(>|z|] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.273 1.313 0.351 0.437 0.66 2.613
Trees class 1.818 6.159 0.376 <0.001 2.946 12.873 0.905 (se = 15928.92,
Grass class 5.246 189.86 0.32 <0.001 101.372 355.595 0.002) p=<0.001
1
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Flooded vegeta- 4.575 97.01 0.346 <0.001 49.244 191.107
tion class
Crops class 3.715 41.048 0.321 <0.001 21.901 76.936
Shrub & Scrub 3.585 36.066 0.51 <0.001 13.284 97.915
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.008 0.992 0.003 0.002 0.987 0.997
log_sl_ 0.237 1.268 0.009 <0.001 1.245 1.29
cos_ta_ -1.745 0.175 0.026 <0.001 0.166 0.184
Individual 5264 (n = 63701, number of events = 6010)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.136 1.145 0.286 0.636 0.653 2.008
Trees class 1.522 4.58 0.299 <0.001 2.551 8.223
Grass class 4.074 58.804 0.245 <0.001 36.366 95.086
Flooded vegeta- 3.598 36.518 0.27 <0.001 21.526 61.952
tion class
Crops class 3.086 21.879 0.246 <0.001 13.521 35.403
ShrEb & Scrub 3.331 27.966 0.403 <0.001 12.697 61.599 0.772 (se = >751.76,
0.004) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.015 0.985 0.003 <0.001 0.979 0.991
log_sl_ 0.093 1.097 0.004 <0.001 1.088 1.106
cos_ta_ -0.832 0.435 0.021 <0.001 0.418 0.453
Individual 5268 (n = 191256, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.599 1.821 0.216 0.006 1.192 2.782
Trees class 1.972 7.183 0.218 <0.001 4.681 11.021
Grass class 4307 74.244 0.191 <0.001 51.088 107.896
Flooded vegeta- 3.564 35.318 0.207 <0.001 23.561 52.941
tion class
Crops class 3.254 25.882 0.191 <0.001 17.797 37.641
Shrlr:b & Scrub 3.423 30.649 0.278 <0.001 17.779 52.835 0.761 (se = 15304.66,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.024 0.976 0.003 <0.001 0.97 0.982
log_sl_ 0.046 1.047  0.002 <0.001 1.044 1.051
cos_ta_ -0.92 0.399 0.012 <0.001 0.389 0.408
Individual 5270 (n = 191282, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.602 1.825 0.218 0.006 1.19 2.799
Trees class 1.977 7.221 0.22 <0.001 4.691 11.117
Grass class 4338 76.526 0.193 <0.001 52.45 111.653
Flooded vegeta- 3.562 35.23 0.208 <0.001 23.417 53.003
tion class
Crops class 3.263  26.118 0.193 <0.001 17.888 38.133
Shrub & Scrub 345 3149 0277 <0.001 18.297 54217 O076ilse=  15371.34,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.024 0.976 0.003 <0.001 0.97 0.982
log_sl_ 0.048 1.05 0.002 <0.001 1.046 1.053
cos_ta_ -0.918 0.399 0.012 <0.001 0.39 0.409

Individual 5277 (n = 191165, number of events = 17681)
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Covariate coef Exp(Co se(coef Pr(>|z] lower_ 95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.564 1.758 0.217 0.009 1.15 2.688
Trees class 1.972 7.183 0.219 <0.001 4.678 11.029
Grass class 4.29 72.965 0.19 <0.001 50.235 105.98
Flooded vegeta- 3.532 34.199 0.206 <0.001 22.821 51.249
tion class
Crops class 3.235  25.407 0.191 <0.001 17.478 36.932
Shrub & Scrub 3383 29457 0277 <0.001 17.101 5074 O76llse= 1529948,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.024 0.976 0.003 <0.001 0.971 0.981
log_sl_ 0.044 1.045 0.002 <0.001 1.042 1.049
cos_ta_ -0.92 0.398 0.012 <0.001 0.389 0.408
Individual 5278 (n = 191145, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.581 1.787 0.216 0.007 1.17 2.73
Trees class 2.001 7.394 0.219 <0.001 4.818 11.347
Grass class 4.316 74.895 0.19 <0.001 51.569 108.772
Flooded vegeta- 3.625 37.534 0.206 <0.001 25.052 56.234
tion class
Crops class 3.263 26.135 0.191 <0.001 17.982 37.983
Shrl.r:b & Scrub 3.591 36.26 0.277 <0.001 21.061 62.428 0.763 (se = 15479.93,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.025 0.975 0.003 <0.001 0.969 0.981
log_sl_ 0.046 1.047 0.002 <0.001 1.044 1.051
cos_ta_ -0.933 0.393 0.012 <0.001 0.384 0.403
Individual 5282 (n = 191295, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z|] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.595 1.814 0.218 0.006 1.183 2.782
Trees class 2.016 7.51 0.219 <0.001 4.886 11.546
Grass class 433 75941 0.192 <0.001 52.076 110.745
Flooded vegeta- 3.586 36.075 0.208 <0.001 23.98 54.268
tion class
Crops class 3.276 26.471 0.193 <0.001 18.14 38.629
Shrsb & Scrub 3.435 31.028 0.277 <0.001 18.026 53.406 0.762 (se = 15361.68,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.029 0.972 0.003 <0.001 0.966 0.978
log_sl_ 0.048 1.049 0.002 <0.001 1.045 1.052
cos_ta_ -0.923 0.397 0.012 <0.001 0.388 0.407
Individual 5284 (n = 191142, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.576 1.779 0.218 0.008 1.161 2.726
Trees class 2.049 7.76 0.221 <0.001 5.035 11.961
Grass class 4.353 77.741 0.193 <0.001 53.25 113.495
Flooded vegeta- 3.626 37.579 0.209 <0.001 24.966 56.566 0.763 (se = 15415.03,
tion class 0.002) p=<0.001
Crops class 3.31 27.382 0.193 <0.001 18.743 40.003
Shrub & Scrub 3.543 34.57 0.277 <0.001 20.087 59.497
class
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mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.028 0.972 0.003 <0.001 0.966 0.979
log_sl_ 0.048 1.049 0.002 <0.001 1.046 1.053
cos_ta_ -0.924 0.397 0.012 <0.001 0.388 0.406
Individual 5285 (n = 21070, number of events = 2033)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.233 1.262 0.575 0.685 0.409 3.895
Trees class 1.481 4.396 0.618 0.017 1.31 14.746
Grass class 4.752 115.84 0.504 <0.001 43.122 311.221
7
Flooded vegeta- 4,398 81.27 0.536 <0.001 28.442 232.215
tion class
Crops class 3.585 36.048 0.505 <0.001 13.404 96.947 0.835 (se = 3092.09,
Shrub & Scrub 4.058 57.838 0.676 <0.001 15.375 217.572 0.006) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.009 0.991 0.004 0.036 0.983 0.999
log_sl_ 0.143 1.154 0.01 <0.001 1.132 1.176
cos_ta_ -1.233 0.292 0.039 <0.001 0.27 0.315
Individual 5286 (n = 191185, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.566 1.761 0.216 0.009 1.152 2.692
Trees class 1.989 7.307 0.219 <0.001 4.758 11.223
Grass class 4311 74.536 0.191 <0.001 51.306 108.283
Flooded vegeta- 3.558 35.092 0.206 <0.001 23.424 52.572
tion class
Crops class 3.255 25.93 0.191 <0.001 17.837 37.694
Shrub & Scrub 3.407 30173  0.279 <0.001 17.477 52003 O76ilse= 1534281,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.028 0.972 0.003 <0.001 0.966 0.979
log_sl_ 0.047 1.048  0.002 <0.001 1.045 1.052
cos_ta_ -0.918 0.399 0.012 <0.001 0.39 0.409
Individual 5301 (n = 191157, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z|] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.598 1.818 0.217 0.006 1.189 2.779
Trees class 2.022 7.552 0.219 <0.001 4.92 11.591
Grass class 4313 74.664 0.191 <0.001 51.375 108.51
Flooded vegeta- 3.614 37.114 0.207 <0.001 24.754 55.647
tion class
Crops class 3.261  26.087 0.191 <0.001 17.937 37.94
Shrub & Scrub 3.444 31.321 0.278 <0.001 18.153 54.04 0.760 (se = 15186.84,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.021 0.979 0.003 <0.001 0.974 0.985
log_sl_ 0.046 1.047 0.002 <0.001 1.043 1.05
cos_ta_ -0.917 0.4 0.012 <0.001 0.39 0.409
Individual 5303 (n = 191044, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z|] lower_ 95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.572 1.772 0.218 0.009 1.155 2.718 0.761 (se = 15302.69,
Trees class 2.007 7.44 0.22 <0.001 4.832 11.456 0.002) p=<0.001
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Grass class 4.329 75.837 0.192 <0.001 52.061 110.469
Flooded vegeta- 3.645  38.292 0.208 <0.001 25.485 57.535
tion class
Crops class 3.272 26.368 0.192 <0.001 18.087 38.44
Shrub & Scrub 3.489 32.764 0.281 <0.001 18.881 56.856
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.022 0.979 0.003 <0.001 0.974 0.983
log_sl_ 0.045 1.046 0.002 <0.001 1.043 1.05
cos_ta_ -0.919 0.399 0.012 <0.001 0.39 0.408
Individual 5308 (n = 190976, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.549 1.732 0.217 0.011 1.133 2.647
Trees class 2.005 7.425 0.219 <0.001 4.832 11.41
Grass class 4324  75.475 0.191 <0.001 51.943 109.668
Flooded vegeta- 3.61 36.948 0.206 <0.001 24.654 55.372
tion class
Crops class 3.278 26.526 0.191 <0.001 18.242 38.572
Shrsb & Scrub 3532 34178 0277 <0.001 19.852 sggqr  0762(se= 1534344,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.026 0.974 0.003 <0.001 0.969 0.98
log_sl_ 0.048 1.05  0.002 <0.001 1.046 1.053
cos_ta_ -0.911 0.402 0.012 <0.001 0.393 0.412
Individual 5439 (n = 191150, number of events = 17681)
Covariate coef Exp(Co se(coef Pr(>|z] lower_95 upper_95 Concordance Likelihood
ef) ) ) ratio test
Water class 0.643 1.902 0.218 0.003 1.241 2.915
Trees class 2.044 7.723 0.221 <0.001 5.01 11.905
Grass class 4.361 78.31 0.193 <0.001 53.687 114.225
Flooded vegeta- 3.651 38.514 0.208 <0.001 25.607 57.927
tion class
Crops class 3.308 27.336 0.193 <0.001 18.726 39.905
Shrub & Scrub 3556 35015  0.277 <0.001 20.333 60209 ~O-761lse= 1523707,
0.002) p=<0.001
class
mean_patch_are 0 1 0 <0.001 1 1
a
elevation -0.025 0.975 0.003 <0.001 0.969 0.981
log_sl_ 0.046 1.047 0.002 <0.001 1.043 1.05
cos_ta_ -0.917 0.4 0.012 <0.001 0.39 0.409

Model 2: landcover + mena_patch_area + elevation + log_sl_ + cos_ta_ + strata(step_id_). Data:

2022
Individual 5181 (n = 27690, number of events = 2527)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95 upper_95 Concord- Likelihood
ance ratio test

Water class -1.135 0.321 0.561 0.043 0.107 0.965
Trees class 2.706 14.972 0.448 <0.001 6.228 35.994
Grass class 2.689 14.713 0.417 <0.001 6.502 33.291
Flooded vegeta- 2.788 16.247 0.457 <0.001 6.634 39.787  0.755 (se = 2090.16,
tion class 0.006) p=<0.001
Crops class 2.714 15.089 0.414 <0.001 6.701 33.975
Shrub & Scrub 12.027 0 912.489 0.989 0 Inf
class
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mean_patch_area 0 1 0 <0.001 1 1
elevation -0.401 0.67 0.04 <0.001 0.619 0.724
log_sl_ 0.053 1.054 0.006 <0.001 1.041 1.067
cos_ta_ -1.016 0.362 0.032 <0.001 0.34 0.385
Individual 5264 (n = 177942, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95  upper_95 Concord- Likelihood
ance ratio test
Water class 0.783 2.188 0.228 <0.001 1.401 3.417
Trees class 2.116 8.301 0.23 <0.001 5.288 13.03
Grass class 2.857 17.413 0.203 <0.001 11.691 25.934
Flooded vegeta- 2.684 14.64 0.216 <0.001 9.59 22.35
tion class
Crops class 2.592 13.36 0.203 <0.001 8.982 19.872  0.683 (se = 6700.12,
Shrub & Scrub 1.242 3.461 0.502 0.013 1.293 9.263 0.003) p=<0.001
class
mean_patch_area 0 1 0 <0.001 1 1
elevation -0.467 0.627 0.02 <0.001 0.602 0.653
log_sl_ 0.017 1.017 0.002 <0.001 1.014 1.02
cos_ta_ -0.718 0.488 0.012 <0.001 0.476 0.499
Individual 5285 (n = 177962, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95  upper_95 Concord- Likelihood
ance ratio test
Water class 0.812 2.253 0.227 <0.001 1.443 3.518
Trees class 2.098 8.146 0.23 <0.001 5.195 12.775
Grass class 2.903 18.22 0.203 <0.001 12.235 27.134
Flooded vegeta- 2.686 14.674 0.216 <0.001 9.615 22.397
tion class
Crops class 2.633 13.922 0.203 <0.001 9.359 20.709  0.684 (se = 6625.96,
Shrub & Scrub 1.265 3.541 0.523 0.016 1.269 9.88 0.003) p=<0.001
class
mean_patch_area 0 1 0 <0.001 1 1
elevation -0.458 0.633 0.02 <0.001 0.608 0.658
log_sl_ 0.016 1.016 0.002 <0.001 1.013 1.019
cos_ta_ -0.707 0.493 0.012 <0.001 0.482 0.505
Individual 5301 (n = 177949, number of events = 16186)
Covariate coef Exp(Coef) se(coef) Pr(>|z|) lower_95 upper_95 Concord- Likelihood
ance ratio test
Water class 0.833 2.3 0.228 <0.001 1.472 3.594
Trees class 2.104 8.201 0.23 <0.001 5.228 12.863
Grass class 2.919 18.519 0.204 <0.001 12.421 27.611
Flooded vegeta- 2.712 15.064 0.216 <0.001 9.859 23.018
tion class
Crops class 2.644 14.064 0.203 <0.001 9.445 20.941  0.685 (se = 6688.10,
Shrub & Scrub 1.327 3.768 0.512 0.01 1.381 10.278 0.003) p=<0.001
class
mean_patch_area 0 1 0 <0.001 1 1
elevation -0.451 0.637 0.02 <0.001 0.612 0.663
log_sl_ 0.017 1.017 0.002 <0.001 1.014 1.02
cos_ta_ -0.711 0.491 0.012 <0.001 0.48 0.503
Individual 5303 (n = 177932, number of events = 16186)
Covariate coef Exp(Coef) se(coef) Pr(>|z|) lower_95 upper_95 Concord- Likelihood
ance ratio test
Water class 0.795 2.214 0.228 <0.001 1.416 3.46
Trees class 2.085 8.044 0.23 <0.001 5.12 12.637
Grass class 2.899 18.154 0.204 <0.001 12.179 27.061 0.687 (se = 6866.09,
Flooded vegeta- 2.697 14.833 0.216 <0.001 9.71 22.659 0.003) p=<0.001
tion class
Crops class 2.614 13.658 0.203 <0.001 9.174 20.336
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Shrub & Scrub 1.271 3.564 0.503 0.011 1.33 9.545
class
mean_patch_area 0 1 0 <0.001 1 1
elevation -0.472 0.624 0.02 <0.001 0.599 0.649
log_sl_ 0.016 1.016 0.002 <0.001 1.013 1.019
cos_ta_ -0.723 0.485 0.012 <0.001 0.474 0.497
Individual 5439 (n = 71400, number of events = 6498)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|) lower_95  upper_95 Concord- Likelihood
ance ratio test

Water class -0.814 0.443 0.276 0.003 0.258 0.761
Trees class 1.289 3.629 0.261 <0.001 2.176 6.053
Grass class 2.112 8.267 0.199 <0.001 5.597 12.211
Flooded vegeta- 2.25 9.484 0.221 <0.001 6.153 14.619
tion class
Crops class 1.971 7.176 0.197 <0.001 4.874 10.565 0.677 (se = 2597.12,
Shrub & Scrub -0.118 0.889 1.025 0.908 0.119 6.625 0.004) p=<0.001
class
mean_patch_area 0 1 0 <0.001 1 1
elevation -0.407 0.666 0.028 <0.001 0.631 0.703
log_sl_ 0.029 1.029 0.003 <0.001 1.023 1.035
cos_ta_ -0.585 0.557 0.019 <0.001 0.537 0.578

Model 3: landcover + contagio + elevation + log_sl_ + cos_ta_ + strata(step_id_). Data: 2021
Individual 5181 (n = 68306, number of events = 6623)

Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance  Likelihood
ratio test
Water class 0.292 1.339 0.351 0.405 0.673 2.664
Trees class 1.783 5.95 0.377 <0.001 2.845 12.446
Grass class 5.234 187.497 0.32 <0.001 100.095 351.216
Flooded vegeta- 4.806 122.229 0.347 <0.001 61.879 241.436
tion class
Crops class 3.705 40.664 0.321 <0.001 21.691 76.232 0.905 (se = 15952.47,
Shrub & Scrub 3.713 40.984 0.512 <0.001 15.029 111.76 0.002) p=<0.001
class
contagio 3.267 26.233 0.173 <0.001 18.676 36.848
elevation -0.007 0.993 0.003 0.003 0.988 0.997
log_sl_ 0.236 1.266 0.009 <0.001 1.243 1.289
cos_ta_ -1.74 0.176 0.026 <0.001 0.167 0.185
Individual 5264 (n = 63701, number of events = 6010)
Covariate coef Exp(Coef) se(coef) Pr(>|z]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.131 1.14 0.286 0.648 0.65 1.999
Trees class 1.51 4.526 0.299 <0.001 2.52 8.127
Grass class 4.061 58.009 0.245 <0.001 35.862 93.834
Flooded vegeta- 3.809 45.102 0.271 <0.001 26.501 76.76
tion class
Crops class 3.077 21.703 0.246 <0.001 13.407 35.132 0.772 (se = 5803.50,
Shrub & Scrub 3.481 32.486 0.404 <0.001 14.708 71.751 0.004) p=<0.001
class
contagio 2.214 9.151 0.152 <0.001 6.788 12.336
elevation -0.015 0.985 0.003 <0.001 0.979 0.991
log_sl_ 0.094 1.098 0.004 <0.001 1.089 1.107
cos_ta_ 0.831 0.435 0.021 <0.001 0.418 0.454
Individual 5268 (n = 191256, number of events = 17681)
Covariate coef Exp(Coef) se(coef) Pr(>|z|]) lower_ 95 upper_ 95 Concordance Likelihood
ratio test
Water class 0.582 1.789 0.216 0.007 1.171 2.734
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Trees class 1.983 7.266 0.219 <0.001 4734 11.151 0.764 (se = 15653.91,
Grass class 4.3 73.675 0.191 <0.001 50.69 107.081 0.002) p=<0.001
Flooded vegeta- 3.926 50.688 0.208 <0.001 33.734 76.161
tion class
Crops class 3.242 25.595 0.191 <0.001 17.597 37.227
Shrub & Scrub 3.663 38.986 0.279 <0.001 22.566 67.354
class
contagio 2.678 14.558 0.104 <0.001 11.871 17.853
elevation -0.023 0.977 0.003 <0.001 0.971 0.983
log_sl_ 0.048 1.05 0.002 <0.001 1.046 1.053
cos_ta_ -0.92 0.399 0.012 <0.001 0.389 0.408

Individual 5270 (n = 191282, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_ 95 upper_ 95 Concordance Likelihood
ratio test
Water class 0.582 1.789 0.218 0.008 1.168 2.742
Trees class 1.992 7.333 0.22 <0.001 4.765 11.286
Grass class 4.325 75.595 0.192 <0.001 51.842 110.231
Flooded vegeta- 3.925 50.642 0.209 <0.001 33.605 76.317
tion class
Crops class 3.247 25.721 0.193 <0.001 17.627 37.533 0.765 (se = 15718.30,
Shrub & Scrub 3.759 42.908 0.278 <0.001 24.885 73.984 0.002) p=<0.001
class
contagio 2.693 14.781 0.104 <0.001 12.047 18.135
elevation -0.023 0.977 0.003 <0.001 0.971 0.983
log_sl_ 0.05 1.052 0.002 <0.001 1.048 1.055
cos_ta_ -0.916 0.4 0.012 <0.001 0.391 0.409
Individual 5277 (n = 191165, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_ 95 upper_ 95 Concordance Likelihood
ratio test
Water class 0.548 1.729 0.216 0.011 1.131 2.643
Trees class 1.974 7.2 0.219 <0.001 4.688 11.057
Grass class 4.273 71.769 0.19 <0.001 49.412 104.24
Flooded vegeta- 3.871 47.984 0.207 <0.001 31.95 72.064
tion class
Crops class 3.22 25.022 0.191 <0.001 17.214 36.371 0.765 (se = 15622.22,
Shrub & Scrub 3.626 37.569 0.278 <0.001 21.806 64.726 0.002) p=<0.001
class
contagio 2.699 14.867 0.104 <0.001 12.129 18.223
elevation -0.024 0.977 0.003 <0.001 0.972 0.982
log_sl_ 0.046 1.047 0.002 <0.001 1.044 1.051
cos_ta_ -0.92 0.398 0.012 <0.001 0.389 0.408
Individual 5278 (n = 191145, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.563 1.756 0.216 0.009 1.15 2.683
Trees class 2.017 7.514 0.219 <0.001 4.895 11.534
Grass class 4.302 73.85 0.19 <0.001 50.843 107.268
Flooded vegeta- 3.973 53.118 0.207 <0.001 35.373 79.765
tion class
Crops class 3.246 25.7 0.191 <0.001 17.681 37.356 0.766 (se = 15798.76,
Shrub & Scrub 3.867 47.805 0.278 <0.001 27.732 82.406 0.002) p=<0.001
class
contagio 2.71 15.026 0.104 <0.001 12.256 18.423
elevation -0.024 0.976 0.003 <0.001 0.97 0.982
log_sl_ 0.048 1.049 0.002 <0.001 1.046 1.053
cos_ta_ -0.932 0.394 0.012 <0.001 0.385 0.403
Individual 5282 (n = 191295, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
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Water class 0.571 1.77 0.218 0.009 1.155 2.712
Trees class 2.024 7.565 0.219 <0.001 4.925 11.619
Grass class 431 74.435 0.192 <0.001 51.09 108.446
Flooded vegeta- 3.922 50.51 0.209 <0.001 33.536 76.073
tion class
Crops class 3.255 25.913 0.192 <0.001 17.774 37.779 0.765 (se = 15692.76,
Shrub & Scrub 3.712 40.956 0.277 <0.001 23.792 70.502 0.002) p=<0.001
class
contagio 2.698 14.843 0.104 <0.001 12.099 18.209
elevation -0.027 0.973 0.003 <0.001 0.967 0.979
log_sl_ 0.049 1.051 0.002 <0.001 1.047 1.054
cos_ta_ -0.923 0.397 0.012 <0.001 0.388 0.407
Individual 5284 (n = 191142, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.561 1.753 0.218 0.01 1.144 2.687
Trees class 2.055 7.807 0.221 <0.001 5.061 12.044
Grass class 4.342 76.836 0.193 <0.001 52.588 112.265
Flooded vegeta- 3.958 52.339 0.21 <0.001 34.675 79.001
tion class
Crops class 3.296 27.014 0.194 <0.001 18.477 39.497 0.766 (se = 15727.01,
Shrub & Scrub 3.815 45.373 0.278 <0.001 26.327 78.195 0.002) p=<0.001
class
contagio 2.619 13.718 0.104 <0.001 11.193 16.814
elevation -0.026 0.974 0.003 <0.001 0.968 0.98
log_sl_ 0.05 1.051 0.002 <0.001 1.048 1.055
cos_ta_ -0.923 0.397 0.012 <0.001 0.388 0.407
Individual 5285 (n = 21070, number of events = 2033)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.252 1.286 0.575 0.662 0.417 3.968
Trees class 1.458 4.299 0.618 0.018 1.281 14.421
Grass class 4.743 114.819 0.504 <0.001 42.747 308.405
Flooded vegeta- 4.538 93.494 0.538 <0.001 32.567 268.402
tion class
Crops class 3.583 35.965 0.505 <0.001 13.374 96.714 0.835 (se = 3090.61,
Shrub & Scrub 4.142 62.901 0.675 <0.001 16.756 236.129 0.006) p=<0.001
class
contagio 1.925 6.853 0.259 <0.001 4121 11.396
elevation -0.009 0.991 0.004 0.04 0.983 1
log_sl_ 0.143 1.154 0.01 <0.001 1.131 1.176
cos_ta_ -1.232 0.292 0.039 <0.001 0.27 0.315
Individual 5286 (n = 191185, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.551 1.735 0.216 0.011 1.135 2.651
Trees class 2.004 7.417 0.219 <0.001 4.829 11.391
Grass class 4.301 73.764 0.191 <0.001 50.777 107.157
Flooded vegeta- 3.905 49.627 0.207 <0.001 33.057 74.504
tion class
Crops class 3.242 25.58 0.191 <0.001 17.597 37.184 0.765 (se = 15682.63,
Shrub & Scrub 3.7 40.433 0.279 <0.001 23.388 69.9 0.002) p=<0.001
class
contagio 2.686 14.674 0.104 <0.001 11.972 17.985
elevation -0.027 0.973 0.003 <0.001 0.967 0.98
log_sl_ 0.049 1.05 0.002 <0.001 1.047 1.054
cos_ta_ -0.918 0.399 0.012 <0.001 0.39 0.409

Individual 5301 (n = 191157, number of events = 17681)
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Covariate coef Exp(Coef) se(coef) Pr(>|z|]) lower 95 upper_95 Concordance  Likelihood
ratio test
Water class 0.582 1.79 0.217 0.007 1.171 2.736
Trees class 2.04 7.694 0.219 <0.001 5.013 11.808
Grass class 4.298 73.52 0.191 <0.001 50.59 106.841
Flooded vegeta- 3.956 52.272 0.208 <0.001 34.79 78.538
tion class
Crops class 3.243 25.62 0.191 <0.001 17.617 37.26 0.763 (se = 15505.90,
Shrub & Scrub 3.735 41.906 0.279 <0.001 24.239 72.45 0.002) p=<0.001
class
contagio 2.679 14.565 0.104 <0.001 11.878 17.86
elevation -0.02 0.98 0.003 <0.001 0.974 0.985
log_sl_ 0.048 1.049 0.002 <0.001 1.045 1.052
cos_ta_ -0.917 0.4 0.012 <0.001 0.391 0.409
Individual 5303 (n = 191044, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.556 1.743 0.218 0.011 1.137 2.673
Trees class 2.019 7.529 0.22 <0.001 4.891 11.591
Grass class 4.314 74.721 0.192 <0.001 51.304 108.826
Flooded vegeta- 4 54.596 0.209 <0.001 36.262 82.199
tion class
Crops class 3.254 25.899 0.192 <0.001 17.768 37.751 0.764 (se = 15643.71,
Shrub & Scrub 3.735 41.874 0.282 <0.001 24.091 72.786 0.002) p=<0.001
class
contagio 2.733 15.384 0.104 <0.001 12.552 18.856
elevation -0.021 0.98 0.003 <0.001 0.975 0.985
log_sl_ 0.047 1.048 0.002 <0.001 1.045 1.052
cos_ta_ -0.919 0.399 0.012 <0.001 0.39 0.408
Individual 5308 (n = 190976, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance Likelihood
ratio test
Water class 0.543 1.721 0.217 0.012 1.126 2.631
Trees class 2.027 7.593 0.219 <0.001 4.939 11.672
Grass class 4.318 75.05 0.191 <0.001 51.629 109.096
Flooded vegeta- 3.955 52.179 0.208 <0.001 34.73 78.394
tion class
Crops class 3.27 26.309 0.191 <0.001 18.085 38.272 0.765 (se = 15672.83,
Shrub & Scrub 3.83 46.04 0.278 <0.001 26.695 79.402 0.002) p=<0.001
class
contagio 2.782 16.145 0.104 <0.001 13.162 19.803
elevation -0.025 0.975 0.003 <0.001 0.97 0.981
log_sl_ 0.05 1.052 0.002 <0.001 1.048 1.055
cos_ta_ -0.911 0.402 0.012 <0.001 0.393 0.412
Individual 5439 (n = 191150, number of events = 17681)
Covariate coef Exp(Coef)  se(coef) Pr(>|z|]) lower_95 upper_95 Concordance  Likelihood
ratio test
Water class 0.625 1.868 0.218 0.004 1.22 2.861
Trees class 2.042 7.705 0.22 <0.001 5.002 11.867
Grass class 4.343 76.972 0.192 <0.001 52.815 112.177
Flooded vegeta- 3.981 53.556 0.209 <0.001 35.563 80.654
tion class
Crops class 3.287 26.759 0.193 <0.001 18.346 39.028 0.764 (se = 15552.40,
Shrub & Scrub 3.828 45.95 0.278 <0.001 26.648 79.234 0.002) p=<0.001
class
contagio 2.71 15.025 0.104 <0.001 12.256 18.419
elevation -0.024 0.976 0.003 <0.001 0.97 0.982
log_sl_ 0.048 1.049 0.002 <0.001 1.045 1.053
cos_ta_ -0.917 0.4 0.012 <0.001 0.39 0.409
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Model 3: landcover + contagio + elevation + log_sl_ + cos_ta_ + strata(step_id_). Data: 2022

Individual 5181 (n = 27690, number of events = 2527)

Covariate coef Exp(Coef)  se(coef) Pr(>|z]) lower_95 upper_95  Concordance Likelihood
ratio test
Water class -1.107 0.33 0.561 0.048 0.11 0.992
Trees class 2.808 16.571 0.447 <0.001 6.895 39.827
Grass class 2.694 14.795 0.417 <0.001 6.536 33.49
Flooded veg- 3.056 21.249 0.46 <0.001 8.619 52.386
etation class
Crops class 2.727 15.28 0.414 <0.001 6.784 34.417 0.755 (se = 2089.41,
Shrub & 11.757 0 889.065 0.989 0 Inf 0.006) p=<0.001
Scrub class
contagio 3.099 22.175 0.294 <0.001 12.46 39.465
elevation -0.387 0.679 0.04 <0.001 0.628 0.734
log_sl_ 0.052 1.054 0.006 <0.001 1.041 1.066
cos_ta_ -1.013 0.363 0.032 <0.001 0.341 0.387
Individual 5264 (n = 177942, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z]) lower 95 upper_ 95 Concordance Likelihood
ratio test
Water class 0.803 2.232 0.228 <0.001 1.429 3.486
Trees class 2.093 8.109 0.23 <0.001 5.162 12.738
Grass class 2.850 17.293 0.203 <0.001 11.609 25.76
Flooded veg- 2.805 16.522 0.217 <0.001 10.808 25.255
etation class
Crops class 2.598 13.432 0.203 <0.001 9.030 19.981 0.683 (se = 6653.32,
Shrub & 1.283 3.608 0.502 0.011 1.347 9.659 0.003) p=<0.001
Scrub class
contagio 1.608 499 0.103 <0.001 4.076 6.11
elevation -0.457 0.633 0.02 <0.001 0.609 0.659
log_sl_ 0.017 1.017 0.002 <0.001 1.014 1.02
cos_ta_ -0.717 0.488 0.012 <0.001 0.477 0.5
Individual 5285 (n = 177962, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z]) lower 95 upper_95 Concordance Likelihood
ratio test
Water class 0.824 2.28 0.227 <0.001 1.46 3.56
Trees class 2.08 8.006 0.23 <0.001 5.101 12.564
Grass class 2.891 18.01 0.203 <0.001 12.09 26.829
Flooded veg- 2.826 16.87 0.217 <0.001 11.036 25.789
etation class
Crops class 2.632 13.896 0.203 <0.001 9.339 20.675 0.683 (se = 6617.76,
Shrub & 1.293 3.643 0.528 0.014 1.295 10.247 0.003) p=<0.001
Scrub class
contagio 1.643 5.17 0.103 <0.001 4,224 6.329
elevation -0.45 0.638 0.02 <0.001 0.613 0.663
log_sl_ 0.016 1.016 0.002 <0.001 1.013 1.019
cos_ta_ -0.707 0.493 0.012 <0.001 0.482 0.505
Individual 5301 (n = 177949, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z]) lower_95 upper_95  Concordance Likelihood
ratio test
Water class 0.847 2.333 0.228 <0.001 1.492 3.648
Trees class 2.081 8.014 0.23 <0.001 5.105 12.583
Grass class 2.909 18.336 0.204 <0.001 12.293 27.349
Flooded veg- 2.841 17.124 0.217 <0.001 11.189 26.208 0.683 (se = 6656.58,
etation class 0.003) p=<0.001
Crops class 2.646 14.1 0.203 <0.001 9.465 21.003
Shrub & 1.386 3.999 0.509 0.007 1.473 10.853
Scrub class
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contagio 1.642 5.168 0.103 <0.001 4.22 6.328
elevation -0.443 0.642 0.02 <0.001 0.617 0.668
log_sl_ 0.017 1.017 0.002 <0.001 1.014 1.02
cos_ta_ -0.71 0.492 0.012 <0.001 0.48 0.503
Individual 5303 (n = 177932, number of events = 16186)
Covariate coef Exp(Coef)  se(coef) Pr(>|z]) lower_ 95 upper_95 Concordance Likelihood
ratio test
Water class 0.807 2.241 0.228 <0.001 1.433 3.503
Trees class 2.064 7.881 0.231 <0.001 5.01 12.396
Grass class 2.886 17.928 0.204 <0.001 12.022 26.737
Flooded veg- 2.835 17.031 0.217 <0.001 11.131 26.059
etation class
Crops class 2.614 13.652 0.203 <0.001 9.166 20.335 0.686 (se = 6851.91,
Shrub & 1.343 3.829 0.502 0.007 1.431 10.243 0.003) p=<0.001
Scrub class
contagio 1.686 5.397 0.103 <0.001 4411 6.604
elevation -0.464 0.629 0.02 <0.001 0.605 0.654
log_sl_ 0.016 1.016 0.002 <0.001 1.013 1.019
cos_ta_ -0.722 0.486 0.012 <0.001 0.474 0.497
Individual 5439 (n = 71400, number of events = 6498)
Covariate coef Exp(Coef)  se(coef) Pr(>|z]) lower 95 upper_95 Concordance Likelihood
ratio test

Water class -0.796 0.451 0.276 0.004 0.263 0.775
Trees class 1.265 3.544 0.261 <0.001 2.123 5.916
Grass class 2.105 8.207 0.199 <0.001 5.554 12.126
Flooded veg- 2.373 10.729 0.222 <0.001 6.939 16.588
etation class
Crops class 1.975 7.21 0.198 <0.001 4.895 10.618 0.676 (se = 2578.00,
Shrub & -0.042 0.959 1.025 0.967 0.129 7.148 0.004) p=<0.001
Scrub class
contagio 1.741 5.703 0.157 <0.001 4.195 7.754
elevation -0.402 0.669 0.028 <0.001 0.634 0.706
log_sl_ 0.029 1.029 0.003 <0.001 1.023 1.035
cos_ta_ -0.585 0.557 0.019 <0.001 0.537 0.578
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