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Abstract

Industrial development and increased resource demand as a result of human population growth

are drastically altering the environment, disrupting the balance of ecosystems relied upon for

key services and increasing instances of human-wildlife conflict, risks of zoonotic infection,

and instability of food source populations. Models of animal movement, space-use, and habitat

selection provide insight which can be used to safeguard against these risks, by informing the

conservation and management of wild and domesticated species.

Historically, different approaches to habitat selection modelling have been developed inde-

pendently in relation to different systems and data structures. Recently, demonstrations of the

equivalence of point process methods to various approaches used in the analysis of species dis-

tribution and movement data has posited spatial and spatio-temporal point processes as a unify-

ing framework for habitat selection modelling. The history of point process literature has been

largely theoretical, due to a lack of available computationally efficient methods for fitting these

models to large and complex datasets. However, this has changed with the recent development

of the Integrated Nested Laplace Approximation (INLA) method for inference and its associated

software packages R-INLA and R-inlabru. Data integration has also become a topic of current

research interest in species distribution and movement ecology, promoting the emergence of joint

likelihood models as a key framework for ongoing development in this area. Consequently, there

is a demand in the ecological literature for demonstrations of the applications of joint likelihood

spatio-temporal point process models to large and complex ecological datasets. This forms the

underlying motivation for this thesis, which provides an exploration of the use of these methods

in modelling animal movement, space use, and habitat selection, with applications in different

areas of ecology.

The work included in this thesis is presented in the form of three case studies, which each
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demonstrate a different methodological framework and ecological application for joint likeli-

hood spatio-temporal point process modelling of habitat selection data. Chapter 2 demonstrates

a marked point process approach to modelling the spread of a reintroduced population of Eurasian

crane (Grus grus). Chapter 3 compares between habitat selection models at different organisa-

tional scales to analyse cattle (Bos taurus) tracking data, with applications in livestock man-

agement. Chapter 4 introduces the novel implementation of a joint likelihood framework for

integrating survey and telemetry data in R-inlabru and demonstrates the advantages of this ap-

proach using simulated data. Finally, the approach developed in Chapter 4 is applied to real data

in Chapter 5, in which it is used to understand habitat selection in a semi-domesticated reindeer

(Rangifer tarandus tarandus) population in an area of land-use conflict.

Overall, this thesis provides an exploration of different approaches and applications for joint-

likelihood spatio-temporal point process modelling of animal movement, space-use, and habitat

selection. This includes novel methodological contributions, such as extensions to the unique

integration scheme used in the GF-iSSA movement model; and the implementation of the first

individual-level continuous-time habitat selection model in R-inlabru. Key themes of account-

ing for availability; the impacts of spatial, temporal, and organisational scale on inference; and

the balance between model complexity, interpretability, and computational efficiency are investi-

gated throughout. Main results provide insights into the relationship between model complexity

and performance; and the relevance of the spatial scales of heterogeneity in covariate structure,

and of representations of availability, on habitat selection inference.



Contents

1 Introduction 1
1.1 Motivations for Understanding Habitat Selection . . . . . . . . . . . . . . . . 2
1.2 Collecting Habitat Selection Data . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Considerations in Habitat Selection Modelling . . . . . . . . . . . . . . . . . . 8

1.3.1 Spatial, Temporal, and Organisational Scale . . . . . . . . . . . . . . . 8
1.3.2 Spatio-temporal Autocorrelation . . . . . . . . . . . . . . . . . . . . . 9
1.3.3 The Observation Process . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.3.4 Availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.3.5 Model Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.4 Approaches for Habitat Selection Modelling . . . . . . . . . . . . . . . . . . . 12
1.4.1 Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.4.2 Individual-Level (Movement) Models . . . . . . . . . . . . . . . . . . 14
1.4.3 Population-Level (Species Distribution) Models . . . . . . . . . . . . . 19
1.4.4 Spatial Point Processes . . . . . . . . . . . . . . . . . . . . . . . . . . 22

1.5 Bayesian Inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
1.5.1 Markov Chain Monte Carlo (MCMC) . . . . . . . . . . . . . . . . . . 25
1.5.2 Integrated Nested Laplace Approximation (INLA) . . . . . . . . . . . 27

1.6 Spatial Point Process Modelling with R-INLA . . . . . . . . . . . . . . . . . . 31
1.6.1 Log Gaussian Cox Processes (LGCP) . . . . . . . . . . . . . . . . . . 31
1.6.2 Stochastic Partial Differential Equations . . . . . . . . . . . . . . . . . 32
1.6.3 Priors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
1.6.4 Model Comparison in R-INLA . . . . . . . . . . . . . . . . . . . . . . 37
1.6.5 R-inlabru . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
1.6.6 Habitat selection modelling with R-INLA and R-inlabru . . . . . . . . 39

1.7 Joint Likelihood Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
1.8 Summary of Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

1.8.1 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
1.8.2 Case Studies: Key Themes . . . . . . . . . . . . . . . . . . . . . . . . 44
1.8.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

iii



iv CONTENTS

2 Patch-Level Habitat Selection and Dispersal in a Reintroduced Population: A Spatio-
temporal Marked Point Process Model in R-inlabru 47
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.1.1 Habitat Selection and Dispersal in Reintroduction Biology . . . . . . . 48
2.1.2 Complexity in Species Distribution Modelling . . . . . . . . . . . . . 49
2.1.3 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.1.4 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
2.2.1 Data Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
2.2.2 Modelling Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.2.3 Single-Field Models . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.2.4 Marked Point Process Models . . . . . . . . . . . . . . . . . . . . . . 55

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

3 Scale-Dependent Habitat Selection in a Domesticated Population: Gaussian Field
Integrated Step Selection Analysis in R-inlabru 69
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.1.1 Movement Modelling for Agriculture . . . . . . . . . . . . . . . . . . 70
3.1.2 Data Granularity in Movement Modelling . . . . . . . . . . . . . . . . 71
3.1.3 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
3.1.4 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.2.1 Data Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.2.2 Temporal Frequency . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
3.2.3 Spatial Scale . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
3.2.4 Modelling Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.2.5 SSA Modelling Framework . . . . . . . . . . . . . . . . . . . . . . . 79
3.2.6 RSA Modelling Framework . . . . . . . . . . . . . . . . . . . . . . . 84
3.2.7 Integration Schemes . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
3.3.1 Estimation of Habitat Selection Parameters . . . . . . . . . . . . . . . 90
3.3.2 Model Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
3.4.1 Discussion of Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
3.4.2 Methodological Considerations and Future Research . . . . . . . . . . 105

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108



CONTENTS v

4 Combining Local and Global Scale Habitat Selection: Implementing the Langevin
Movement Model in R-inlabru 109
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

4.1.1 Scale and Bias in Survey and Telemetry Data . . . . . . . . . . . . . . 110
4.1.2 Data Integration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
4.1.3 The Joint Langevin Movement Model . . . . . . . . . . . . . . . . . . 114
4.1.4 Statistical Modelling Framework . . . . . . . . . . . . . . . . . . . . . 115
4.1.5 Benefits of Implementation in R-inlabru . . . . . . . . . . . . . . . . 117
4.1.6 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

4.2 Model Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
4.2.1 Telemetry Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
4.2.2 Transformations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
4.2.3 Survey Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
4.2.4 Joint Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

4.3 Simulated Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
4.3.1 Simulation Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 126
4.3.2 Modelling in R-inlabru . . . . . . . . . . . . . . . . . . . . . . . . . 132
4.3.3 Optimisation of Boundary Conditions for Simulation . . . . . . . . . . 136
4.3.4 Borrowing Strength: Poor Quality Data . . . . . . . . . . . . . . . . . 144
4.3.5 Improving Computational Efficiency . . . . . . . . . . . . . . . . . . . 148
4.3.6 Complex Observation Processes . . . . . . . . . . . . . . . . . . . . . 150
4.3.7 Accounting for Spatial Autocorrelation . . . . . . . . . . . . . . . . . 154

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161
4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

5 Habitat Selection and Distribution of a Semi-Domesticated Population: Application
of the Langevin Diffusion Movement Model 167
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

5.1.1 Understanding Space-Use in Semi-Domesticated Populations . . . . . 168
5.1.2 Scale Dependent Habitat Selection in Reindeer . . . . . . . . . . . . . 170
5.1.3 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
5.1.4 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

5.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
5.2.1 Data Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171
5.2.2 Data Breakdown . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173
5.2.3 Covariates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175
5.2.4 Modelling Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189



vi CONTENTS

5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

6 Conclusions 195
6.1 Discussion of Methods and Results . . . . . . . . . . . . . . . . . . . . . . . . 198

6.1.1 Availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198
6.1.2 Model Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200
6.1.3 Spatial, Temporal, and Organisational Scale . . . . . . . . . . . . . . . 202

6.2 Potential Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203
6.3 Final Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 204

A Supplementary Material for Chapter 2 205

B Supplementary Material for Chapter 3 213

C Supplementary Material for Chapter 5 227



List of Tables

2.1 Description of 4 models of crane distribution, fitted in R-inlabru. . . . . . . . 53
2.2 Posterior mean and 95% credible intervals for: regression coefficients of environ-

mental covariates (density of surrounding urbanised areas within a 10km buffer
𝛽𝑈𝐷, wetland extent 𝛽𝑊𝐸 , and wetland perimeter:area ratio 𝛽𝑃𝐴); scaling param-
eter (𝜁 ) representing the interaction between 𝐺(𝑠) and the probability of crane
presence; temporal correlation parameter 𝜌𝑡 from the AR1 process; parameters
of the spatial, 𝐺(𝑠), and spatio-temporal, 𝑀(𝑠, 𝑡), fields (spatial range 𝜌𝑠, and
standard deviation 𝜎). The covariate coefficients and scaling parameter values
with credible intervals which do not cross zero are in bold. Model processing
times (given by CPU used) and Watanabe–Akaike information criterion (WAIC)
scores are also given. All values given are rounded to 2 decimal places. . . . . 61

3.1 A breakdown of the 972 models fitted to Swiss cattle movement data. A different
model was fitted for each combination of model feature options. . . . . . . . . 78

3.2 An example of the number of integration points, observations, and running times
(in seconds, rounded to 2 decimal places) for the slope-only (2𝑚2) models fitted
to data from the Original Braunvieh herd in Area 3. . . . . . . . . . . . . . . . 89

3.3 Predictor component and scale combination with the relative highest and lowest
DIC per nine model group for the RSA models fitted to data from the Original
Braunvieh herd. All values given are rounded to 2 decimal places. . . . . . . . 98

3.4 Predictor component and scale combination with the relative highest and lowest
DIC per nine model group for the SSA models fitted to data from the Original
Braunvieh herd. All values given are rounded to 2 decimal places. . . . . . . . 100

4.1 Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 param-
eters from the survey, telemetry, and joint models. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

4.2 Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 pa-
rameters from the models fitted to the five survey datasets. All values given are
rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

vii



viii LIST OF TABLES

4.3 Posterior mean and 95% credible intervals for estimated abundance from the
models fitted to the five survey datasets. All values given are rounded to 2 deci-
mal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

4.4 Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 pa-
rameters from the survey, telemetry, and joint models fitted to full and thinned
datasets. Covariate effects with an estimated 95% credible interval which con-
tains 0 are highlighted in bold. All values given are rounded to 2 decimal places. 147

4.5 Running times for fitting the survey, telemetry, and joint models to simulated
data using R-inlabru and JAGS. All values given are in seconds and rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

4.6 Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 param-
eters from the survey, telemetry, and joint models fitted in JAGS and R-inlabru.
All values given are rounded to 2 decimal places. . . . . . . . . . . . . . . . . 149

4.7 Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 param-
eters from the survey and joint models fitted to the subplot-thinned survey data,
with and without a complex observation process to account for the subplots. All
values given are rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . 152

4.8 Posterior mean and 95% credible intervals for estimated abundance from the sur-
vey and joint models fitted to the subplot-thinned survey data, with and without
a complex observation process to account for the subplots. All values given are
rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

4.9 Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 pa-
rameters from the survey, telemetry, and joint models fitted with and without a
GRF. All values given are rounded to 2 decimal places. . . . . . . . . . . . . . 157

4.10 Posterior mean and 95% credible intervals for the estimated Gaussian random
field range and standard deviation. All values given are rounded to 2 decimal
places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

4.11 Posterior mean and 95% credible intervals for the estimated Gaussian random
field range and standard deviation. All values given are rounded to 2 decimal
places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

5.1 The running times (in seconds, rounded to 2 decimal places) for each of the 18
multivariable models, and one set of 9 of the 81 univariable models (Lichen
Pasture covariate). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

5.2 Posterior mean and 95% credible intervals for the estimated Gaussian random
field range and standard deviation predicted from the 10 multivariable models
with a GRF. All values given are rounded to 2 decimal places. . . . . . . . . . 186



LIST OF TABLES ix

B.1 Posterior mean and 95% credible intervals for the 𝛽𝑠𝑙𝑜𝑝𝑒 parameter for the RSA
models fitted to data from the Original Braunvieh herd. All values given are
rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

B.2 Posterior mean and 95% credible intervals for the 𝛽𝑠𝑙𝑜𝑝𝑒 parameter for the RSA
models fitted to data from the Angus Holstein herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 215

B.3 Posterior mean and 95% credible intervals for the 𝛽𝑠𝑙𝑜𝑝𝑒 parameter for the RSA
models fitted to data from the Highland Cattle herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 216

B.4 Posterior mean and 95% credible intervals for the 𝛽𝑠𝑙𝑜𝑝𝑒 parameter for the SSA
models fitted to data from the Original Braunvieh herd. All values given are
rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . 217

B.5 Posterior mean and 95% credible intervals for the 𝛽𝑠𝑙𝑜𝑝𝑒 parameter for the SSA
models fitted to data from the Angus Holstein herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 218

B.6 Posterior mean and 95% credible intervals for the 𝛽𝑠𝑙𝑜𝑝𝑒 parameter for the SSA
models fitted to data from the Highland Cattle herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 219

B.7 Posterior mean and 95% credible intervals for the 𝛽𝐹𝑄 parameter for the RSA
models fitted to data from the Original Braunvieh herd. All values given are
rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . 220

B.8 Posterior mean and 95% credible intervals for the 𝛽𝐹𝑄 parameter for the RSA
models fitted to data from the Angus Holstein herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 221

B.9 Posterior mean and 95% credible intervals for the 𝛽𝐹𝑄 parameter for the RSA
models fitted to data from the Highland Cattle herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 222

B.10 Posterior mean and 95% credible intervals for the 𝛽𝐹𝑄 parameter for the SSA
models fitted to data from the Original Braunvieh herd. All values given are
rounded to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . 223

B.11 Posterior mean and 95% credible intervals for the 𝛽𝐹𝑄 parameter for the SSA
models fitted to data from the Angus Holstein herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 224

B.12 Posterior mean and 95% credible intervals for the 𝛽𝐹𝑄 parameter for the SSA
models fitted to data from the Highland Cattle herd. All values given are rounded
to 2 decimal places. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 225



x LIST OF TABLES

C.1 Posterior mean and 95% credible intervals for the habitat selection parameters
from the 10 multivariable models fitted without a GRF to variations of the rein-
deer tracking data. All values given are rounded to 2 decimal places. . . . . . . 228

C.2 Posterior mean and 95% credible intervals for the habitat selection parameters
from the 81 univariable models fitted to variations of the reindeer tracking data.
All values given are rounded to 2 decimal places. . . . . . . . . . . . . . . . . 229

C.3 Posterior mean and 95% credible intervals for the habitat selection parameters
from the 10 multivariable models fitted with a GRF to variations of the reindeer
tracking data. All values given are rounded to 2 decimal places. . . . . . . . . 230



List of Figures

2.1 Distribution of wetland locations and observed crane presences in England 2011-
2015. Purple background colour is used for visual clarity, and does not represent
a value on the colour scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

2.2 Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the marked point
process model with AR1 temporal structure. Colour scale is given in low-high
intensity as interest is in relative differences across space and not absolute values. 57

2.3 Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the marked point
process model with IID temporal structure. Colour scale is given in low-high
intensity as interest is in relative differences across space and not absolute values. 58

2.4 Estimated (a) point random field (𝐺(𝑠)) and (b) mark random field (𝑀(𝑠, 𝑡)),
both for 2015 from the marked point process model with IID temporal structure.
Colour scale is given in low-high intensity as interest is in relative differences
across space and not absolute values. . . . . . . . . . . . . . . . . . . . . . . . 59

2.5 Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location in 2015. Predictions were made using (a) the binomial presence-
absence model and (b) the marked point process model, both with IID temporal
structure. Colour scale is given in low-high probability as interest is in rela-
tive differences across space and not absolute values. ‘Low’ represents a value
of mean predicted probability of crane presence less than or equal to the 99th
quantile of mean predicted probabilities across all four models analysed. ‘High’
represents a value of mean predicted probability of crane presence greater than
this cutoff point. Purple background colour is used for visual clarity, and does
not represent a value on the colour scale. . . . . . . . . . . . . . . . . . . . . . 62

3.1 Layout of paddocks across three spatial areas of varying size and pasture quality
on a Swiss Alpine farm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

xi



xii LIST OF FIGURES

3.2 Telemetry tracking observations of one individual Angus-Holstein cross in Area
1 at six different temporal frequencies. Total sample sizes were: 20-second =
4320 observations, 1-minute = 1440 observations, 5-minute = 288 observations,
15-minute = 96 observations, 30-minute = 48 observations, 60-minute = 24
observations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

3.3 Slope and Forage Quality covariates at resolutions of (a,b) 2𝑚2, (c,d) 10𝑚2, and
(e,f) 20𝑚2. Colour scale follows a gradient from low (blue) to high (yellow), indi-
cating steepness of slope and quality of forage, respectively. Outline of paddock
boundaries is given as a white, dashed line. . . . . . . . . . . . . . . . . . . . 77

3.4 Integration scheme used in the RSA model for the Angus-Holstein herd in Area
1. Integration points are located at the mesh nodes which cover the full spa-
tial domain available to the herd (paddock area, indicated by grey background
polygon). Colour scale gives an indication of weight. . . . . . . . . . . . . . . 86

3.5 Domains of availability for the first time point at 6 different temporal frequencies
for an individual Angus-Holstein cross in Area 1. Paddock area is indicated by
grey background polygon. Discrete colour scale indicates temporal frequency. . 87

3.6 Cropped domains of availability for the first time point at 6 different temporal
frequencies for an individual Angus-Holstein cross in Area 1. Paddock area is
indicated by grey background polygon. Discrete colour scale indicates temporal
frequency. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

3.7 Integration points at the first time point at 6 different temporal frequencies for
one individual Angus-Holstein cross in Area 1. Paddock area is indicated by
grey background polygon. Colour scale gives an indication of weight. . . . . . 88

3.8 Posterior estimates for the slope covariate effect from the RSA models of the
Original Braunvieh herd. Each plot represents a different spatial scale and co-
variate combination. Within a plot, each line on the y-axis represents a different
model. Spatial area and temporal frequency are denoted by shape and colour,
respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

3.9 Posterior estimates for the slope covariate effect from the SSA models of the
Original Braunvieh herd. Each plot represents a different spatial scale and co-
variate combination. Within a plot, each line on the y-axis represents a different
model. Spatial area and temporal frequency are denoted by shape and colour,
respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

3.10 Posterior estimates for the forage quality covariate effect from the RSA models
of the Original Braunvieh herd. Each plot represents a different spatial scale
and covariate combination. Within a plot, each line on the y-axis represents a
different model. Spatial area and temporal frequency are denoted by shape and
colour, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94



LIST OF FIGURES xiii

3.11 Posterior estimates for the forage quality covariate effect from the SSA models
of the Original Braunvieh herd. Each plot represents a different spatial scale
and covariate combination. Within a plot, each line on the y-axis represents a
different model. Spatial area and temporal frequency are denoted by shape and
colour, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

3.12 DIC scores for the RSA models of the Original Braunvieh herd in Area 1. Each
plot represents a different temporal frequency group of 9 models. Within a plot,
each tile represents a different spatial scale (x-axis) and covariate combination
(y-axis). Numbers within a tile show the actual DIC score, whilst the tile colour
represents a relative scale from worst fit (red) to best fit (green). . . . . . . . . 97

3.13 DIC scores for the SSA models of the Original Braunvieh herd in Area 1. Each
plot represents a different temporal frequency group of 9 models. Within a plot,
each tile represents a different spatial scale (x-axis) and covariate combination
(y-axis). Numbers within a tile show the actual DIC score, whilst the tile colour
represents a relative scale from worst fit (red) to best fit (green). . . . . . . . . 99

4.1 A simplified diagrammatical representation of the joint Langevin diffusion based
movement model. Habitat selection parameters are jointly estimated from survey
and telemetry data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.2 The environmental covariate 𝑐𝑒𝑛𝑣(𝑥): (a) the original (non-transformed) covari-
ate; (b) the x gradient; (c) the y gradient; (d) the smoothed x gradient; and (e)
the smoothed y gradient. The colour scale of all plots follows a relative gradient
from low (blue) to high (yellow). . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.3 The attraction to centre covariate 𝑐𝑚𝑖𝑑(𝑥): (a) the original (non-transformed) co-
variate; (b) the x gradient; (c) the y gradient; (d) the smoothed x gradient; and (e)
the smoothed y gradient. The colour scale of all plots follows a relative gradient
from low (blue) to high (yellow). . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.4 The intensity surface generated from fixed parameters and spatial covariates. The
colour scale follows a gradient of relative intensity from low (blue) to high (yel-
low), as interest is in relative differences across space and not absolute values. . 129



xiv LIST OF FIGURES

4.5 (a) The simulated tracks for 114 individuals generated using Langevin diffusion
based movement rules, coloured by individual. (b) A heatmap of the simulated
data, generated by counting the number of observations within each cell of a
fine grid. The colour scale follows a gradient of counts from low (blue) to high
(yellow), as interest is in relative differences across space and not absolute val-
ues. Grey indicates a zero count. (c) Survey data points (red) consisting of the
locations of all individuals in the simulation at time 𝑡 = 1000. (d) Telemetry
tracks for 20 individuals, generated from a thinned version of the simulated data.
Tracks are coloured by individual. Background colour scale for (c) and (d) shows
true intensity, which follows a gradient of relative intensity from low (blue) to
high (yellow), as interest is in relative differences across space and not absolute
values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

4.6 The predictions of the spatial distribution of intensity (i.e., a spatial represen-
tation of the utilisation distribution surface) from (a) the survey model, (b) the
telemetry model, and (c) the joint model. The colour scale for each plot follows
a gradient of relative mean predicted intensity from low (blue) to high (yellow),
as interest is in relative differences across space and not absolute values. . . . . 136

4.7 Examples of 10 spatial tracks generated from simulation with (a) Hard Boundary;
(b) Toroidal Boundary; (c) Respawn Boundary; and (d) No Boundary. Tracks are
coloured by individual. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

4.8 Heatmaps of data generated from simulation with (a) Hard Boundary; (b) Toroidal
Boundary; (c) Respawn Boundary; and (d) No Boundary. Heatmaps were gen-
erated by counting the number of observations within each cell of a fine grid.
The colour scale follows a gradient of counts from low (blue) to high (yellow),
as interest is in relative differences across space and not absolute values. Grey
indicates a zero count. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

4.9 Spatial distribution of survey data generated from simulation with (a) Hard Bound-
ary; (b) Toroidal Boundary; (c) Respawn; (d) No Boundary; and (e) generated
directly from the intensity surface. . . . . . . . . . . . . . . . . . . . . . . . . 141

4.10 Posterior mean and 95% credible intervals for the (a) Intercept, (b) 𝛽𝑒𝑛𝑣, and (c)
𝛽𝑚𝑖𝑑 parameters from the models fitted to the five survey datasets. True parameter
values (-7.5, 2, and 3, respectively) are shown with dashed vertical lines. . . . . 142

4.11 Predictions of the utilisation distribution from the models fitted to the survey
data generated from simulation with (a) Hard Boundary; (b) Toroidal Boundary;
(c) Respawn; (d) No Boundary; and (e) generated directly from the intensity
surface. (f) the true intensity surface. The colour scale follows a gradient of
relative mean intensity from low (blue) to high (yellow), as interest is in relative
differences across space and not absolute values. . . . . . . . . . . . . . . . . . 143



LIST OF FIGURES xv

4.12 Spatial distribution of survey data (a) containing all simulated individuals; (b)
thinned homogeneously by 75%. Background colour scale shows true intensity,
which follows a gradient of relative intensity from low (blue) to high (yellow),
as interest is in relative differences across space and not absolute values. . . . . 145

4.13 Telemetry tracks for (a) 20 individuals; and (b) 5 individuals. Background colour
scale shows true intensity, which follows a gradient of relative intensity from low
(blue) to high (yellow), as interest is in relative differences across space and not
absolute values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

4.14 Posterior mean and 95% credible intervals for the (a) 𝛽𝑒𝑛𝑣 and (b) 𝛽𝑚𝑖𝑑 param-
eters from the survey, telemetry, and joint models fitted to thinned survey and
telemetry datasets. True parameter values (2, and 3, respectively) are shown
with blue, dashed, vertical lines. The location of the 0 mark is shown with an
orange, dotted, vertical line. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

4.15 (a) the true intensity surface; and the predictions of the spatial distribution of
intensity (i.e., a spatial representation of the utilisation distribution surface) from:
(b) the survey model fitted to thinned survey data; (c) the telemetry model fitted
to thinned telemetry data; and the joint model fitted to (d) full survey data and thin
telemetry data; (e) thin survey data and full telemetry data; and (f) thin survey
data and thin telemetry data. The colour scale for each plot follows a gradient of
relative mean predicted intensity from low (blue) to high (yellow), as interest is
in relative differences across space and not absolute values. . . . . . . . . . . . 147

4.16 Posterior mean and 95% credible intervals for the (a) Intercept, (b) 𝛽𝑒𝑛𝑣, and (c)
𝛽𝑚𝑖𝑑 parameters from the survey, telemetry, and joint models fitted in JAGS and
R-inlabru. True parameter values (-7, 2, and 3, respectively) are shown with
blue, dashed, vertical lines. The location of the 0 mark is shown with an orange,
dotted, vertical line. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

4.17 The predictions of the spatial distribution of intensity (i.e., a spatial representa-
tion of the utilisation distribution surface) from (a) the joint R-inlabru model,
and (b) the joint MCMC model. (c) shows the true intensity. The colour scale
for each plot follows a gradient of relative mean predicted intensity from low
(blue) to high (yellow), as interest is in relative differences across space and not
absolute values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

4.18 Spatial distribution of survey data (black), and points observed when using sub-
plot observation process (red). . . . . . . . . . . . . . . . . . . . . . . . . . . 151



xvi LIST OF FIGURES

4.19 Posterior mean and 95% credible intervals for the (a) Intercept, (b) 𝛽𝑒𝑛𝑣, and (c)
𝛽𝑚𝑖𝑑 parameters from the survey and joint models fitted to the subplot-thinned
survey data, with and without a complex observation process to account for the
subplots. True parameter values (-7, 2, and 3, respectively) are shown with blue,
dashed, vertical lines. The location of the 0 mark is shown with an orange, dotted,
vertical line. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

4.20 The predictions of the spatial distribution of intensity (i.e., a spatial representa-
tion of the utilisation distribution surface) from the survey model (a) accounting
for subplots and (b) without accounting for subplots; and from the joint model
(c) accounting for subplots and (d) without accounting for subplots. The colour
scale for each plot follows a gradient of relative mean predicted intensity from
low (blue) to high (yellow), as interest is in relative differences across space and
not absolute values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

4.21 Abundance estimates from the survey and joint models fitted to the subplot-
thinned survey data, with and without a complex observation process to account
for the subplots. True abundance (114 individuals) is shown with a blue, dashed,
vertical line. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

4.22 Posterior mean and 95% credible intervals for the (a) Intercept and (b) 𝛽𝑒𝑛𝑣 pa-
rameters from the survey, telemetry, and joint models with and without a GRF.
True parameter values (-7, 2, and 3, respectively) are shown with blue, dashed,
vertical lines. The location of the 0 mark is shown with an orange, dotted, verti-
cal line. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

4.23 The predictions of the spatial distribution of intensity (i.e., a spatial representa-
tion of the utilisation distribution surface) from (a) the survey model without a
GRF, (b) the telemetry model without a GRF, and (c) the joint model without a
GRF; (d) the survey model with a GRF, (e) the telemetry model with a GRF, and
(f) the joint model with a GRF. The colour scale for each plot follows a gradient
of relative mean predicted intensity from low (blue) to high (yellow), as interest
is in relative differences across space and not absolute values. . . . . . . . . . . 158

4.24 The estimated Gaussian random fields from (a) survey model; (b) telemetry
model; and (c) joint model. The colour scale of all plots follows a relative gradi-
ent from low (blue) to high (yellow), as interest is in relative differences across
space and not absolute values. . . . . . . . . . . . . . . . . . . . . . . . . . . 159

4.25 (a) The true Gaussian random field, and the estimated fields from (b) survey
model; (c) telemetry model; and (d) joint model. The colour scale of all plots
follows a relative gradient from low (blue) to high (yellow), as interest is in rel-
ative differences across space and not absolute values. . . . . . . . . . . . . . . 161



LIST OF FIGURES xvii

5.1 (a) Location of Oraniemi herding district, Northern Finland, (b) Satellite imagery
of land-use in Oraniemi herding district. . . . . . . . . . . . . . . . . . . . . . 172

5.2 Distribution of GPS tracking data throughout study site. (a) distribution of all
79 tracks in telemetry dataset, (b) constructed ‘survey’ data, (c) 5-track subset
of telemetry data, (d) 10-track subset of telemetry data, (e) 20-track subset of
telemetry data, (f) 30-track subset of telemetry data. Colour scale in (b) repre-
sents different survey dates. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

5.3 Spatial distribution of land-use covariates. Colour scale is on a gradient of 0
(blue) to 1 (yellow), indicating the proportion of the 1km×1km pixel covered by
this land use type. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

5.4 Estimated posterior mean and 95% credible intervals for effects of each of the
9 land-use covariates from the 9 multivariable models (without a GRF). Zero is
indicated by a dashed, vertical line. Colour scale indicates the contents of the
95% credible interval: red = 95% CI entirely below 0, grey = 95% CI contains 0,
and blue = 95% CI entirely above 0. Shape indicates the modelling framework:
triangle = survey, circle = telemetry, and square = joint. . . . . . . . . . . . . 182

5.5 Estimated posterior mean and 95% credible intervals for effects of each of the
9 land-use covariates from the 81 univariable models. Zero is indicated by a
dashed, vertical line. Colour scale indicates the contents of the 95% credible
interval: red = 95% CI entirely below 0, grey = 95% CI contains 0, and blue =
95% CI entirely above 0. Shape indicates the modelling framework: triangle =
survey, circle = telemetry, and square = joint. . . . . . . . . . . . . . . . . . . 183

5.6 Estimated posterior mean and 95% credible intervals for effects of each of the 9
land-use covariates from the 9 multivariable models containing a GRF. Zero is
indicated by a dashed, vertical line. Colour scale indicates the contents of the
95% credible interval: red = 95% CI entirely below 0, grey = 95% CI contains 0,
and blue = 95% CI entirely above 0. Shape indicates the modelling framework:
triangle = survey, circle = telemetry, and square = joint. . . . . . . . . . . . . 185

5.7 Posterior estimated Gaussian random fields from the multivariable (a) survey
model, (b) telemetry model with 30 individuals, and (c) joint model with 30
individuals. Colour scale follows a relative gradient of log mean intensity from
low (blue) to high (yellow), as interest is in relative differences across space and
not absolute values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187



xviii LIST OF FIGURES

5.8 Posterior predicted spatial distribution of the utilisation distribution from the
multivariable (a,d) survey models, (b,e) telemetry models with 30 individuals,
and (c,f) joint models with 30 individuals. Predictions in the first row (a-c) were
produced from models which did not contain a GRF, and predictions in the sec-
ond row (d-f) were produced from models which did contain a GRF. Colour scale
follows a relative gradient of log mean intensity from low (blue) to high (yellow),
as interest is in relative differences across space and not absolute values. . . . . 188

A.1 Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the binomial pres-
ence/absence with AR1 temporal structure. Colour scale is given in low-high
intensity as interest is in relative differences across space and not absolute values. 206

A.2 Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the binomial pres-
ence/absence with IID temporal structure. Colour scale is given in low-high
intensity as interest is in relative differences across space and not absolute values. 207

A.3 Estimated point random field (𝐺(𝑠)) from the marked point process model with
AR1 temporal structure. Colour scale is given in low-high intensity as interest
is in relative differences across space and not absolute values. . . . . . . . . . . 208

A.4 Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location for 2011-2015. Predictions were made using the marked point pro-
cess model with AR1 temporal structure. Colour scale is given in low-high prob-
ability as interest is in relative differences across space and not absolute values.
‘Low’ represents a value of mean predicted probability of crane presence less
than or equal to the 99th quantile of mean predicted probabilities across all four
models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used
for visual clarity, and does not represent a value on the colour scale. . . . . . . 209

A.5 Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location for 2011-2015. Predictions were made using the binomial pres-
ence/absence model with AR1 temporal structure. Colour scale is given in low-
high probability as interest is in relative differences across space and not absolute
values. ‘Low’ represents a value of mean predicted probability of crane presence
less than or equal to the 99th quantile of mean predicted probabilities across all
four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used
for visual clarity, and does not represent a value on the colour scale. . . . . . . 210



LIST OF FIGURES xix

A.6 Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location for 2011-2015. Predictions were made using the marked point
process model with IID temporal structure. Colour scale is given in low-high
probability as interest is in relative differences across space and not absolute val-
ues. ‘Low’ represents a value of mean predicted probability of crane presence
less than or equal to the 99th quantile of mean predicted probabilities across all
four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used
for visual clarity, and does not represent a value on the colour scale. . . . . . . 211

A.7 Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location for 2011-2015. Predictions were made using the binomial pres-
ence/absence model with IID temporal structure. Colour scale is given in low-
high probability as interest is in relative differences across space and not absolute
values. ‘Low’ represents a value of mean predicted probability of crane presence
less than or equal to the 99th quantile of mean predicted probabilities across all
four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used
for visual clarity, and does not represent a value on the colour scale. . . . . . . 212





Acknowledgements

Firstly, I would like to thank my primary supervisor, Prof. Janine Illian, for her invaluable guid-
ance and support throughout my doctoral journey. Your belief in me has provided me with so
many opportunities for professional development over the last 4 years and has built my confi-
dence as a researcher. More than this, you have shown me what it is to be a mentor, and I am
endlessly grateful for the kindness, patience, and encouragement you have shown me.

I would also like to thank my secondary supervisor, Prof. Jason Matthiopoulos for his insightful
feedback and advice, which have been crucial to the creation of this doctoral thesis. I am truly
grateful to have had the opportunity to work with you, and have learned so much from you over
this time.

Thank you to the Engineering and Physical Sciences Research Council for providing the funding
which allowed me to complete this PhD. Thank you also to the School of Mathematics and Statis-
tics for providing travel funding with which I have been able to present my work at workshops
and conferences.

Thank you to my co-authors of the publication on the work included in Chapter 2, Dr Óscar
Rodríguez de Rivera (University of Exeter) and Dr Andrea Soriano-Redondo (University of Ex-
tremadura), for their contributions to the published work. Thanks again to Andrea for providing
and advising on the crane occupancy data.

Thank you to Dr Caren Pauler and Dr Manuel Schneider from Agroscope (Switzerland) for pro-
viding and advising on the cattle tracking data used in Chapter 3, and to all in the Grazing Systems
group at Agroscope for providing a warm welcome to Switzerland during my visit there.

Thank you to Prof. Paul Blackwell (University of Sheffield) and Dr Théo Michelot (Dalhousie
University) for sharing their expertise and for insightful discussions on movement modelling.
Thank you to Prof. Finn Lindgren and Man Ho Suen (University of Edinburgh) for gener-
ously giving their time and expert advice, which greatly aided in the implementation of the joint
Langevin movement model in R-inlabru (Chapter 4).

xxi



Thank you to Prof. Juha Heikkinen and Dr Jouko Kumpula from the Natural Resources Institute
Finland (LUKE) for providing and advising on the reindeer tracking data used in Chapter 5.
Thank you also to the reindeer herders of the Oraniemi herding district for enabling the GPS
tracking of reindeer.

Thank you to all of the researchers who attended the “Spatial Point Processes and Beyond...”
group meetings for the warm company and interesting discussions over the years.

Thank you to my friends for their love and laughter. Thanks especially to Millie and Kirsty for
always being there for me - I am so lucky to call you my best friends.

Thank you to my family for their unwavering support, encouragement, love, and fun. Thank you,
Mum and Dad, for encouraging me to follow my interests in life and for believing in me. Thank
you, Emma and Zoe, for always listening. I feel deeply blessed to call you all family.

Finally, thank you to my wonderful husband, Callum. Your love, empathy, humour, and care
have got me through the hard times on this journey and I would never have been able to get to
this point without you. Thank you for sharing this life with me. Above all, to love and to cherish

xxii



science, which is a unique system for the measurement of doubt,
always rejoices in a good question

– Martin Brasier

transit nebula sol restat

xxiii





Declaration of Originality

I, Megan Ruth Morton (née Laxton), certify that the thesis presented here for examination for a
PhD degree of the University of Glasgow is solely my own work other than where I have clearly
indicated that it is the work of others (in which case the extent of any work carried out jointly
by me and any other person is clearly identified in it) and that the thesis has not been edited by a
third party beyond what is permitted by the University’s PGR Code of Practice.

I declare that the thesis does not include work forming part of a thesis presented successfully
for another degree. I declare that this thesis has been produced in accordance with the University
of Glasgow’s Code of Good Practice in Research. I acknowledge that if any issues are raised
regarding good research practice based on review of the thesis, the examination may be postponed
pending the outcome of any investigation of the issues.

The work presented in Chapter 2 has been published in the Methods in Ecology and Evolution
journal with the title “Balancing structural complexity with ecological insight in spatio-temporal
species distribution models” (Laxton et al., 2023b), and is jointly authored by Dr Óscar Rodríguez
de Rivera (University of Exeter), Dr Andrea Soriano-Redondo (University of Extremadura), and
Prof. Janine Illian (University of Glasgow). The code used in the analysis in Chapter 2 is avail-
able on Zenodo (Laxton et al., 2022a). A transformed version of the data is available on Dryad
(Laxton et al., 2022b). These data have been randomly transformed to prevent an exact identifi-
cation of nest locations and avoid potential disturbance to cranes during the breeding period.

I contributed a poster presentation on the work presented in Chapter 3 to the 16th Workshop
on Spatial Statistics and Image Analysis in Biology (SSIAB16) in Smögen, Sweden in 2025. I
delivered a contributed talk on the work presented in Chapter 4 at the 15th Workshop on Spatial
Statistics and Image Analysis in Biology (SSIAB15) in Grenoble, France in 2023. I also deliv-
ered poster presentations on this work at: the 11th International Conference on Spatio-Temporal
Modelling (METMA XI) in Lancaster, UK in 2024; the International Statistical Ecology Con-
ference (ISEC) in Swansea, UK in 2024; and the Association for the Study of Animal Behaviour
(ASAB) winter meeting in Edinburgh, UK in 2022. I delivered a contributed talk on some of
the work presented in Chapter 5 at the British Ecological Society’s Movement Ecology special
interest group (BES Move) annual meeting in 2022.

The copyright of this thesis rests with the author. No quotation from it is permitted without
full acknowledgement.

xxv





Abbreviations

AR1 - First-order Auto-regressive

CTCRW - Continuous-time Correlated
Random Walk

DIC - Deviance Information Criterion

GAM - Generalised Additive Model

GF-iSSA - Gaussian Field Integrated
Step Selection Analysis

GLM - Generalised Linear Model

GLMM - Generalised Linear Mixed
Model

GMRF - Gaussian Markov Random
Field

GPS - Global Positioning System

GRF - Gaussian Random Field

HPP - Homogeneous Poisson Process

IID - Independent and Identically Dis-
tributed

INLA - Integrated Nested Laplace Ap-
proximation

IPP - Inhomogeneous Poisson Process

ISDM - Integrated Species Distribution
Model

iSSA - Integrated Step Selection Analy-
sis

JAGS - Just Another Gibbs Sampler

JSDM - Joint Species Distribution
Model

LGCP - Log Gaussian Cox Process

LGM - Latent Gaussian Model

MAP - Maximum A Posteriori

MCMC - Markov Chain Monte Carlo

MPP - Marked Point Process

PC - Penalising Complexity

RSA - Resource Selection Analysis

RSF - Resource Selection Function

SCR - Spatial Capture Recapture

SDM - Species Distribution Model

SPDE - Stochastic Partial Differential
Equation

SSA - Step Selection Analysis

SSF - Step Selection Function

WAIC - Watanabe-Akaike Information
Criterion

xxvii





Chapter 1

Introduction

1



CHAPTER 1. INTRODUCTION

This thesis explores the use of joint likelihood spatio-temporal point process methods for

modelling animal movement, spatial distribution, and habitat selection. It focuses on issues of

model complexity, spatio-temporal scale, data integration, and availability in a range of applied

ecological modelling contexts. This chapter will provide an introduction to: the ecological aims

of habitat selection modelling; data types, collection methods, and processes impacting data

structure; methods used in habitat selection analysis; Bayesian inferential methods; Integrated

Nested Laplace Approximation (INLA) and associated R packages which use this method for

inference; and the topic of joint likelihood models. Lastly, the thesis structure, key themes, and

overall aims are presented.

1.1 Motivations for Understanding Habitat Selection

As the human population grows, cities expand to provide housing, increased demand means

that agricultural practices become more intensive, and waste and its management become an

increasing problem. Industrial development and urban sprawl, deforestation, monoculture farm-

ing, pesticide runoff, pollution, marine debris, global warming and greenhouse gas emissions, are

all issues contributing to the reduction of suitable habitat for wildlife (Hald-Mortensen, 2023).

Carefully balanced ecosystems are disrupted, populations diminished or exterminated, and key

ecosystem services lost. This can have disastrous and often unforeseen consequences for the

environment, and in turn impacts the human population through the loss of food and water sta-

bility, increasing human-wildlife conflict and the risk of zoonotic infection, and exacerbating the

effects of climate change such as natural disasters (i.e., by reducing the buffering effects stable

ecosystems have to deal with these). Understanding how animals use a space, how abundant a

population is, and its preferred environmental conditions can improve the effectiveness of con-

servation measures aimed to protect species from extinction, contributing to the safeguarding of

ecosystems and the vital services they provide.

In the world of reintroduction biology, emphasis is balanced between in situ and ex situ con-

servation. Captive populations require appropriate husbandry and stimulation, in order to ensure

the efficacy of captive breeding programmes. Natural behavioural responses, such as hunting

and predator avoidance, must also be encouraged to ensure the survival of individuals following
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release. Management practices require an understanding of the natural behaviours and fitness

requirements of the wild population, in order to replicate these in a captive environment (Rabin,

2003). Further to this, the successful release and establishment of captive populations, into orig-

inal habitats which experienced extirpation, or into new environments, requires an understand-

ing of the spatial behaviours and needs of the study species (Seddon, Armstrong, and Maloney,

2007). Typical home range or territory areas, mobility, site fidelity, and dispersal are all aspects

of movement behaviour which need to be considered when planning reintroduction. Knowledge

of species habitat requirements is also vital to the apportionment of protected areas or spatial

planning of other conservation management practices, to ensure survival of the reintroduced

species.

Another aspect of animal movement behaviour which has implications for human popula-

tions is understanding habitat connectivity and movement corridors. Habitat is often not only

lost but fragmented into smaller areas or ‘patches’, where interstitial areas are unsafe or impossi-

ble for individuals in the population to cross. Populations will make use of movement corridors,

which provide connectivity between habitat patches. Identification of these movement corridors

is important in a number of contexts. Movement corridors can be manmade structures, the use

of which by wildlife clashes with their original purpose and can create conflict. One example

of this is the use of roads. Roads can also serve as sources of anthropogenic disturbance and as

barriers to movement, and animals attempting to cross them create traffic collisions (Lundqvist,

2007; Shepard et al., 2008). In these instances, areas of high usage can be identified, and appro-

priate alternative movement corridors created to ensure the protection and safety of humans and

wildlife (i.e., wildlife crossings). Loss of habitat connectivity can have drastic implications for

wild populations, which experience genetic bottlenecking and drift, reduction in fitness through

inbreeding, or loss of key population dynamics such as those connecting source and sink popula-

tions (Allee, 1938). Protecting areas of connectivity, and habitat patches themselves, can ensure

the long-term protection of a wild population’s gene pool.

The adaptation of species to urban environments brings risks and benefits, increasing in-

stances of human-wildlife conflict but also providing ecosystem services (Soulsbury and White,

2015). Human-wildlife conflict is a particular issue in agricultural environments, where the loss
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of wild prey species leads to livestock predation, or the loss of natural forage leads to crop loss

and trampling (Mattisson, Odden, and Linnell, 2014; Heggenes et al., 2017). Aside from ensur-

ing that designated protected areas contain the environmental conditions that wild populations

need, understanding animal movement can also be used to inform management aimed to reduce

instances of human-wildlife conflict (Pekarsky et al., 2021).

Increased human-wildlife conflict and the encroachment of human populations on wild sys-

tems also increases the risk of zoonotic infection. Again, understanding the habitat require-

ments of animals can reduce instances of human-wildlife conflict, so reduce this risk (Soulsbury

and White, 2015). For known disease vectors, understanding habitat selection, spatial distribu-

tion, and movement in these species can aid in understanding of disease transmission and spread

(Pepin et al., 2015). Modelling animal space-use can also aid in evaluating existing manage-

ment practices applied to vector populations to mitigate disease risk. For example, Woodroffe

et al. (2006), demonstrated that culling, which aimed to control spread of bovine tuberculosis

by reducing badger populations, actually increased the home range sizes of remaining badgers,

influencing contact rates with livestock and so increasing the risk of disease spread.

Habitat selection, spatial distribution, and movement are not uniquely useful to understand

for wildlife, but are also important factors in the agricultural and fisheries sectors. In the fisheries

sector, abundance is a key factor in the determination of stocking densities, to protect food source

populations from overfishing (Paradinas et al., 2015; Murphy, 2020). Abundance is a character-

istic drawn from an overall population, which will vary in spatial distribution according to biotic

and abiotic conditions. Thus, the accuracy of abundance estimates are improved through an un-

derstanding of habitat selection and how population densities vary in space. Fisheries can rely

on populations which are at risk from the introduction of invasive species, so understanding the

spatial distribution and habitat selection of invasive populations can aid in their eradication and

management (Gutowsky et al., 2020).

In agriculture, particularly when herbivorous livestock are grazed in upland or rangeland

systems, as opposed to intensive farming practices, understanding animal space-use can inform

management practices, leading to improved animal welfare, economic stability and environmen-

tal impact (Homburger et al., 2015). Distribution of water and mineral sources, fencing, pasture
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rotation, can all be used to increase uniformity of space-use, leading to increased stocking rates

and decreased damage to vegetation and soil structures (Probo et al., 2013). Similarly, in the

management of semi-domesticated species, understanding habitat selection, movement, and spa-

tial distribution is vital to navigating land-use conflict and resource sharing (Skarin et al., 2015;

Horstkotte et al., 2023).

Overall, understanding habitat selection, space-use, and movement in wild and domesticated

animal populations has an extensive and varied range of applications in conservation, urban plan-

ning, epidemiology, fisheries, and agriculture. The impacts of this type of research include: con-

servation of wild ecosystems and key ecosystem services; prevention of human-wildlife conflict;

safeguarding of food source populations; and reduction in the risk of zoonotic infection. Under-

standing how animals move and use their environment is integral to navigating the challenges

presented by climate change and population growth in the Anthropocene.

1.2 Collecting Habitat Selection Data

Different methods are used to collect information for the analysis of animal spatial distribution,

habitat selection, and movement, which result in different data structures and vary in their advan-

tages and disadvantages. A general trend across all types of data in this area is that technological

advancement and the automation of data collection and processing is allowing datasets to be-

come larger and larger (Mccrea et al., 2023). Data generally fall somewhere along a spectrum

of spatio-temporal and organisational scale, between long-term population-level observations,

and short-term individual-level observations. Here, the different data types and their methods

for collection are explored.

Population-level data on spatial distribution are often collected using surveys: an umbrella

term for structured sampling methods wherein a given area is monitored and the spatial location

of detected individuals is recorded. Observations are collected by human observers (on-foot, or

shipboard) or using aerial imagery, via drones or other aircraft. A defining feature of this type of

data is that it provides a snapshot of the overall distribution of the population of interest, and that

sampling is performed either only once, or is repeated at a coarse temporal interval. Structured

surveys are usually expensive and labour intensive to conduct, thus reducing the spatial coverage
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and temporal frequency of data collection. Often, the area of interest is large or heterogeneous

in terms of accessibility, and so is usually broken up into smaller subsets using subplots, line,

or point transects. Thus, the information collected is subject to a spatially-varying observation

process: sampling, though often systematic or random, is not uniform across space. This can

have implications for inference if not properly accounted for during analysis.

Technological advancement has enabled the compilation and transfer of data collected by

citizen scientists: opening up survey data to a larger number of observations that would not

previously have been possible to collect. Citizen science data can be less reliable than structured

survey data, due to the inexpertise of observers. Errors in the detection or identification of species

of interest are more common in this type of data, although do still occur in structured survey data.

Citizen science data are also more likely to be subject to preferential sampling, wherein sampling

efforts are focused on areas where the species is already thought to or known to occur. Sampling

distribution is also subject to other biases, such as accessibility or distance to population centres

(Panunzi et al., 2025a). As such, citizen science data are also subject to a spatially-varying, and

often complex and unknown observation process.

Information on population spatial distribution can also be collected passively, through the

use of records (e.g., fisheries), reports from centres such as veterinary practices, governmental

institutions, or hospitals (e.g., cases of zoonotic infection or injurious human-wildlife conflicts),

or via the provenance of museum specimens. In these instances, the sampling process can be

even more varied and elusive than in citizen science, as the actual spatial distribution of sampling

methods is often unknown (Ribeiro et al., 2023).

Observations of animal occurrence can also be collected through stationary system networks

such as camera traps, acoustic telemetry receivers, echolocation click detectors, or insect traps

(Pepin et al., 2015; Lavender et al., 2022; Williamson et al., 2022a). Similar to point transects in

structured surveys, these data collection networks break up a spatial area into smaller subsets for

observation. However, the data collected will sometimes differ in temporal structure compared

to survey data, as sequential observations of the same individual can be observed, to make up a

movement track or encounter history (as in spatial capture recapture (SCR), Linden, Sirén, and

Pekins, 2018; Hostetter et al., 2022). As such, these sampling methods may provide information
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on spatial distribution at the population or individual-level.

Other methods of collecting individual-level data involve following a single individual through

space, and recording a sequence of observations of its spatial location through time. This was

previously carried out via human observation, which had associated issues with labour cost, ac-

cessibility, and observers influencing the behaviour of the monitored individuals (Bailey et al.,

2018). Automation of data collection with the advent of tracking devices transformed this prac-

tice, removing these issues and allowing for the collection of much larger datasets. Recording

devices utilise radio and satellite technologies to transmit locations, and include VHF and GPS

tracking collars or tags fitted or attached to the monitored individuals. Although data are not

subject to the same detection errors or complex observation processes as population-level data,

there is an associated level of error in the observed location, which varies by device (Turner et al.,

2000). This type of data is often collected at a much finer temporal frequency as compared to

population-level data, so can provide more detailed information on animal space-use. However,

fiscal constraints usually limit the number of individuals that can be monitored, meaning that a

smaller subset of the population is observed.

Understanding habitat selection requires not only observation of the spatial location of an in-

dividual or population, but the conditions of the environment which it occupies. Environmental

variable data has also undergone a transformation in terms of size and resolution. Previously,

static vegetation surveys would be labour intensive to conduct, and provide low spatial coverage.

However, satellite technology, remote sensing, and climate models have allowed for the compila-

tion of large datasets, containing information on environmental conditions covering wide spatial

areas at fine temporal frequencies (Rhodes et al., 2022).

In summary, information used to understand animal habitat selection, spatial distribution,

and movement can come from a wide range of sources with varying associated errors and biases.

Recent advances in technology have transformed the size of datasets in many areas, meaning that

ecological data have become much larger and more complex than in previous years.
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1.3 Considerations in Habitat Selection Modelling

Due to the complex nature of sampling methods used to collect animal location data, and the fact

that modelling often aims to understand processes which exist in the context of space and time,

there are a number of factors which need to be considered when fitting a habitat selection model.

Some of these key considerations are introduced here.

1.3.1 Spatial, Temporal, and Organisational Scale

Ecological processes take place in the context of space and time, and so the spatial and tempo-

ral scales at which data collection and analysis take place will influence inferences made about

these processes. In ecology, the effect of scale on results remained largely unexplored until piv-

otal discussions in the late 1980’s (Addicott et al., 1987; Wiens, 1989; Levin, 1992). Since then,

research has developed in the areas of scale-optimisation (Jackson and Fahrig, 2015; Paton and

Matthiopoulos, 2015), inter-scale comparison (Thompson and Mcgarigal, 2002; Mayor et al.,

2009), and the inclusion of multiple scales within a single model (Compton, Rhymer, and Mc-

collough, 2002; Graf et al., 2005; Sánchez, Cushman, and Saura, 2014; Mcgarigal et al., 2016;

Timm et al., 2016; Crosby and Porter, 2018; Klaassen and Broekhuis, 2018; Sarkar et al., 2018;

Li et al., 2021; Sun, Long, and Jia, 2022).

Measures of scale do not just include spatial grain or temporal frequency, but also the organi-

sational scale at which data are collected or analysis is performed. In habitat selection modelling,

inferences are usually made at one of two organisational scales: the individual-level and the

population-level. These organisational scales are intrinsically linked to spatio-temporal scale, as

population-level models usually cover a wider spatial domain at a coarser temporal interval, giv-

ing an overview of the overall long-term distribution of a population, as compared to individual-

level models, which provide detailed high-frequency insight into individual movement.

The scale at which a system is analysed can influence the inferences made about the processes

operating within that system (Chase and Leibold, 2002; Compton, Rhymer, and Mccollough,

2002; Paton and Matthiopoulos, 2015). Scale choice is dependent on ensuring representation of

the process of interest, but is restricted by resource allocation and computational feasibility. As
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scale-dependency impacts all of inference in habitat selection modelling, it is an area of interest

to determine biologically relevant scales for modelling, or to investigate the influence of scale on

results (Decesare et al., 2012; Jackson and Fahrig, 2015).

In this thesis, scale is determined and investigated in a number of ways. In Chapter 2 mod-

elling is performed at the level of habitat patches, encompassing a biologically relevant scale for

habitat selection analysis. In Chapter 3, models are compared across varying organisational, spa-

tial, and temporal scales, with the aim of describing the impacts of data granularity on inference

at different levels of selection. Finally, in Chapters 4 and 5, a joint modelling framework is used

to integrate data and share parameter estimation across different organisational scales.

1.3.2 Spatio-temporal Autocorrelation

Tobler’s First Law of Geography describes the phenomenon that data points are more similar

when they are closer together in physical space (Tobler, 1970). This is also known as spatial auto-

correlation; a dependence in the spatial structure between locations meaning that their similarity

is defined by a declining function of the Euclidean distance between them. Habitat selection data

consists of observed locations of animals in space (and time), so is subject to this effect (Kneib,

Müller, and Hothorn, 2008). Other spatial and spatio-temporal correlation structures also arise

in habitat selection data as a result of complex underlying ecological processes, such as interac-

tion with conspecifics, dispersal limitations, or interspecific competition (Lichstein et al., 2002;

Storch et al., 2003; Miller, 2012).

Several methods for modelling habitat selection at the population-level are based on an as-

sumption that the observations being modelled are independent (see Section 1.4). Failing to ac-

count for unexplained spatial or temporal correlation structures in species distribution modelling

can lead to spurious significance and an increase in the rate of Type I errors (false positives) in

the interpretation of explanatory variables (Segurado, Araujo, and Kunin, 2006; Dormann, 2007;

Dormann et al., 2007). In some cases, it can also lead to incorrect inference on the direction of

the effect of an environmental covariate (Kühn, 2006).

This thesis explores varying methods to account for different spatial and spatio-temporal

correlation structures in animal location data, including: spatial and spatio-temporal random
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effects in Chapters 2, 4 and 5; and Markov properties in movement modelling in Chapters 3, 4

and 5.

1.3.3 The Observation Process

As described in Section 1.2, data collected for habitat selection modelling, particularly at the

population-level, is subject to the constraints of the sampling method, or observation process.

Often, structured surveys are labour-intensive and costly to conduct, so use a stratification of the

area of interest for data collection. Other methods of data collection, such as citizen science data,

are subject to different biases in accessibility or preferential sampling (Panunzi et al., 2025a).

Animal habitat preferences are related to environmental conditions using locations in space

(and time). If data are distributed not only as a function of underlying processes of interest

(i.e., habitat selection), but also as a function of the observation process, failing to take this into

account can lead to biased inference (Chadwick et al., 2024). Accounting for sampling effort

clarifies whether a cluster of observations is observed in an area because environmental con-

ditions are preferable, or whether this is a location where more intensive sampling took place.

Similarly, in terms of background information, accounting for the observation process differenti-

ates between areas where the species of interest is absent because of habitat avoidance, and areas

where no sampling took place.

The analysis performed in this thesis utilises the R-inlabru package for inference (Bachl

et al., 2019). This is introduced fully in Section 1.6.5. This software package was originally de-

veloped with accounting for spatially-varying observation processes for ecological data in mind,

and a number of applied examples have since been developed (Yuan et al., 2017; Ribeiro et al.,

2023; Panunzi et al., 2025b). The topic of accounting for the observation process is revisited in

Chapters 2 and 4.

1.3.4 Availability

Principally, habitat selection analysis assumes that the observed locations of an animal are in-

dicative of its preference (or avoidance) of a given set of environmental conditions. However,

methods for analysis often operate under the assumption that the full spatial domain of interest is

available to the animal, which is unrealistic, given that animal locations are subject to geograph-
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ical inaccessibility and movement limitations, such as mobility (Paton and Matthiopoulos, 2015;

Matthiopoulos et al., 2020).

Given the temporal interval over which movement is modelled, the area accessible to an

animal will depend on its mobility. At the individual-level, this can be interpreted as the average

distance over which the individual can travel in a given timeframe. At the population-level, if a

population only occupies a small portion of the domain of interest, then its spread through the

spatial domain over time is restricted by dispersal ability, which can be a combination of effects

of mobility and density dependence (Matthiopoulos et al., 2020).

Variations in the definition of the area available to an individual or population can drastically

alter inferences about habitat selection behaviour (Beyer et al., 2010). Crucially, accurately rep-

resenting available space creates the distinction between absence of observed locations due to

habitat avoidance, and absence of observations due to inaccessibility. Without this distinction,

inferences made about the relationship between response data and environmental covariates may

be inaccurate.

This thesis explores the theme of accounting for availability in habitat selection modelling

through a number of methods. In Chapter 2, availability at the population-level is represented

through habitat patch density and dispersal limitations, estimated using spatial and spatio-temporal

random effects. In Chapter 3, availability is accounted for through a bespoke integration scheme,

which combines individual mobility restrictions with physical barriers to movement. Finally, in

Chapters 4 and 5, availability is incorporated through a diffusivity parameter related to individual

mobility, included in representations of movement behaviour and environmental variables.

1.3.5 Model Complexity

As environmental and ecological datasets become larger and more complex, and more advanced

methods for analysis become available, models of species distribution, movement, and habi-

tat selection are becoming more complex (Mccrea et al., 2023). Increasing model complexity

can improve biological realism, predictive accuracy, and model fit, but comes at a cost to inter-

pretability and computational efficiency. It is therefore of interest to understand how complex

model components and structures can be used to improve ecological insight, but where a balance
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can be struck to avoid complexity for complexity’s sake. The topic of model complexity is ex-

plored throughout this thesis, with particular emphasis in Chapter 2, and with parallel themes in

Chapters 3-5.

1.4 Approaches for Habitat Selection Modelling

Historically, spatial and spatio-temporal models have been developed separately for specific data

structures, systems, and applications. As such, habitat selection modelling has largely devel-

oped independently based on the organisational-scale of interest, and can broadly be classed into

two categories: species distribution models or resource-selection for population-level data, and

movement models or step-selection for individual-level data. As well as estimating habitat selec-

tion parameters, population-level models can be used to predict abundance and large-scale spatial

distribution, and individual-level models can be used to predict small-scale spatial distribution

and movement characteristics.

1.4.1 Data Processing

Data to which habitat selection models are fitted usually consist of the observed locations of an

individual or population in space (and time). The structure of data, and thus the method gen-

erally used for analysis, is dependent on both the sampling method, and sometimes processing

steps which are applied prior to model fitting. Population-level observations can take the form of

presence-absence or occupancy data (wherein sampling locations are recorded alongside species

occurrence in terms of presence or absence) or presence-only data (wherein only observations

of species presence are recorded). Population-level observations obtained using citizen science

or through passive records are often presence-only. Presence-only data with accompanying in-

formation on sampling effort and underlying environmental conditions in the wider area can also

be referred to as presence-background data. Individual-level observations are usually presence-

only, as tracked animals typically do not make up the full population, and so observations only

consist of the locations of tracked individuals. However, some methods for individual identifi-

cation can be used alongside sampling to obtain presence-absence information at the individual

level, for example in spatial capture-recapture.
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When analysing spatial distribution and habitat preference, the absence of a species, indicat-

ing avoidance of a given habitat type, is just as important as presence of the species, indicating

preference for a given set of environmental conditions. Some methods attempt to supplement

presence-only data by generating pseudo-absences, while others define the spatial area of the

‘background’. Individual-level tracking data are often processed by adding pseudo-absences:

generated locations describing the area assumed to be available to the individual at the time

of observation, but not chosen by the individual. However, the number and location of pseudo-

absence points is a topic of debate in ecology, as inferences on species-habitat relationships can be

biased or artificially inflated with different numbers or distributions of pseudo-absences (Hazen

et al., 2021). Point process modelling, which emerges as a theme here, has been shown to solve

the issue of determining number and location of pseudo-absences, by absorbing representations

of availability into the definition of continuous space, which can be based on a deterministic

integration scheme (Warton and Shepherd, 2010; Michelot et al., 2024).

For population-level data, background ‘absence’ information is often generated through a uni-

form sampling of a user-specified observation window or spatial domain (although more complex

pseudo-absence approaches are also used, see Barbet-Massin et al., 2012). This is done explic-

itly or implicitly within the model structure, and so becomes a model assumption which is often

violated by practitioners when animal mobility and the observation process are not taken into

account (e.g., in MaxEnt, Phillips et al., 2009). Methods have been developed to account for

spatially-varying detection probabilities in point process models, therefore resolving the issue of

accounting for the observation process in the representation of background information (Bachl

et al., 2019).

In addition to the generation of background information or pseudo-absences, raw presence-

only data are also often subject to other forms of processing prior to analysis, to deal with the

discretisation of space or time. Population-level data are often modelled using a gridded discreti-

sation of space, meaning that point locations of observations are amalgamated into occupancy or

count information at the grid resolution. For individual-level inference, discrete-time methods

of analysis rely on a regular temporal frequency of sequential observations, so data are often

regularised through spatial interpolation. Discretisation, whether in space or time, influences
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the scale at which inference can be made, and can often be arbitrary to the process of interest,

hindering ecological insight (Jackson and Fahrig, 2015; Mcgarigal et al., 2016; Michelot and

Blackwell, 2019). Modelling in continuous-space, or in continuous-time, addresses the issue of

scale-dependency in inference.

1.4.2 Individual-Level (Movement) Models

‘Movement modelling’ is a term which encompasses a wide range of model types including:

mechanistic models of physiological movement; models which provide descriptions of space use

such as home range or the locations of migratory sites; models which describe long-term changes

in population space-use; movement kernels which estimate individual-level movement param-

eters such as velocity or distribution of turning angles; and context-aware movement models,

which combine movement modelling with habitat selection parameter estimation. As the scope

of movement modelling is so wide, this section will only provide an introduction to the types

of approach used in this thesis - specifically, individual-level context-aware movement models

without state or behavioural classification. For example, approaches incorporating classification

of the behavioural state of animals, such as Hidden Markov Models (HMMs), and closely re-

lated State Space Models (SSMs) are widely used in ecology, but are not covered here (though

see Patterson et al. (2017) for an overview of these approaches). The approaches covered in this

section form the basis of individual-level habitat selection modelling using tracking data, and

can be split into categories by their typical use of discrete- or continuous-time.

Discrete-time Modelling: Step Selection Analysis (SSA)

Modelling the sequential track of observed locations of an animal in discrete-time necessitates

the partitioning of the track into distinct movement steps. Tracks are usually discretised at the

temporal frequency of the observations, and steps are described using two parameters: step length

and turning angle. Step length describes the Euclidean distance between successive locations

(namely the current location at time 𝑡 and previous observation at time 𝑡 − 1), so provides an

indication of the distance travelled over a movement step. Turning angle describes the short-

term directional persistence of movement (Mcclintock et al., 2014). The direction of movement

between the observation at time 𝑡 − 2 and that at time 𝑡 − 1 is determined, as is the direction
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between observations at 𝑡 − 1 and 𝑡. Then, the angle between the previous and new directions is

calculated, providing insight into the tortuosity of movement. Usually, the step length parameter

is modelled with a Gamma, exponential, or Weibull distribution, and turning angle is modelled

with a von Mises or wrapped Cauchy distribution (Michelot et al., 2024).

A step selection function (SSF) is used to model the likelihood of moving to the spatial

location 𝑥𝑡+1 given the previous locations 𝑥1∶𝑡 =
{

𝑥1, ..., 𝑥𝑡
}

, which is defined as

𝑝
(

𝑥𝑡+1 ∣ 𝑥1∶𝑡
)

=
𝑤
(

𝑥𝑡, 𝑥𝑡+1
)

𝜙
(

𝑥𝑡+1 ∣ 𝑥1∶𝑡
)

∫Ω𝑤
(

𝑥𝑡, 𝑧
)

𝜙
(

𝑧 ∣ 𝑥1∶𝑡
)

𝑑𝑧
, (1.1)

where Ω is the study region, 𝑤 is a habitat selection function, usually the exponential of an

additive combination of environmental variables, 𝜙 describes movement, usually as a function of

step length and turning angle, and the denominator represents a normalising constant (Michelot

et al., 2024).

Existing literature employs a number of approaches to performing inference using the general

framework described in Equation 1.1 (Michelot et al., 2024). Many approaches incorporate a

use-availability design, wherein observed steps are compared to generated pseudo-absences in a

conditional logistic regression, as introduced by Fortin et al. (2005) and formalised by Forester,

Im, and Rathouz (2009). Although, the method used to generate this background information is

a topic of debate in animal movement literature (Hazen et al., 2021).

Muff, Signer, and Fieberg, 2019 describe the conditional logistic regression implementation

of the SSF model, accounting for multiple individuals and including a pseudo-absence represen-

tation of availability (instead of assuming the full study region is available, as in Equation 1.1).

Using conditional logistic regression, each observed step is modelled conditional on a set of

time- and individual-specific available steps. Let 𝑛 ∈ 1, ..., 𝑁 represent an individual which

has been observed at times 𝑡 = 1, ..., 𝑇𝑛, and 𝑗 = 1, ..., 𝐽𝑛,𝑡 represent locations that were either

used (𝑦𝑛𝑡𝑗 = 1) or available (𝑦𝑛𝑡𝑗 = 0) to individual 𝑛 at time 𝑡. Usually, the total number of

available points is kept constant between individuals and timepoints, so the total number of lo-

cations 𝐽𝑛,𝑡 can be written as 𝐽 for notational simplicity. Then, the probability that individual

𝑛 selects location 𝑗 at time 𝑡 depends on the habitat variables 𝑥𝑛𝑡𝑗 , given the possible choices
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𝑥𝑛𝑡 =
{

𝑥𝑛𝑡1, ..., 𝑥𝑛𝑡𝐽
}

, and is described by

Pr
(

𝑦𝑛𝑡𝑗 = 1 ∣ 𝑥𝑛𝑡
)

= 𝜋𝑛𝑡𝑗 =
exp

(

𝛽𝑇𝑥𝑛𝑡𝑗
)

∑𝐽
𝑗=1 exp

(

𝛽𝑇𝑥𝑛𝑡𝑗
)
, (1.2)

where 𝛽 represents covariate effects to be estimated. The model can be fitted using a stratified

proportional hazards model, although this prohibits the inclusion of random effects (Muff, Signer,

and Fieberg, 2019).

Muff, Signer, and Fieberg (2019) demonstrate an equivalence between the commonly used

conditional logistic regression approach described in Equation 1.2 and Poisson regression with

fixed stratum-specific intercepts (i.e., for each set of time- and individual-specific available lo-

cations), extending the approach to account for individual variability in behaviour in terms of

movement and habitat selection. Thus, probability of use (as described in Equation 1.2) can be

rewritten as

Pr
(

𝑦𝑛𝑡𝑗 = 1 ∣ 𝑥𝑛𝑡
)

=
exp

(

𝛼𝑛𝑡 + 𝛽𝑇𝑥𝑛𝑡𝑗
)

∑𝐽
𝑗=1 exp

(

𝛼𝑛𝑡 + 𝛽𝑇𝑥𝑛𝑡𝑗
)
, (1.3)

where 𝛼𝑛𝑡 are specific intercepts for each set (or stratum) of used and available locations associated

with each step. The model in Equation 1.3 is named the conditional Poisson model, and gives

equivalent parameter estimates to the conditional logistic regression model, but within the more

flexible GLM framework which allows for the inclusion of random effects (i.e., as a Generalized

Linear Mixed Model (GLMM)).

Using the equivalence demonstrated by Muff, Signer, and Fieberg (2019), Arce Guillen et

al. (2023) reformat step selection analysis into a formulation in which each location at each

time point is interpreted as an observation from an inhomogeneous Poisson process (IPP). Thus,

the presence-absence framework is transformed to presence-background, where availability is

accounted for through a unique integration scheme. The GF-iSSA approach is introduced in

more detail in Chapter 3 (Arce Guillen et al., 2023).
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Continuous-time Modelling: Diffusion Based Movement Models

Continuous-time movement models are usually based on diffusion processes (continuous-time

random walks). Diffusion-based models of animal movement are generally considered techni-

cally challenging to implement for applied users, and less interpretable than their discrete-time

counterparts, hindering the uptake of these methods in movement ecology (Mcclintock et al.,

2014; Patterson et al., 2017). Despite this, various diffusion-based models have been applied to

a range of applications in modelling animal movement.

The simplest diffusion process is Brownian motion, which is usually denoted 𝑊 (⋅), as it is

also referred to as the Wiener process (Patterson et al., 2017). This is the continuous-time version

of a random walk model. Using a 2D Brownian motion, 𝑊 (𝑡) = {𝑥, 𝑦}, which starts at location

𝟎 at time 0, the trajectory follows a Gaussian distribution

𝑊 (𝑡 + Δ𝑡) −𝑊 (𝑡) ∼ N (0,Δ𝑡Σ) , (1.4)

where Σ is a variance-covariance matrix (or in the 1D case, a variance), which is usually defined

as Σ = 𝜎2𝐼𝑑 , where 𝐼𝑑 is the identity matrix of order 𝑑. This extremely simplistic model does not

account for directional persistence or environmental impacts on animal movement, so would only

be of use in the unrealistic scenario wherein an individual moves randomly over a homogeneous

environment. However, it provides a framework which allows for additional complexity to be

built in, leading to more realistic and useful models of movement behaviour.

Brownian motion forms the basis for more complex diffusion-based movement models, which

build upon this initial formulation. Complexity is built in to the structure to allow for environ-

mental and social influences on movement behaviour, as well as building in intrinsic features like

directional persistence.

The Ornstein-Uhlenbeck (OU) process builds on Brownian motion by incorporating drift

toward a central location (Patterson et al., 2017). It is a mean-reverting Gaussian process, so has

a tendency to drift towards its long-term mean. The equilibrium distribution of an individual

following an OU process in 𝑑 dimensions is
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𝑈 (𝑡) ∼ N(𝜇,Λ), (1.5)

where 𝑈 (𝑡) and 𝜇 are 𝑑-dimensional vectors and Λ is a 𝑑 ×𝑑 covariance matrix. The conditional

distribution of the process at a future timepoint, given its current value, can be written as

𝑈 (𝑡 + 𝑠) ∣ 𝑈 (𝑠) ∼ N
(

𝑒𝐵𝑡𝑈 (𝑠) +
(

1 − 𝑒𝐵𝑡
)

𝜇,Λ − 𝑒𝐵𝑡Λ𝑒𝐵′𝑡) , (1.6)

where 𝐵 is a 𝑑×𝑑 stable matrix (𝑒𝐵𝑡 → 0 as 𝑡 → ∞). Therefore there is an attraction towards the

centre of the process, 𝜇, the rate of which is controlled by 𝐵, with random variation according to

Λ. This attraction, or drift, to the centre is paralleled by central tendencies in animal movement

behaviour, such as home ranging or central place foraging. The OU process has been extended for

various applications in animal movement modelling, formulating the model in terms of velocity

to account for directional persistence (Johnson et al., 2008), or building in additional processes

to account for behavioural switching (Blackwell, 1997; Michelot and Blackwell, 2019).

Another way to approach using diffusion processes to model animal movement, but still keep-

ing Brownian motion as a key component, is to define them in terms of a Stochastic Differential

Equation (SDE, Patterson et al., 2017). A general SDE can be defined as

𝑑𝑋(𝑡) = 𝐴 (𝑡, 𝑋(𝑡)) 𝑑𝑡 + 𝐵 (𝑡, 𝑋(𝑡)) 𝑑𝑊 (𝑡), (1.7)

where 𝐴 is the drift coefficient which represents the rate of change of the process, and 𝐵 is the

diffusion coefficient which scales the randomness introduced by Brownian motion, 𝑊 (𝑡).

One such example is the Langevin diffusion, a stochastic process with a stationary distribu-

tion, which is used to link individual-level movement to population-level space use (Michelot

et al., 2019). Let 𝐗𝑡 ∈ ℝ𝑑 be the location of an individual in 𝑑 dimensional space at time 𝑡 ≥ 0,

and 𝜋 ∶ ℝ𝑑 → ℝ be its utilisation distribution. Then, in a steady-state regime, the utilisation

distribution is the probability density function 𝜋 which satisfies

ℙ
(

𝐗𝑡 ∈ 𝐴
)

= ∫𝐴
𝜋(𝑧)𝑑𝑧, (1.8)
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for any area𝐴 ⊂ ℝ𝑑 . Therefore, the utilisation distribution represents the (time-invariant) steady-

state behaviour of the process, as defined over the spatial domain 𝐴. Then, the continuous-time

location process of the individual 𝐗𝑡 can be described with a Langevin diffusion for the density

𝜋, defined as the unique solution to the SDE

𝑑𝐗𝑡 =
1
2
∇ log𝜋

(

𝐗𝑡
)

𝑑𝑡 + 𝑑𝑊𝑡, (1.9)

with initial condition 𝐗0 = 𝐱0, where 𝑊𝑡 is a 𝑑-dimensional Brownian motion, and ∇ is the

gradient operator. The movement model therefore incorporates drift, like the OU process, but

instead of simply to a central location, drift is towards a steady-state distribution, which can be

modelled as a function of environmental covariates. Chapters 4 and 5 use a model of animal

movement based on the Langevin diffusion process. Importantly, the approach introduced in

Chapter 4 uses an inhomogeneous Poisson process (IPP) to model the utilisation distribution.

The joint Langevin movement model is introduced in more detail in Section 4.2.

1.4.3 Population-Level (Species Distribution) Models

Population-level models of habitat selection are usually called Species Distribution Models (SDM),

but are also referred to as Resource Selection Analyses (RSA), particularly when they are fit-

ted to tracking data. Population-level models are fitted to presence-absence or presence-only

data, and are formulated in discrete or continuous-space. They aim to provide an understanding

of habitat selection at the population-level, as well as predicting the distribution of a popula-

tion in space (and time). A wide range of methods exist for population-level habitat selection

modelling, including: generalised linear models (GLM) and their extension generalised addi-

tive models (GAM); logistic regression; machine learning methods such as MaxEnt and random

forests; and point process methods. Point processes have been proposed as a unifying frame-

work in species distribution modelling as they provide a link between different approaches to

modelling population-level data of different types and scales (Miller et al., 2019). Here, three

commonly used approaches to modelling habitat selection at the population-level are described.
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Poisson Generalised Linear Models

One approach to modelling presence-only data is to discretise space into a regular grid, and

then model the count of observations per grid cell using a Poisson distribution. As described

in Aarts, Fieberg, and Matthiopoulos, 2012, using this approach, cells are split into used 𝑈

(those containing observations) and available 𝐴 (all cells, including those with no observations).

Let 𝑌𝑗 be the number of observations within a grid cell 𝑗, and 𝑋 contains the value of spatial

covariates either measured at the centre of the grid cell, or averaged across the cell. The Poisson

log-likelihood is

𝑙PGLM (𝛽;𝑋) ∝
𝑀
∑

𝑚=1
log

(

𝜆
(

𝑋𝑈
𝑚

))

−
𝑁
∑

𝑗=1
𝜆
(

𝑋𝐴
𝑗

)

, (1.10)

where 𝑁 is the total number of grid cells (i.e., representing both used and available areas), 𝑀

is the number of used points (i.e., where observation of an individual occurred), 𝑋𝑈
𝑚 describes

environmental conditions in a given 𝑚 used cell, and 𝑋𝐴
𝑗 describes environmental conditions in

a given 𝑗 cell (all cells in the grid 𝑗 = 1, ..., 𝑁). The expected density, 𝜆𝑗 , of observations in a

grid cell 𝑗 is modelled as a Poisson rate, defined as the exponential of the linear predictor

𝜆𝑗 = exp
(

𝛽𝑋𝑗 + log(𝛼)
)

, (1.11)

where log(𝛼) is the offset term containing the spatial area of the grid cell.

The definition of the log-likelihood in Equation 1.10 includes the assumption that the inten-

sity function 𝜆
(

𝑋𝑆
)

is constant within a grid cell, and so the Poisson likelihood function can

be viewed as an approximation to a spatially continuous, unconditional inhomogeneous Poisson

process (Aarts, Fieberg, and Matthiopoulos, 2012).

Weighted Distribution Theory (WDT) for Point Data

Presence-only data are often processed for modelling by adding pseudo-absences; points which

represent the ‘absence’ of an observation, generated randomly using the distribution of the pres-

ence observations. Habitat selection can then be modelled as a function of this combination of

observed and generated data. The Weighted Distribution Theory (WDT) describes the habitat
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selection function as a set of weights that connects the distribution of available habitat to the

distribution of used habitat, by representing the relative selection probabilities of available re-

sources (Lele and Keim, 2006). Let 𝐶(𝑠) describe the environmental covariates at location 𝑠,

𝑎(𝑠) describe the distribution of available locations in space (typically a constant within the do-

main of availability, 𝐺, so that 𝑎(𝑠) = 1∕|𝐺|), and 𝑤 (𝐶(𝑠), 𝛽) be the habitat selection function

(Fieberg et al., 2021). Then, the utilisation distribution is described by

𝑢(𝑠) =
𝑤 (𝐶(𝑠), 𝛽) 𝑎(𝑠)

∫𝑔∈𝐺𝑤 (𝐶(𝑔), 𝛽) 𝑎(𝑔)𝑑𝑔
, (1.12)

where integration is performed over the available geographical area 𝐺, and 𝑔 is a dummy vari-

able which acts as a placeholder for all possible locations within 𝐺 during integration, allowing

integration over the full spatial area.

Fieberg et al. (2021) demonstrate that the utilisation distribution as described using WDT is

consistent with a conditional likelihood for an inhomogeneous Poisson process (IPP).

Logistic Regression

For presence-absence (occupancy) data, the occurrence of a population is observed at a number

of detection sites, where the presence of the species of interest is equal to 1 and the absence is

equal to 0. Similarly, presence-only data with added pseudo-absences can also be thought of in

the same way (e.g., in resource selection functions of tracking data, Muff, Signer, and Fieberg,

2019). This data structure can be used to quantify the occupancy probability (relative to the

available area defined by pseudo-absences) at each site, or the probability of use at each available

location, as a function of environmental covariates using logistic regression, which assumes a

logit link (Aarts, Fieberg, and Matthiopoulos, 2012).

Let 𝑗 = 1, ...𝐽 represent a set of available locations (or detection sites). Then, the probability

that a point 𝑦𝑗 with covariate vector 𝑐𝑗 is used (or the occurrence probability of the point) can be

modelled as

logit(Pr(𝑦𝑗 = 1 ∣ 𝑐𝑗)) = 𝛽𝑇 𝑐𝑗 , 𝑦𝑗 ∼ Bernoulli(Pr(yj = 1 ∣ cj)), (1.13)

where 𝛽𝑇 is the transposed of the covariate vector 𝛽 that is the target of interest (Muff, Signer,
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and Fieberg, 2019).

This method becomes equivalent to a log-linear IPP model when the number of available

points (or detection sites) is large (Warton and Shepherd, 2010). Alternatively, the approach can

be extended to a marked point process model, wherein the probability of use (or occurrence) is

modelled as a mark dependent on the underlying distribution of the available points (detection

sites), modelled as an inhomogeneous Poisson process (IPP). This is demonstrated in Chapter 2.

1.4.4 Spatial Point Processes

As mentioned in the preceding sections, the most common approaches to habitat selection mod-

elling of population-level data have been demonstrated to be equivalent to using a point process

model (Warton and Shepherd, 2010; Aarts, Fieberg, and Matthiopoulos, 2012; Fieberg et al.,

2021). Similarly, point process modelling can also be used to describe habitat selection at the

individual-level (Arce Guillen et al., 2023).

In the simplest case, a spatial point process 𝐗 is a finite random subset of a given bounded

region 𝑆 ⊂ ℝ2. A realisation of this process is a spatial point pattern 𝑥 = 𝑥1, ..., 𝑥𝑛 of 𝑛 ≥ 0

points contained in 𝑆 (Møller and Waagepetersen, 2004). The distribution of the number of

points 𝑛(𝐗) can be used to specify the distribution of the point process, and for each 𝑛 ≥ 1,

conditional on 𝑛(𝐗) = 𝑛, the joint distribution of the 𝑛 points in 𝐗. Equivalently, the distribution

of variables 𝑁(𝐵) = 𝑛(𝐗𝐵) can be specified for subsets 𝐵 ⊆ 𝑆, where 𝐗𝐵 = 𝐗 ∩ 𝐵.

In a spatial point process, the expected density of points at spatial location 𝑠 ∈ 𝑆 is described

by the intensity Λ(𝑠).

The Poisson Process

If points in a point process arise independently and at random, the intensity 𝜆 can be described

by a homogeneous Poisson distribution, so the process is referred to as a homogeneous Poisson

process (HPP). A Poisson process 𝐗 defined on 𝑆 and with intensity measure 𝜇 and intensity

function 𝜌 satisfies for any bounded region 𝐵 ⊆ 𝑆 with 𝜇(𝐵) > 0,

1. 𝑁(𝐵) is Poisson distributed with mean 𝜇(𝐵),

2. conditional on 𝑁(𝐵), the points in 𝐗𝐵 are IID with density proportional to 𝜌(𝑢), 𝑢 ∈ 𝐵.
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Within a homogeneous Poisson process, the locations of points are assumed to follow com-

plete spatial randomness, i.e., reflecting a lack of interaction between the points (Møller and

Waagepetersen, 2004). In other words, a homogeneous Poisson point process has a constant rate

of intensity, meaning that the average density of points is uniform across space. Homogeneous

Poisson processes are mathematically tractable so attractive for modelling, but this independence

property is not realistic when applied to ecological systems. For example, when modelling the

spatial distribution of a population of organisms, spatial interaction amongst individuals (e.g.,

competition, facilitation), and other factors (e.g., symbiotic relationships, conspecific prefer-

ences) can influence spatial distribution. The Poisson process can be extended to account for

this heterogeneity in point pattern intensity using an inhomogeneous point process (IPP), such

as a Cox process, wherein point pattern intensity (Λ) can be spatially varying. This is discussed

further in Section 1.6.1.

Thinned Point Processes

In most applications, spatial point processes are fitted to data wherein a realisation of the process

(the point pattern, or spatial distribution of observations) is observed over a known observation

window, 𝑊 . Both the observed point locations, and the absence of points where observation

was possible (i.e., within 𝑊 ) are sources of information used to describe the underlying point

process. If sampling or detection is not perfect over the domain of interest, so some points

are missing from the set of observations, then the observed pattern arises from a thinned point

process. Accounting for spatially varying detection probabilities in point process models is a

speciality of the R-inlabru package (see Section 1.6.5, Bachl et al., 2019).

Marked Point Processes

In a marked point process, the locations of points are modelled alongside one or more dependent

‘marks’: quantitative or qualitative features of the objects or events found at the point locations,

which are dependent on the point spatial structure (Illian, Sørbye, and Rue, 2012). A marked

point process model is a joint likelihood model wherein the distribution of the points is modelled

simultaneously alongside the marks. Sometimes, the marks are the feature of interest, and so a

marked point process model can be seen as a model of the marks which takes the dependence
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on the underlying spatial structure of the points into account. Marked point process models are

discussed further in Chapter 2.

Applications of Spatial and Spatio-temporal Point Processes

Spatial and spatio-temporal point process models have been proposed as a unifying framework

for modelling species distributions and habitat associations (Miller et al., 2019; Matthiopoulos

et al., 2022). It has been demonstrated that the varying approaches to modelling species distri-

butions can be thought of as special cases of the same underlying approach; an inhomogeneous

Poisson point process (IPP, Warton and Shepherd, 2010; Aarts, Fieberg, and Matthiopoulos,

2012; Fieberg et al., 2021). This has also been translated to models of individual-level selection

(Muff, Signer, and Fieberg, 2019; Arce Guillen et al., 2023).

The history of point process modelling has been largely theoretical, due to a lack of available

software for computationally efficient fitting of these complex spatial and spatio-temporal mod-

els to large datasets (Illian, Sørbye, and Rue, 2012). However, this has changed in recent years,

resulting in the relevance of point process methodology being recognised by the ecological com-

munity, and intensifying the need for demonstrations of the various ways in which point process

methodology can be applied (Illian and Burslem, 2017). In this thesis, each chapter demonstrates

a different approach to incorporating point process methodology in habitat selection models.

Chapter 2 uses a marked point process model to predict the spatio-temporal distribution of a

population. Chapter 3 applies the discrete-time GF-iSSA movement model, and compares this

to an RSA approach using an IPP. Finally, Chapters 4 and 5 use an IPP model to describe the util-

isation distribution in a continuous-time movement modelling framework. Therefore, this thesis

provides an overview to a broad range of uses for point process modelling of animal space-use

and habitat selection at different organisational scales.

1.5 Bayesian Inference
Bayesian statistics is a method for statistical analysis which incorporates prior knowledge about

parameters of interest and updates this with observed data. It differs from classical, Frequentist

statistics in that: (1) instead of evaluating the probability of the data given the model, it evaluates

the probability of the model given the data; (2) it has a different definition of probability; (3) it
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incorporates prior beliefs instead of only using observed data; and (4) it treats model parameters

as random variables instead of estimates of fixed, true values (Ellison, 2004). Bayesian inference

is a preferred method in many areas of ecology, as it allows for more interpretable uncertainty

quantification and the creation of adaptive models, which can be continually updated with new

evidence. However, fully Bayesian inferential methods are often computationally costly, which

has historically been a barrier to applied hierarchical Bayesian modelling.

Bayesian statistics aims to make probabilistic statements about unknown parameter values

𝜃, given observed data 𝑦. This can be done using Bayes theorem (Bayes, 1763), wherein the

posterior density 𝑝 (𝜃 ∣ 𝑦) is computed from the prior 𝑝 (𝜃) and likelihood 𝑝 (𝑦 ∣ 𝜃)

𝑝(𝜃 ∣ 𝑦) =
𝑝(𝜃) 𝑝(𝑦 ∣ 𝜃)

𝑝(𝑦)
, (1.14)

where 𝑝(𝑦) = ∫𝜃 𝑝(𝜃)𝑝(𝑦 ∣ 𝜃). Removing the normalising constant 𝑝(𝑦) (the integral over all

possible values of 𝜃) from the denominator gives the unnormalised posterior density

𝑝(𝜃 ∣ 𝑦) ∝ 𝑝(𝜃) 𝑝(𝑦 ∣ 𝜃), (1.15)

wherein the unnormalised posterior is given proportional to the product of the prior and likeli-

hood (Gelman et al., 2015). This definition can be used to define a probabilistic interpretation of

values of 𝜃, for example, the % probability that the true value is contained within a given range.

Thus, point estimates (e.g., mean, median, mode) and associated posterior intervals can be used

for parameter interpretation and communication of uncertainty. Often, the posterior distribution

is not available in closed form, and credible intervals are derived from simulation-based samples

of the posterior (Section 1.5.1), or using approximation methods (Section 1.5.2).

1.5.1 Markov Chain Monte Carlo (MCMC)

Markov chain Monte Carlo (MCMC) is a simulation-based method for Bayesian inference. Prob-

abilistic statements about parameter values are made by sequentially sampling from approximate

distributions and correcting the samples drawn in order to improve the approximation of the tar-

get posterior distribution (Gelman et al., 2015). As sampling is performed iteratively, over time,
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the approximate distributions from which samples are drawn will converge towards the target dis-

tribution. Given a long enough running time, the difference between 𝑝(𝜃|𝑦) and the distribution

of samples should be minimal enough that inference can be performed using the sample distribu-

tion. Therefore, point estimates and uncertainty intervals computed from the sample distribution

should give an accurate description of the true underlying process.

The basis of the MCMC approach relies on the creation of a Markov process whose stationary

distribution is the target 𝑝(𝜃|𝑦). Then, if simulation is performed for long enough, the distribution

of samples should reflect the true distribution. The number of iterations and appropriate ‘burn-

in’ period must be defined to give the process enough time to produce accurate results. Since

MCMC is an iterative process, appropriate initial values also need to be specified to give chains

a good starting point.

The general method of MCMC can be performed using many different algorithms, which

provide variations suited to different modelling problems. Here, a commonly used algorithm,

the Gibbs sampler, is explained in more detail.

Gibbs Sampler

The Gibbs sampler, or ‘alternating conditional sampling’ (Geman and Geman, 1984) is an MCMC

algorithm wherein 𝜃 is split into a 𝑑-dimensional vector 𝜃 = (𝜃1, ..., 𝜃𝑑). Each sample of each

subvector 𝜃𝑗 is drawn conditional on the value of all of the others. Thus, for each iteration 𝑡 of the

algorithm, there are 𝑑 steps. For each iteration, 𝜃𝑡𝑗 is sampled from the conditional distribution

(given all the other components of 𝜃)

𝑝(𝜃𝑡𝑗 ∣ 𝜃
𝑡−1
−𝑗 , 𝑦), (1.16)

where 𝜃𝑡−1−𝑗 represents all the components of 𝜃 except 𝜃𝑗 , at their current values

𝜃𝑡−1−𝑗 = (𝜃𝑡1, ..., 𝜃
𝑡
𝑗−1, 𝜃

𝑡−1
𝑗+1, ..., 𝜃

𝑡−1
𝑑 ), (1.17)

where 𝜃𝑡−1−𝑗 includes the values of all the already updated components for iteration 𝑡, and the values

at iteration 𝑡−1 for the components which haven’t yet been updated (Gelman et al., 2015). Gibbs

sampling is particularly useful for complex, high-dimensional distributions.
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Software Platforms for MCMC

There are multiple popular software platforms for performing Bayesian inference using MCMC.

These include Just Another Gibbs Sampler (JAGS, Plummer, 2012); Numerical Inference for

Statistical Models for Bayesian and Likelihood Estimation (NIMBLE, De Valpine et al., 2017);

and Stan (Carpenter et al., 2017).

JAGS is a software program for the analysis of Bayesian hierarchical models using MCMC

which uses Gibbs sampling as its core algorithm (Plummer, 2012). Although most of the analysis

in this thesis is performed using the INLA method for inference, JAGS is used for comparison

in Chapter 4, Section 4.3.5.

1.5.2 Integrated Nested Laplace Approximation (INLA)

Bayesian inference for applied ecological problems has historically been restricted by the compu-

tational cost of inferential methods. Accurate estimation of posterior densities from simulation-

based methods (such as MCMC) require a long running time, to ensure the stationary distribution

of interest, from which samples are drawn, has been achieved. When research aims to interpret

intricate ecological systems, large datasets and complex models are predominant. This often

means that fully Bayesian inferential methods are prohibitively long-running for use in applied

ecological modelling.

An alternative to MCMC which solves the computational efficiency problem is to use approx-

imate methods for Bayesian inference. Integrated Nested Laplace Approximation (INLA) is a

method that can be used for inference from the wide class of structured additive regression mod-

els which fall under the heading of latent Gaussian models (Rue, Martino, and Chopin, 2009). As

opposed to sampling the full posterior using MCMC algorithms, INLA is used to approximate

the posterior marginals of latent Gaussian models in a computationally efficient way.

It is important to note that the error in MCMC methods can be made arbitrarily small, but that

this is reflected through an increase in model running times. Approximate inference using INLA

can have a lower approximation bias than MCMC error for a given computational cost (Rue, Mar-

tino, and Chopin, 2009). Thus, from the perspective of the end-user (with large datasets, complex

models, and limitations on project timelines), INLA is almost always preferable to MCMC for
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accurate and efficient Bayesian inference from latent Gaussian models.

Latent Gaussian Models

Latent Gaussian models are a large, general class of models which are made up of condition-

ally independent observations which belong to an exponential family and follow a probability

distribution that depends on parameters (following a Gaussian distribution, also called the latent

Gaussian random field (GRF)) and hyperparameters (not necessarily Gaussian). Latent Gaussian

models can be defined using a three-stage hierarchical framework (Rue et al., 2017). Let 𝑦 be the

observations, which are conditionally independent given the latent GRF  and hyperparameters

𝜃1. Then

𝑦 ∣  , 𝜃1 ∼
∏

𝑖∈
𝑝
(

𝑦𝑖 ∣ 𝑖, 𝜃1
)

, (1.18)

where 𝑖 is the 𝑖-th component of the latent GRF which describes the underlying dependence

structure of the data. The latent GRF is decribed as

 ∣ 𝜃2 ∼ 
(

𝜇
(

𝜃2
)

, 𝑄−1 (𝜃2
))

. (1.19)

The hyperparameters which control the likelihood, 𝜃1, and the latent GRF, 𝜃2, combine to

give the hyperparameter vector 𝜃 =
(

𝜃1, 𝜃2
)

. The joint posterior density of  and 𝜃 can be given

as

𝑝 ( , 𝜃 ∣ 𝑦) ∝ 𝑝(𝜃) 𝑝( ∣ 𝜃)
∏

𝑖∈
𝑝(𝑦𝑖 ∣ 𝑖, 𝜃). (1.20)

Latent Gaussian models can be expressed using a linear predictor which is an additive com-

bination of fixed and random effects, where all model components (except for hyperparameters)

are Gaussian. The linear predictor 𝜂𝑖 of an LGM can be expressed as

𝜂 = 𝛼 +
∑

𝑗
𝛽𝑗𝑧𝑖𝑗 +

∑

𝑘
𝑓𝑘,𝑗𝑘(𝑖), (1.21)

when a joint Gaussian prior is assumed for the overall intercept term 𝛼 and the parameters of the

fixed linear effects 𝛽 of the covariates 𝑧. A range of Gaussian processes 𝑓𝑘 can be included in
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the model, including random spatial and auto-regressive temporal models.

INLA relies on a property found in most latent Gaussian models that the latent field  has

conditional independence, and thus is a Gaussian Markov random field (GMRF) with a sparse

precision matrix. This enables the use of sparse matrix methods for numerical computation. This

feature, alongside the condition that the number of hyperparameters 𝜃 is small (also a common

property of latent Gaussian models), contributes to the computational efficiency of the method.

Classical INLA

When the INLA method was first developed by Rue, Martino, and Chopin (2009), it originally

utilised Laplace approximation to estimate the joint posterior density of the latent GRF and hy-

perparameters 𝑝 ( , 𝜃 ∣ 𝑦), as written in Equation 1.20. The Laplace approximation is given by

𝜋 (𝑥, 𝜃|𝑦) ∝ 𝜋 (𝑦| , 𝜃)𝜋 ( , 𝜃)

∝ 𝜋 (𝑦| , 𝜃)𝜋 (|𝜃)𝜋(𝜃)

𝑝 (𝜃 ∣ 𝑦) =
𝑝 ( , 𝜃 ∣ 𝑦)
𝑝𝐺 ( ∣ 𝜃, 𝑦)

|

|

|

|=𝜇(𝜃)

, (1.22)

where 𝑝𝐺 ( ∣ 𝜃, 𝑦) is a Gaussian approximation of the density, 𝜋(|𝜃, 𝑦), and all is evaluated

at 𝜇(𝜃); its mode. This approximation was then used to compute the posterior marginal distri-

butions for the latent GRF and hyperparameters using nested, numerical integration. The GRF

is represented with a GMRF during computation; this approximation is explored further in Sec-

tion 1.6.2, (Lindgren, Rue, and Lindström, 2011).

The classical INLA method can be summarised in three main steps:

1. Use the Laplace approximation (Equation 1.22) to approximate the posterior marginal of

the hyperparameters.

2. Compute the simplified Laplace approximation of the latent Gaussian field for selected

values of the hyperparameters.

3. Combine the previous two steps using numerical integration.

This nested approach contributed to the accuracy of the classical INLA methodology. The sim-

plified Laplace approximation used in INLA corrects for location and skewness in the Gaussian
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marginals, to provide a more accurate approximation than the original naive Gaussian.

The outputs from INLA are posterior marginal distributions for the latent Gaussian random

field and hyperparameters. Values of interest such as means and quantiles can then be derived

from these marginals.

Updated INLA

Recently, the INLA inferential method has been updated to improve its stability and reduce com-

putational cost. Van Niekerk et al. (2023) proposed a new framework for approximate Bayesian

inference using INLA, removing the linear predictor from the latent field to improve computa-

tional efficiency, but using a low-rank Variational Bayes correction to maintain accuracy.

In the updated INLA formulation, the latent field  has a 0 mean Gaussian prior, and the 𝑛

linear predictors are defined as

𝜂 = 𝐴 , (1.23)

where 𝐴 is a sparse design matrix that links the linear predictors to the latent GRF. The joint

posterior density defined in Equation 1.20 is updated to become

𝑝 ( , 𝜃 ∣ 𝑦) ∝ 𝑝(𝜃) 𝑝( ∣ 𝜃)
𝑛

∏

𝑖∈
𝑝(𝑦𝑖 ∣ (𝐴)𝑖, 𝜃). (1.24)

However, this formulation could lead to inaccurate results, so a correction is applied to the

posterior means of the latent GRF using low-rank Variational Bayes (Van Niekerk and Rue,

2024).

The updated INLA method can be summarised in the below steps:

1. Formulate the latent GRF without linear predictors, instead using a sparse design matrix

to link linear predictors to the latent GRF (Equation 1.23).

2. Derive the joint density of the latent GRF, hyperparameters and data (Equation 1.24).

3. Approximate the posterior using Laplace approximation (Equation 1.22).

4. Apply a Variational Bayes correction to the posterior means of the latent GRF (Van Niekerk
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and Rue, 2024).

5. Compute the posterior marginals using numerical integration of the Gaussian conditional

marginals.

The work in Chapter 2 was carried out prior to the default implementation of updated INLA

in the R-INLA package, and so this chapter uses the classical INLA method for inference (Van

Niekerk et al., 2023). Chapters 3-5 all use the updated INLA method.

1.6 Spatial Point Process Modelling with R-INLA

R-INLA is a software package in the R programming language, which is used for Bayesian com-

puting with the INLA method (Rue, Martino, and Chopin, 2009; Rue et al., 2017; R Core Team,

2025). Among other applications, it provides a computationally efficient Bayesian framework

that can be used to fit spatial and spatio-temporal point process models to large datasets.

1.6.1 Log Gaussian Cox Processes (LGCP)

Log Gaussian Cox processes (LGCP) are a special case of latent Gaussian models - which makes

them suitable for fitting with INLA - where the random intensity function forms the latent Gaus-

sian structure (Cox and Isham, 1980; Illian and Burslem, 2017). LGCP are doubly stochastic

point processes in which the intensity function is modelled as

log (Λ(𝑠)) = (𝑠), (1.25)

where(𝑠) is a Gaussian random field, 𝑠 ∈ ℝ2, so for any location 𝑠1, ..., 𝑠𝑙 the vector(𝑠1), ...,(𝑠𝑙)

follows a multivariate normal distribution (Møller, Syversveen, and Waagepetersen, 1998). The

exponential is used to keep values of Λ(𝑠) positive-definite.

The theoretical framework of LGCP is well suited to spatial and spatio-temporal problems

in ecology, as the modelled point pattern forms a Poisson process, given the latent Gaussian

random field which describes random intensity. In practice, Cox process models are difficult

to fit to point pattern data due to intractable likelihoods (Illian et al., 2013). Therefore, prior

to implementation in the INLA framework, only simple Cox process models were fitted in an
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applied context, and joint modelling was prohibitively computationally expensive. When fitting

LGCP with INLA, the the continuous Gaussian random field is approximated by a Gaussian

Markov random field (GMRF) with local dependence structure. Therefore, INLA allows for the

computationally efficient modelling of spatial and spatio-temporal point process models using

LGCP.

The analyses performed in this thesis all incorporate an LGCP: as a marked point process

model in Chapter 2; via the GF-iSSA approach and also in the RSA model in Chapter 3; and to

describe the utilisation distribution in the joint Langevin movement model in Chapters 4 and 5.

1.6.2 Stochastic Partial Differential Equations

For continuous spatial and spatio-temporal models in INLA, such as LGCP, the Stochastic Partial

Differential Equation (SPDE) approach can be used to approximate continuous-space (Lindgren,

Rue, and Lindström, 2011). The SPDE approach works by approximating a Gaussian random

field by its corresponding Gaussian Markov random field, and then using the GMRF to represent

the GRF in computation (Simpson, Lindgren, and Rue, 2012; Miller, Glennie, and Seaton, 2020).

The Markov property of the GMRF greatly improves computational efficiency. A GRF with

Matérn covariance is the solution to a certain type of SPDE. Since the covariance structure of

the GRF is known to be Matérn, the SPDE behind this can be approximated. From this, the

corresponding GMRF can be estimated.

The solution to the SPDE is represented using the finite element method as the sum of

weighted basis functions, where the weights follow a Gaussian distribution. The basis func-

tions are carefully chosen to preserve the sparse structure of the precision matrix for the GRF,

which provides a link between the continuous field and a GMRF, giving computational advan-

tages. The basis functions are defined at a set of mesh nodes, with the overall mesh providing

a representation of continuous-space. The mesh is a division of the spatial domain into a set of

non-intersecting triangles, which only meet at most at a common edge or vertex. The number

of basis functions (and associated weights) is the same as the number of vertices in the mesh.

The mesh provides a lower bound to the spatial resolution of analysis, so therefore must be fine

enough so that no further changes in results are observed when a finer mesh is used (Lindgren,
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Rue, and Lindström, 2011; Dambly et al., 2023).

The solution to the SPDE is given as

𝑢(𝑠) =
𝑚
∑

𝑘=1
𝜓𝑘(𝑠)𝑤𝑘, (1.26)

where 𝑠 ∈ 𝐷, 𝜓𝑘 are basis functions, 𝑤𝑘 are Gaussian distributed weights, 𝑚 represents the

number of vertices in the triangulation.

The piece-wise linear basis functions can be used to approximate the process at any point

inside the triangulated domain. The joint distribution for the weights determines the full distri-

bution in the continuous domain.

Using a GRF to Account for Spatial Autocorrelation

A spatio-temporal point pattern is a realisation of an underlying point process, which describes

the relative pattern of locations of observations in space and time. Point process modelling re-

lies on the assumption that each point (observation) is independent conditional on point process

intensity. The violation of this assumption can lead to spurious significance in the interpretation

of parameters, and Type I errors. Therefore, any correlation between points should be explained

by the intensity function. This can incorporate the effects of known environmental covariates,

but can also include a structure to account for residual spatial autocorrelation. Using INLA,

residual spatial autocorrelation in point pattern intensity can be accounted for using a Gaussian

random field (GRF). The GRF can be approximated in continuous-space using the Stochastic Par-

tial Differential Equation (SPDE) approach, which makes complex modelling feasible by vastly

reducing computational cost (Lindgren, Rue, and Lindström, 2011).

Accounting for spatial autocorrelation via the inclusion of a spatially structured random effect

can reduce the risk of spurious significance and improve spatial prediction. However, there is

a risk of spatial confounding, wherein there is multicollinearity between fixed effects and the

spatial random effect, creating biased estimates of the fixed effects. Similar issues can also arise

wherein the GRF is overfitted to the data (Illian et al., 2014). The risk of spatial confounding can

be reduced by using GRFs in a controlled way, through PC-priors or restricted spatial regression

(Hodges and Reich, 2010; Simpson et al., 2017).
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1.6.3 Priors

As R-INLA operates in a Bayesian framework, it allows for the incorporation of prior beliefs in

modelling. There are several kinds of prior, based on differing levels of existing knowledge on

a subject. Objective (or non-informative) priors are highly design dependent and do not require

knowledge of the study system. This type of prior can be generalised across several models, but

does little to update the model, meaning that models rely heavily on the sampled data. Infor-

mative priors, or expert priors, allow for the incorporation of known information about a study

system, but are often misinterpreted when lifted from existing literature (Simpson et al., 2017).

The use of interpretable default priors provides an attractive alternative.

When a model is too complex, or when a prior defines a spatial effect at too fine a spatial scale,

overfitting occurs (Illian, Sørbye, and Rue, 2012). Overfitted model predictions rely too heavily

on the data collected, and so can’t be extrapolated to similar study areas because they are too

specific (Illian et al., 2014). One method to avoid overfitting in INLA involves the specification

of variance-partitioning based priors, the details of which are discussed further in Ferrari and

Ventrucci (2024). A common approach to avoid including unnecessary complex components in

a model, in order to avoid overfitting, involves using Penalised Complexity (PC) priors (Simpson

et al., 2017).

Penalised Complexity Priors

Penalised Complexity (PC) priors are interpretable default priors which operate under the prin-

ciple of Occam’s razor, working to reduce deviation away from the most parsimonious model

unless complexity is supported by the data (Blangiardo et al., 2013; Simpson et al., 2017). The

prior is placed not on a parameter, but on the divergence of a model component from the simplest

base model. Specifically, a prior is put on a flexibility parameter 𝜉 for a model component with

density 𝑝(𝑦|𝜉).

The construction of PC-priors is based on the following four principles:

1. Parsimony (Occam’s razor)

The PC-prior approach is designed to penalise model complexity (deviation from a sim-

pler base model) to prioritise a more parsimonious model formulation. This is achieved
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by measuring complexity, as in principle 2, and penalising it with a constant rate, as in

principle 3. The user defining the prior chooses the scale of penalisation, as in principle 4.

2. Measure of complexity

In the construction of PC-priors, the complexity of a model component with density 𝑓

over a model component with density 𝑔 is measured. The measure 𝑑 used for this is based

on the Kullback-Leibler divergence between 𝑓 and 𝑔 and is calculated as

𝑑(𝑓‖𝑔) =
√

2KLD(𝑓‖𝑔), (1.27)

where KLD(𝑓‖𝑔) denotes the KL divergence between 𝑓 and 𝑔.

3. Constant rate penalisation

In order to ensure that deviation from the base model is penalised in the same way every-

where in the parameter space, an exponential prior with rate parameter 𝜆 on the distance

space is used

𝑝(𝑑) = 𝜆 exp(−𝜆𝑑). (1.28)

4. User defined scaling

To allow the user to prescribe the degree of informativeness of the prior the parameter 𝜆

in Equation 1.28, they choose 𝑈 and 𝛼 in the following equation

𝑃 (𝑄(𝜉) > 𝑈 ) = 𝛼, (1.29)

where 𝑄(𝜉) is an interpretable transformation of 𝜉. Equation 1.29 describes the likelihood

𝛼 that 𝜉 is in the tail of the distribution (i.e., bigger than a threshold 𝑈 ). In other words,

the user decides where the tails of the prior distribution are located and how sure they are

about this decision.

Each model component requires its own PC-prior (hence its own flexibility parameter). How-

ever, PC-priors remain consistent throughout reparameterisation (even if the significance of a
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model component’s effect changes, its PC-prior will remain invariant). This is beneficial, as

the PC-priors are resistant to iteration so do not have to be computed with every new model

arrangement.

Since PC-priors operate under the principle of Occam’s razor, they only enable increased

complexity in a model (i.e., the inclusion of complex model components) if this is supported by

strong evidence from the data. In this way, PC-priors can be used to justify model selection, as

they provide a systematic approach to assessing the level of complexity needed in a model.

PC-Priors for GRF Parameters

PC-priors can be specified to inform the Matérn covariance structure of a Gaussian random field

included as a spatial random effect in INLA. This is carried out using a reparameterisation of 𝜅

and 𝜏 from the Matérn covariance function to a range and variance (Blangiardo et al., 2013). The

PC-prior is specified on the joint density of the spatial range (𝜌) and marginal standard deviation

(𝜎2). The spatial range gives an indication of the spatial span of the covariance structure, and the

standard deviation provides the degree of spatial variability. The hyper-parameters (𝑅 and 𝑆)

for this prior are set indirectly by specifying the lower tail quantile and probability for the range,

and the upper tail quantile and probability for the standard deviation (Laxton et al., 2023a).

Priors are specified on the range using

𝑃 (𝜌 < 𝜌0) = 𝑝𝜌, (1.30)

where 𝜌0 corresponds to the lower tail quantile for the range, and 𝑝𝜌 corresponds to the probability

that the actual range value (𝜌) is less than 𝜌0.

Similarly, variance priors are specified using

𝑃 (𝜎 > 𝜎0) = 𝑝𝜎 , (1.31)

where 𝜎0 corresponds to the upper tail quantile for the standard deviation, and 𝑝𝜎 corresponds to

the probability that the actual standard deviation (𝜎) is greater than 𝜎0.

When using PC-priors in this way, the effects of complex model components like spatial or

spatio-temporal Gaussian random fields will only be included when this is supported by the data
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(Simpson et al., 2017). For the Matérn field, PC-priors penalise complexity away from the base

model which represents the instance where the Gaussian random field has close to no impact;

the limiting case with 𝜎2 → 0 and 𝜌𝑠 → ∞. This is essentially a spatially constant random field

with infinite range and zero variance.

1.6.4 Model Comparison in R-INLA

When comparing a number of models of the same type fitted to the same dataset, it can be of

interest to perform a quantitative assessment which places models on the same scale, for com-

parison. However, when using quantitative measures for model assessment, it is important to

incorporate a balance for model complexity, as prioritising only fit to data will result in highly

data-specific models with poor predictive accuracy (Gelman, Hwang, and Vehtari, 2014). Mea-

sures of the Deviance Information Criterion (DIC) and Watanabe-Akaike (or Widely Applicable)

Information Criterion (WAIC) are computed by default when fitting models in R-INLA (Spiegel-

halter et al., 2002; Watanabe, 2010). These are commonly used Bayesian criteria for assessing

a model’s goodness of fit, whilst taking into account the complexity of the model required (in

terms of the effective number of parameters). Lower values of DIC and WAIC indicate more

probable model predictions, so in comparative analyses the model with the lowest DIC or WAIC

value is chosen as optimal (Gelman, Hwang, and Vehtari, 2014).

DIC

DIC uses data-based bias correction to penalise model complexity (in terms of the effective

number of parameters), and is based on the posterior mean 𝜃̂𝐵𝑎𝑦𝑒𝑠 = 𝐸(𝜃|𝑦) (Spiegelhalter et al.,

2002). The criterion is defined as

DIC = −2 log
(

𝑝
(

𝑦 ∣ 𝜃̂𝐵𝑎𝑦𝑒𝑠
))

+ 2𝑝𝐷𝐼𝐶 , (1.32)

where 𝑦 is a vector of observations, 𝑝 is the number of model parameters, and 𝑝𝐷𝐼𝐶 is the effective

number of model parameters calculated using simulation (Gelman et al., 2015).
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WAIC

WAIC can be more robust than DIC, particularly for complex or hierarchical models, because it

makes use of the full posterior distribution (Watanabe, 2010). In Gelman et al. (2015), WAIC is

defined as

WAIC = −2lppd + 2𝑝𝑊𝐴𝐼𝐶2, (1.33)

where lppd is the log pointwise predictive density, and 𝑝𝑊𝐴𝐼𝐶2 is the effective number of model

parameters, calculated using a measure of variance summed over the data.

DIC is used for model comparison in Chapter 3, as recommended in Arce Guillen et al.

(2023), and WAIC is used for model comparison in Chapter 2. Both measures provide proxies for

cross-validation, wherein subsets of the data are removed from model fitting to test for predictive

accuracy. As such, these measures are poorly understood in the context of point process models,

which can be thought of as having essentially one observation: the overall distribution of points

in the observation window (Illian and Burslem, 2017). Therefore, in Chapters 2 and 3 these

model comparison measures are considered as one feature within an overall assessment, and not

used for definite model selection.

1.6.5 R-inlabru

R-inlabru is a package in the R software language, which is a wrapper around and extension

to the R-INLA package (Bachl et al., 2019; Lindgren et al., 2024; R Core Team, 2025). While

R-inlabru uses R-INLA - and thus the INLA method for inference - internally, the syntax of

R-inlabru code was designed to be more concise and user-friendly. Therefore, R-inlabru is a

more accessible package for use in applied contexts.

Further to this, R-inlabru has additional flexibility which allows it to handle more complex

modelling problems than R-INLA. It extends the class of models that can be fitted using the INLA

methodology by allowing the predictor to be a non-linear (deterministic) funtion of the latent

Gaussian parameters (Bachl et al., 2019). This is achieved using an inferential approach wherein

model configurations are linearised and fitted iteratively, named iterated INLA (Lindgren et al.,
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2024). Allowing non-linear predictors means that R-inlabru can be used in a wider range of

complex applications than the R-INLA package.

The Iterative, Linearised INLA Method

In INLA, the sparse desgin matrix 𝐴 links the latent GRF  which describes the parameters

in the model to the linear predictor 𝜂 of an LGM (see Equation 1.23). INLA can be used for

models with non-linear predictors by allowing the predictor 𝜂 to be a deterministic function of

the parameter vector.

The iterative linearised INLA method is performed using the following steps:

1. Approximate the nonlinear model with its linearisation (based on first-order Taylor ap-

proximation).

2. Posit an initial linearisation point using a fixed point iteration method, so that the resulting

conditional posterior mode of the linearised model is the same as the linearisation point.

3. Apply the INLA method to obtain posteriors, and choose the next linearisation point as

the point that minimises a norm of the difference between the linearised and non-linear

predictors (using an approximate line search method).

4. Repeat step 3 iteratively, until convergence to a given tolerance is achieved.

The non-linear feature of R-inlabru enables a wider range of complex models to be fitted

using the INLA method (Lindgren et al., 2024). R-inlabru extends the range of ecological

applications for which INLA can be used for inference, as complex spatial and spatio-temporal

patterns in both the underlying process and its detection can be modelled (Bachl et al., 2019).

All of the analyses in this thesis are carried out in the R-inlabru software package. (with the

exception of Section 4.3.5, in which models are compared to a JAGS implementation).

1.6.6 Habitat selection modelling with R-INLA and R-inlabru

The INLA approach has been used for inference in various species distribution, movement, and

habitat selection models with applications in different disciplines such as conservation, fisheries
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science, invasive species research, and epidemiology. A few of these numerous applications are

summarised here.

INLA provides a computationally efficient framework for modelling species distributions

from large and complex spatio-temporal occupancy data (Belmont et al., 2024). This includes

integrated species distribution models (ISDMs), wherein multiple sources of presence-only data

are combined in a single model, such as in Martino et al. (2021), Morera-Pujol et al. (2023),

Paradinas et al. (2023), and Panunzi et al. (2025b). It also extends to joint species distribution

models (JSDMs), which model co-occurence of multiple species (e.g., Sadykova et al., 2017).

INLA has also been used to model geostatistical data such as that collected using passive

acoustic telemetry, with applications in estimating distributions of threatened (e.g., Griffin et al.,

2019) and invasive species (e.g., Gutowsky et al., 2020). Similar applications have been demon-

strated using location data collected at echolocation-click detectors (Williamson et al., 2022a).

Murphy (2020) constitutes another example of geostatistical modelling, using trawl survey data to

predict distribution and abundance of species supporting industrial fisheries. Geostatistical mod-

elling has also been used in the application of epidemiology, for example by Pepin et al. (2015),

who fit a spatio-temporal model of disease spread from vector surveillance data (mosquito traps).

Other complex spatio-temporal models in INLA include that of Schrödle, Held, and Rue

(2012), who present an areal-data spatio-temporal model of disease spread, with applications in

assessing the impact of agricultural practices on the spread of infection in livestock. Paradinas

et al. (2015) develop a complex spatio-temporal modelling approach to describe the abundance

and occurrence of fisheries resource species. Williamson et al. (2022b) and Torney et al. (2023)

both provide examples of fitting point-process methods in INLA to aerial-survey data, for the

prediction of species distribution and abundance. Features describing movement and space-use

behaviours have also been linked to social network positioning using INLA (Albery et al., 2021).

In terms of modelling spatio-temporal tracking data, resource selection analyses have been

implemented in INLA, using binomial models of tracking locations and generated ‘absence’

data (for example, Muff, Signer, and Fieberg, 2019; Wall et al., 2024). Another example of

modelling tracking data with INLA comes from Liu et al. (2016), who focus on correcting bi-

ases for path reconstruction with irregularly spaced temporal data. Johnson, London, and Kuhn

40



CHAPTER 1. INTRODUCTION

(2011) demonstrate the implementation of a continuous-time correlated random walk (CTCRW)

to estimate movement parameters in INLA. Carson and Flemming (2014) group raw tracking

data into encounter events, which are then modelled as a function of fixed and random effects

in INLA, to provide an understanding of the environmental drivers of seal encounters. Discrete-

time modelling of individual-level habitat selection using tracking data has been demonstrated

by Arce Guillen et al. (2023), who implement a step-selection model in R-inlabru. To the

author’s knowledge, continuous-time modelling of individual-level habitat selection has not yet

been demonstrated in the INLA framework. Therefore, the implementation of the joint Langevin

movement model in R-inlabru in Chapter 4, and its application to real data in Chapter 5, rep-

resent a novel contribution to this research area.

1.7 Joint Likelihood Models

Joint models are complex models which require multiple likelihoods, and in which parameter es-

timation can be shared across likelihoods in a joint likelihood function. Joint models can be used

to explicitly model different aspects of data (for example, separating the distributions of marks

and points in a marked point process, Illian, Sørbye, and Rue, 2012), or to combine multiple

data streams (also termed data integration or data fusion). Joint modelling can aid in manag-

ing missing or incomplete data, or in balancing biases from different data sources. Joint models

are flexible because they are able to handle complex data structures, can be more efficient than

multi-step approaches, and solve issues with propagating uncertainty.

Joint models are generally more complex than single-likelihood models, so come with the

disadvantages of being more computationally costly to implement. They are also subject to

more complex assumptions, and can be less interpretable than single-likelihood models, so may

be considered more inaccessible for applied users. Despite these drawbacks, joint likelihood

modelling opens up a range of possibilities in ecological data analysis.

In the world of community ecology, joint models allow for the integration of data on the

spatial or spatio-temporal distribution of multiple species into a single model (joint species dis-

tribution modelling, or JSDM, Poggiato et al., 2021). This can improve predictions of spatial

distribution by accounting for species co-occurrence patterns which are not explained by envi-
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ronmental variables. JSDMs can also help to uncover the drivers of co-occurence, by describing

shared responses to environmental variables (Pollock et al., 2014; Sadykova et al., 2017).

Joint likelihood methods also form the basis for a range of data-integration approaches in

ecology (Miller et al., 2019). In these approaches, multiple data streams are combined into a

joint likelihood model, and shared parameter estimation maximises the combined fit to all data.

Joint modelling is often used to balance biases of different data sources, account for missing

data, or combine data at different spatial, temporal, and organisational scales (Blackwell and

Matthiopoulos, 2024). In the world of species distribution modelling, joint likelihood models

(often termed integrated species distribution models, or ISDMs) can be used to combine reliable,

structured survey data (usually covering a small or stratified domain) with more widespread, but

often less reliable and subject to different sources of bias, citizen science data (Miller et al., 2019).

Habitat selection modelling has also recently benefitted from the development of joint likelihood

methods which combine data collected at different organisational scales, such as population-level

survey data and individual-level telemetry data (Blackwell and Matthiopoulos, 2024; Buderman

et al., 2025; Lauret et al., 2025). The integration of animal movement data as an additional data

stream is also a feature in much of the spatial capture-recapture (SCR) literature (Tenan et al.,

2017; Linden, Sirén, and Pekins, 2018; Hostetter et al., 2022; Badger et al., 2024).

In animal movement modelling, joint likelihood methods can be used to bring together multi-

ple likelihoods which could typically only be used to analyse the movement of one individual in a

single-likelihood approach (for example, Arce Guillen et al., 2023). Habitat selection parameter

estimation can be shared across likelihoods, therefore providing descriptions of shared responses

to environmental variables. This information can be easier to interpret than comparing varied

estimates from multiple individual models.

In point process modelling, joint likelihood methods can be used to jointly model the point

pattern of observed locations and environmental covariates which are measured at different spa-

tial locations, for example at weather stations (Illian, Sørbye, and Rue, 2012). This removes the

initial step of interpolating covariates to obtain values at the point locations, and accounts for co-

variate measurement error. In addition, marked point process approaches can be used to jointly

model the distribution of point locations and multiple dependent marks. Where the marks are the
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feature of interest, the dependence on the spatial distribution of point pattern intensity is taken

into account. This has a range of applications in ecology, wherein processes of interest are often

subject to complex spatial or spatio-temporal correlation structures.

Joint models take many forms, and provide a framework for complex modelling with varied

applications in ecology. In this thesis, various uses for joint modelling are explored. Chapter 2

includes a marked point process model, allowing key ecological processes driving population

spread to be explicitly modelled and used to improve prediction. Chapter 3 incorporates a joint

likelihood to simultaneously model discrete-time movement from multiple individuals, produc-

ing shared estimates of habitat selection parameters. Finally, Chapters 4 and 5 present an ap-

proach for data integration, where a joint likelihood habitat selection model is used to combine

population-level and individual-level data streams.

1.8 Summary of Thesis

1.8.1 Thesis Structure

The remainder of this thesis is organised into 5 chapters, containing 3 case studies. The content

of the thesis is arranged as follows:

Chapter 2: titled “Patch-Level Habitat Selection and Dispersal in a Reintroduced Popu-

lation: A Spatio-temporal Marked Point Process Model in R-inlabru”, contains the first

case study which demonstrates the use of a marked point process approach with an appli-

cation in reintroduction biology.

Chapter 3: titled “Scale-Dependent Habitat Selection in a Domesticated Population:

Gaussian Field Integrated Step Selection Analysis in R-inlabru”, contains the second

case study, in which a discrete-time individual-level model and a population-level model

are applied in an agricultural setting.

Chapter 4: titled “Combining Local and Global Scale Habitat Selection: Implementing

the Langevin Movement Model in R-inlabru”, translates a newly developed joint likeli-

hood for the integration of survey and tracking data for implementation in the R software
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package R-inlabru.

Chapter 5: titled “Habitat Selection and Distribution of a Semi-Domesticated Population:

Application of the Langevin Diffusion Movement Model”, makes up the third case study, in

which the model developed in Chapter 4 is fitted to tracking data from a semi-domesticated

population.

The thesis concludes with Chapter 6, a discussion of the key findings from Chapters 2-5.

1.8.2 Case Studies: Key Themes

The case studies presented in Chapters 2, 3, and 5 have been selected to provide a varied explo-

ration of key ecological and statistical themes pertaining to spatio-temporal modelling in ecol-

ogy. These include: varying ecological applications and aims in habitat selection modelling;

handling differing data structures; joint modelling; point process modelling; model complexity;

spatio-temporal scale; data integration; and availability.

The species of interest in each of the case studies represent a different type of population and

application of habitat selection modelling. Chapter 2 investigates the dispersal of a population

of Eurasian crane (Grus grus) which have been recently reintroduced to a wild setting and are

monitored for the purpose of conservation. The main aim of Chapter 2 is to predict popula-

tion spread. In contrast, Chapter 3 analyses habitat selection in a fully domesticated population,

wherein models are fitted to data from 3 breeds of cattle (Bos taurus) grazed in mountain range-

land pastures. Chapter 3 aims to improve understanding of pasture utilisation, with impacts in

ecological and economic stability, and animal welfare. The final case study, Chapter 5 focuses on

a semi-domesticated population of reindeer (Rangifer tarandus tarandus) during a free-ranging

period with minimal management. Chapter 5 aims to provide insight into long-term habitat selec-

tion for different land-use types, in order to improve the sustainability of management practices.

Each case study provides a different perspective on the aims of habitat selection modelling and

the restrictions and parameters of interest in varying applications.

Further to their aims and applications, the case studies in Chapters 2, 3, and 5 also differ

in data type and structure. The data analysed in Chapter 2 are presence-absence data collected

at a coarse spatio-temporal scale. Conversely, the data analysed in Chapter 3 are presence-only

44



CHAPTER 1. INTRODUCTION

tracking observations, collected at a fine spatio-temporal resolution. The data analysed in Chap-

ter 5 are also presence-only tracking observations, but are subsetted to create a combination of

fine-scale individual-level data, and coarse-scale population-level data. Overall, the case stud-

ies comprise a varied exploration of different data types and how they are analysed in habitat

selection modelling.

The models fitted in Chapters 2, 3, and 5 are all joint likelihood models which utilise point

process methodology and are fitted using the R package R-inlabru (Bachl et al., 2019; R Core

Team, 2025). However, each case study contains a different method for analysis. In Chapter 2, a

marked point process model is fitted, wherein the joint structure allows for the simultaneous mod-

elling of the underlying distribution of points (habitat patch locations) with the likelihood of the

associated marks (species occurrence). Chapter 3 uses a point-process model of step-selection,

wherein a joint likelihood approach allows for the inclusion of multiple individuals in the model

(GF-iSSA, Arce Guillen et al. (2023)). Finally, Chapter 5 uses a joint model for the integra-

tion of two data streams, where one likelihood is a point process fitted to population-level data,

and the other is a diffusion based movement model of individual-level data. The approach used

in Chapter 5 is developed in Chapter 4. The two individual-level movement models presented

in Chapters 3 and 5 also provide examples of discrete-time (Chapter 3) and continuous-time

(Chapter 5) movement modelling. Overall, the case studies in Chapters 2, 3, and 5 are all joint

likelihood spatio-temporal point process models which use R-inlabru for inference, but each

one varies in model structure.

Each of the case studies in Chapters 2, 3, and 5 contain a comparison of multiple models, but

with the aim of evaluating a different question from the larger discipline of spatio-temporal mod-

elling in ecology. In Chapter 2, models of varying levels of structural complexity are compared

to investigate the role of complexity in model fit and predictive accuracy. Chapter 3 poses the

question of how varying spatial scale and temporal frequency impacts inference. Finally, Chap-

ter 5 compares different types of model for different levels of selection, and investigates how

models with multiple data streams compare to those with a single data stream. The questions of

model complexity, scale, and data integration are subjects of current interest and development in

statistical ecology (Jackson and Fahrig, 2015; Matthiopoulos et al., 2022; Mccrea et al., 2023).
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Each of the case studies in Chapters 2, 3, and 5 demonstrates a different approach to account-

ing for availability, or animal mobility, in habitat selection modelling. Chapter 2 incorporates

a Gaussian random field to estimate and account for overall restrictions on population dispersal

ability. Alternatively, Chapter 3 accounts for individual mobility restrictions through a unique

integration scheme. Chapter 5 also accounts for restrictions in individual mobility, but instead

uses a Gaussian kernel transformation. Each case study presents a different approach to handling

the ubiquitous problem of availability in spatial models of animal movement and distribution.

1.8.3 Summary

This thesis aims to enhance understanding of joint likelihood spatio-temporal point process meth-

ods for habitat selection modelling, as motivated by the emergence of these methods as a unifying

framework for analysis in this area and the need for applied demonstrations of their implemen-

tation (Illian and Burslem, 2017; Miller et al., 2019; Matthiopoulos et al., 2022). It focuses

on demonstrating applications of this model type in a range of ecological contexts, creating ex-

tensions to current methods, and developing novel implementations for statistical inference and

prediction using an accessible software platform. It explores questions of complexity, spatio-

temporal scale, data integration, and availability which are central to rapidly evolving areas of

statistical ecology. Overall, it provides substantial methodological advancements for applied

modelling of spatial distribution, movement, and habitat selection.
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CHAPTER 2. PATCH-LEVEL HABITAT SELECTION AND DISPERSAL IN A REINTRODUCED
POPULATION: A SPATIO-TEMPORAL MARKED POINT PROCESS MODEL IN R-INLABRU

2.1 Introduction

The following chapter contains a case study fitting a joint likelihood spatio-temporal point pro-

cess model (a marked point process) to data from a reintroduced population. It aims to estimate

habitat selection and predict spread of the reintroduced population, whilst accounting for avail-

ability in terms of habitat patches and dispersal restrictions.

2.1.1 Habitat Selection and Dispersal in Reintroduction Biology

Urban expansion and increased demand for resources are just some of the factors that have led

to the reduction and fragmentation of suitable habitat for wild populations, and increased an-

thropogenic disturbance in remaining protected areas. This highlights the insufficiency of in

situ conservation alone, with an increasing demand for ex situ methods such as captive breeding

and reintroduction (Pritchard et al., 2011). However, historically, many attempts at reintroduc-

tion have been unsuccessful, causing a serious blow to fragile populations of threatened species

(Armstrong and Seddon, 2008). In addition, reintroduction projects are often labour-intensive

and so economically costly, augmenting the need for a priori assessment of the potential success

of reintroduction, which is dependent on an understanding of a population’s needs and behaviours

(Bleisch et al., 2017). Understanding of the spread and establishment of reintroduced popula-

tions can be gained from post hoc analysis of reintroduction data, so this provides a vital source

of information in the development of reintroduction biology (Seddon, Armstrong, and Maloney,

2007).

Habitat selection modelling for reintroduced species is subject to a range of challenges, as the

reintroduced population is not observed during a period of spatial equilibrium, but of range ex-

pansion (Planillo et al., 2023). It is often not well understood how a species will behave in a new

environment, and it can be difficult to define the dispersal limitations of a reintroduced popula-

tion, as movement can be influenced by several factors such as site fidelity, density dependence,

and social bonding (Haydon et al., 2008). Instead of trying to define dispersal limitations entirely

using insubstantial prior information, it can instead be useful to capture availability restrictions

using a random effect in the model. This allows for the estimation of dispersal limitations using
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a combination of observed data and priors.

2.1.2 Complexity in Species Distribution Modelling

Methods for collecting ecological data are developing rapidly, allowing for the automated col-

lection of location data, and improved availability and resolution of environmental information.

This, coupled synergistically with the development of technology used for analysis, means that

larger and more complex models are becoming more widespread in ecological research (Mc-

crea et al., 2023). However, increasing the structural complexity of a model can reduce inter-

pretability, particularly when there is a lack of ecological justification for the inclusion of addi-

tional model components. Hence increased model complexity is only relevant if the more com-

plex models provide additional insight into ecological processes as compared to simpler models,

which are often computationally cheaper (Bolker, 2009). In defense of model complexity, more

complex models may provide improved predictive accuracy or parameter estimation; be subject

to less restrictive assumptions; and account for dynamics of intricate ecological processes in a

more biologically realistic way than simpler models.

Species distribution models aim to provide insight into the spatio-temporal distribution and

habitat selection of a population, so are often constructed as complex spatio-temporal models.

Spatio-temporal random effects can be used to account for sources of spatio-temporal autocor-

relation, such as missing covariates or correlated data structures. In this context, more com-

plex models can also improve ecological insight by accounting for less tangible processes driv-

ing species distribution than environmental covariates, such as demography (Pagel and Schurr,

2012), dispersal (Iverson, Schwartz, and Prasad, 2004; Elith and Leathwick, 2009), and phys-

iology (Buckley et al., 2011). However, incorporation of random effects can result in spatial

confounding with covariates and overfitting to data (Sørbye et al., 2019).

2.1.3 Case Study

This chapter explores the effect of structural complexity on predictive accuracy and ecological

insight in a spatio-temporal species distribution model, related to a model that has previously

been fitted (Soriano-Redondo et al., 2019). The analysis performed in Soriano-Redondo et al.

(2019) consists of a spatio-temporal marked point process model fitted in R-INLA (Rue, Martino,
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and Chopin, 2009). Here, the approach is revisited by fitting a similar model and comparing

it to new models with variations in level of complexity, using R-inlabru for model fitting and

inference.

The marked point process model is an extension to the point process model, wherein the

object or event locations are modelled alongside some properties of the events or objects (Illian,

Sørbye, and Rue, 2012). These properties can be qualitative or quantitative and are commonly

referred to as ‘marks’. If a dependency between the values of a mark and the point distribution

is assumed, these can be jointly modelled with two or more dependent likelihoods. Hence the

marked point process model is a joint likelihood point process.

In the model formulation described here, the spatio-temporal structure of the marks (inde-

pendent of point distribution) and the spatio-temporal structure of the points are represented with

different Gaussian random fields in a shared representation of continuous-space and discrete-time

(using the SPDE approach, Lindgren, Rue, and Lindström, 2011).

The ecological context of the case study aims to estimate habitat selection and predict pop-

ulation spread of the Eurasian crane (Grus grus) following reintroduction of the population to

the UK. Habitat availability and dispersal limitations are accounted for through the modelling

framework.

2.1.4 Aims

This chapter aims to demonstrate the use of a marked point process model to predict the spatio-

temporal spread of a reintroduced population. It will:

1. fit four model variations related to a joint likelihood spatio-temporal marked point process

model to population-level presence-absence data, in order to predict population spread of

a reintroduced species;

2. demonstrate the use of complex model components (spatial and spatio-temporal random

fields) to represent availability in terms of population dispersal ability and density of avail-

able habitat patches; and

3. compare model performance, in terms of fit and predictive accuracy, across four models
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with different levels of structural complexity.

2.2 Methods

2.2.1 Data Background

This analysis investigates the spatial distribution of a resident breeding population of Eurasian

crane (Grus grus) in England following the return of the species to the UK in 1979 (Stanbury,

2011), with the aim of predicting the distribution of the population in future years. Breeding pairs

of cranes are only found in wetland habitats, which creates a spatial restriction on the suitable

habitat available to the species, although little is known about its dispersal ability. The distribu-

tion of wetland locations in England is heterogeneous, with various underlying factors creating a

clustered structure of habitat patches. Thus, the distribution of the crane population throughout

the UK and its future spread is dependent on the availability of suitable wetland habitat. Due to

this known species habitat selection, data on crane presence were collected only at wetland loca-

tions, and not in interstitial areas. This type of data can be modelled as a marked point process in

R-inlabru, in order to infer habitat selection and predict species distribution, whilst accounting

for known species habitat requirements and observation processes. Specifically, the observation

process is modelled as reflected in the wetland locations as a point pattern, jointly modelled with

the presence-absence of nesting cranes as a mark.

The dataset includes information on a small breeding population which naturally settled in

the UK in 1979 after earlier extirpation of the species, as well as animals used in a reintroduction

project in 2010-2014. It also includes records for 2 526 wetlands in England derived from the

UK Land Cover Map 2007 (Morton et al., 2011) and the Wetland Vision map of current wetlands

(Hume, 2008). While the UK Land Cover Map 2007 assigns the dominant habitat to a 25m raster

grid, the Wetland Vision map determines the boundaries of the major wetland areas in England at

a landscape-scale. Combining both sources provides an approximation of most available wetland

patches in England. This selection was reduced by eliminating wetlands in moorland areas since

cranes in the UK are only nesting in lowland wetland areas (Stanbury and Sills, 2012). Wetland

patches smaller than 5 ha were also removed, as estimates show that cranes required at least 8

51



CHAPTER 2. PATCH-LEVEL HABITAT SELECTION AND DISPERSAL IN A REINTRODUCED
POPULATION: A SPATIO-TEMPORAL MARKED POINT PROCESS MODEL IN R-INLABRU

ha to nest (Johnsgard, 1983). The fine grain of this classification allows the wetland areas to

be treated as points, since extensive wetland regions are fragmented by other types of habitats,

roads or other human infrastructure, and are indeed composed by multiple smaller wetland areas.

Each wetland area has associated information: its spatial coordinates, data on the presence or

absence of breeding pairs of cranes, wetland extent, perimeter-to-area ratio, and the proportion

of urbanised areas in a 10km surrounding terrestrial buffer. Of the 2 526 wetland locations

(which remained consistent over all years of observation), cranes were observed to be present

in 8 wetlands in 2011, 7 in 2012, 8 in 2013, 9 in 2014, and 12 in 2015. As some wetlands

were occupied by cranes for multiple years, cranes were observed to occupy a total of 16 unique

wetlands over the 5-year observation window. Figure 2.1 shows the spatial distribution of the

data over time.

Figure 2.1: Distribution of wetland locations and observed crane presences in England 2011-
2015. Purple background colour is used for visual clarity, and does not represent a value on the
colour scale.
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2.2.2 Modelling Strategy

To evaluate the structure of the model in Soriano-Redondo et al. (2019) this analysis demonstrates

two modelling approaches with the aim of estimating the spatio-temporal distribution of cranes

in England. The first approach makes use of a single Gaussian random field to represent spatio-

temporal correlation in the distribution of the observed population of cranes. The second is a

marked point process approach, which incorporates a second Gaussian random field, accounting

for the spatial distribution of wetlands (which remains constant over time). Within these mod-

elling frameworks, differences arising from the inclusion of a temporal correlation structure via

a first-order autoregressive (AR1) process, where estimates for each year are dependent on the

immediately previous year, are compared to treating each year of data as independent and iden-

tically distributed (IID). Therefore the overall modelling strategy included 4 models, which are

summarised in Table 2.1.

Table 2.1: Description of 4 models of crane distribution, fitted in R-inlabru.

Modelling Approach Temporal Correlation logit−1 (𝑃 (𝑠, 𝑡))

Geostatistical IID 𝛽0 +
∑𝐼

𝑖=1 𝛽𝑖𝑥𝑖(𝑠, 𝑡) +𝑀(𝑠, 𝑡)
AR1 𝛽0 +

∑𝐼
𝑖=1 𝛽𝑖𝑥𝑖(𝑠, 𝑡) +𝑀(𝑠, 𝑡)

Marked Point Process IID 𝛽0 +
∑𝐼

𝑖=1 𝛽𝑖𝑥𝑖(𝑠, 𝑡) + 𝜁𝐺(𝑠) +𝑀(𝑠, 𝑡)
AR1 𝛽0 +

∑𝐼
𝑖=1 𝛽𝑖𝑥𝑖(𝑠, 𝑡) + 𝜁𝐺(𝑠) +𝑀(𝑠, 𝑡)

Model fitting and inference were carried out in R version 4.1.1 (R Core Team, 2021) using

the packages R-inlabru version 2.3.1.9000 (Bachl et al., 2019) and R-INLA version 21.02.23

(Rue, Martino, and Chopin, 2009).

2.2.3 Single-Field Models

In order to explore what level of model complexity is needed to answer relevant ecological ques-

tions based on the crane data, the initial model is a relatively simple spatio-temporal model in

continuous-space. To improve understanding of the spatio-temporal distribution of cranes across

England, the fact that cranes will only nest in wetland habitats is initially ignored, and a model

containing a single spatio-temporal Gaussian random field is constructed. This is essentially

a model of geo-referenced (binomial) data (often referred to as a geostatistical model) with a

53



CHAPTER 2. PATCH-LEVEL HABITAT SELECTION AND DISPERSAL IN A REINTRODUCED
POPULATION: A SPATIO-TEMPORAL MARKED POINT PROCESS MODEL IN R-INLABRU

single likelihood, which does not take the observation process into account and assumes that

crane presence is equally likely across England. Here, crane presence is modelled as a binomial

distribution

𝑂𝑠,𝑡 ∼ Bernoulli (𝑃 (𝑠, 𝑡)) , (2.1)

where the occurrence of cranes 𝑂𝑠,𝑡 at each location 𝑠, in each year 𝑡 can be considered an indi-

vidual Bernoulli trial with probability 𝑃 (𝑠, 𝑡). Here, the location 𝑠 is a vector representing co-

ordinates 𝑠1 and 𝑠2 in two-dimensional space. Note that for larger-scale models, location could

also be represented on the sphere (Simpson et al., 2016).

The probability of crane presence 𝑃 in a location 𝑠 at time 𝑡 is denoted by 𝑃 (𝑠, 𝑡) and is

dependent on the observed distribution of the existing population in space and time, as well as

the effect of environmental covariates. It is defined as

𝑃 (𝑠, 𝑡) = logit−1
(

𝛽0 +
𝐼
∑

𝑖=1
𝛽𝑖𝑥𝑖(𝑠, 𝑡) +𝑀(𝑠, 𝑡)

)

, (2.2)

where 𝛽0 represents an intercept term and 𝑥𝑖(𝑠, 𝑡) is the value of each covariate 𝑖 at location 𝑠

and time 𝑡. The environmental covariates included in the model were: density of surrounding

urbanised areas (within a 10km terrestrial buffer), wetland perimeter-to-area ratio, and wetland

extent. The values of these covariates were standardised using the Z-score formula prior to in-

clusion in the model, in order to improve the stability of numerical computation. The regression

coefficient 𝛽𝑖 of each covariate is estimated in the model. The separable spatio-temporal Gaus-

sian random field 𝑀(𝑠, 𝑡) represents the spatial structure in distribution of the observed crane

population in space and time unexplained by the intercept and covariates. The Gaussian random

field𝑀(𝑠, 𝑡)) is approximated using an SPDE. Penalised complexity (PC) priors defining a likely

minimum spatial range of 200km and maximum standard deviation of 1.5 were used to inform

this covariance structure, according to ecological understanding of the distances across which

values may be correlated, and the extent to which values may vary. Two options are explored for

the temporal element of this field, (1) incorporating a random effect in which each year of data is

considered independent and identically distributed (IID) and (2) modelling temporal correlation
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between consecutive years with a first-order autoregressive (AR1) process.

2.2.4 Marked Point Process Models

The binomial presence-absence model in Equations 2.1 and 2.2 captures the spatial correlation

structure in the occurrence of breeding pairs of cranes, but ignores the distribution of suitable

habitat patches (wetlands). However, sampling only took place in locations where cranes would

be expected to nest, i.e., the locations of wetlands. This observation process could also be inter-

preted as preferential sampling (Diggle, Menezes, and Su, 2010; Pennino et al., 2019). In this

example, crane detectability is assumed to be known, as due to the large size of the animals they

are easy to detect. This means that detectability is not overestimated even though preferential

sampling is not accounted for, because absence of cranes in unsampled areas is known, not incor-

rectly assumed. However, with rare or small organisms that are more difficult to detect, it may

be of interest to use models to predict and estimate abundance across space. In these cases, such

a model would likely predict presence where the species of interest does not occur, and overesti-

mate abundance as a result. Despite the certainty of detection of cranes here, the distribution of

wetlands is still an important factor in determining species distribution, as it represents habitat

selection. This can be accounted for through modelling the data using a marked point process,

by jointly modelling the distribution of wetlands as a point process, and the presence-absence of

breeding pairs of cranes as a binomial mark. The presence-absence of cranes can be viewed as a

mark on the wetland point process; a feature which only occurs at the point locations, and so is

dependent on the underlying spatial structure of the points. In this second approach, the model

presented in Equation 2.2 is extended to include the density of available wetland habitat. This

model structure is taken from Soriano-Redondo et al. (2019), and the models developed here are

based on those created by Soriano-Redondo et al. (2019), in order to evaluate the advantages and

disadvantages of including complex model components.

The point pattern of wetland locations is modelled as a log Gaussian Cox process in R-inlabru.

The distribution of wetlands is assumed to be independent conditional on the point process in-

tensity Λ(𝑠)
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Λ(𝑠) = exp
(

𝛼0 + 𝐺(𝑠)
)

, (2.3)

where the log-intensity of the spatial point process model is given by an intercept term 𝛼0 and

a spatial Gaussian random field 𝐺(𝑠). Since it is not of interest to gain an understanding of the

underlying drivers of wetland distribution in this context, covariates that would help to explain

wetland spatial distribution are not included in the model. However, this could be easily done.

Additionally, wetland density is assumed to be constant over time. This is a reasonable simpli-

fication for the data presented here, but could easily be adapted to allow for changing wetland

distributions with a spatiotemporal field.

The probability of crane presence 𝑃 (𝑠, 𝑡) is dependent on both the distribution of wetlands in

space, and the distribution of the existing crane population in space and time

𝑃 (𝑠, 𝑡) = logit−1
(

𝛽0 +
𝐼
∑

𝑖=1
𝛽𝑖𝑥𝑖(𝑠, 𝑡) + 𝜁𝐺(𝑠) +𝑀(𝑠, 𝑡)

)

, (2.4)

where wetland density is incorporated into the model through the inclusion of the spatial Gaus-

sian random field 𝐺(𝑠) multiplied by a scaling parameter 𝜁 , which determines the strength and

direction of the interaction between wetland density and crane presence. When 𝜁 = 0, Equa-

tion 2.4 becomes equivalent to Equation 2.2 (i.e., wetland density does not affect crane presence).

A prior is placed on 𝜁 to provide stability due to convergence issues. This ensures a simple inter-

pretation of the interaction between 𝐺(𝑠) and crane presence (i.e., positive effect of high density

as opposed to negative effect of low density). The spatio-temporal Gaussian random field𝑀(𝑠, 𝑡)

represents the distribution of the observed crane population in space and time, independent of

wetland distribution. As in the binomial presence-absence model, both an AR1 and IID temporal

correlation structure are considered for 𝑀(𝑠, 𝑡). However, the point pattern of wetland locations

does not change between years, and so represents a constant restriction on species distribution.

Therefore, 𝐺(𝑠) is a purely spatial Gaussian random field, and does not incorporate a temporal

element. This represents an improvement in computational efficiency compared to the model

structure in Soriano-Redondo et al. (2019), which includes a spatio-temporal field instead of a

spatial one.
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2.3 Results
In both the binomial presence-absence model (Equation 2.2) and marked point process model

(Equation 2.4) which incorporated an AR1 temporal correlation structure, the correlation param-

eter for the AR1 process, 𝜌𝑡, (which is bounded between -1 and 1) was estimated to be extremely

high (Table 2.2). This indicates a very strong temporal correlation across years. Due to this

strong temporal correlation, the model estimated the same spatial structure in the mark random

field 𝑀(𝑠, 𝑡) and predictions of crane probability of presence across all 5 years considered in the

study. The estimated spatial distribution of the mark random field 𝑀(𝑠, 𝑡) for the marked point

process models with AR1 temporal structure can be seen in Figure 2.2. For comparison, see

Figure 2.3, which contains the estimated spatial distribution of the mark random field𝑀(𝑠, 𝑡) for

the marked point process models with IID temporal structure. The estimated fields from the IID

model were smoother than those from the AR1 model, and differed between years.

Figure 2.2: Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the marked point process
model with AR1 temporal structure. Colour scale is given in low-high intensity as interest is in
relative differences across space and not absolute values.
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Figure 2.3: Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the marked point process
model with IID temporal structure. Colour scale is given in low-high intensity as interest is in
relative differences across space and not absolute values.

The estimates from the marked point process AR1 model constituted a spatial structure re-

flecting an average of all years of data, as opposed to accurately representing changes in spatial

structure each year (Figures 2.2 and 2.3). This behaviour is matched in the single-likelihood

models with AR1 temporal structure (see Appendix A). Such averaged estimates may be inac-

curate when interpreting within-year spatial effects, and so from this point onwards, graphical

representations of results are provided for the models which treat each year of data as IID only.

In the marked point process and binomial presence-absence models, the mark random field

𝑀(𝑠, 𝑡) represents the spatial distribution of the crane population each year (Figure 2.4 (b)). This

constrains predictions to near where nesting pairs of cranes have been observed, and without it

the species could be predicted to occur in areas of suitable environmental conditions, but that are

an unrealistic distance from the established population.

The marked point process models also contain a point random field 𝐺(𝑠), which models the

spatial distribution of wetlands (Figure 2.4 (a)). The strength and direction of the interaction
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between wetland density and probability of crane presence is estimated through the scaling pa-

rameter 𝜁 . In the models containing the point random field, 𝜁 is estimated as a positive effect with

95% credible intervals above zero (Table 2.2). This means that probability of crane presence is

estimated to be higher in areas of high wetland density, as opposed to low density areas. Without

the inclusion of the point random field (as in the binomial presence-absence model), predictions

of species distribution could be correlated across wide expanses of interstitial habitat, and are not

assumed to depend on the density of suitable habitat patches. Using a random effect allows for

the spatial range of the impact of habitat availability to be estimated in the model, as compared

to including wetland density as a fixed effect, which would require the spatial scale of the buffer

region to be determined a priori.

(a) (b)

Figure 2.4: Estimated (a) point random field (𝐺(𝑠)) and (b) mark random field (𝑀(𝑠, 𝑡)), both for
2015 from the marked point process model with IID temporal structure. Colour scale is given in
low-high intensity as interest is in relative differences across space and not absolute values.
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Estimated regression coefficients were similar across all models for both wetland perimeter-

to-area ratio and wetland extent. For all models, wetland perimeter-to-area ratio had a negative

effect on crane presence with 95% credible intervals below zero, and wetland extent had a positive

effect with 95% credible intervals above zero (Table 2.2). However, there was a slight difference

in estimated effect of density of surrounding urbanised areas between the IID and AR1 models.

Although density of surrounding urbanised areas was found to have a negative effect in all mod-

els, the mean effect size was estimated to be smaller, with a 95% credible interval concentrated

around 0, in the binomial presence-absence and marked point process models which incorpo-

rated an AR1 temporal correlation structure, but was estimated as being more strongly negative

with a 95% credible interval below 0 in those models with an IID temporal structure (Table 2.2).

Probability of presence of breeding pairs of cranes across space in 2015 was predicted using

the binomial presence-absence and marked point process models with IID temporal structure.

Predictions from the binomial presence-absence model (Figure 2.5 (a)) show a wider spatial

range in areas of high probability of presence, compared to predictions from the marked point

process model (Figure 2.5 (b)).
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Table 2.2: Posterior mean and 95% credible intervals for: regression coefficients of environmen-
tal covariates (density of surrounding urbanised areas within a 10km buffer 𝛽𝑈𝐷, wetland extent
𝛽𝑊𝐸 , and wetland perimeter:area ratio 𝛽𝑃𝐴); scaling parameter (𝜁 ) representing the interaction
between 𝐺(𝑠) and the probability of crane presence; temporal correlation parameter 𝜌𝑡 from the
AR1 process; parameters of the spatial, 𝐺(𝑠), and spatio-temporal, 𝑀(𝑠, 𝑡), fields (spatial range
𝜌𝑠, and standard deviation 𝜎). The covariate coefficients and scaling parameter values with cred-
ible intervals which do not cross zero are in bold. Model processing times (given by CPU used)
and Watanabe–Akaike information criterion (WAIC) scores are also given. All values given are
rounded to 2 decimal places.

Binomial Presence-Absence Marked Point Process
IID AR1 IID AR1

𝛽𝑈𝐷
-0.58 -0.14 -0.74 -0.09

[-1.19,-0.04] [-1.15,0.72] [-1.48,-0.1] [-1.19,0.85]

𝛽𝑊𝐸
0.08 0.12 0.1 0.1

[0.02,0.14] [0.02,0.24] [0.03,0.16] [0,0.21]

𝛽𝑃𝐴
-3.02 -3.49 -3.02 -3.47

[-3.92,-2.2] [-4.57,-2.53] [-3.94,-2.19] [-4.55,-2.51]

𝜁 NA NA 0.62 0.99
[0.11,1.16] [0.04,2.05]

𝑀(𝑠, 𝑡) 𝜌𝑡 NA 0.99 NA 0.99
[0.98,1] [0.98,1]

𝑀(𝑠, 𝑡) 𝜌𝑠
346.7 119.95 238.66 145.15

[183.45,612.59] [70.38,197.16] [142.06,315.93] [67.5,282.16]

𝑀(𝑠, 𝑡) 𝜎 1.22 3.03 0.98 3.34
[0.66,2.01] [1.94,4.25] [0.56,1.29] [2.24,4.86]

𝐺(𝑠) 𝜌𝑠 NA NA 105.97 124.19
[88.57,185.44] [83.17,188.41]

𝐺(𝑠) 𝜎 NA NA 1.22 1.34
[1.07,1.32] [1.01,1.83]

CPU 63.26 123.64 108.62 174.94
WAIC 464.38 425.38 28045.01 28024.94
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(a) (b)

Figure 2.5: Mean predicted probability of presence of a breeding pair of cranes at each wetland
location in 2015. Predictions were made using (a) the binomial presence-absence model and
(b) the marked point process model, both with IID temporal structure. Colour scale is given
in low-high probability as interest is in relative differences across space and not absolute values.
‘Low’ represents a value of mean predicted probability of crane presence less than or equal to the
99th quantile of mean predicted probabilities across all four models analysed. ‘High’ represents
a value of mean predicted probability of crane presence greater than this cutoff point. Purple
background colour is used for visual clarity, and does not represent a value on the colour scale.
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2.4 Discussion

The analysis performed in this chapter contained 4 different models of varying complexity; with

the simplest model being a spatio-temporal model with a single likelihood with an IID assump-

tion between years. The following section will compare the relative benefits of the different

models with regard to the ecological aim of predicting species distribution and representing rel-

evant ecological processes in space and time.

Predictions of high probability of crane presence from the marked point process model (Fig-

ure 2.5 (b)) correspond to areas of high wetland density (Figure 2.4 (a)), provided these high

density areas overlap with areas of high species intensity (Figure 2.4 (b)). Differences can be

observed in the high probability of presence along the Norfolk Coast (East) predicted by the bi-

nomial presence-absence model (Figure 2.5 (a)), likely due to the presence of cranes to the South

East of this area (Figure 2.1). However, this is not the case in the marked point process predic-

tion, where it is taken into account that this area has a lower density of wetland habitat relative to

the area where the existing population is observed. Additionally, the binomial presence-absence

model predicts a high probability of presence at a single wetland in the North-West of England,

likely due to the large extent of this wetland. Below this, several wetlands spanning the West and

South-West of England are predicted to have mid-to-high probability of crane presence. This

does not occur in the marked point process prediction, where spatial structure of the predictions

is more constrained and dependent on wetland density.

The scaling parameter 𝜁 represents the strength and direction of the interaction between the

point field𝐺(𝑠) and the probability of crane presence. In the marked point process model with an

AR1 temporal structure, the positive effect of wetland density on probability of crane presence is

of greater magnitude than that of the model with IID temporal structure (Table 2.2). This is due

to the fact that the AR1 model borrows strength across years, meaning that the repeated presence

of cranes in high-wetland-density areas over time indicates a stronger effect than that observed

in the IID model, which considers each year of data independently.

The spatio-temporal field 𝑀(𝑠, 𝑡) in the AR1 models has a smaller posterior spatial range

and larger standard deviation than that of the IID models (Table 2.2). This is due to the fact that
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the AR1 models borrow strength across years, meaning that the spatial structure is influenced by

the repeated occurrence of relatively isolated crane presences over time. Similarly, the standard

deviation is high, as this allows sufficient variation in the field for the estimated species intensity

to range from low to very high values. On the other hand, the IID models consider each year

of data independently, and so are more strongly influenced by the priors, which suggest a larger

spatial range and lower standard deviation, with the intensity of the species correlated across

larger intervals and lowering smoothly away from areas of higher intensity. While the priors are

biologically realistic, they may contrast with the trends observed in the data due to the early stage

of reintroduction at which the data were collected.

In the models with AR1 temporal structure, the temporal correlation, 𝜌𝑡, is estimated to be

extremely high (Table 2.2) and the spatial structure of 𝑀(𝑠, 𝑡) is predicted to be the same for

each year of data (Figure 2.2). This indicates that the spatio-temporal field in these models is

capturing a spatial structure in the data which is constant over time. This strong trend of a static

spatial structure may be due to the early stage of reintroduction when observations were made.

At this early stage, the population is small and so may not be subject to strong dispersal pressures

such as habitat density dependence, meaning that movement between habitat patches may be less

common than it would be in a densely populated area. The population is also only observed in

a small proportion of its potential range, meaning that a large amount of the study area is taken

up by consistent zero counts. Limited movement, large numbers of consistent absences, and the

binary nature of presence-absence data all lead to few observed changes in the dataset between

years. Therefore, the static spatial structure picked up by the model may not reflect the behaviour

of the study species (for example, strong site fidelity), and instead could be a feature of the stage

of the reintroduction process the population was in when the data were collected. A longer period

of observation may be required to accurately capture and predict the dispersal dynamics of the

species.

Since the AR1 models detect the strong trend of a static spatial structure over time, they

estimate no change in the spatial representation of the spatio-temporal field 𝑀(𝑠, 𝑡) between

years (Figure 2.2). This means that the spatio-temporal field must represent the most likely

spatial correlation structure for all years, and so produces an average from the full dataset. This
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averaging can produce misleading estimates of species distribution, particularly when the species

is observed to ‘appear’ in a new area of the study region part-way through the study, as it can

be predicted to have a high probability of presence in this area before the appearance event. For

example, breeding pairs of cranes were first observed in Somerset (South West) in 2013 as the

result of a successful reintroduction project. However, the spatio-temporal field from the AR1

models shows a high intensity of cranes in this area in the years prior to this event, when no

breeding pairs of cranes had been observed in the area. In this example, the covariates included

in the model are also stationary across the interval of observation. As such, predictions from the

models with AR1 temporal structure are very similar across all years in the study period. This not

only conceals fine scale inter-annual differences in spatial distribution, but also removes novel

insight from future predictions. Such an effect may be avoided by including an extra, purely

spatial, field in the mark likelihood and setting priors to manually restrict this to capturing the

static spatial effect, separating this strong signal from the changes in spatial structure over time

which could then be picked up by the spatio-temporal field. As mentioned above, the effect

observed here is a result of the data structure, and so a larger dataset collected over a longer

duration may provide sufficient information to avoid these issues.

The issues created by the strong, static spatial trend picked up by the spatio-temporal field in

this example demonstrate that inclusion of certain types of complexity (here an effect accounting

for temporal correlation) may not necessarily improve ecological insight gained from a model.

The averaged predictions created by the most complex model considered here (the marked point

process with AR1 temporal correlation structure) mean that it was not the most suitable model

with regard to prediction of the species distribution within the observation period. It is likely that

this effect was present in the R-INLA model of this data (Soriano-Redondo et al., 2019) but was

interpreted as a strong temporal trend in direction of species spread, as opposed to a static effect,

due to a lack of accessible plotting methods in R-INLA at the time of analysis. However, due to the

accessible predict() function and connection with visualisation tool ggplot2 in R-inlabru,

the true nature of this effect was more easily identified. An even more complex model, containing

another purely spatial field and strong priors, may improve output quality when aiming to predict

future distribution of the population.
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Here, a separable space-time process is used for the spatio-temporal field. However, although

this type of spatio-temporal process has the most historical precedent in this style of modelling,

it may not actually be the most appropriate method for representing the dynamics of interest

(Lindgren et al., 2023). A non-separable model such as the diffusion-based extension of the

Gaussian Matérn field (DEMF) presented by Lindgren et al. (2023) may be more appropriate

here because it incorporates a diffusion process, so could capture the spread of the population. A

topic of potential future research would be to investigate the outcomes of modelling population

spread using space-time processes with different levels of separability.

Of the four models considered in this paper, the most complex (the marked point process

model with AR1 temporal structure) had the longest running time, and the simplest (the bino-

mial presence-absence model with IID temporal structure) had the shortest (Table 2.2). Whilst

running time is an important methodological consideration, each of these models is made ex-

tremely computationally efficient through the use of the INLA approach, allowing model choice

to be more strongly determined by ecological insight gained, as opposed to computational effi-

ciency.

Watanabe–Akaike information criterion (WAIC) scores were computed for each of the four

models (Table 2.2), although it is important to note that the binomial presence-absence and

marked point process models cannot be compared using this criterion due to their differing like-

lihoods and data structures. However, within each model type, it is interesting to note that the

AR1 models have a lower score than the IID models, indicating a better fit to the data. This is

unsurprising when considering that the AR1 models are more strongly influenced by the data,

as information is borrowed across years, whereas the IID models are more reliant on the priors.

The true meaning of such criteria in the area of point process modelling is not well understood,

due to the historically theoretical nature of the topic, and as demonstrated here, these criteria do

not necessarily provide a definitive answer as to selecting the ‘best’ model for interpretation and

ecological insight.

Species distribution data are often a combination of the true underlying distribution of the

species, and the observation process used to collect data, creating a need to disentangle the true

drivers of species distribution from sampling effects. In the early stages of a species invasion
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or reintroduction, there is a time lag that means the observed distribution may not match the

true potential distribution of the species once the population has been established (De Marco,

Diniz-Filho, and Bini, 2008). Making observations at this initial stage could bias inference of

the effects of environmental covariates, as the distribution of the species is restricted by dispersal

limitations which remain unaccounted for. Including complex model components to represent

spatial correlation structures, as is demonstrated here via the inclusion of 𝐺(𝑠) in the marked

point process model, can account for the fact that the species distribution is limited by the early

stage of its introduction to the environment, giving a more accurate prediction of the range being

constrained close to where the species has been observed. Accounting for spatial correlation can

also aid in avoiding Type I errors when inferring the significance of covariate effects (Dormann

et al., 2007). However, caution is advised when incorporating additional structural complexity

into models of this type of data, due to its zero-inflated and relatively static nature (observed

here through the issues associated with inclusion of an AR1 temporal correlation structure).

Accounting for the observation process, and spatially varying detection probability is a particular

strength of the R-inlabru package, which can also be used to model subsampled and distance

sampling data (Yuan et al., 2017; Jullum, Thorarinsdottir, and Bachl, 2020).

Complex model components such as spatial and spatio-temporal random fields can be used

to represent population dynamics in species distribution models. In this example, density of

wetland habitat patches has a positive effect on the probability of crane presence in the marked

point process model, representing the habitat selection of this species. The impact of density

of available habitat patches is accounted for through the use of the point random field 𝐺(𝑠) in

this model. In addition, mobility restrictions (in terms of long-term dispersal) are accounted for

through the mark random field 𝑀(𝑠, 𝑡) in both model types. This provides a way of estimating

restrictions on availability, when little is already known about population dispersal. Through

explicit understanding of the dynamics represented by each field, the benefits of increased com-

plexity can be achieved whilst maintaining interpretability of results. However, when increasing

model complexity, it is important to maintain an understanding of the effects and role of each

model component, in order to determine whether it benefits the outcomes of the modelling aims.
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2.5 Conclusions
This chapter explored the impacts of increasing model complexity in species distribution and

habitat selection modelling. Variations on a joint likelihood spatio-temporal marked point pro-

cess model were applied in the context of predicting population spread of a reintroduced popu-

lation of Eurasian crane (Grus grus). Of the 4 fitted models, the data proved to be insufficient to

support the most complex model structure (the marked point process model with an AR1 tempo-

ral structure), leading to inaccurate predictions. However, the simpler modelling framework (the

binomial presence-absence models) failed to account for the density of available habitat, so pro-

vided a less realistic prediction of population spread. These results demonstrate a non-monotonic

relationship between model complexity and performance (Mccrea et al., 2023). Complex model

components can be used to reduce or remove sources of bias or spurious significance by account-

ing for dynamics which influence the process of interest. However, increased complexity can also

lead to overfitting or reduced model interpretability. There is a necessity to approach complex

ecological models with caution, identifying limitations in data and grounding the inclusion of

complex statistical processes in ecological theory.
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3.1 Introduction

Chapter 2 explored the use of a joint likelihood spatio-temporal point process model to estimate

habitat selection at the population-level, using occupancy data. This chapter furthers the explo-

ration joint likelihood spatio-temporal point process modelling, this time at the individual-level,

fitting two types of LGCP model to fine-scale telemetry tracking data. A case study is presented

with the aim of interpreting habitat selection of cattle on a Swiss Alpine farm, demonstrating a

different application to habitat selection modelling than the conservation aims of Chapter 2.

3.1.1 Movement Modelling for Agriculture

As technological advancements have allowed for a reduction in the cost of tracking devices,

telemetry tracking and movement modelling has become an accessible method of improving

livestock management in the agricultural sector (Bailey et al., 2018). Previous studies in this

area were usually conducted using data collected by human behavioural observation, which is

difficult to do, time consuming, and has implications for observer influence on subject behaviour

(Lomillos et al., 2017; Bailey et al., 2018). GPS tracking has enabled efficient automation of

data collection and has allowed an increase in the spatial area and temporal duration of studies

(Turner et al., 2000; Swain and Friend, 2013). This is particularly relevant for the management

of free range or near free range grazing animals that are pastured in large or inaccessible areas,

such as at high elevations, difficult topographies, or extensive rangelands (Lomillos et al., 2017;

Bailey et al., 2018).

In the agricultural sector, GPS tracking and movement modelling are used to understand

space-use and habitat selection, with aims of improving animal welfare, ecological impact, and

economic sustainability of farming practices (Homburger et al., 2015). Particularly in cattle

farming, livestock managers are often interested in improving the uniformity of pasture space

use, to ensure that the full available area is utilised by the animals (Lomillos et al., 2017; Bailey

et al., 2018). Spatial aggregation in movement behaviour can lead to heavy trampling, which

impacts vegetation and soil structure, and has knock-on effects for wildlife (Handcock et al.,

2009). Further to this, increasing uniformity of pasture space-use can also allow stocking rate
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to be increased, so has implications for economic improvement (Turner et al., 2000; Bailey et

al., 2018). An understanding of habitat selection in livestock can aid in informing management

practices to encourage use of the full pasture, such as the placement of fencing, water, or mineral

sources (Probo et al., 2013).

GPS tracking has also revolutionised livestock farming in terms of real-time data collection

and transfer. Precision livestock farming utilises automated collection of location and biologging

data to improve management in real time (Wathes et al., 2008). For example, Barwick et al.

(2018) use GPS tracking data for the prediction of lameness in sheep; a health condition that

would otherwise be difficult to detect and treat in an extensive farming system.

Movement modelling in the agricultural sector has additional applications which extend be-

yond the management of livestock. For example, tracking data can be analysed to assess the

impact of livestock on the behaviour of wildlife, with applications in conservation, or in the re-

action of domesticated animals to wild predators (Laporte et al., 2010; Bhattacharya et al., 2020).

Therefore this kind of modelling has further reaching implications for disease transmission and

human-wildlife conflict. Associated pasture systems for livestock also perform key ecosystem

services, such as climate change mitigation and biodiversity conservation, so understanding their

usage by livestock is essential to the protection of these services (Pauler et al., 2025).

3.1.2 Data Granularity in Movement Modelling

When developing a sampling strategy, the spatial scale at which data are collected is limited by

a tradeoff between extent and grain; limitations in time or finances lead to a decision between

sampling over a smaller extent, or collecting data at a coarser grain (Crosby and Porter, 2018). In

the case of animal movement modelling, temporal scale is similarly restricted; the battery life of

tracking devices dictates the duration of the study and the intervals between observations (Davis

et al., 2011). Thus, the scale of analysis in ecological studies has historically been determined

by feasibility of data collection for the researcher, with little consideration of the relevance of

the scale to the organism or process being studied (Jackson and Fahrig, 2015; Chandler and

Hepinstall-Cymerman, 2016; Mcgarigal et al., 2016).

Although temporal frequency at which tracking observations are collected is rarely driven by
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ecological understanding of movement, but rather by the limitations of tracking devices, under-

standing of movement behaviour and mobility has been found to be influenced by the temporal

frequency at which tracking observations are collected (Mills, Patterson, and Murray, 2006; John-

son and Ganskopp, 2008; Mccann et al., 2021). Similarly, the strength and direction of effects

of environmental covariates have been found to vary with spatial grain (Compton, Rhymer, and

Mccollough, 2002; Thompson and Mcgarigal, 2002; Mcgarigal et al., 2016; Timm et al., 2016).

It is therefore of interest to investigate the impact of data granularity, in terms of both covariate

spatial grain and temporal frequency of tracking data, on model fit and parameter inference in

habitat selection modelling. How do estimated effects change with spatial scale and temporal

frequency, and how do the two interact?

3.1.3 Case Study

This chapter explores questions of spatial, temporal, and organisational scale in relation to a case

study, modelling the habitat selection of three breeds of cattle (Bos taurus) on a Swiss Alpine

farm.

The three breeds of cattle included in this data vary in production purpose and therefore in

productivity: Original Braunvieh is common for the region as a dual-purpose breed of interme-

diate size and productivity level; Angus-Holstein is a crossbreed consisting of a combination of

a popular beef breed mixed with a popular milk breed, so therefore is of large size and high pro-

ductivity level; finally, the traditional Highland Cattle breed is of smaller size and productivity

level, chosen for its ‘hardy’ nature and adaptability to inclement conditions. The differences in

size and productivity levels of the breeds has previously been found to be linked to variations

in habitat selection and movement behaviour; with smaller, hardier breeds ranging more widely

and grazing on varied qualities of available forage, whereas larger, high-productivity breeds are

confined to areas containing high-quality forage and use less of the landscape available to them

(Pauler et al., 2020a). This can cause issues such as resource depletion and trampling, if insuffi-

cient areas of high-quality forage are provided for high-productivity breeds. Part of the objective

of discovering more about habitat selection and movement behaviour of cattle in this area is

to inform management practices which can improve uniformity of within-pasture space-use, to

72



CHAPTER 3. SCALE-DEPENDENT HABITAT SELECTION IN A DOMESTICATED POPULATION:
GAUSSIAN FIELD INTEGRATED STEP SELECTION ANALYSIS IN R-INLABRU

reduce environmental impact and improve animal welfare and economic stability.

Previously, evenness of space-use has been studied by aggregating observations of individual

locations into a gridded count (Pauler et al., 2020a). This chapter provides a more detailed insight

into habitat selection and spatial distribution in this system, by employing methods for modelling

movement, at the resource-selection and step-selection levels, in continuous-space.

3.1.4 Aims

This chapter aims to demonstrate the use of point process based approaches for step- and resource-

selection modelling to estimate livestock habitat preferences. It will:

1. fit 486 models using the GF-iSSA approach to jointly estimate habitat selection parameters

across multiple individuals using individual-level tracking data;

2. implement a novel extension to the complex integration scheme used to account for avail-

ability in the GF-iSSA models;

3. compare the 486 GF-iSSA models to a further 486 models using a spatial point process

resource-selection model to estimate habitat selection from the same tracking data, amal-

gamated to a different organisational scale; and

4. investigate the impact of data granularity (in terms of spatial scale of covariates and tem-

poral frequency of tracking observations) on inference and relative model fit for all 972

models.

3.2 Methodology

3.2.1 Data Background

This chapter analyses data from an existing dataset on environmental conditions and the spatial

distribution of cattle (Bos taurus) in heterogeneous pastures on a Swiss Alpine farm. Cattle were

contained in 3 large pasture areas (Figure 3.1). Each area represented a different type and quality

of forage: Area 1 consisted of a smaller area of fertile pasture; Area 2 was of intermediate size and

forage quality; and Area 3 comprised a larger area of low forage quality (woodland). Each pasture
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area was split into three separate paddocks, which were used to simultaneously pasture three

herds of cattle of different breeds (Original Braunvieh, Angus-Holstein, and Highland Cattle).

Cattle movement behaviour was observed using GPS telemetry tracking. See Pauler et al. (2020b)

for a more detailed description of environmental conditions at the study site, and Pauler et al.

(2020a) for a full account of the GPS and environmental data collection methods.

Figure 3.1: Layout of paddocks across three spatial areas of varying size and pasture quality on
a Swiss Alpine farm.

Each herd of cattle contained three suckler cows and their calves (not monitored). The spatial

locations of suckler cows were collected using a GPS telemetry tag attached to the bell collar of

each individual. Failure of one GPS tag in the Angus-Holstein herd meant that data were only

collected for two individuals from this herd. For the other two breeds, GPS location data were

collected for all three individuals. Tracking data were collected at 15-/20-second intervals (with

some missing observations) for a duration of 3-4 days for each of the 8 individuals (3 Highland

Cattle, 3 Original Braunvieh, and 2 Angus-Holstein) in each paddock in each of the 3 pasture

areas during the summer of 2018. The original data collection conducted by Pauler et al. (2020a)

included a rotational system, grazing each herd in each paddock. However, in order to optimise

computational efficiency and reduce mismatch in spatio-temporal resolution of covariates and

tracking data, this chapter only uses the first 24 hours of tracking observations from the instances
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where a herd was the first to graze a paddock. Hence, analysis is performed on a reduced dataset

of 24 raw tracks with a duration of 24 hours.

Two spatial covariates were included in analysis: slope and forage quality. These were chosen

based on the results of existing literature on this system having found them to be significant

drivers of cattle spatial distribution (Bailey et al., 2018; Pauler et al., 2020a). Slope is a derivation

of the 2m resolution topographical raster given by the swissALTI3D digital elevation model

(Federal Office of Topography, Wabern). Slope was calculated using the Horn algorithm to give

the steepness of elevation (Horn, 1981). Vegetation was mapped over the area, and from this

forage quality was calculated using the indicator values of forage quality by Briemle, Nitsche,

and Nitsche (2002). Indicator values of forage quality act as a proxy for palatability of vegetation

to cattle (Pauler et al., 2020a).

3.2.2 Temporal Frequency

In order to directly understand the impact of temporal frequency on inference, analysis was per-

formed on the same dataset, repeated with different regular temporal intervals between observa-

tions. This mimicked the real-world situation in which data are collected at different temporal

intervals, but kept all other factors constant, so that the only difference between datasets was

created by varying the temporal frequency. This required an initial regularisation of the raw

data, using straight-line interpolation of the spatial coordinates for each track. This ensured that

there were no missing observations and that observations were collected at regular intervals.

The method employed for step selection analysis (GF-iSSA) is a discrete-time method of animal

movement modelling. It utilises step-lengths, which are a measure of distance so require the

temporal interval between observations to be regular to be comparable. Thus regularisation was

a necessary step to prepare the data for modelling but did not create too many ‘artificial’ (i.e.,

interpolated) observations to be of concern.

Following regularisation, the data were then thinnned by removing interim observations to

create 6 datasets with increasingly large temporal intervals: the regularised dataset with 20-

second intervals between observations, and 1-minute, 5-minute, 15-minute, 30-minute, and 60-

minute subsets. The temporal duration of the observation period was kept constant (24-hours)
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so that the number of observations in the created subsets decreased with the increasing intervals,

with the 60-minute subset being the smallest (24 observations). Figure 3.2 displays the spatial

distributions for observations in the same track, with different temporal resolutions.

Figure 3.2: Telemetry tracking observations of one individual Angus-Holstein cross in Area 1
at six different temporal frequencies. Total sample sizes were: 20-second = 4320 observations,
1-minute = 1440 observations, 5-minute = 288 observations, 15-minute = 96 observations, 30-
minute = 48 observations, 60-minute = 24 observations.

Regularisation and thinning was performed for all 24 telemetry tracks; for each of the 8 indi-

viduals in each of the 3 pasture areas. Therefore data-processing resulted in a total of 144 tracks;

6 versions of each of the 24 tracks, with observations collected at varying temporal intervals.

3.2.3 Spatial Scale

This chapter aims not only to investigate the impact of temporal frequency, but also that of spa-

tial scale. To that end, environmental covariates were rendered at different spatial grains. The

initial resolution of the slope covariate (the finest available scale for measures of elevation) was

a regular 2𝑚 × 2𝑚 grid. To create 2 larger scales for comparison, the values from this original

raster were aggregated using the mean value to a 10𝑚 × 10𝑚 grid and a 20𝑚 × 20𝑚 grid. These

spatial scales were determined to be suitable in reference to typical agricultural management

practices (Schneider, personal communication, 2024). In order to limit the number of models

compared in the analysis, both covariates were evaluated at the same scales. As such, the forage

quality covariate was also rendered as a 2𝑚2 resolution raster, and aggregated to 10𝑚2 and 20𝑚2
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resolutions. Figure 3.3 shows both covariates at the three spatial resolutions.

(a) Slope 2𝑚2 (b) Forage Quality 2𝑚2

(c) Slope 10𝑚2 (d) Forage Quality 10𝑚2

(e) Slope 20𝑚2 (f) Forage Quality 20𝑚2

Figure 3.3: Slope and Forage Quality covariates at resolutions of (a,b) 2𝑚2, (c,d) 10𝑚2, and (e,f)
20𝑚2. Colour scale follows a gradient from low (blue) to high (yellow), indicating steepness
of slope and quality of forage, respectively. Outline of paddock boundaries is given as a white,
dashed line.

Both covariates were normalised using feature scaling (min-max standardisation) to ensure

numerical stability in computation and keep results comparable between covariates. Feature

scaling maintains an interpretable scale for the covariates as they vary from low to high positive

values, whereas an alternative method such as Z-score would introduce negative values, which

don’t have a direct interpretation for the covariates. For example, the values for the slope co-

variate are levels of steepness and don’t connote directionality, so a negative value would not be

interpretable here.
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3.2.4 Modelling Strategy

Given the variations in the temporal frequency of data and spatial scale of environmental covari-

ates, multiple models were fitted and compared. In order to limit the overall number of models,

3 component combinations were compared: models containing only the slope covariate, only the

forage quality covariate, or both covariates at the same scale. Telemetry tracks were grouped by

herd, so that tracks from individuals occupying the same paddock at the same time were com-

bined into a single model. These variations in data and model component combinations were

analysed in two modelling frameworks: a resource selection analysis (RSA) approach, and a step

selection analysis (SSA) approach. This resulted in a modelling strategy containing 972 models

overall. A breakdown of these models is shown in Table 3.1.

Table 3.1: A breakdown of the 972 models fitted to Swiss cattle movement data. A different
model was fitted for each combination of model feature options.

Model Feature Feature Options

Method
RSA
SSA

Spatial Area
Area 1
Area 2
Area 3

Herd
Angus-Holstein
Highland Cattle
Original Braunvieh

Temporal Frequency

20-second
1-minute
5-minute
15-minute
30-minute
60-minute

Covariate Combination
Slope only
Forage Quality only
Slope + Forage Quality

Spatial Scale
2𝑚2

10𝑚2

20𝑚2
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3.2.5 SSA Modelling Framework

Of the 972 herd-level models fitted to the tracking data, 486 were of the structure introduced by

Arce Guillen et al. (2023), termed Gaussian field integrated step selection analysis (GF-iSSA).

This method is implemented using the R package R-inlabru, and allows approximate Bayesian

inference of habitat selection and movement parameters from telemetry tracking data. It is an

extension of the method Integrated Step Selection Analysis (iSSA, Avgar et al., 2016), in which

habitat selection and movement parameters are estimated jointly. The method is named GF-iSSA

because it extends iSSA by incorporating a Gaussian Field into the resource selection function,

to account for unexplained correlation structures in the data. However, due to limitations in

computational efficiency, only the R-inlabru implementation of GF-iSSA is utilised here, and

a Gaussian Field is not incorporated in the models. GF-iSSA differs from predecessing step

selection models in the formulation of the joint likelihood as an unconditional inhomogeneous

Poisson process (IPP), and in its representation of availability. For this reason, the method is still

referred to as GF-iSSA throughout this chapter, despite the lack of Gaussian Field in the models,

to differentiate the approach from iSSA (Avgar et al., 2016). Analagous to the ‘pseudo-absence’

points commonly used in step selection analysis, GF-iSSA uses a complex integration scheme

to represent the area available to an individual at any one time point. The unique integration

scheme utilised in the GF-iSSA approach is discussed further in Section 3.2.7. The summary

given below provides an introduction to the method, as described by Arce Guillen et al. (2023).

Gaussian Field Integrated Step Selection Analysis (GF-iSSA)

Gaussian field integrated step selection snalysis (GF-iSSA) is based on the classical step selection

model as defined by Forester, Im, and Rathouz (2009). Let 𝑠𝑡 denote the spatial location of an

individual at time 𝑡. Then, the spatial density of observing an individual at location 𝑠𝑡 (given the

two previous observations 𝑠𝑡−1, 𝑠𝑡−2), can be modelled as

𝑓
(

𝑠𝑡 ∣ 𝑠𝑡−1, 𝑠𝑡−2; 𝛽, 𝜃
)

=
𝜙
(

𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡; 𝜃
)

𝜔
(

𝐗(𝑠𝑡); 𝛽
)

∫𝑞𝑡∈𝑆 𝜙
(

𝑠𝑡−2, 𝑠𝑡−1, 𝑞𝑡; 𝜃
)

𝜔
(

𝐗(𝑞𝑡); 𝛽
)

𝑑𝑞𝑡
, (3.1)

where 𝐗 represents a set of spatial covariates describing the landscape in 𝑆, the spatial domain.
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In Equation 3.1, 𝜙
(

𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡; 𝜃
)

is a selection-free movement kernel (Fieberg et al., 2021);

𝜔
(

𝐗(𝑠𝑡); 𝛽
)

is a selection function of environmental variables; and the denominator represents

a normalising constant (Forester, Im, and Rathouz, 2009; Hooten et al., 2017).

The method is termed GF-iSSA because its formulation allows for the inclusion of a Gaussian

random field in the selection function, accounting for spatial correlation structures which are not

explained by the fixed effects. As such, the selection function can be modelled as

𝜔
(

𝐗(𝑠𝑡); 𝛽
)

= exp
(

𝛽1𝑋1(𝑠𝑡) + ... + 𝛽𝑝𝑋𝑝(𝑠𝑡) + 𝑢(𝑠𝑡)
)

= exp
(

𝜂(𝑠𝑡) + 𝑢(𝑠𝑡)
)

, (3.2)

where𝑋𝑖,𝑖 = 1, ..., 𝑛, are spatially structured covariates; 𝜂(⋅) represents the fixed effects; and 𝑢(⋅)

is a Gaussian random field. Although this represents one of the benefits of this approach, it is

possible to fit the model using only fixed effects, and not include the random field, as is done in

this chapter.

As is common in discrete-time movement modelling, the movement kernel is parametrised by

step length𝜙𝑆𝐿 and turning angle𝜙𝑇𝐴. Although it is also possible to use other distributions, this

chapter uses the Gamma distribution (with shape and rate parameters, 𝛽𝑝+1 and 𝛽𝑝+2, respectively)

for step length and the zero-mean von Mises distribution (with concentration parameter, 𝛽𝑝+3) for

turning angle, as presented by Arce Guillen et al. (2023). Due to the special form of densities

belonging to the exponential family, using the current and two previous locations, the movement

kernel can be expressed as

𝜙
(

𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡; 𝜃
)

=𝜙𝑆𝐿
(

𝑠𝑡−1, 𝑠𝑡; 𝜃𝑆𝐿
)

𝜙𝑇𝐴
(

𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡; 𝜃𝑇𝐴
)

∝exp
(

𝛽𝑝+1 log
(

||𝑠𝑡 − 𝑠𝑡−1||
)

+ 𝛽𝑝+2||𝑠𝑡 − 𝑠𝑡−1||

+ 𝛽𝑝+3 cos
(

𝜓𝑠𝑡−2,𝑠𝑡−1,𝑠𝑡
)

)

=exp
(

𝜁
(

𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡
))

,

(3.3)

where 𝜓 represents the turning angle, and 𝜁 represents the joint probability model of the move-

ment kernel. A detailed derivation of Equation 3.3 can be found in the supplementary material

of Arce Guillen et al. (2023). Two factors are included in the step length definition, as a result

of the transformation from polar to Euclidean coordinates.
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The likelihood is then expressed as a combination of the selection function (Equation 3.2)

and the movement kernel (Equation 3.3)

𝐿
(

𝛽, 𝜃 ∣ 𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡
)

=
exp

(

𝜂(𝑠𝑡) + 𝑢(𝑠𝑡) + 𝜁 (𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡)
)

∫𝑆 exp
(

𝜂(𝑞𝑡) + 𝑢(𝑞𝑡) + 𝜁 (𝑠𝑡−2, 𝑠𝑡−1, 𝑞𝑡)
)

𝑑𝑞𝑡

≔
Λ
(

𝑠𝑡 ∣ 𝑠𝑡−2, 𝑠𝑡−1,𝐗(𝑠𝑡)
)

∫𝑆 Λ
(

𝑞𝑡 ∣ 𝑠𝑡−2, 𝑠𝑡−1,𝐗(𝑞𝑡)
)

𝑑𝑞𝑡
,

(3.4)

where 𝑢(𝑠𝑡) represent spatial random effects, and 𝑆 represents the spatial domain over which the

integration scheme is defined. This is the likelihood function of a conditional inhomogeneous

Poisson process (IPP), where the likelihood function is conditional on the observations at times 𝑡,

𝑡−1, and 𝑡−2. However, using equivalences demonstrated by Aarts, Fieberg, and Matthiopoulos

(2012) and Muff, Signer, and Fieberg (2019), the joint log-likelihood of the model for each time

point can be written as an unconditional IPP

𝑇
∑

𝑡=3
𝐼
(

𝛽, 𝜃 ∣ 𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡
)

=
𝑇
∑

𝑡=3

(

log
(

Λ
(

𝑠𝑡 ∣ 𝑠𝑡−2, 𝑠𝑡−1,𝐗(𝑠𝑡)
)

exp(𝛽0𝑡)
)

−∫𝑆
Λ
(

𝑞𝑡 ∣ 𝑠𝑡−2, 𝑠𝑡−1,𝐗(𝑞𝑡)
)

exp(𝛽0𝑡)𝑑𝑞𝑡

)

,

(3.5)

for a total of 𝑇−2 time points, where 𝛽0𝑡, 𝑡 = 3, ..., 𝑇 are time dependent intercepts. Transforming

from a conditional to an unconditional IPP provides practical advantages in computation, but the

slope parameters estimated by both are equivalent (Aarts, Fieberg, and Matthiopoulos, 2012;

Muff, Signer, and Fieberg, 2019). When incorporating the tracks of multiple individuals into

a single model, as in this chapter, a joint model with one likelihood per individual is used, and

these intercepts become time and individual dependent (see Equation 3.8). In model fitting, the

intercepts are defined as random intercepts with large fixed variance.

Model fitting is performed in R-inlabru using the INLA and SPDE methods. The model is

fitted as an LGCP, and integration is performed at the mesh nodes which fall within the domain

of availability for each observation (see Section 3.2.7). Therefore, Equation 3.5 is approximated

by
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𝑇
∑

𝑡=3
𝐼
(

𝛽, 𝜃 ∣ 𝑠𝑡−2, 𝑠𝑡−1, 𝑠𝑡
)

≈
𝑇
∑

𝑡=3

(

log
(

Λ
(

𝑠𝑡 ∣ 𝑠𝑡−2, 𝑠𝑡−1,𝐗(𝑠𝑡)
)

exp(𝛽0𝑡)
))

−
𝑇
∑

𝑡=3

𝑛𝑡
∑

𝑗=1
𝑤𝑡,𝑗Λ

(

𝑞𝑡,𝑗 ∣ 𝑠𝑡−2, 𝑠𝑡−1,𝐗(𝑞𝑡,𝑗)
)

exp(𝛽0𝑡),

(3.6)

for integration points 𝑞𝑡,𝑗 and weights 𝑤𝑡,𝑗 , where 𝑛𝑡 represents the total number of integration

points at each time 𝑡. As a set of integration points is defined for each time point, it would be

computationally costly to define the spatial domain 𝑆 over the full area of interest. For this

reason, and to act analogously to pseudo-absences in classical step selection (accounting for

availability), the integration scheme is restricted to a circular domain around each observation

for each time point. The radius of this domain of availability is defined by the user, and should

be related to animal mobility.

SSA Models

In the presented formulation of the GF-iSSA model, the parameters estimated to describe the

distributions which make up the movement kernel (the concentration parameter of the von Mises

distribution and the shape and rate parameters of the Gamma distribution) are allowed to be es-

timated outside of their theoretical domain (i.e., with values below 0), and therefore if a user

wishes to interpret the resulting distributions, restrictions need to be placed on the model to

make these parameters positive-definite. This, however, adds a computational cost, which is a

particular concern in this chapter, wherein a large number of models are compared. Whether

or not restrictions are placed on the movement parameters does not affect the estimated coeffi-

cients in the selection function. So, in the interest of computational efficiency, these movement

parameters were left unrestricted and their associated distributions are not interpreted or used to

describe trends in the movement patterns of the animals.

The GF-iSSA model naturally accounts for the highly spatio-temporally correlated nature of

telemetry tracking data through the model structure itself; the movement kernel has a Markovian

structure wherein the current location is dependent on the two previous observations. However,

this does not account for other sources of spatial autocorrelation such as missing covariates, un-

less a Gaussian random field is included as a component in the linear predictor. However, the
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inclusion of random effects increases computational costs and can cloud model interpretability.

Additionally, subject to prior specifications, including a GRF brings the risk of spatial confound-

ing, reducing the estimated significance of fixed effects (Hodges and Reich, 2010). The aim of

this chapter is to compare the estimates of fixed effects across a large number of models. A

Gaussian random field is not included, to ensure a clear interpretation of fixed effects and to keep

model running times to a minimum. As such, the selection function introduced in Equation 3.2

is redefined as

𝜔
(

𝐗(𝑠𝑡); 𝛽
)

= exp
(

𝛽𝑠𝑙𝑜𝑝𝑒𝑋𝑠𝑙𝑜𝑝𝑒(𝑠𝑡) + 𝛽𝐹𝑄𝑋𝐹𝑄(𝑠𝑡)
)

= exp
(

𝜂(𝑠𝑡)
)

, (3.7)

for the models containing both covariates, where 𝑋𝑠𝑙𝑜𝑝𝑒 represents the slope covariate and 𝑋𝐹𝑄

represents the forage quality covariate (see Table 3.1 for model variations). The two covariates

theorised to have the most important influence on movement behaviour are included as fixed

effects, with the assumption that any impacts from missing covariates - as would be accounted

for by a Gaussian random field - are negligible.

As mentioned in the modelling strategy (Section 3.2.4), models were fitted to data from two or

three individuals, to elicit shared habitat selection from the overall herd. In the GF-iSSA model

structure, a different likelihood is required for each individual. So, the movement of each individ-

ual within a herd is modelled jointly, with parameter estimation shared across likelihoods. This

assumes independence given the shared components, so makes the simplifying assumption that

any social movement behaviour will be captured by the shared response to environmental stim-

uli. Individual differences are accounted for by temporally-and-individually-indexed-intercepts.

Thus the joint log-likelihood described in Equation 3.5 becomes

𝑁
∑

𝑛=1

𝑇
∑

𝑡=3
𝐼
(

𝛽, 𝜃 ∣ 𝑠𝑛,𝑡−2, 𝑠𝑛,𝑡−1, 𝑠𝑛,𝑡
)

=
𝑁
∑

𝑛=1

𝑇
∑

𝑡=3

(

log
(

Λ
(

𝑠𝑛,𝑡 ∣ 𝑠𝑛,𝑡−2, 𝑠𝑛,𝑡−1,𝐗(𝑠𝑛,𝑡)
)

exp(𝛽0𝑛𝑡)
)

−∫𝑆
Λ
(

𝑞𝑛,𝑡 ∣ 𝑠𝑛,𝑡−2, 𝑠𝑛,𝑡−1,𝐗(𝑞𝑛,𝑡)
)

exp(𝛽0𝑛𝑡)𝑑𝑞𝑛,𝑡

)

,

(3.8)

where 𝑛 = 1, ..., 𝑁 denotes individual, and 𝛽0𝑛𝑡 are temporally-and-individually-indexed-intercepts,
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and habitat selection coefficients 𝛽 are jointly estimated. Total number of individuals 𝑁 varied

between herds, with 3 individuals in the Original Braunvieh and Highland Cattle herds and 2

individuals in the Angus-Holstein herd. Note that each individual has its own associated set of

integration points, as these are defined using the observed locations. This is covered further in

Section 3.2.7.

GF-iSSA is a new method and, at the time of writing, has not been used for analysis in any

publication other than that in which it was introduced. Arce Guillen et al. (2023) present a case

study analysing the movement of wild animals at a coarser scale and longer duration than is

investigated here. This chapter presents an alternate application for the approach, in analysing

fine-scale movement behaviour of domesticated animals in the agricultural sector. As such, the

representation of availability in the model was altered to include physical barriers to movement.

Further information on this is provided in Section 3.2.7.

3.2.6 RSA Modelling Framework

The 486 SSA models provide an insight into habitat selection at the ‘step level’ - movement

decisions are assumed to be made at each temporal step, relative to an area surrounding the lo-

cation of the observation. For comparison, the remaining 486 models are fitted to the grouped

observations of the overall tracks for each herd as a spatial point pattern. In this model formula-

tion, habitat selection is inferred from the spatial distribution of the overall pattern created by all

observations from a herd, with the full paddock area assumed to be available. In this setup, the

data are modelled as a spatial inhomogeneous Poisson process (IPP) in R-inlabru (see Equa-

tion 1.25 in Section 1.6.1). This simpler model setup (here termed the RSA models) gives a

zoomed-out perspective of the overall herd distribution and provides a baseline comparison for

the more complex SSA models.

In the RSA models, point pattern intensity is defined by a spatially-varying intensity function,

which is an additive combination of spatially-structured covariates. It is possible - among other

options - to include a Gaussian random field in the linear predictor, but this is not included for

simplicity and to keep the models comparable to the SSA models. Not accounting for the highly

spatio-temporally correlated nature of the tracking data would be a violation of the assumption
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of independence in the IPP. A commonly used solution in RSA is to thin data to reduce the level

of correlation between observations (Hooten et al., 2014). The models fitted to data at a coarser

temporal frequency can be seen to use this solution. Similarly, a random effect to account for

inter-individual variation is not included in the RSA models, to keep the models simple and

running times short.

The point pattern of observations is modelled as independent conditional on the point process

intensity Λ(𝑠)

Λ(𝑠) = exp
(

𝛼 + 𝛽𝑠𝑙𝑜𝑝𝑒𝑋𝑠𝑙𝑜𝑝𝑒(𝑠) + 𝛽𝐹𝑄𝑋𝐹𝑄(𝑠)
)

, (3.9)

for the models containing both covariates, where 𝛼 represents an intercept term,𝑋𝑠𝑙𝑜𝑝𝑒 represents

the slope covariate and 𝑋𝐹𝑄 represents the forage quality covariate (see Table 3.1 for model

variations).

Each dataset is modelled using the SSA and RSA modelling approaches. Although the mod-

els are fitted to the same data, and include the same covariates, the approaches differ in selection

level; SSA is performed at the individual-level, whereas RSA is performed at the population-

level. Here, SSA is spatio-temporal, whereas RSA is purely spatial. Each approach also utilises

a different definition of the spatial domain over which integration is performed, which has im-

plications for ecological interpretation of how availability is represented.

3.2.7 Integration Schemes

One of the unique features of the GF-iSSA approach is the complex integration scheme used to

account for availability and improve computational efficiency. The integration scheme plays an

important role in both determining the running time of a model, and in how the model interprets

interactions between observations and spatial covariates.

The first step in defining the integration schemes of all 972 models was to create a Delaunay

mesh triangulation. The same mesh was used for all models within a spatial area, so three meshes

were created in total (one for each of Area 1, 2, and 3). To maintain accurate interpretation of

fixed effects, the resolution of the mesh should be at least fine enough to capture the spatial

variability in covariate values (Lindgren, Rue, and Lindström, 2011). To ensure that this was
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the case, the mesh resolution was matched to the smallest covariate grain: 2𝑚 × 2𝑚. For the

RSA models, the integration points were defined at the mesh nodes which fell within the overall

paddock boundary for each herd (Figure 3.4).

Figure 3.4: Integration scheme used in the RSA model for the Angus-Holstein herd in Area 1.
Integration points are located at the mesh nodes which cover the full spatial domain available to
the herd (paddock area, indicated by grey background polygon). Colour scale gives an indication
of weight.

In GF-iSSA, each individual has an associated set of integration points, defined as falling

within a set window around each observation in the track. To generate integration schemes for the

SSA models requires a definition of this ‘domain of availability’: the radius of which is related to

animal mobility. This was done empirically by obtaining the average maximum step length across

all individuals for each temporal frequency. This resulted in a maximum step-length of 30m,

50m, 80m, 90m, 90m, and 90m for the 20-second, 1-minute, 5-minute, 15-minute, 30-minute,

and 60-minute frequencies, respectively. As temporal interval increased, maximum observed

step-length flattened out, meaning that the three coarsest datasets (15-minute, 30-minute, and

60-minute) were all defined to have the same radius of domain of availability. To keep models

comparable the same radius was defined across all breeds. Figure 3.5 shows the domains of

availability for one individual at the different temporal frequencies.

In this application, individuals are contained within a paddock and so have a physical barrier

to movement as well as physiological mobility restrictions. Therefore, the domains of availability

surrounding each observation were cropped to the perimeter of the paddock in which each herd

was contained (see Figure 3.6 for the cropped domains of availability). This ensured that the
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domain of availability gave a true representation of the area (and thus environmental conditions)

available to the individual at each movement step.

Figure 3.5: Domains of availability for the first time point at 6 different temporal frequencies
for an individual Angus-Holstein cross in Area 1. Paddock area is indicated by grey background
polygon. Discrete colour scale indicates temporal frequency.

Figure 3.6: Cropped domains of availability for the first time point at 6 different temporal fre-
quencies for an individual Angus-Holstein cross in Area 1. Paddock area is indicated by grey
background polygon. Discrete colour scale indicates temporal frequency.
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Finally, the integration scheme was created by distributing a set of integration points for

each observation at the mesh nodes which fell within that observation’s corresponding domain

of availability. This was repeated for each of the 144 tracks. See Figure 3.7 for the integration

points at a single time point for one individual.

Figure 3.7: Integration points at the first time point at 6 different temporal frequencies for one in-
dividual Angus-Holstein cross in Area 1. Paddock area is indicated by grey background polygon.
Colour scale gives an indication of weight.

Weights for both the SSA and RSA integration schemes were calculated using the integrals

of the piecewise linear basis functions, as described in Section 1.6.1 (Lindgren, Rue, and Lind-

ström, 2011). For the SSA integration schemes, the vertices of any triangles which did not

intersect the corresponding domain of availability for that observation were given zero weights,

thus integration points were only defined within the domains of availability (Arce Guillen et al.,

2023).

For LGCP models fitted using R-inlabru (which includes both the RSA model structure

and the SSA model structure), the number of integration points in the integration scheme plays

an important role in determining model running time. For the more simplified RSA model, the

number of integration points increases with a finer mesh, larger spatial area, or both. However, for

the SSA model, each individual has a set of integration points defined around each observation,

so the total number of integration points can be increased by: number of individuals; duration

of study; temporal frequency of observations; radius of the domain of availability; mesh grain;
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and spatial area. Therefore, with so many features of the data contributing to the number of

integration points, and number of integration points contributing largely to computational cost,

models can quickly become infeasibly costly. This is of particular concern in this chapter wherein

a large number of models are fitted and compared, but may be less consequential in other studies

where fewer models are required.

To give an idea of the difference in computational cost between the RSA and SSA method-

ologies, Table 3.2 contains the number of integration points, observations, and running times for

a selection of the models. The number of integration points in the SSA models varies with the

number of observations, and so model running time varies with temporal frequency. The SSA

models are more computationally costly to run than the simpler RSA models, which contain

fewer integration points. For example, the 20-second frequency SSA model has a running time

of around 1.21 hours, whereas the RSA model fitted to the same data takes 1.72 seconds to run.

Table 3.2: An example of the number of integration points, observations, and running times (in
seconds, rounded to 2 decimal places) for the slope-only (2𝑚2) models fitted to data from the
Original Braunvieh herd in Area 3.

Model Frequency Integration Points Observations
Running Time

(seconds)

SSA

20-second 6 163 340 12 962 4 343.67
1-minute 4 660 972 4 322 1 499.38
5-minute 1 997 563 866 640.85

15-minute 702 291 290 262.28
30-minute 349 010 146 129.82
60-minute 165 627 74 61.97

RSA

20-second 4 175 12 962 1.72
1-minute 4 175 4 322 1.52
5-minute 4 175 866 1.45

15-minute 4 175 290 1.34
30-minute 4 175 146 1.27
60-minute 4 175 74 1.31

All analysis was carried out using R version 4.4.1 (R Core Team, 2025), R-INLA version

24.6.27 (Rue, Martino, and Chopin, 2009), and R-inlabru version 2.11.1 (Bachl et al., 2019)

with a 2.4-3.2GHz 10C processor (384GB RAM).
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3.3 Results

As analysis included a large number of models, some outputs have been omitted to provide clar-

ity of results. Similar patterns were found across the three cattle herds, with effects being most

pronounced for the Original Braunvieh herd. As inter-breed differences have been explored in

previous literature (e.g., Pauler et al., 2020a), the results for only one herd are shown here. Fig-

ures 3.8-3.11 show the outputs of the 324 models fitted to location data from the Original Braun-

vieh herd. Outputs of the remaining 648 models can be found in Appendix B.

3.3.1 Estimation of Habitat Selection Parameters

The covariate coefficients estimated in these models can be interpreted in relation to relative use,

with positive values indicating a preference for higher values of a habitat variable, and nega-

tive values indicating avoidance. For more information on interpreting parameters in habitat-

selection analyses, see (Fieberg et al., 2021).

Most of the RSA models produced a posterior estimate of a negative effect with a 95% cred-

ible interval below 0 for the slope covariate on spatial distribution (Figure 3.8). Although this

was not a completely uniform result, with some models producing a positive estimated effect

with 95% credible intervals largely or entirely above 0. Estimated effect size and direction was

broadly similar across pasture areas (i.e., Areas 1,2, and 3), particularly for models with covari-

ates at a fine spatial grain (e.g., 2𝑚2). However, decreased spatial resolution in covariates altered

estimated effect size, particularly for Area 1 models, wherein the direction of the effect changed

from a negative to a positive estimate with decreasing spatial grain. Inclusion of the forage qual-

ity covariate, compared to slope-only models, seemed largely to affect estimated uncertainty,

with little impact on mean estimates. Estimates were largely unaffected by temporal frequency

of observations, with mean values remaining largely stable across groups of models which dif-

fered only by frequency. Models fitted to data with fewer observations (i.e., coarser frequencies)

produced estimates with wider credible intervals compared to those with more observations (i.e.,

finer frequencies).

Similarly to the RSA models, the posterior estimate for the slope effect produced by most
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of the SSA models was negative with a 95% credible interval below 0 (Figure 3.9). In contrast

to the RSA models (see Figure 3.8), slight differences in estimated effect size between pasture

areas was most stark in the fine-grain (2𝑚2) models. Although, as was the case in the RSA

models, estimated effects were broadly similar across areas. Decreasing spatial resolution did

not alter the direction of the estimated effect, although for the smallest area (A1) some of the

20𝑚2 multivariable models produced a 95% credible interval concentrated around 0. Increasing

temporal frequency generally resulted in a smaller estimated effect size, although this trend was

less pronounced in the models which included the forage quality covariate, compared to the

slope-only models.

Forage quality was estimated to have a positive effect with a 95% credible interval above 0

by most of the RSA models (Figure 3.10). As with the estimated effect of slope (see Figure 3.8),

the size and direction of the estimated effect of forage quality was largely similar across pasture

areas, especially for fine-grain models. Spatial scale impacted estimated effect size and direction;

particularly for forage-quality-only Area 1 models, and for the multivariable models of all pasture

areas, wherein forage quality was estimated to have a negative effect. Again, temporal frequency

had minimal influence on the estimated mean, but impacted associated uncertainty, with coarser

frequencies resulting in larger credible intervals.

All SSA models estimated a negative effect for forage quality with a 95% credible interval

below 0 (Figure 3.11). Area 3, the pasture area with the poorest overall forage quality, produced

posterior estimates with the strongest negative effect of the three pasture areas. Increasing tem-

poral frequency reduced estimated effect size, with finer frequency models producing a posterior

effect closer to zero than coarse frequency models. This can be seen best in the univariable Area

3 models, where difference in estimated forage quality effect between temporal frequencies is

most pronounced. Inclusion of the slope covariate appeared to reduce the impact of temporal

frequency on effect size, particularly in the Area 3 models.
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Figure 3.8: Posterior estimates for the slope covariate effect from the RSA models of the Original
Braunvieh herd. Each plot represents a different spatial scale and covariate combination. Within
a plot, each line on the y-axis represents a different model. Spatial area and temporal frequency
are denoted by shape and colour, respectively.
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Figure 3.9: Posterior estimates for the slope covariate effect from the SSA models of the Original
Braunvieh herd. Each plot represents a different spatial scale and covariate combination. Within
a plot, each line on the y-axis represents a different model. Spatial area and temporal frequency
are denoted by shape and colour, respectively.
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Figure 3.10: Posterior estimates for the forage quality covariate effect from the RSA models of the
Original Braunvieh herd. Each plot represents a different spatial scale and covariate combination.
Within a plot, each line on the y-axis represents a different model. Spatial area and temporal
frequency are denoted by shape and colour, respectively.
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Figure 3.11: Posterior estimates for the forage quality covariate effect from the SSA models of the
Original Braunvieh herd. Each plot represents a different spatial scale and covariate combination.
Within a plot, each line on the y-axis represents a different model. Spatial area and temporal
frequency are denoted by shape and colour, respectively.
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3.3.2 Model Comparison

As recommended by Arce Guillen et al. (2023), model comparison was carried out using the de-

viance information criterion (DIC); a Bayesian model selection measure which balances good-

ness of fit with model complexity (Spiegelhalter et al., 2002). As DIC assesses goodness of

fit relative to the underlying dataset, the model selection measure can only be used to compare

models fitted to the same data, therefore constraining comparison to within groups of the same

temporal frequency. Measure of deviance is also directly related to model likelihood, so cannot be

used to compare between the RSA and SSA models. Therefore, quantitative model comparison

can be conducted within 9-model groups, which share the same temporal frequency, herd, pas-

ture area, and inferential method, and differ in covariate spatial scale and predictor composition.

However, cross-group comparisons can be made about the relative rankings of these characteris-

tics by DIC, to broaden model comparison. Thus, a 20-second model cannot be deemed a better

fit than a 1-minute model, but it could be said that the model of the 9-model group that gave the

worst fit was the same or different between groups.

It is also important to note that DIC provides a relative ranking, and so models are not ob-

jectively determined to be a ‘good’ or ‘bad’ fit, but can be described as a ‘better’ or ‘worse’ fit

than other models in the comparison group. The objective of this model comparison is not to

determine whether the models provide an overall good fit to the data, but rather to investigate

how covariate spatial scale impacts model fit, and compare whether these trends are consistent

between inferential methods and temporal frequencies. The trends and patterns described here

were consistent across herds and spatial areas, so only DIC scores for the Original Braunvieh

herd in Area 1 are presented in Figures 3.12 and 3.13. Further information for the other pasture

areas is included in Tables 3.3 and 3.4.

The impact of covariate spatial scale and predictor composition on the relative DIC ranking

of models within a 9-model group was largely consistent across temporal frequencies for the RSA

models (Figure 3.12). However, the 60-minute models demonstrate a slight deviation from the

trend by ranking models considered an intermediate fit in other temporal frequencies more poorly

(e.g., 10𝑚2 forage quality only and multivariable models). The model with the lowest DIC score
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(best fit) and highest DIC score (worst fit) of the 9-model group was consistent across temporal

frequencies within a pasture area (Table 3.3). Multivariable models were found to have the worst

fit, consistently across temporal frequencies and pasture areas, whilst univariable models were

found to have the best fit. However, the worst and best fitting spatial scales were found to differ

between areas.

Figure 3.12: DIC scores for the RSA models of the Original Braunvieh herd in Area 1. Each plot
represents a different temporal frequency group of 9 models. Within a plot, each tile represents
a different spatial scale (x-axis) and covariate combination (y-axis). Numbers within a tile show
the actual DIC score, whilst the tile colour represents a relative scale from worst fit (red) to best
fit (green).
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Table 3.3: Predictor component and scale combination with the relative highest and lowest DIC
per nine model group for the RSA models fitted to data from the Original Braunvieh herd. All
values given are rounded to 2 decimal places.

Area Frequency Lowest DIC Highest DIC
Components Scale Components Scale

Area 1

20-second Slope 10𝑚2 Slope + Forage Quality 2𝑚2

1-minute Slope 10𝑚2 Slope + Forage Quality 2𝑚2

5-minute Slope 10𝑚2 Slope + Forage Quality 2𝑚2

15-minute Slope 10𝑚2 Slope + Forage Quality 2𝑚2

30-minute Slope 10𝑚2 Slope + Forage Quality 2𝑚2

60-minute Slope 10𝑚2 Slope + Forage Quality 2𝑚2

Area 2

20-second Forage Quality 2𝑚2 Slope + Forage Quality 20𝑚2

1-minute Forage Quality 2𝑚2 Slope + Forage Quality 20𝑚2

5-minute Forage Quality 2𝑚2 Slope + Forage Quality 20𝑚2

15-minute Forage Quality 2𝑚2 Slope + Forage Quality 20𝑚2

30-minute Forage Quality 2𝑚2 Slope + Forage Quality 20𝑚2

60-minute Forage Quality 2𝑚2 Slope + Forage Quality 20𝑚2

Area 3

20-second Forage Quality 20𝑚2 Slope + Forage Quality 2𝑚2

1-minute Forage Quality 20𝑚2 Slope + Forage Quality 2𝑚2

5-minute Forage Quality 20𝑚2 Slope + Forage Quality 2𝑚2

15-minute Forage Quality 20𝑚2 Slope + Forage Quality 2𝑚2

30-minute Forage Quality 20𝑚2 Slope + Forage Quality 2𝑚2

60-minute Forage Quality 20𝑚2 Slope + Forage Quality 2𝑚2
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In contrast, the SSA model rankings show higher levels of variation between temporal fre-

quency groups (Figure 3.13). For example, the 2𝑚2 forage quality only model is ranked as a

poorer fit for the 5-minute model group, but is placed at an intermediate level for the finer and

coarser temporal frequencies (e.g., 20-second and 60-minute). Within each pasture area, the pre-

dictor components and covariate spatial scales which give the best and worst fit within a 9 model

group show more inconsistency across temporal frequencies (Table 3.4), as compared to the

RSA models (Table 3.3). This inconsistency suggests a stronger impact of temporal frequency

on the effects of spatial scale when using the SSA method for inference, as compared to the RSA

models.

Figure 3.13: DIC scores for the SSA models of the Original Braunvieh herd in Area 1. Each plot
represents a different temporal frequency group of 9 models. Within a plot, each tile represents
a different spatial scale (x-axis) and covariate combination (y-axis). Numbers within a tile show
the actual DIC score, whilst the tile colour represents a relative scale from worst fit (red) to best
fit (green).
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Table 3.4: Predictor component and scale combination with the relative highest and lowest DIC
per nine model group for the SSA models fitted to data from the Original Braunvieh herd. All
values given are rounded to 2 decimal places.

Area Frequency Lowest DIC Highest DIC
Components Scale Components Scale

Area 1

20-second Slope + Forage Quality 20𝑚2 Slope 2𝑚2

1-minute Forage Quality 10𝑚2 Slope 2𝑚2

5-minute Forage Quality 10𝑚2 Forage Quality 2𝑚2

15-minute Forage Quality 10𝑚2 Slope 2𝑚2

30-minute Forage Quality 10𝑚2 Slope 2𝑚2

60-minute Slope 20𝑚2 Slope 2𝑚2

Area 2

20-second Slope 20𝑚2 Slope + Forage Quality 20𝑚2

1-minute Slope 2𝑚2 Forage Quality 10𝑚2

5-minute Forage Quality 20𝑚2 Forage Quality 10𝑚2

15-minute Slope 20𝑚2 Forage Quality 10𝑚2

30-minute Slope 20𝑚2 Slope 2𝑚2

60-minute Slope 2𝑚2 Forage Quality 20𝑚2

Area 3

20-second Forage Quality 10𝑚2 Slope 2𝑚2

1-minute Slope 10𝑚2 Slope 2𝑚2

5-minute Forage Quality 10𝑚2 Forage Quality 20𝑚2

15-minute Forage Quality 10𝑚2 Forage Quality 20𝑚2

30-minute Forage Quality 10𝑚2 Forage Quality 20𝑚2

60-minute Forage Quality 10𝑚2 Slope 2𝑚2
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3.4 Discussion

This chapter centred on a case study of cattle habitat selection and space-use on a Swiss Alpine

farm. Two types of IPP model, a population-level spatial RSA and an individual-level spatio-

temporal SSA, were fitted to data from three breeds of cattle in three spatial areas. Estimated

habitat selection parameters and model fit were compared across six temporal frequencies and

three spatial scales. The following section includes a discussion of the presented results, a review

of the modelling framework, and suggestions for future study.

3.4.1 Discussion of Results

Slope was found to have a negative effect according to most of the RSA and SSA models, in-

dicating avoidance behaviour for this covariate at the macro-level of overall spatial distribution

and the micro-level of movement decisions (Figures 3.8 and 3.9). This agrees with the general

understanding of existing literature, that cattle tend to avoid steep slopes and prefer areas of gen-

tler terrain (Roever et al., 2015; Bailey et al., 2018; Koczura et al., 2019). However, this result

was not seen uniformly across all models, with different factors impacting both the strength and

direction of the estimated covariate effect.

For the RSA models, decreasing spatial resolution of covariates had a strong impact on esti-

mated effect size of slope (Figure 3.8). This trend was particularly prominent for models fitted

to data from Area 1; the smallest of the three pasture areas. This may be due to the size of the

area, relative to the size of the pixels at the coarse spatial grain, meaning that less information in

covariate variation was available for the coarser grain models in this area. The slope covariate

itself is also less heterogeneous for this pasture area compared to Areas 2 and 3, so decreasing

covariate resolution could have resulted in a more severe homogenisation of covariate values in

this area (Figure 3.3, Paton and Matthiopoulos, 2015).

Spatial scale also strongly impacted estimated effect size of forage quality by the RSA mod-

els (Figure 3.10). Again, this was seen most prominently in Area 1 for the univariable models,

wherein the effect changed direction from a positive to a negative effect with decreasing spatial

resolution. A preference for high-quality forage would be expected in the selection behaviour
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of cattle, so the estimates from models with coarse-scale covariates tend to disagree with pre-

existing understanding of cattle behaviour (Homburger et al., 2015). Area 1 contained large

expanses of high-quality forage, so the reduction in spatial resolution produced a homogenised

version of the covariate with little variation in values forage quality (Figure 3.3, Paton and

Matthiopoulos, 2015). In comparison, univariable models fitted to data from Area 2, the pas-

ture area with the highest level of heterogeneity in forage quality, were estimated to have the

strongest positive effect. Spatial scale also seemed to have more impact on the multivariable

models, suggesting that the effects of decreased spatial resolution were exacerbated when the

predictor contained multiple fixed effects. This may be due to the fact that different covariates

were only included at the same scale, and multi-scale covariate combinations were omitted from

analysis. If the forage quality and slope covariate effects were best described at different spatial

scales, then single-scale multivariable models would provide a poor model component construc-

tion. Evidence for this theory is suggested by the relative DIC rankings for the RSA models,

which consistently find multivariable models to be the poorest fit (Table 3.3).

In contrast to the patterns displayed by the RSA models, spatial scale of covariates had less

impact on the posterior mean estimates of the SSA models for both slope and forage quality

(Figures 3.9 and 3.11). This may be due to the complex integration scheme used in GF-iSSA,

which means that each observation is considered relative to a smaller available area than that

in the RSA models. Within this smaller domain of availability, covariate values may be more

homogeneous than those observed over the full paddock area. As such, a reduction in spatial

scale may impact the variation in covariate values less in these smaller areas of availability.

Temporal frequency of observations had little impact on the posterior mean of the estimated

effect of slope and forage quality in the RSA models (Figures 3.8 and 3.10). Although, models

fitted to coarser frequency data estimated posteriors with a wider associated credible interval.

The lack of impact of temporal frequency can also be observed in the consistency of DIC rank-

ings across frequencies for the RSA models (Figure 3.12 and Table 3.3). This suggests that

changing temporal frequency doesn’t alter the relative interpretation of model component com-

binations or spatial scales in terms of goodness of fit. The coarser frequency datasets can be

thought of as regularly thinned versions of the point pattern created by the spatial distribution of
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the finer frequency data, so the same effect should be observed with higher uncertainty, as seen

here. However, it is impressive that the datasets with the fewest observations (i.e., those col-

lected at a 60-minute interval) are capable of producing a similar estimate for coefficient effect

to those with the most observations (i.e., the 20-second data). This suggests that high-frequency

data collection may be unnecessary when using methods to analyse overall spatial distribution,

such as resource-selection functions. This is also of interest when considering that these meth-

ods typically assume independence between observations; an assumption which is violated by

the highly spatio-temporally correlated nature of telemetry tracking data. Usually, when fitting

models of this type to this kind of data, this assumption can be accounted for by thinning data,

with the hope that this will remove any bias introduced by spatial autocorrelation (Hooten et al.,

2014). Here, the same posterior mean effect is estimated by thinned data (the 60-minute dataset

represents a greatly thinned version of the 20-second dataset, with only 0.56% of observations

retained) as compared to correlated data. This suggests either a lack of bias in the data, or more

concerningly, that the process of thinning does not remove bias.

The lack of impact of temporal frequency on estimated effects in the RSA models contrasted

to the trends observed in the SSA models (Figures 3.9 and 3.11). For both slope and forage qual-

ity, increasing temporal frequency tended to lead to an estimated effect closer to 0 for the SSA

models. Temporal frequency also impacted the relative interpretation of the ‘best’ covariate com-

binations and scales according to DIC ranking, which was more variable between frequencies for

the SSA models (Figure 3.13 and Table 3.4) as compared to the RSA models (Figure 3.12 and

Table 3.3). Temporal frequency plays a stronger role in the structure of SSA, impacting both the

number of observations and the integration scheme (Table 3.2). When the temporal interval be-

tween observations is longer, the domain of availability for each step becomes larger (Figure 3.5).

As temporal frequency and availability are intrinsically linked, interpretation of covariates is im-

pacted. For highly spatio-temporally correlated data, like the 20-second dataset, observations

will include steps where an animal is close to an area of preferred habitat that it has previously,

or will in future, utilise, but in which it is not currently located. These areas will therefore be

considered available but not chosen at these steps, potentially skewing interpretations of habitat

selection as large amounts of the available area are made up of the (latently) preferable habitat.
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At coarser intervals, domains of availability are larger, capturing a wider range of covariate val-

ues in the available area and so possibly providing a more balanced interpretation of the chosen

step location. It is therefore difficult to disentangle the effects of changing temporal frequency

from the spatial scale of the study domain, and would be of interest in future study to hold one

constant while changing the other, to assess the sensitivity of model results to each feature indi-

vidually. This distinction between large- and small-scale selection could be further investigated

by using behavioural classification to identify movement steps which are transient, as opposed

to active usage such as foraging.

This balance of use and availability may also explain the disparity in the direction of esti-

mated effect of forage quality between the RSA and SSA models. Most RSA models estimated a

positive posterior mean effect of forage quality, agreeing with existing literature on cattle habitat

selection behaviour (Figure 3.10, Homburger et al., 2015). However, most SSA models pro-

duced a negative posterior mean estimate for forage quality (Figure 3.11). This was particularly

prominent for models fitted to data from Area 3, which contained mostly poor quality forage (Fig-

ure 3.3). With its complex integration scheme, GF-iSSA places more weight on the surrounding

available area per observation, compared to the overall summary of spatial distribution analysed

with the RSA method. This disparity in covariate interpretation and estimated coefficient effect

should be considered in the context of the scale of behaviour each method aims to analyse. RSA

provides an overview of the overall spatial distribution, so habitat selection is performed at the

population-level and should be interpreted on a large-scale. On the other hand, iSSA looks at

the step-by-step movement decisions, so reveals more about the animal’s short-term choices and

‘realised’ space-use. An analogous example to this would be the findings of Compton, Rhymer,

and Mccollough (2002), who found that, at a landscape scale, wood turtles (Clemmys insculpta)

were active in partially forested areas, showing a preference behaviour towards forest cover, but

that within these areas, the turtles avoided forested sections. Therefore, the difference in direc-

tion of estimated effect for the forage quality covariate between RSA and SSA may indicate that

cattle prefer high-quality forage overall, but spend a lot of time in intermediate areas.
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3.4.2 Methodological Considerations and Future Research

The GF-iSSA approach used in the SSA models utilises a complex integration scheme wherein

the number of integration points can be greatly increased by many features of the model or data,

which has a consequential impact on model running time (Table 3.2). The number and distri-

bution of integration points in a given spatial area is determined by the resolution of the mesh,

as points are located at mesh nodes. Therefore a potential solution to improve computational

efficiency would be to use a coarser mesh triangulation. However, this could negatively im-

pact model performance (Michelot et al., 2024), and lead to incorrect covariate interpretation

(Dambly et al., 2023). Therefore, other concessions to computational efficiency are made in lieu

of altering the mesh resolution.

In all 972 models, inference is performed using data collected over a duration of 24 hours, and

only from the instances where a herd was the first to graze a given paddock. However, an obser-

vation period of 24 hours may be considered an insufficient window to observe a representative

sample of movement behaviour (Patterson et al., 2017). During the original data collection, the

animals were placed in paddocks in a rotational system, with each herd occupying each paddock

for a total of 3-4 days. However, the analysis contains purely spatial (not spatio-temporal) covari-

ates, one of which being a measure of forage quality. There is potential for disparity between the

static covariate information and the true state of the environment at the time of data collection,

due to the covariate being subject to resource depletion (i.e., grazing, trampling). Therefore, to

reduce the likelihood of such mismatch, only the instances where a herd was the first to occupy a

paddock were included in analysis, and only the first 24-hours of observation were analysed. Not

only does this maintain the covariate as an accurate representation of environmental conditions,

it also limits the temporal duration of the observation window; a necessity to reduce computa-

tional cost, which, due to the complex integration scheme used in the SSA method for inference

(GF-iSSA), is greatly increased by the number of observations.

As well as determining study duration, computational cost was a limiting factor for other

modelling decisions. Despite the namesake of the method used for SSA, a Gaussian random

field was not included in the selection function. This could mean that interpretation of covariate
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effects is subject to spurious significance, as missing covariates are not accounted for in the SSA

models (although the spatio-temporally correlated nature of the data is accounted for through

the Markovian structure of the movement kernel, Arce Guillen et al., 2023). Similarly, a GRF

is not included in the RSA models, to keep the predictor simple and comparable to the selection

function of the SSA models. Thus the RSA models can only account for variation explained by

the fixed effects. Not including a GRF avoids issues of spatial confounding (Hodges and Reich,

2010), and reduces model complexity, which improves model interpretability and running time.

However, a future direction of interest for this research would be to include a Gaussian random

field in the selection function of the SSA models and in the predictor of the RSA models, and

assess its impact on inference. This represents one of the advantages of utilising this model

framework (alongside the use of the deterministic integration scheme), as inclusion of a GRF in

the models would require very little change to the current methodology.

Similarly, in order to maintain computational efficiency, restrictions were not placed on the

parameters of the movement kernel, meaning that they were able to be estimated outside of their

theoretical bounds. Although this did not impact inference on selection parameters, it disallowed

the movement kernel to be interpreted (Arce Guillen et al., 2023). In future, it may be of interest

to fit a model with restrictions on the movement parameters, in order to allow interpretation of

the estimated distributions of step length and turning angle.

Although computational cost was a primary concern in modelling decisions, modelling was

carried out at the herd-level, despite the associated increase in complexity of the multi-individual

SSA models. This was done for a number of reasons. Firstly, it demonstrates an advantage of

the GF-iSSA approach in that the movement tracks of multiple individuals can be included in the

same model. This is done through joint modelling, so that each individual has its own likelihood,

and parameter estimation is shared across likelihoods, meaning that habitat selection parameters

can be interpreted at the herd-level. Secondly, it allows inference of the overall preferences of

a herd, so provides insight into herd-level trends. This is of interest in informing management

practices, which usually take the form of altering stocking rate and density (Pauler et al., 2025).

Taking inference from a multi-individual model can be more interpretable and practically useful

than summarising the noisier results of multiple individual-level models. For example, in rela-
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tion to movement parameters used to define behavioural state, Jonsen (2016) demonstrates that

estimate precision is improved when inference is made across multiple individuals. Finally, it

keeps the models comparable with typical RSA approaches to modelling tracking data, which in-

volve an amalgamation of all observations from multiple individuals (Muff, Signer, and Fieberg,

2019).

When fitting multi-individual models with GF-iSSA, each individual has its own associated

set of integration points, as these are defined using the spatial locations of the observations. The

mesh and domains of availability which determine the integration scheme are defined by the

user, so it is possible (though computationally expensive) to create bespoke integration schemes

which differ between individuals, or indeed between time points. This approach was taken here in

the incorporation of paddock boundaries into the domains of availability (Figure 3.6). However

the base meshes for the three pasture areas, and the radius of domain of availability for a given

temporal frequency were kept constant, to maintain comparability between models. As LGCP

models are defined in continuous-space, the area which is deemed available to an individual at

a given step (SSA), or to the overall population (RSA), has a direct impact on estimation of the

covariate effects, as not only the observations but also the background information is taken into

account (Illian et al., 2013). Criticisms of the approach taken here might include: (1) the use

of observations of step length to determine the radius of the domain of availability empirically

for coarse data; and (2) the use of the same radius between herds. Previous research has found

that decreasing the temporal frequency of tracking observations can result in reduced estimates

of distance travelled, altering understanding of animal mobility (Mills, Patterson, and Murray,

2006; Johnson and Ganskopp, 2008; Davis et al., 2011; Mccann et al., 2021). This effect can be

observed visually in the spatial representation of data at different temporal frequencies, wherein

the coarsest dataset covers a reduced spatial area compared to data collected at finer temporal

frequencies (Figure 3.2). For this analysis, the radius of domain of availability (computed us-

ing average maximum step length) remained constant for the three coarsest temporal frequency

datasets. This may indicate the effect as described here, or could simply represent an upper limit

to animal mobility over time. The radius was also estimated using data from, and kept constant

for, all breeds of cattle. However the different cattle breeds vary in size and productivity level,
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so will likely have different levels of mobility which translate to different domains of availabil-

ity (Pauler et al., 2020a). Therefore, an extension to this work would be to compare differing

methods to compute the radius of the domain of availability, and assess the resulting impact on

inference of selection parameters.

3.5 Conclusions
This chapter explored the impact of spatial scale of covariates and temporal frequency of track-

ing observations on inferences about habitat selection in cattle on a Swiss Alpine farm. Two

approaches modelling different levels of selection were compared. The resource selection anal-

ysis (RSA) modelled amalgamated tracking data as a spatial inhomogeneous Poisson process

(IPP), using a log Gaussian Cox process (LGCP) model in R-inlabru. This was compared to a

step selection analysis (SSA) using the spatio-temporal GF-iSSA approach, wherein individual

movement tracks were modelled in a joint likelihood framework using an LGCP in R-inlabru.

Variations in method, spatial area, cattle breed, temporal frequency of observations, covariate

combination and spatial scale resulted in a modelling strategy of 972 models, which were com-

pared in terms of selection parameter estimation and DIC.

This work represents a novel application of the GF-iSSA framework to modelling movement

in an agricultural setting, and incorporates a bespoke transformation of the complex integration

scheme to incorporate physical barriers to movement in the domains of availability for each step.

The results of this analysis suggest that decreasing spatial resolution of environmental covari-

ates can alter the strength and direction of estimated effects, particularly for RSA. The impact

of spatial scale may largely be determined by the heterogeneity of covariate values within the

available landscape, and thus is related to the spatial area of availability. In contrast, temporal

frequency of observations appears to have little impact on posterior mean estimates of selection

parameters in RSA. For the SSA models, temporal frequency of observations is more influen-

tial, impacting parameter estimates and interacting with spatial scale of covariates to alter relative

rankings in model comparison. Therefore, although temporal frequency of data collection is typ-

ically determined by practical restrictions (e.g., device battery life), temporal scale-dependency

can impact model selection and inference in SSA.
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4.1 Introduction

Chapter 2 explored modelling the movement of an overall population at a large spatio-temporal

scale: patch-level habitat selection across a country-wide area over a number of years. Con-

versely, Chapter 3 examined the movement behaviours of a small group of individuals up to a

very fine spatio-temporal scale: habitat selection for 2𝑚2 gridded spatial covariates, with teleme-

try observations collected at a 20-second frequency; and compared between analyses of this data

performed at different selection levels. Historically in ecology, these modelling strategies might

be considered entirely separately; the former classed as a species distribution model, and the lat-

ter classed as a movement model. However, these are both examples of habitat selection models,

which simply sit at either end of the spectrum of spatio-temporal scale. Habitat selection is a

key element in the process which governs movement behaviour and spatial distribution (Florko

et al., 2025). Modelling data at different spatial and temporal scales can offer different windows

of insight into the same process; where an individual goes ultimately determines where it is, so

in basic principle, movement data give a magnified perspective of species distribution data.

4.1.1 Scale and Bias in Survey and Telemetry Data

As detailed in Chapter 3, despite technological advancement in tracking apparatus, the temporal

window of monitoring, and frequency of observations in telemetry tracking data are often de-

termined by device battery life (Davis et al., 2011). This means that if the researcher wants to

collect data at a fine temporal grain, the duration of the study must be relatively short. In contrast,

‘one observation’ of species distribution data (read: one snapshot of the overall population) is

much more labour intensive to collect, and so this type of data is usually collected much more

infrequently but often over a longer total duration. These two types of data are inherently linked

to differences in temporal scale, which means that they give different types of insight into the

same process. Telemetry data provide a detailed view into a short window of the process, giving

rich insight into shorter-term behaviour. On the other hand, survey data give a general long-term

overview which may be better at eliciting overall behavioural trends.

Although movement data and species distribution data arise from the same underlying pro-
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cess, both are subject to different sampling methods. In order to correctly elicit information about

the process of interest, data must first be separated from the biases introduced by the observation

process.

Telemetry tracking data are collected by attaching a tag or collar to a number of individuals in

a population, collecting observations of their spatial location (alongside additional information

on environmental conditions or biometrics) at consecutive time points. For wild populations,

particularly for rare or elusive species, capturing and tagging individuals is difficult and labour-

intensive, which limits the number of individuals that can be tracked. In addition, there is often

a fiscal limitation on resources which restricts the number of tags that can be purchased and

deployed. This means that telemetry data are usually only collected for a small subset of the

population (although efforts are sometimes made to determine a priori which individuals will

provide information most indicative of group-wide behaviour). Ultimately, this means that move-

ment data usually consist of observations of few individuals, although these individuals can be

‘followed’ anywhere in space.

In contrast, species distribution data theoretically have the potential to capture the locations

of every individual in a population. However, restrictions in the collection of this type of data lie

in the spatial distribution of the sampling method: often parts of the area of interest are inacces-

sible, and/or the area is too large to cover entirely with the survey method (e.g., camera trapping

networks, acoustic telemetry, on-the-ground observers, aerial surveys with drones or other air-

craft, or shipboard observations). As such, surveys often incorporate a sampling design which

breaks down the study area into smaller windows of observation. These include subplots, line or

point transects, or the areas covered by the spatial layout of stationary sampling equipment such

as camera traps. Species distribution data can also be collected passively, through the records

of governing bodies, agricultural sites, veterinary practices, and museums. In these instances,

the observation process is not known, and may have to be reconstructed based on, for example,

proximity to population centres or accessibility of reporting stations. Similarly, citizen science

is becoming an increasingly important source of species distribution data with a complex and

unknown observation process subject to sampling biases such as preferential sampling (where

observers choose to collect data in spatial areas known to contain the species of interest). All of
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these methods of data collection are also subject to imperfect detection, where some individuals

may be difficult for the observer to see or identify, so their presence is not recorded.

The biases introduced by the sampling methods used to collect telemetry tracking data are

often the inverse of those associated with the collection of species distribution data. Teleme-

try datasets contain information on few individuals, but are capable of covering a wide spatial

area without restriction. In contrast, survey datasets have the potential to capture the locations

of all individuals in a population, but are restricted in spatial coverage and subject to complex

observation processes. Thus, the two types of data could be complementary in cancelling-out

one another’s biases. This complementarity has been recognised in previous studies wherein

telemetry data are used to validate predictions from species distribution models (for example,

Pinto et al., 2016).

As survey and telemetry data differ in organisational scale, modelling approaches fitted to

these data types generally provide insight into different levels of selection behaviour. A frame-

work which integrates survey and telemetry data into the same model provides both the advantage

of offsetting the sampling biases from different types of data collection, and of giving a multi-

scale insight into habitat selection. This provides a more holistic view of the underlying process

than modelling either data type separately would do, as the model benefits from the detailed fine-

scale perspective of a movement model, and the generalised macro-scale perspective of a species

distribution model (Blackwell and Matthiopoulos, 2024).

4.1.2 Data Integration

The complementarity of different data types in cancelling out bias has provided motivation for

a rapidly developing area in statistical ecology: data integration, also referred to as data fusion

(Altwegg et al., 2025). This broadly refers to the integration of multiple data streams into a

single joint model or multi-step modelling framework. In reference to species distribution and

habitat selection, combining data from different types of survey (usually systematic and non-

systematic) has been found to balance biases in detection probability and spatial coverage (Miller

et al., 2019; Grabow et al., 2022; Song et al., 2025). Bringing in data on animal movement as

a second data stream is also a major area of interest in spatial capture recapture literature (e.g.,
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Tenan et al., 2017; Linden, Sirén, and Pekins, 2018; Hostetter et al., 2022; Badger et al., 2024).

Another application of data integration exists in the estimation of population dynamics, wherein

different methods of observation can provide different insights into behaviours that are difficult

to observe. For example, Eisaguirre et al. (2023) combine a movement model and a survival

model to estimate reproductive success.

Recounting the complementarity of telemetry and survey data in both observation bias and

spatio-temporal scale, it is of interest to combine these data types. Some studies have done so

through a multi-step approach (Yamamoto et al., 2015; Meehan et al., 2022; Liang et al., 2023).

In some cases, multi-step modelling frameworks can, among other issues, introduce bias in pa-

rameter estimation, incur issues in uncertainty propagation, and suffer information loss (Black-

well and Matthiopoulos, 2024). Joint modelling generally avoids these disadvantages through

concurrent parameter estimation, but can be more complex and computationally costly to imple-

ment. Liang et al. (2023) state that they do not use a joint modelling framework because one does

not exist that “can be implemented using readily available software and is computationally fea-

sible for analyzing multiple tracks, presence-only observations, and environmental covariates”.

These shortcomings are precisely the aims to be addressed through the work included later in

this chapter.

The construction of joint likelihood models for the integration of survey and telemetry data in

habitat selection modelling is a very recent area of development. Three papers which achieve this

aim are Blackwell and Matthiopoulos (2024), Buderman et al. (2025), and Lauret et al. (2025).

The former two approaches use mathematical techniques to translate individual-level movement

models up to population-level selection. On the other hand, Lauret et al. (2025) use a resource

selection function to model telemetry data. This is a commonly used method in habitat selection

modelling, but can incur issues of spurious significance when failing to account for availability

or the sequential, autocorrelated nature of tracking data (Florko et al., 2025).

Buderman et al. (2025) apply this type of data integration to the area of migration ecology,

developing a framework which combines gridded abundance data with telemetry tracking data to

identify which proportions of a population belong to different subpopulations (e.g., resident and

migratory), and where or how far those subpopulations travel. The emphasis in this approach
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is on directly modelling the spatio-temporal dynamics of a population. On the other hand, the

general framework presented in Blackwell and Matthiopoulos (2024) focuses on the estimation

of habitat selection parameters, particularly at a spatial scale that is of most use in informing

conservation and management strategies. Long-term space-use and habitat selection are esti-

mated through the assumption that the population of interest moves according to an underlying

steady-state distribution. Both approaches make use of a diffusion based movement model in the

telemetry likelihood.

4.1.3 The Joint Langevin Movement Model

Blackwell and Matthiopoulos (2024) derive a joint likelihood for the integrated analysis of teleme-

try and spatial survey data. This is based on the statistical developments of Michelot, Blackwell,

and Matthiopoulos (2019), Michelot et al. (2019), and Michelot et al. (2020). The mathemati-

cal principle of the modelling framework is based on scaling up individual-level movement to

population-level estimates of spatial distribution, and was originally inspired by how an MCMC

sampler uses microscopic movement to explore a parameter space and describe a macroscopic

steady-state distribution. In an ecological context, this can be thought of as analogous to in-

dividual animals moving through space according to some long-term distribution described by

habitat selection, which is the same underlying process which impacts the distribution of survey

data (ignoring the impact of the observation process, which is accounted for separately). This

framework makes the relationship between the two scales of selection mathematically tractable,

and ultimately allows for joint modelling and inference from what were previously considered

two very different types of data.

The Langevin movement model is a continuous-time diffusion based model which can be

applied to animal movement. In ecology, the movement of individual organisms is often mod-

elled as a diffusion process such as a random walk or stochastic process (Johnson et al., 1992).

Diffusion based models of movement can be scaled up by adding correlation and drift terms to

the otherwise random movement process, to emulate ‘attraction’ behaviours in movement such

as to a central place, a landscape feature of importance, or even a moving target (Blackwell,

1997; Niu, Blackwell, and Skarin, 2016). An example commonly used in movement ecology is
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the Ornstein-Uhlenbeck process, wherein a drift term is used to incorporate attraction to a given

location into the diffusion process (Uhlenbeck and Ornstein, 1930; Breed, Golson, and Tinker,

2017; Eisaguirre et al., 2021). The Langevin diffusion process also incorporates a drift term,

but one that can vary spatially according to a stationary distribution - the utilisation distribution

𝜋(⋅) which can be described through spatially structured environmental covariates (Michelot et

al., 2019). It is this feature which is utilised in Blackwell and Matthiopoulos (2024) to connect

small-scale movement with large-scale space-use.

The joint likelihood is not given a name by Blackwell and Matthiopoulos (2024), likely be-

cause they present a general framework for joint modelling of these types of data, and stress that

movement models other than the Langevin movement model could be implemented within the

framework. However, this chapter will focus on the implementation of the model largely as de-

scribed in Blackwell and Matthiopoulos (2024), which uses the Langevin movement model as in

Michelot et al. (2019) for the telemetry likelihood, and so hereafter in this thesis the joint mod-

elling framework will be referred to as the ‘joint Langevin movement model’, with its requisite

parts referred to as the ‘survey model’ and ‘telemetry model’.

4.1.4 Statistical Modelling Framework

The following section provides a brief overview of the modelling framework for the joint Langevin

movement model as presented in Blackwell and Matthiopoulos (2024). For more information,

refer to Blackwell and Matthiopoulos (2024) and Michelot et al. (2019). The overall joint likeli-

hood framework combines a telemetry likelihood and a survey likelihood.

Let 𝑥0, ..., 𝑥𝑛 represent telemetry location data collected sequentially at times 𝑡0, ..., 𝑡𝑛, and 𝛿𝑡𝑗
represent the temporal interval 𝑡𝑗+1 − 𝑡𝑗 . Then, each observation 𝑥𝑗 has a Gaussian distribution

that depends on the previous observation, and the overall log-likelihood of the telemetry model

𝐿𝑀 is described as

𝐿𝑀 (𝛽,Γ) =
𝑛−1
∑

𝑗=0
log𝜙

(

𝑥𝑗+1 ∣ 𝑥𝑗 + 𝑏̃(𝑥𝑗)𝛿𝑡𝑗 ,Γ𝛿𝑡𝑗𝐈
)

, (4.1)

where 𝛽 are the parameters of the utilisation distribution 𝜋(⋅) included via the drift term 𝑏̃(𝑥𝑗),

Γ is a diffusivity parameter controlling the speed of the process, 𝐈 is an identity matrix, and
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𝜙(𝑥 ∣ 𝜇,Σ) denotes the density at 𝑥 of the bivariate Gaussian distribution with mean 𝜇 and

covariance matrix Σ. The utilisation distribution is related to the telemetry model through the

approximation of the Langevin drift term

𝑏̃(𝑥) = Γ
2 ∫ ∇ log(𝜋(𝑧))𝑑𝐺

(

𝑧 ∣ 𝑥𝑗 , 𝜁
√

𝛿𝑡𝑗
)

, (4.2)

where 𝑧 denotes cells in a neighbourhood of the point 𝑥𝑗 over which the drift term is integrated

using the function 𝐺
(

⋅ ∣ 𝑥𝑗 , 𝜁
√

𝛿𝑡𝑗
)

which represents a symmetric distribution centred at 𝑥𝑗

with scale parameter 𝜁
√

𝛿𝑡𝑗 , comparable to the distance moved in the temporal interval. The

smoothing kernel𝐺(⋅) and scale parameter 𝜁 are expanded upon in Section 4.2. The drift term is

a function of the gradient ∇. The scale parameter can be related to the distance moved in time 𝛿𝑡𝑗 ,

which allows the gradient term to match more closely with the true gradient of the process over

that time interval. The reason an approximation is used is explained further in Section 4.2, and

the smoothing 𝐺(⋅) and gradient ∇ transformations are discussed in more detail in Section 4.2.2.

The drift term includes the utilisation distribution 𝜋(⋅), which can be described as the exponential

of a linear predictor 𝜂(⋅)

𝜋(𝑥) ∝ exp (𝜂(𝑥))

= exp
(

𝛽1𝑐1(𝑥) + ... + 𝛽𝑘𝑐𝑘(𝑥)
)

,
(4.3)

where 𝑐𝑖(⋅) are spatially varying covariates, and 𝛽𝑖 are estimated habitat selection parameters.

Note that if the utilisation distribution 𝜋(⋅) is flat, then 𝑏̃(⋅) ≡ 0 and the movement process is just

Brownian motion. The definition of the utilisation distribution is shared with the survey model,

where it is proportional to the intensity of an inhomogeneous Poisson process (IPP)

𝜆(𝑥) ∝ 𝜋(𝑥)

= exp(𝛼 + 𝜂(𝑥)),
(4.4)

where 𝛼 is an intercept term related to abundance and dependent on population size, detectability,

and survey effort. Letting 𝑦1, ...𝑦𝑚 represent observed locations in the survey dataset, the log-

likelihood of the survey model 𝐿𝑆 is described as
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𝐿𝑆(𝛼, 𝛽) = − exp(𝛼)∫𝐴
exp(𝜂(𝑦))𝑑𝑦 + 𝑚𝛼 +

𝑚
∑

𝑖=1
𝜂(𝑦𝑖), (4.5)

where 𝐴 denotes the spatial region over which the survey took place, and the intercept term

depends on the number of observed locations 𝑚.

Using the log-likelihoods defined in Equations 4.5 and 4.1, the overall log-likelihood for the

joint model 𝐿 can be defined as

𝐿(𝛼, 𝛽, 𝛾) = − exp(𝛼)∫𝐴
exp (𝜂(𝑦, 𝛽)) 𝑑𝑦 + 𝑚𝛼 +

𝑚
∑

𝑖=1
𝜂(𝑦𝑖, 𝛽)

+
𝑛−1
∑

𝑗=0
log𝜙

(

𝑥𝑗+1 ∣ 𝑥𝑗 + 𝑏̃(𝑥𝑗 , 𝛽, 𝛾)𝛿𝑡𝑗 , exp(𝛾)𝛿𝑡𝑗𝐈
)

,
(4.6)

where, for convenience, the diffusivity parameter Γ is included via 𝛾 = log(Γ).

4.1.5 Benefits of Implementation in R-inlabru

Blackwell and Matthiopoulos (2024) demonstrate the use of maximum likelihood estimation

to obtain parameter estimates from the joint Langevin movement model, but mention that im-

plementation in other inferential frameworks is possible for the joint likelihood. A Bayesian

framework would allow the incorporation of prior beliefs, and could be used for more detailed

inference, but likely was not used in the original paper due to the associated computational cost.

INLA offers a computationally efficient alternative to traditional methods for Bayesian inference

- such as MCMC - so implementation in the INLA framework would provide the benefits of

Bayesian inference without the associated cost (Rue, Martino, and Chopin, 2009). The flexibil-

ity and user-friendliness of the software package R-inlabru (a wrapper around and extension to

R-INLA) could provide additional improvements to different aspects of the model and end-user

experience (Bachl et al., 2019). This chapter will explore implementation of the joint Langevin

movement model in R-inlabru. The potential benefits are listed below.

Principally, the INLA method for approximate Bayesian inference is extremely computation-

ally efficient, and so is a fast method for complex modelling of large spatio-temporal datasets

(Rue, Martino, and Chopin, 2009). Using INLA for inference would enable more detailed anal-

ysis than has been presented previously, equivalent to MCMC, but without the additional com-
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putational cost. In addition, placing the model in a Bayesian framework would allow the incor-

poration of prior beliefs, allowing more robust inference from complex ecological data.

An additional advantage is the combination of the INLA + SPDE methodology, which en-

ables the inclusion of a continuously-indexed Gaussian random field in the model (Lindgren,

Rue, and Lindström, 2011; Simpson, Lindgren, and Rue, 2012). This can be used to account for

latent spatial or spatio-temporal structures in the data, explaining more variation than when using

the covariates alone. The inclusion of a random effect in models can help to avoid spurious sig-

nificance in estimation of fixed effects, and can improve accuracy of predictions. Implementing

the model in R-inlabru improves its flexibility in this sense.

R-inlabru was originally developed with ecologist users in mind, and as such, one of the

key principles of its development is to be user-friendly and accessible to non-statisticians (Illian

and Burslem, 2017; Bachl et al., 2019). Syntax is more concise and easy to understand than in

the predecessing R-INLA package, with a similar structure to the popular R function glm syntax.

A criticism of the approach presented by Blackwell and Matthiopoulos (2024) is that it is too

technically challenging to be accessible for ecologist users (Lauret et al., 2025). This is unsur-

prising, given that a common issue many users face with continuous-time movement modelling

is accessibility (Patterson et al., 2017). By translating the approach to the R-inlabru framework,

the models are presented in a familiar and accessible software package, wherein numerical com-

putation is performed internally, and inference is made more interpretable through the use of

inbuilt functions and visualisation tools.

Implementation of the model in R-inlabru also allows for various complexities to be built

in to the observation process of the survey model. Many of the commonly used methods for

fitting models to this macro-scale spatial data make the assumption that the full area has been

observed, ignoring the complexities that usually impact data collection. For example, survey data

are often collected along point or line transects, at subplots, or, in the case of citizen science or

passive records, through some more complex unknown method of reporting. Ignoring the spatial

structure of the data collection method during the model fitting stage means that the model will

lack the crucial distinction between areas missing observations due to absence of the species, and

those which have simply not been observed in the first place (and so wherein the presence/absence
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of the species is unknown). R-inlabru was developed specifically to deal with incorporating

complex observation processes, so is an ideal package for implementing the survey model (Yuan

et al., 2017; Jullum, Thorarinsdottir, and Bachl, 2020).

In summary, implementation of the joint Langevin movement model in R-inlabru should en-

able computationally efficient and detailed inference from combined survey and telemetry data

streams. Complex observation processes and spatial autocorrelation can be accounted for by

methods already integral to the R-inlabru framework. Model fitting, prediction, and interpreta-

tion of outputs are user-friendly, making this technically challenging joint likelihood accessible

to end-users.

4.1.6 Aims

This chapter aims to implement the joint Langevin movement model in R-inlabru. It will:

1. demonstrate the statistical theory behind and practical syntax of the implementation of

the joint Langevin movement modelling framework in R-inlabru; see Section 4.2 and

Section 4.3.2, respectively;

2. evaluate the effectiveness of the R-inlabru version of the models for habitat selection

parameter estimation and prediction of spatial distribution (Section 4.3.2); and

3. investigate the benefits of the R-inlabru implementation of the framework, including:

gains in computational efficiency (Section 4.3.5); inclusion of complex observation pro-

cesses (Section 4.3.6); and accounting for unexplained spatial correlation through the in-

clusion of a Gaussian random field (Section 4.3.7).

4.2 Model Implementation
The following section describes the joint Langevin movement model, with some modifications

for implementation in the R-inlabru framework. For a more in-depth description of the original

model on which this is based, see Blackwell and Matthiopoulos (2024) and Michelot et al. (2019).

In R-inlabru, the modelling framework is implemented as a joint model with 3 likelihoods:

a Gaussian likelihood for each of the X and Y dimensions of the telemetry model, and a log
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Gaussian Cox process (LGCP) likelihood for the survey model. The habitat selection parameters

𝛽 are jointly estimated across the 3 likelihoods.

The survey and telemetry models are connected in their definition of the latent utilisation

distribution, described using the linear predictor 𝜂(𝑥), which for the telemetry likelihoods is

contained in the Langevin drift term 𝑏̃(⋅) (Equation 4.2). When placed in a joint modelling frame-

work, data are integrated from the two sources to jointly estimate the habitat selection parameters

𝛽. A simplified diagrammatical representation of the model structure can be seen in Figure 4.1.

Figure 4.1: A simplified diagrammatical representation of the joint Langevin diffusion based
movement model. Habitat selection parameters are jointly estimated from survey and telemetry
data.

In essence, this joint model allows for the integration of two data streams at different spatio-

temporal scales, and results in estimation of shared habitat selection parameters at the population-

level; a macro-scale which is useful to inform conservation management strategies. Modelling

is streamlined and accelerated by pre-processing: applying the gradient and smoothing transfor-

mations to the spatial covariates prior to model fitting.

4.2.1 Telemetry Model

The Langevin diffusion framework models the expected movement of an individual from its

current location to the next location (in terms of X and Y coordinates) as a bivariate Gaussian

distribution (see Equation 4.1). This means that the X and Y dimensions are jointly normally

distributed, but are not correlated with one another, as they have the covariance structure
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Σ =
⎡

⎢

⎢

⎣

Γ𝛿𝑡 0

0 Γ𝛿𝑡

⎤

⎥

⎥

⎦

, (4.7)

where the variance of the distribution for each dimension, 𝜎2 = Γ𝛿𝑡, does not depend on the

location of the animal.

To implement the telemetry model, the bivariate Gaussian distribution described in Equa-

tion 4.1 can be modelled as two independent univariate Gaussian distributions; one for each

dimension X and Y. This formulation of the model relies on two theorems:

Theorem 1. The marginal distributions of two random variables X and Y with bivariate normal

distribution 𝜙(𝜇𝑋 , 𝜇𝑌 , 𝜎2
𝑋 , 𝜎

2
𝑌 , 𝜌) are themselves normally distributed.

Theorem 2. Two uncorrelated random variables X and Y with bivariate normal distribution

𝜙(𝜇𝑋 , 𝜇𝑌 , 𝜎2
𝑋 , 𝜎

2
𝑌 , 𝜌) are independent.

Proofs of both Theorems 1 and 2 can be found in Section 4.7 of Bertsekas and Tsitsiklis

(2002).

The joint Langevin movement model assumes no bias in the directionality of an individual

track, so movement preferences are isotropic and only based on covariate values and location

rather than direction. This lack of directional bias in the model means that the movement kernels

in the X and Y dimensions are uncorrelated.

Being that the movement kernel follows a bivariate Gaussian distribution (Equation 4.1),

the marginal distributions for the two dimensions X and Y are univariate Gaussian distributions

(Theorem 1). Furthermore, since there is no bias in directionality in the model, the movement

kernels for the two dimensions X and Y are uncorrelated, so are independent (Theorem 2). So,

the locations in the two dimensions X and Y can be modelled as

𝑋 ∼ N(𝜇𝑋 , 𝜎2
𝑋)

𝑌 ∼ N(𝜇𝑌 , 𝜎2
𝑌 ),

(4.8)

where each one follows an independent Gaussian distribution.
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In the INLA Gaussian likelihood, the mean is linked to the linear predictor through 𝜇 = 𝜂.

Therefore, the linear predictors specified in the x and y telemetry likelihoods are

𝜇𝑋 = 𝜂(𝑋) = 𝑋𝑡 + 𝑏̃(𝑋𝑡)𝛿𝑡

𝜇𝑌 = 𝜂(𝑌 ) = 𝑌𝑡 + 𝑏̃(𝑌𝑡)𝛿𝑡,
(4.9)

where 𝑋𝑡 represents the X-coordinate of the location 𝑥𝑗𝑡 , and 𝑌𝑡 represents its Y-coordinate, and

the definition of the mean is taken from Equation 4.1.

The diffusivity parameter Γ is fixed, as this avoids any additional complexity that would be

introduced by having to estimate in the model a latent parameter which impacts both the mean

and variance of the Gaussian likelihoods. This is related to animal mobility and is assumed

to be equivalent to the distance moved in one unit of time. Choosing a sensible value for the Γ

parameter is explored in Chapter 5. The telemetry likelihoods are therefore specified as Gaussian

likelihoods with fixed precision. In INLA, the precision 𝜅1 of a Gaussian likelihood can be fixed

by setting the value for 𝜃1

𝜃1 = log(𝜅1). (4.10)

As shown in Equation 4.7, the variance of each Gaussian distribution is 𝜎2 = Γ𝛿𝑡. Therefore

the value of 𝜃1 is set to

𝜃1 = log
(

1
Γ𝛿𝑡

)

. (4.11)

The joint log-likelihood for the telemetry model can be described as

𝐿𝑀 (𝛽) = 𝐿𝑋(𝛽) + 𝐿𝑌 (𝛽)

=
𝑛−1
∑

𝑡=0
logN(𝑋𝑡+1|𝑋𝑡 + 𝑏̃(𝑋𝑡)𝛿𝑡,Γ𝛿𝑡)

+
𝑛−1
∑

𝑡=0
logN(𝑌𝑡+1|𝑌𝑡 + 𝑏̃(𝑌𝑡)𝛿𝑡,Γ𝛿𝑡),

(4.12)

where the joint telemetry log-likelihood 𝐿𝑀 is described using the log-likelihoods for each di-
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mension 𝐿𝑋 , and 𝐿𝑌 .

The telemetry likelihoods only consider locations in pairs (the current and next position of

the individual). This Markov property means that incorporating multiple individuals into a sin-

gle model is very straightforward because the full movement track is not taken into account.

This enables the entire telemetry dataset to be modelled using just two likelihoods (one for each

dimension), instead of requiring separate models for each individual, as was the case for the

GF-iSSA model in Chapter 3.

4.2.2 Transformations

The mean of the bivariate Gaussian distribution described in Equation 4.1 (𝜇 = 𝑥𝑗 + 𝑏̃(𝑥𝑗)𝛿𝑡𝑗 )

incorporates an approximation of the Langevin drift term 𝑏̃(𝑥𝑗). Note that here the 𝑥 term repre-

sents information from both spatial coordinates, 𝑥 = {𝑋, 𝑌 }. This drift is what gives some esti-

mated direction to the movement, setting it apart from random Brownian Motion. The Langevin

diffusion for location 𝑥 at time 𝑡 satisfies the stochastic differential equation

𝑑𝑥(𝑡) = 𝑏(𝑥(𝑡))𝑑𝑡 + Γ
2
𝑑W2(𝑡), (4.13)

where W2(𝑡) is a 2-dimensional Brownian motion, Γ is a diffusivity parameter controlling the

speed of the process (related to animal mobility), and 𝑏(𝑥(𝑡)) is the Langevin drift term. The

Langevin drift term can be described using

𝑏(𝑥(𝑡)) = Γ
2
∇𝑥 log𝜋(𝑥(𝑡)), (4.14)

where it is related to the utilisation distribution 𝜋(𝑥), and ∇𝑥(⋅) represents the gradient of a sur-

face. The underlying utilisation distribution is assumed to represent the true long-term spatial

distribution of the population, resulting from the cumulative effects of individuals moving ac-

cording to shared habitat selection. The drift term impacting the expected movement of an indi-

vidual is based on this latent distribution. Essentially, an individual’s expected movement will

follow the gradient of the utilisation distribution, drifting towards high-intensity areas.

The drift term described in Equation 4.14 is written in terms of continuous-time. In practice, a
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time-discretisation of the process is used. This is achieved by using the standard Euler-Maruyama

approach to approximate the process over a short timestep 𝛿𝑡. Thus, the drift term is replaced

with a discrete-time approximation as described in Equation 4.2. This introduces a smoothing

kernel 𝐺(⋅). This smoothing transformation allows for a wider area of the utilisation distribution

to be included in the calculation of drift - accounting for the fact that movement is taking place

over a time interval and not just in a single instant. This avoids bias when working with the

time-discretised version of the process.

In order to convert the linear predictor 𝜂(⋅) to the approximation of the Langevin drift term

𝑏̃(⋅), two transformations need to be applied: the gradient transformation ∇(⋅), and the smoothing

transformation𝐺(⋅) (Equation 4.2). These transformations can be applied to the spatially-indexed

covariates directly as a pre-processing step, to simplify and accelerate model fitting.

The first step in this process is a queen case gradient transformation applied to each cell in

the covariate grid, as presented in Horn (1981). The gradient calculation is written using the

following notation

𝑍−+ 𝑍0+ 𝑍++

𝑍−0 𝑍00 𝑍+0

𝑍−− 𝑍0− 𝑍+−

,

where 𝑍00 denotes the focal cell, and the signs indicate the position of the cell in relation to the

focal cell, as shown. The first sign indicates a cell to the West (-) or East (+) of the focal cell,

and the second sign indicates a cell to the South (-) or North (+) of the focal cell. For example,

𝑍+− indicates the cell diagonally South-East of the focal cell. Using this notation, the slope in

the West-to-East direction 𝑝 and the slope in the South-to-North direction 𝑞 are calculated

𝑝 =
[(𝑍++ + 2𝑍+0 +𝑍+−) − (𝑍−+ + 2𝑍−0 +𝑍−−)]

8Δ𝑥

𝑞 =
[(𝑍++ + 2𝑍0+ +𝑍−+) − (𝑍+− + 2𝑍0− +𝑍−−)]

8Δ𝑦
,

(4.15)

where Δ𝑥 is the grid interval in the West-to-East direction and Δ𝑦 is the grid interval in the

124



CHAPTER 4. COMBINING LOCAL AND GLOBAL SCALE HABITAT SELECTION: IMPLEMENTING THE
LANGEVIN MOVEMENT MODEL IN R-INLABRU

South-to-North direction. In practice, this interval is determined by the spatial grid resolution of

available covariate information. The impacts of spatial grain on habitat selection inference have

been explored in a similar context in Chapter 3.

This particular type of gradient calculation was selected over the more simple rook case

(including only adjacent cells and not diagonals) because the animal is assumed to be moving

through continuous-space, so cells diagonally adjacent to the focal cell are still accessible and

could influence movement. In this formulation, the horizontally and vertically adjacent cells

have more weight in their respective calculations, but diagonal cells are also incorporated.

Following application of the gradient transformations, the resulting derivatives are smoothed

according to𝐺(⋅). This is done using a Gaussian kernel with scale parameter 𝜁
√

𝛿𝑡. The smooth-

ing transformation is incorporated to avoid bias introduced by the time discretisation of the pro-

cess. Thus, the scale parameter should be comparable to the distance moved in 𝛿𝑡. If the diffu-

sivity parameter Γ (related to animal mobility) is assumed to be equivalent to the distance moved

in one unit of time, then the scale parameter can be set to 𝜁 =
√

Γ.

4.2.3 Survey Model

In R-inlabru the intensity of the IPP describing the utilisation distribution in the survey model

(Equation 4.4) is modelled as a log Gaussian Cox process (LGCP). The definition of the log-

likelihood matches Equation 4.5. continuous-space over the region 𝐴 is approximated through

the integration scheme using a Delaunay mesh triangulation.

4.2.4 Joint Model

The overall joint likelihood combines the survey likelihood (Equation 4.5) with the two telemetry

likelihoods (Equation 4.12). The combined log-likelihood is
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𝐿(𝛼, 𝛽) = 𝐿𝑆(𝛼, 𝛽) + 𝐿𝑋(𝛽) + 𝐿𝑌 (𝛽)

= − exp(𝛼)∫𝐴
exp(𝜂(𝑦))𝑑𝑦 + 𝑚𝛼 +

𝑚
∑

𝑖=1
𝜂(𝑦𝑖)

+
𝑛−1
∑

𝑡=0
logN(𝑋𝑡+1|𝑋𝑡 + 𝑏̃(𝑋𝑡)𝛿𝑡,Γ𝛿𝑡)

+
𝑛−1
∑

𝑡=0
logN(𝑌𝑡+1|𝑌𝑡 + 𝑏̃(𝑌𝑡)𝛿𝑡,Γ𝛿𝑡),

(4.16)

which is a function of the habitat selection parameters 𝛽, and the intercept term 𝛼, related to

population abundance.

4.3 Simulated Case Study

In order to demonstrate the implementation of the joint Langevin movement model in R-inlabru,

a case study was carried out by fitting several models to simulated data. A number of different

options and comparisons were evaluated. The remainder of this section is broken down as fol-

lows: Section 4.3.1 describes the methodology used to generate the simulated data; Section 4.3.2

compares the joint model with its requisite parts; Section 4.3.3 explores the impact of bound-

ary conditions on generating simulated data; Section 4.3.4 explores the impact of poor quality

datasets on the models; Section 4.3.5 compares the R-inlabru implementation of the model

against a JAGS version to investigate computational cost; Section 4.3.6 demonstrates inclusion

of complex observation processes; and finally Section 4.3.7 illustrates the inclusion of a Gaussian

random field (GRF) in the linear predictor.

All analysis was carried out using R version 4.5.1 (R Core Team, 2025), R-INLA version

25.06.22-1 (Rue, Martino, and Chopin, 2009), and R-inlabru version 2.12.0.9022 (Bachl et al.,

2019) with a 2.4GHz 4C processor (16GB RAM).

4.3.1 Simulation Methodology

The following subsection contains a description of the method used to simulate data for model

evaluation and comparison. The simulated data were produced using Langevin diffusion based

movement rules, applied to an intensity surface generated using spatial covariates and fixed habi-
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tat selection parameters.

The first step needed to simulate data involved the creation of spatial covariates, to describe

the ‘landscape’ over which the individuals would ‘move’. Two spatially structured covariates

were created over a 100 × 100 grid. These consisted of an ‘environmental’ covariate with fine-

scale heterogeneity (𝑐𝑒𝑛𝑣(𝑥)), and an ‘attraction to centre’ covariate peaking at the centre of the

study area and gradually decreasing towards the boundary in all directions (𝑐𝑚𝑖𝑑(𝑥)). In com-

parison to a real-world application, the environmental covariate could represent a heterogeneous

habitat variable such as vegetation, whereas the attraction to centre covariate might represent a

behavioural influence wherein individual movement is constrained to some distance from a given

centre of attraction, such as in a central place foragers or colonial populations. For the purpose of

this simulation, the attraction to centre covariate also serves to keep the population of simulated

individuals within the area of interest, as otherwise the directional gradient of the environmen-

tal covariate alone would lead to an unnecessary wastage of simulation time wherein individual

movement may ‘drift off of the page’. A boundary condition is also implemented to prevent this

issue from occurring. However, parameter estimation is one of the key criteria used to evaluate

the performance of the models, and a boundary condition is an influence on movement behaviour

which diverges from the rules generated by the parametrised ‘true intensity’ (see Section 4.3.3

for an exploration of this effect). Thus, the attraction to centre covariate is included to reduce the

strength of the effect of the boundary condition on influencing movement behaviour.

The values of both covariates were set to a range of 0 to 1. The smoothing and gradient trans-

formations from Equation 4.2 were then applied to the covariates. The original and transformed

covariates are displayed in Figures 4.2 and 4.3.
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(a) Original (b) X Gradient (c) Y Gradient

(e) Smoothed X Gradient (f) Smoothed Y Gradient

Figure 4.2: The environmental covariate 𝑐𝑒𝑛𝑣(𝑥): (a) the original (non-transformed) covariate; (b)
the x gradient; (c) the y gradient; (d) the smoothed x gradient; and (e) the smoothed y gradient.
The colour scale of all plots follows a relative gradient from low (blue) to high (yellow).

(a) Original (b) X Gradient (c) Y Gradient

(e) Smoothed X Gradient (f) Smoothed Y Gradient

Figure 4.3: The attraction to centre covariate 𝑐𝑚𝑖𝑑(𝑥): (a) the original (non-transformed) covari-
ate; (b) the x gradient; (c) the y gradient; (d) the smoothed x gradient; and (e) the smoothed y
gradient. The colour scale of all plots follows a relative gradient from low (blue) to high (yellow).
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A grid of the true intensity surface was created using the original (non-transformed) covari-

ates (see Figure 4.4). The value of true intensity in each grid cell was defined as

𝜆(𝑥) = exp
(

𝛼 + 𝛽𝑒𝑛𝑣 ⋅ 𝑐𝑒𝑛𝑣(𝑥) + 𝛽𝑚𝑖𝑑 ⋅ 𝑐𝑚𝑖𝑑(𝑥)
)

, (4.17)

where 𝛼 = −7, 𝛽𝑒𝑛𝑣 = 2 and 𝛽𝑚𝑖𝑑 = 3.

Figure 4.4: The intensity surface generated from fixed parameters and spatial covariates. The
colour scale follows a gradient of relative intensity from low (blue) to high (yellow), as interest
is in relative differences across space and not absolute values.

To calculate the number of individuals to include in the simulation, a value was randomly

sampled from a Poisson distribution with rate parameter equal to the sum of the intensity surface

𝜆. This resulted in a total of 114 individuals in the simulation.

The Langevin diffusion based movement rules require information on the location of an in-

dividual at the previous timestep. Therefore, the simulated tracks require a start point. The start

point of each individual track was generated directly from the intensity surface. A sample was

taken from the cell index of the intensity grid, with a probability proportional to the 𝜆 value for

each cell. Replacement was set as TRUE so that the same cell may be used more than once.

The location of each individual at time 𝑡+ 1 was generated using a sample (of size 1) from a

bivariate Gaussian distribution with mean 𝜇 = 𝑥𝑡 + 𝑏̃(𝑥𝑡) and covariance matrix Σ = Γ𝐼2. These

definitions come from Equation 4.1 but are simplified because 𝛿𝑡 = 1 in the simulation. Γ is the

diffusivity parameter controlling the speed of the process. It is related to animal mobility and
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here was defined to be equivalent to the width of 1 covariate grid cell. This process was repeated

so that each individual track contains 1000 observations. The output from the simulation can

be seen in the form of individual tracks and an overall heatmap in Figure 4.5. The heatmap is

used to identify whether the simulated data provides a good representation of the true underlying

intensity surface (Figure 4.4).

(a) Tracks (b) Heatmap

(c) Survey Data (d) Telemetry Data

Figure 4.5: (a) The simulated tracks for 114 individuals generated using Langevin diffusion
based movement rules, coloured by individual. (b) A heatmap of the simulated data, generated
by counting the number of observations within each cell of a fine grid. The colour scale follows
a gradient of counts from low (blue) to high (yellow), as interest is in relative differences across
space and not absolute values. Grey indicates a zero count. (c) Survey data points (red) consisting
of the locations of all individuals in the simulation at time 𝑡 = 1000. (d) Telemetry tracks for
20 individuals, generated from a thinned version of the simulated data. Tracks are coloured by
individual. Background colour scale for (c) and (d) shows true intensity, which follows a gradient
of relative intensity from low (blue) to high (yellow), as interest is in relative differences across
space and not absolute values.

If the individual was estimated to move outside of the study area boundary in a given step, this
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step was rejected. The step was resampled from the distribution until a step was found that fell

within the boundary of the study area. This represents a hard boundary, which is the boundary

condition which introduces the least bias to the movement behaviour (see Section 4.3.3 for more

details).

Survey data were collected by taking a ‘snapshot’ of the locations of all individuals at a single

time point (the final step of the simulation, 𝑡 = 1000). Using the final step ensures that data are

not counted twice in the joint modelling framework, as this step is not included in the telemetry

dataset. It also ensures that the distribution of the survey data is representative of the steady-

state distribution defined by the Langevin diffusion movement rules, as it has had a long burn-in

period (although this is a minor concern given that the initial locations are derived directly from

the true intensity). The distribution of the survey data is displayed in Figure 4.5.

Telemetry data were collected by selecting a random sample of 20 of the regular simulated

tracks. The tracks were thinned so that only 1 in every 5 observations were collected. This was

done to reflect the case that real telemetry data are collected on a coarser temporal scale than

that at which the movement process is operating. As mentioned, the final step for each track

(𝑡 = 1000) was removed as it is missing information needed for modelling (the location of the

individual at time 𝑡 + 1 is required, and cannot be calculated for this final step). Removing this

step also ensures that the observation is not counted twice in the joint model, as it is used as

survey data. The spatial distribution of the tracks can be observed in Figure 4.5.

These simulated datasets are used to fit and compare models in Sections 4.3.2, 4.3.5, and

4.3.4. The parametrisation of the true intensity (Equation 4.17) provides a yardstick against

which to assess the accuracy of parameter estimation in the models, and the true intensity surface

(Figure 4.4) provides a means of visually assessing predictive accuracy and the models’ ability

to recover a representation of the steady state distribution. Sections 4.3.3 and 4.3.7 use a similar

approach to that described in this section, but with some differences in the specification of the

boundary conditions, or in the component makeup of the true intensity, respectively.
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4.3.2 Modelling in R-inlabru

Implementing the joint Langevin movement model in R-inlabru provides a user-friendly envi-

ronment for model fitting, as well as interpreting and plotting model outputs. R-inlabru code is

concise, and the software package contains existing methods for predicting from complex spatial

models. This subsection demonstrates the implementation of the joint movement model, as well

as its requisite parts, in the R-inlabru package. It also demonstrates the speed and accuracy of

this method for inference.

Three models were fitted to the survey and telemetry data generated from the simulation:

the survey model, the telemetry model, and the joint model. The survey model is the inhomo-

geneous Poisson process (IPP) with intensity defined in Equation 4.4, fitted as a log Gaussian

Cox process (LGCP) in R-inlabru. An example of this model is shown in Code Listing 1. The

model components contain the intercept term, the values of the environmental and attraction to

centre covariates (derived from spatial Spatraster objects), and the covariate coefficient terms.

Covariates are not included using a linear mapper, as would be typical in inlabru syntax, to allow

the coefficients to be jointly estimated with the telemetry likelihoods in the Joint model (Code

Listing 3), although this syntactical difference does not impact parameter estimation in the survey

model. The components are combined in an additive formula. The likelihood defines the model

family as LGCP, and calls to the survey data; boundary of the area of interest; and the Delaunay

mesh triangulation representation of continuous-space (all previously constructed). Finally, the

model is fitted by combining the components and likelihood in the bru() call.
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Listing 1: Survey Model

1 ## Specify survey model components

2 cmp_surv <- ~ Intercept (1) +

3 env_val(main=env_covariate ,

4 main_layer="env",

5 model="const") +

6 mid_val(main=mid_covariate ,

7 main_layer="mid",

8 model="const") +

9 beta.env(1)+

10 beta.mid(1)

11

12 ## Specify survey formula

13 form_surv <- geometry ~ Intercept +

14 (env_val*beta.env) +

15 (mid_val*beta.mid)

16

17 ## Specify survey likelihood

18 lik_surv <-

19 like(formula=form_surv ,

20 family="cp",

21 data=surv_pts ,

22 samplers=bnd_sf,

23 domain=list(geometry=mesh))

24

25 ## Fit survey model

26 fit_surv <- bru(cmp_surv ,

27 lik_surv)

The telemetry model is the Langevin diffusion based movement model consisting of the joint

model of the X and Y dimension likelihoods, as defined in Equation 4.12 and fitted using a joint

model of two Gaussian likelihoods in R-inlabru. The code for this model can be seen in Code

Listing 2. The model is defined using the same structure as the survey model: components,

formula, and likelihood. The formulae are separate for the x and y dimensions, each specifying

the mean of an independent Gaussian distribution as defined in Equation 4.1. The smoothing

and gradient transformations incorporated in the drift term (Equation 4.2) are applied during pre-

processing of the covariates, as in Section 4.3.1. As such, location and environmental data are

supplied directly to the formulae from columns in a data frame object. There is also a different
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likelihood for each dimension, wherein the family is defined as Gaussian and the precision is

fixed to the 𝜃1 parameter, as defined in Equation 4.11. The final bru() call fits a joint model,

combining both likelihoods.

Listing 2: Telemetry Model

1 ## Specify telemetry model components

2 cmp_tel <- ~ 0 + beta.env(1) + beta.mid(1)

3

4 ## Specify telemetry formulae

5 form_tel_x <- loc_tplus1_x ~

6 loc_t_x + (Gamma/2)*(( envvalx*beta.env)+

7 (midvalx*beta.mid))*delta_t

8

9 form_tel_y <- loc_tplus1_y ~

10 loc_t_y + (Gamma/2)*(( envvaly*beta.env)+

11 (midvaly*beta.mid))*delta_t

12

13 ## Specify telemetry likelihoods

14 lik_tel_x <-

15 like(formula=form_tel_x,

16 family="gaussian",

17 data=tel_pts ,

18 control.family=list(hyper=list(prec=list(fixed=TRUE ,

19 initial=theta1))))

20 lik_tel_y <-

21 like(formula=form_tel_y,

22 family="gaussian",

23 data=tel_pts ,

24 control.family=list(hyper=list(prec=list(fixed=TRUE ,

25 initial=theta1))))

26

27 ## Fit model

28 fit_tel <- bru(cmp_tel ,

29 lik_tel_x,

30 lik_tel_y)

Finally, the joint model is the three-likelihood joint model which combines the one survey

and two telemetry likelihoods, as defined in Equation 4.16. The code for this model, as seen in

Code Listing 3, simply combines the likelihoods from the survey and telemetry models defined

in Code Listings 1 and 2.
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Listing 3: Joint Model

1 ## Fit model

2 fit_joint <- bru(cmp_surv ,

3 lik_tel_x,

4 lik_tel_y,

5 lik_surv)

Implementation in the INLA framework makes the models highly computationally efficient.

The running times were: 5.47 seconds, 4.31 seconds, and 5.45 seconds for the survey, telemetry,

and joint models respectively when fitted with a 2.40GHz i5 processor (16GB RAM). Despite

the additional complexity introduced by the joint modelling framework, the joint model actually

took less time to run than the survey model (time difference: 0.02 seconds). This may be due to

improved convergence times through the introduction of additional information, since the joint

model integrates multiple data sources.

The models fitted to the survey data (the survey and joint models) include an intercept param-

eter 𝛼, the true value of which is -7. All of the models include coefficients for the two covariates,

𝛽𝑒𝑛𝑣 and 𝛽𝑚𝑖𝑑 the true values of which are 2 and 3, respectively. A summary of the estimated

parameter means and their 95% credible intervals is shown in Table 4.1. The survey and joint

models estimated intercept terms with means close to and 95% credible intervals containing the

true parameter value of -7. For each of the models, the covariates were estimated to have a

positive effect, with means close to and 95% credible intervals containing the true parameter

values of 2 and 3 for the environmental covariate and attraction to centre covariate coefficients,

respectively.

Table 4.1: Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 parameters
from the survey, telemetry, and joint models. All values given are rounded to 2 decimal places.

Model Intercept 𝛽𝑒𝑛𝑣 𝛽𝑚𝑖𝑑
Survey Model -6.62 [-7.54,-5.70] 1.60 [0.11,3.09] 2.69 [1.81,3.58]

Telemetry Model NA 2.09 [1.09,3.10] 2.96 [0.98,4.93]
Joint Model -6.81 [-7.46,-6.15] 1.94 [1.11,2.78] 2.74 [1.93,3.55]

The fitted survey, telemetry, and joint models were used to predict onto a spatial grid over
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the study area to provide an estimate of the utilisation distribution (see Figure 4.6). These pre-

dictions can be compared to Figure 4.4, to see that the models returned a visually comparable

estimate of the spatial distribution of the true intensity surface. Spatial predictions provide a

clear communicative tool for understanding animal space-use which can be used to inform man-

agement decisions in real-world applications. The R-inlabru predict() function makes spatial

prediction straightforward.

(a) Survey (b) Telemetry (c) Joint

Figure 4.6: The predictions of the spatial distribution of intensity (i.e., a spatial representation
of the utilisation distribution surface) from (a) the survey model, (b) the telemetry model, and
(c) the joint model. The colour scale for each plot follows a gradient of relative mean predicted
intensity from low (blue) to high (yellow), as interest is in relative differences across space and
not absolute values.

Abundance calculations were also carried out using predictions from the survey and joint

models, giving estimates and 95% credible intervals of 113.13 [93.91, 136.41] and 113.63 [93.64,

135.81], respectively. The true number of individuals in the study was 114, so abundance was

accurately returned by both models.

4.3.3 Optimisation of Boundary Conditions for Simulation

The Langevin diffusion method for modelling movement assumes convergence towards a steady-

state distribution (i.e., a description of overall space-use which does not change over time). In

real-world applications, this does not necessarily require the population to be closed or individ-

uals to remain within the study area, but only that the overall behaviour of the group (in terms of

its relationship with the spatially-structured covariates) remains the same. This means that this

model would be inappropriate for modelling long-term shifts in population distribution, such as

migration, which may be more appropriately investigated using the methodology of Buderman

et al. (2025). Randomness in movement behaviour and variation at the individual-level may
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permit some individuals to leave the area, but this does not negate the effect of the utilisation

distribution, which describes overall group-level, long-term space-use preferences. In the joint

model, the base-rate intensity of the population (i.e., the number of individuals) is captured by

the intercept term of the survey likelihood (Equation 4.5) - so if the size of the group is greatly

enlarged or reduced this would affect the description of the utilisation distribution, but in scale

only - the relative spatial distribution of the intensity surface would remain the same. Thus, if the

aim of a study is to elicit overall population habitat selection, even when some individuals may

leave the area of interest, this model is appropriate. The exact number of individuals that may

exit the study area without impacting the assumptions of the model has not yet been investigated,

and poses an area of future research interest. Though not the focus here, estimating abundance

is also possible, and accurate, but modifications would be required if abundance was to change

over time as the purely spatial nature of the survey model is intrinsic to the model formulation -

incorporating a temporal dependency to the intercept term used in abundance estimation would

require future research to assess feasibility.

Although it is not necessary to have data on a closed population for application of the models,

in a simulation context, having simulated individuals drift outside of the study area is inefficient.

Once a simulated individual has left the area defined by the constructed covariates, there is no

information on the gradient of the underlying distribution outside of this fixed area, meaning that

the remainder of the track is lost. This is in contrast to the aim of simulation: to generate data.

The attraction to centre covariate is used to encourage simulated individuals to remain within the

area of interest. However, there is a level of randomness included in the simulated movement

behaviour via Brownian Motion. So, individuals do not have to strictly adhere to the gradient

defined by the true intensity, and may follow a path which moves outside of the defined area.

To combat this, ensuring computational efficiency and data retainment, a boundary condition is

imposed on the simulation.

If simulated behaviour is assumed to behave according to the Langevin diffusion movement

rules, then a boundary condition is an extraneous influence outside of the parametrised utilisation

distribution. This could cause biases, violating the assumptions of the models by altering the

behaviour exhibited by the simulated individuals. This is particularly pertinent as the parameters
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describing the true intensity surface are used to assess the accuracy of the models. Therefore, it

is in the interests of this chapter to assess the impact of boundary conditions on model outputs,

and determine which type of boundary condition may cause the least bias.

Here, four types of boundary condition are considered:

Hard Boundary: As described in Section 4.3.1, a hard boundary means that if a step in a

track is estimated outside of the given area, this is rejected, and the step is resampled until

a step within the area is estimated. In this way, the new step is still estimated from the true

utilisation distribution, but with some interference.

Toroidal Boundary: The toroidal boundary condition means that if a step in a track is

estimated outside of the given area, the individual immediately re-enters the area at the

opposite end of the axis.

Respawning: In the respawn simulation, if a step in a track is estimated outside of the fixed

area, the next step is allowed to be estimated anywhere in the study domain, with a prob-

ability of occurring in a given cell determined according to the true intensity. Essentially,

the individual ‘leaves’ the area and is ‘respawned’ anywhere, according to the utilisation

distribution.

No Boundary: In this version of the simulation, animals move off the edge of the study

area and may or may not re-enter. This is made possible by first simulating on a larger area,

and then cropping to a smaller central area to collect data for model fitting. This solves

the problem of the undefined gradient outside of the study area boundary, but is also more

computationally costly and wasteful compared to the other options for simulation.

Each of the four versions of the simulation was run using Langevin diffusion movement rules,

with drift defined according to the same true intensity surface (as described in Equation 4.17).

Figure 4.7 contains an example of a few of the simulated tracks from each simulation, to give a

visual representation of the simulated movement behaviour. From a visual assessment alone, it is

apparent that the toroidal boundary condition creates an unrealistic representation of movement,

wherein the individual is estimated to move much farther than is expected given the diffusivity
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parameter (related to animal mobility and defined here to cover a single grid-cell). The respawn

condition also creates some unrealistically large steps in the movement tracks, although not as

many as with the toroidal boundary condition.

(a) Hard Boundary (b) Toroidal Boundary

(c) Respawn Boundary (d) No Boundary

Figure 4.7: Examples of 10 spatial tracks generated from simulation with (a) Hard Boundary;
(b) Toroidal Boundary; (c) Respawn Boundary; and (d) No Boundary. Tracks are coloured by
individual.

Figure 4.8 contains a heatmap representation of all of the observations from each simulation.

This provides a visual means of assessing how well the raw simulated data can recover the spatial

distribution of the true intensity surface (see Figure 4.11 for comparison). The hard boundary

condition produces a simulated dataset with the most spatial coverage out of the four, although

this is balanced by not capturing the highest intensity areas of the true intensity as strongly. On
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the other hand, the respawn dataset captures the high intensity areas, but has the poorest spatial

coverage of the four simulations.

(a) Hard Boundary (b) Toroidal Boundary

(c) Respawn Boundary (d) No Boundary

Figure 4.8: Heatmaps of data generated from simulation with (a) Hard Boundary; (b) Toroidal
Boundary; (c) Respawn Boundary; and (d) No Boundary. Heatmaps were generated by counting
the number of observations within each cell of a fine grid. The colour scale follows a gradient
of counts from low (blue) to high (yellow), as interest is in relative differences across space and
not absolute values. Grey indicates a zero count.

As in Section 4.3.1, a survey dataset was produced from each simulated dataset by taking

a snapshot of the overall population at the 1000th timestep. As well as the datasets taken from

each of the four simulations, a dataset is generated directly from the intensity surface by taking

a sample from the cell index of the intensity grid, with probability equal to the cell 𝜆 value. This

represents a completely unbiased version of the survey data, for comparison against the other

simulated datasets. Figure 4.9 displays the spatial distribution of the 5 survey datasets. The poor

spatial coverage of the respawn simulation can again be observed here, as it translates to a bias
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toward the centre in the distribution of the respawn survey data, compared to the distribution of

points generated directly from the true intensity surface.

(a) Hard Boundary (b) Toroidal Boundary (c) Respawn Boundary

(d) No Boundary (e) Intensity Surface

Figure 4.9: Spatial distribution of survey data generated from simulation with (a) Hard Bound-
ary; (b) Toroidal Boundary; (c) Respawn; (d) No Boundary; and (e) generated directly from the
intensity surface.

The survey model, an inhomogeneous Poisson process (IPP) with intensity as described in

Equation 4.4, was fitted to each of the five datasets using a log Gaussian Cox process (LGCP)

model in R-inlabru. The predictor of the model contained an intercept term, and the two spa-

tial covariates constructed in Section 4.3.1. The posterior estimates for the intercept, as well as

the coefficients for each of the covariates estimated by each of the five models, are contained

in Figure 4.10 and Table 4.2. The influence of the wide spatial coverage created by the hard

boundary condition can be observed here, as the effect of the attraction to centre covariate is un-

derestimated, and the intercept term is overestimated, to compensate, by the model fitted to these

data. The model fitted to the dataset derived from the simulation with no boundary condition

best matches the estimates from the model fitted to data derived directly from the true intensity.
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These models, along with the toroidal model, most accurately estimate the true parameter val-

ues. The model fitted to respawn simulated data overestimates the effects of both the attraction

to centre and environmental covariate, and underestimates the intercept term.

(a) Intercept (b) 𝛽𝑒𝑛𝑣 (c) 𝛽𝑚𝑖𝑑

Figure 4.10: Posterior mean and 95% credible intervals for the (a) Intercept, (b) 𝛽𝑒𝑛𝑣, and (c) 𝛽𝑚𝑖𝑑
parameters from the models fitted to the five survey datasets. True parameter values (-7.5, 2, and
3, respectively) are shown with dashed vertical lines.

Table 4.2: Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 parameters
from the models fitted to the five survey datasets. All values given are rounded to 2 decimal
places.

Dataset Intercept 𝛽𝑒𝑛𝑣 𝛽𝑚𝑖𝑑
Hard Boundary -6.22 [-7.36,-5.07] 1.18 [-0.15,2.52] 1.71 [0.35,3.07]

Toroidal Boundary -7.87 [-9.09,-6.66] 1.74 [0.39,3.09] 3.72 [2.35,5.08]
Respawn -10.96 [-12.35,-9.58] 3.70 [2.33,5.07] 6.57 [5.12,8.02]

No Boundary -7.41 [-8.75,-6.08] 1.46 [-0.05,2.98] 2.91 [1.38,4.44]
True Intensity -7.07 [-8.25,-5.89] 1.38 [0.04,2.73] 2.81 [1.46,4.17]

The utilisation distribution was also predicted using each of the five models (Figure 4.11).

All models predict the spatial distribution of the true intensity surface with reasonable accuracy.

However, the poor spatial coverage of the respawn data can again be seen here, with a central

bias in the predicted distribution of intensity.
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(a) Hard Boundary (b) Toroidal Boundary (c) Respawn Boundary

(d) No Boundary (e) Intensity Surface (f) True Intensity

Figure 4.11: Predictions of the utilisation distribution from the models fitted to the survey data
generated from simulation with (a) Hard Boundary; (b) Toroidal Boundary; (c) Respawn; (d) No
Boundary; and (e) generated directly from the intensity surface. (f) the true intensity surface.
The colour scale follows a gradient of relative mean intensity from low (blue) to high (yellow),
as interest is in relative differences across space and not absolute values.

Abundance was also estimated using each of the five models (Table 4.3). The true number

of individuals for this set of simulations was 108, so abundance was accurately returned by all

models except the one fitted to the data from the simulation with no boundary conditions. This

simulation allowed individual tracks to move outside of the study area, and therefore resulted in

a loss of data.

Table 4.3: Posterior mean and 95% credible intervals for estimated abundance from the models
fitted to the five survey datasets. All values given are rounded to 2 decimal places.

Dataset Abundance Estimate

Hard Boundary 108.11 [89.16,129.49]
Toroidal Boundary 107.74 [87.34,128.71]

Respawn 108.09 [88.85,129.08]
No Boundary 85.15 [69.18,103.40]
True Intensity 107.80 [89.84,129.80]

This subsection focused on the influence of boundary conditions in the simulation on the dis-
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tribution of simulated data and outputs of the survey models. The toroidal boundary condition

does not incur any biases in the distribution of survey data, and leads to accurate model estimates

and predictions. However, it creates unrealistic movement paths, making it unsuitable for sim-

ulating telemetry data. Similarly, imposing no boundary condition on the simulation generates

unbiased data, which accurately reflects the true intensity. Nevertheless, this method of simula-

tion results in data loss as individual paths are allowed to exit the area of interest. This causes an

underestimation of abundance from the survey model, and may create smaller or broken paths

in the telemetry data. As such, the simulation with no boundary condition is inefficient. The

simulation wherein individuals ‘respawn’ when hitting the boundary edge results in simulated

data with a poor spatial coverage, and creates strong biases in parameter estimation and predic-

tion in the survey model. In comparison, imposing a hard boundary condition on the simulation

results in slight biases in parameter estimation, but provides the best spatial coverage, results in

no data loss, creates individual paths with realistic movement behaviour, and returns an accurate

representation of the true intensity surface. Therefore, the simulation with the hard boundary

condition was selected as the most realistic and efficient simulation method, and was used when

generating data in Section 4.3.1.

4.3.4 Borrowing Strength: Poor Quality Data

One of the advantages of the Langevin diffusion approach to movement modelling is data in-

tegration and multiscale modelling. The insights at both the large-scale population-level, and

small-scale individual-level are combined to give an overall estimate of habitat selection. Sec-

tion 4.3.2 demonstrated the implementation of the Langevin joint models and its requisite parts

in R-inlabru. However, all models were fitted to robust datasets, making the joint modelling

framework seem somewhat unnecessary in the aims of estimating habitat selection parameters or

predicting the utilisation distribution. This subsection demonstrates the data-integration advan-

tages of the joint modelling framework when poorer quality datasets are available. The aim of

this subsection is to investigate whether parameter estimation or predictive accuracy is improved

through the joint modelling approach, as compared to modelling the requisite parts of the model

separately. What are the costs and benefits of this more complicated joint model?
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To emulate the smaller sample sizes which may be available in an applied situation, the

original simulated datasets are compared to thinned versions. This ensures that the data come

from the same patterns and processes, but the models have less information because there are

fewer observations. In the survey data, the overall point pattern is homogeneously thinned to

leave 25% of the points (Figure 4.12). In the telemetry data, the number of individual tracks is

reduced to 25% of the original (5 tracks, Figure 4.13).

(a) Survey Data (b) Thinned Survey Data

Figure 4.12: Spatial distribution of survey data (a) containing all simulated individuals; (b)
thinned homogeneously by 75%. Background colour scale shows true intensity, which follows a
gradient of relative intensity from low (blue) to high (yellow), as interest is in relative differences
across space and not absolute values.

(a) Telemetry Data (b) Thinned Telemetry Data

Figure 4.13: Telemetry tracks for (a) 20 individuals; and (b) 5 individuals. Background colour
scale shows true intensity, which follows a gradient of relative intensity from low (blue) to high
(yellow), as interest is in relative differences across space and not absolute values.
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The same survey, telemetry, and joint models as described in Section 4.3.2 were fitted to

the thinned versions of the survey and telemetry data. For the joint models, combinations of

the original (full) and thinned survey and telemetry datasets were fitted, resulting in three new

models: thinned telemetry and full survey; full telemetry and thinned survey, and both thinned

survey and telemetry. The outputs of these new models are compared to the models fitted in

Section 4.3.2 in Table 4.4 and Figure 4.14. With the thinned data, the weaknesses of each model

type are revealed: the macro-scale survey model estimates a 95% credible interval containing 0

for the covariate which varies at a fine scale, the environmental covariate. Conversely, the local-

scale telemetry model estimates a 95% credible interval containing 0 for the covariate which

varies at a coarse scale, the attraction to centre covariate. However, when the large and small

scale perspectives are combined in the joint models, the weaknesses of these respective datasets

offset one another, and both covariates are correctly estimated to have a positive effect with a

95% credible interval above 0.

(a) 𝛽𝑒𝑛𝑣 (b) 𝛽𝑚𝑖𝑑

Figure 4.14: Posterior mean and 95% credible intervals for the (a) 𝛽𝑒𝑛𝑣 and (b) 𝛽𝑚𝑖𝑑 parameters
from the survey, telemetry, and joint models fitted to thinned survey and telemetry datasets. True
parameter values (2, and 3, respectively) are shown with blue, dashed, vertical lines. The location
of the 0 mark is shown with an orange, dotted, vertical line.
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Table 4.4: Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 parameters
from the survey, telemetry, and joint models fitted to full and thinned datasets. Covariate effects
with an estimated 95% credible interval which contains 0 are highlighted in bold. All values
given are rounded to 2 decimal places.

Model Data Intercept 𝛽𝑒𝑛𝑣 𝛽𝑚𝑖𝑑

Survey Model
Full -6.62 [-7.54,-5.70] 1.60 [0.11,3.09] 2.69 [1.81,3.58]

Thin -7.89 [-9.74,-6.04] 2.17 [-0.84,5.17] 1.90 [0.11,3.68]

Telemetry Model
Full NA 2.09 [1.09,3.10] 2.96 [0.98,4.93]

Thin NA 3.03 [1.01,5.04] 1.90 [-2.01,5.80]

Joint Model

Both Full -6.81 [-7.46,-6.15] 1.94 [1.11,2.78] 2.74 [1.93,3.55]
Telemetry Thin -6.85 [-7.65,-6.04] 2.10 [0.90,3.30] 2.66 [1.80,3.53]

Survey Thin -8.10 [-9.06,-7.14] 2.11 [1.15,3.06] 2.37 [1.05,3.69]
Both Thin -8.18 [-9.46,-6.89] 2.76 [1.09,4.44] 1.91 [0.30,3.53]

The five new models were also used to make spatial predictions of the utilisation distribution.

These predictions, along with the true intensity surface, can be seen in Figure 4.15.

(a) True Intensity (b) Thin Survey (c) Thin Telemetry

(d) Joint (Thin Telemetry) (e) Joint (Thin Survey) (f) Joint (Both Thin)

Figure 4.15: (a) the true intensity surface; and the predictions of the spatial distribution of in-
tensity (i.e., a spatial representation of the utilisation distribution surface) from: (b) the survey
model fitted to thinned survey data; (c) the telemetry model fitted to thinned telemetry data; and
the joint model fitted to (d) full survey data and thin telemetry data; (e) thin survey data and
full telemetry data; and (f) thin survey data and thin telemetry data. The colour scale for each
plot follows a gradient of relative mean predicted intensity from low (blue) to high (yellow), as
interest is in relative differences across space and not absolute values.
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4.3.5 Improving Computational Efficiency

This chapter takes an existing approach to data integration and multiscale habitat selection mod-

elling, and implements it in a new software, R-inlabru. R-inlabru makes use of the INLA

method for approximate Bayesian inference, whereas originally the Langevin diffusion based

movement model was implemented using full MCMC parameter estimation in JAGS (although

it could also be implemented using other software platforms for inference with MCMC, such as

NIMBLE). How does the R-inlabru method compare to the original JAGS implementation?

What is gained by utilising this approach, and is accuracy in parameter estimation lost by using

an approximate method for inference?

Table 4.5 contains the running times for each of the models fitted in R-inlabru and JAGS.

There is a vast difference in the computational cost of the models between software implementa-

tions, with the JAGS models taking far longer to run than the R-inlabru models. For example,

the JAGS joint model took 42 minutes to run, compared to only a 5 second running time for

the corresponding R-inlabru joint model. This is as expected when taking into account that

R-inlabru uses the INLA method for approximate inference, whereas JAGS implements full

MCMC exploration of the parameter space.

Table 4.5: Running times for fitting the survey, telemetry, and joint models to simulated data
using R-inlabru and JAGS. All values given are in seconds and rounded to 2 decimal places.

Model Running Time (seconds)
JAGS R-inlabru

Survey Model 1082.08 5.47
Telemetry Model 1385.24 4.31

Joint Model 2502.90 5.45

Figure 4.16 and Table 4.6 contain the posterior estimates for the intercept term, and covariate

coefficients from the R-inlabru and JAGS models. For each of the three model types - survey,

telemetry, and joint - it is found that parameters are estimated with similar accuracy and uncer-

tainty between the JAGS and R-inlabru implementations. Therefore, despite the fact that the

R-inlabru method relies on INLA, an approximation, this does not appear to incur a cost in
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terms of the accuracy of parameter estimation.

(a) Intercept (b) 𝛽𝑒𝑛𝑣 (c) 𝛽𝑚𝑖𝑑

Figure 4.16: Posterior mean and 95% credible intervals for the (a) Intercept, (b) 𝛽𝑒𝑛𝑣, and (c) 𝛽𝑚𝑖𝑑
parameters from the survey, telemetry, and joint models fitted in JAGS and R-inlabru. True
parameter values (-7, 2, and 3, respectively) are shown with blue, dashed, vertical lines. The
location of the 0 mark is shown with an orange, dotted, vertical line.

Table 4.6: Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 parameters
from the survey, telemetry, and joint models fitted in JAGS and R-inlabru. All values given are
rounded to 2 decimal places.

Model Software Intercept 𝛽𝑒𝑛𝑣 𝛽𝑚𝑖𝑑

Survey Model
R-inlabru -6.62 [-7.54,-5.70] 1.60 [0.11,3.09] 2.69 [1.81,3.58]

JAGS -6.62 [-7.54,-5.70] 1.60 [0.11,3.09] 2.69 [1.81,3.58]

Telemetry Model
R-inlabru NA 2.09 [1.09,3.10] 2.96 [0.98,4.93]

JAGS NA 2.09 [1.09,3.10] 2.96 [0.98,4.93]

Joint Model
R-inlabru -6.81 [-7.46,-6.15] 1.94 [1.11,2.78] 2.74 [1.93,3.55]

JAGS -6.81 [-7.46,-6.15] 1.94 [1.11,2.78] 2.74 [1.93,3.55]

Figure 4.17 contains predictions from the R-inlabru and MCMC joint models, as well as

the spatial distribution of the true intensity, for comparison. Both models recover the spatial

distribution of the utilisation distribution well, giving accurate predictions which match the true

intensity. The predictions from both models are similar, demonstrating that despite the approxi-

mate methods used in the R-inlabru implementation, predictive accuracy is not diminished.
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(a) R-inlabru (b) MCMC (c) True Intensity

Figure 4.17: The predictions of the spatial distribution of intensity (i.e., a spatial representation of
the utilisation distribution surface) from (a) the joint R-inlabru model, and (b) the joint MCMC
model. (c) shows the true intensity. The colour scale for each plot follows a gradient of relative
mean predicted intensity from low (blue) to high (yellow), as interest is in relative differences
across space and not absolute values.

This subsection has demonstrated that the JAGS and R-inlabru implementations of the

Langevin diffusion based movement model are comparable in terms of both predictive accu-

racy and parameter estimation, but that the R-inlabru approach cuts computational cost con-

siderably. In summary, R-inlabru is both a reliable and efficient software platform in which

to implement the model, providing a strong improvement in terms of speed when compared to

previous implementations of the approach. This is of particular relevance when considering the

large and complex nature of ecological survey and telemetry tracking datasets; using R-inlabru

will allow practitioners to fit the model to real data within a feasible timeframe.

4.3.6 Complex Observation Processes

As seen in Section 4.3.5, R-inlabru provides a computationally efficient framework in which

to fit the Langevin diffusion based movement model. Aside from making use of the fast INLA

method for inference, another advantage of R-inlabru is its ability to account for complex obser-

vation processes. One of the applied aims of the Langevin model is to improve habitat selection

estimation by integrating data from multiple sources. Often, the collection of ecological survey

data is subject to the restrictions of external influences such as accessibility, feasibility; fiscal

limitations; and even observer effort and skill. As a result, the probability of observing an in-

dividual in the area of interest is often spatially or spatio-temporally varying, and not always

in a predictable fashion. R-inlabru was first developed with the aim of accounting for com-

plex observation processes in ecological data, and there exists a range of literature containing
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R-inlabru models which incorporate complex effort surfaces to account for spatially varying

detection probabilities (Yuan et al., 2017; Martino et al., 2021; Ribeiro et al., 2023; Panunzi et

al., 2025b). Therefore, the R-inlabru framework also provides the advantage of containing es-

tablished methods for handling complexity in the observation process associated with spatial and

spatio-temporal data. This subsection explores how the model handles a more complex dataset,

and demonstrates the inclusion of a complex observation process in the survey model.

Even when subplots are regularly dispersed over the area of interest, it is possible that very

few points are observed. In this example, 25 10𝑚 × 10𝑚 subplots were evenly distributed over

the study area, which resulted in the spatial location of only 30 of the 114 individuals being

observed. The spatial distribution of the survey data can be seen in Figure 4.18.

Figure 4.18: Spatial distribution of survey data (black), and points observed when using subplot
observation process (red).

Four models were fitted to the subplot-thinned data: versions of the survey and joint models

which did and did not include a complex observation process (wherein detection probability

was defined as 1 within subplot areas and 0 outside of subplots) to account for the subplots. The

mean and 95% credible intervals for the habitat selection parameters estimated from these models

can be seen in Table 4.7 and Figure 4.19. The models which did not account for the sampling

method underestimated the intercept term. The effect of the attraction to centre covariate was well
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estimated by all four models, despite the incorrect specification of the models without subplots.

There may have been insufficient data in the survey models (both with correctly and incorrectly

specified observation processes) to accurately estimate the effect of the environmental covariate,

as both survey models returned a 95% credible interval containing 0 for this variable. However,

this was corrected through the inclusion of the telemetry data in the joint models, which both

returned the true parameter value. This demonstrates the impact of data integration in correcting

biases.

(a) Intercept (b) 𝛽𝑒𝑛𝑣 (c) 𝛽𝑚𝑖𝑑

Figure 4.19: Posterior mean and 95% credible intervals for the (a) Intercept, (b) 𝛽𝑒𝑛𝑣, and (c) 𝛽𝑚𝑖𝑑
parameters from the survey and joint models fitted to the subplot-thinned survey data, with and
without a complex observation process to account for the subplots. True parameter values (-7,
2, and 3, respectively) are shown with blue, dashed, vertical lines. The location of the 0 mark is
shown with an orange, dotted, vertical line.

Table 4.7: Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 parameters
from the survey and joint models fitted to the subplot-thinned survey data, with and without
a complex observation process to account for the subplots. All values given are rounded to 2
decimal places.

Model Observation Intercept 𝛽𝑒𝑛𝑣 𝛽𝑚𝑖𝑑

Survey Model
Subplots -6.79 [-8.55,-5.02] 1.07 [-1.89,4.03] 3.33 [1.67,5.00]

No Subplots -8.92 [-10.77,-7.07] 2.49 [-0.43,5.41] 3.51 [1.77,5.25]

Joint Model
Subplots -7.12 [-8.09,-6.14] 1.99 [1.04,2.94] 3.15 [1.88,4.43]

No Subplots -8.57 [-9.55,-7.58] 2.13 [1.18,3.08] 3.26 [1.96,4.57]

The four new models were also used to make spatial predictions of the utilisation distribution,

as seen in Figure 4.20. Despite the poor quality data and incorrect observation process specifi-

cation in the No Subplots models, all models were able to return a reasonable prediction of the
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true intensity surface.

(a) Survey (subplots) (b) Survey (no subplots)

(c) Joint (subplots) (d) Joint (no subplots)

Figure 4.20: The predictions of the spatial distribution of intensity (i.e., a spatial representation
of the utilisation distribution surface) from the survey model (a) accounting for subplots and (b)
without accounting for subplots; and from the joint model (c) accounting for subplots and (d)
without accounting for subplots. The colour scale for each plot follows a gradient of relative
mean predicted intensity from low (blue) to high (yellow), as interest is in relative differences
across space and not absolute values.

The four models were used to estimate abundance (Figure 4.21). The effect of incorrectly

specifying the observation process can be observed here, as the No Subplots models greatly

underestimate abundance. However, despite the models only containing observations of 30 indi-

viduals, accounting for the subplot sampling method allows for an estimate close to the correct

number of individuals (114) from both the survey and joint models.
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Figure 4.21: Abundance estimates from the survey and joint models fitted to the subplot-thinned
survey data, with and without a complex observation process to account for the subplots. True
abundance (114 individuals) is shown with a blue, dashed, vertical line.

Table 4.8: Posterior mean and 95% credible intervals for estimated abundance from the survey
and joint models fitted to the subplot-thinned survey data, with and without a complex observa-
tion process to account for the subplots. All values given are rounded to 2 decimal places.

Model Observation Abundance Estimate

Survey Model
Subplots 113.04 [79.29,161.14]

No Subplots 30.15 [19.96,43.66]

Joint Model
Subplots 112.07 [78.26,161.12]

No Subplots 30.14 [20.43,43.24]

4.3.7 Accounting for Spatial Autocorrelation

In addition to gains in computational efficiency, concise syntax, and the ability to account for

complex observation processes, implementing the joint Langevin movement model in R-inlabru

allows for the inclusion of a Gaussian random field in the predictor. This means that unexplained

sources of spatial correlation in the data can be accounted for, reducing the risk of spurious sig-

nificance in interpretation of covariate effects and biases in prediction. This subsection demon-

strates the steps required to include a Gaussian random field in the models, and shows the utility

of this feature.
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Building a Gaussian Random Field into the Modelling Framework

When implementing the joint Langevin movement model, the smoothing and gradient transfor-

mations of the Langevin drift term, as defined in Equation 4.2, are applied to the predictor as a

pre-processing step. When the model only contains fixed effects, the transformations are applied

to the spatial covariates, as demonstrated in Section 4.3.1. However, this process becomes more

complicated when a spatial random effect is included in the predictor, as the effect is estimated

in the model and not predefined. As a workaround, the transformations can be applied to the in-

tegration scheme, allowing the effect to be partially pre-processed and improving computational

efficiency. This approach takes the following steps:

1. Weighted integration points are generated across the area of interest (note that the exact

coordinate locations of these are used directly and not aggregated at the mesh vertices, so

operations are more computationally expensive than typical R-inlabru models).

2. The mapping matrix, A, is extracted from the integration scheme. In spatial models, the

A matrix maps continuous spatial covariates and spatial fields defined at the mesh nodes

to observation locations, projecting spatial information to the response.

3. The gradient transformation for each dimension (as defined in Equation 4.15) is applied

to the A matrix. The coordinates of the integration points are shifted by ℎ (default value

ℎ = 1𝑒 − 6), and the A matrix for these shifted points is generated. This allows for the

gradient to be calculated between the original points and a location very close to these, in

order to incorporate the gradient transformation as defined in Equation 4.15. The parameter

ℎ is at the spatial scale that two points are evaluated as close to each other to calculate the

gradient. The values of the original A matrix are then subtracted from the shifted A matrix

and the values of the resulting matrix are divided by ℎ. This process is repeated for each

dimension.

4. The distance, 𝑑𝑖𝑠𝑡, between the original (not shifted) integration points and each of the

telemetry observations is calculated. These are used to define a 2-dimensional Gaussian
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kernel around each telemetry observation

𝑓 (𝑥) = 1
2𝜋𝜎2

× 𝑒
−𝑑𝑖𝑠𝑡2

2𝜎2 , (4.18)

where 𝜋 is the mathematical constant approximately equal to 3.14 (not to be confused with

the utilisation distribution). This is used to weight the integration points (those outside of

the kernel area for a given observation will have 0 weight).

5. The kernel integral is normalised by dividing the kernel by the sum of the kernel multiplied

by the weights of the integration points that fall within the area of interest for the given

observation. A scaled version of the kernel is used for numerical integration. This is

computed by multiplying the kernel by the weights of the integration points that fall within

the area of interest for the given observation.

6. The kernel weight information is incorporated into the transformed A matrices from Step 3.

7. The final A matrices are incorporated into the telemetry likelihoods, transforming the latent

field as it is estimated by acting as a mapping matrix with built in smoothing and gradient

transformations.

The pre-processing of the integration scheme allows the Gaussian random field to be jointly

estimated across the survey and two telemetry likelihoods within the joint Langevin movement

modelling framework.

Omission of the Attraction to Centre Covariate

To demonstrate the utility of this feature, survey, telemetry and joint models were fitted to the

data from Section 4.3.1. The models were defined exactly as those fitted in Section 4.3.2, but a

fixed effect for the attraction to centre covariate was not included. This mimics the real-world

scenario in which spatial covariates which are difficult or impossible to define are not included as

fixed effects in the model predictor. Each of the models was fitted with and without a Gaussian

random field in the predictor. The estimated mean and 95% credible intervals for the intercept

term and environmental covariate effect from each of these six models in shown in Table 4.9 and
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Figure 4.22. The macro-scale survey model without a GRF estimates a 95% credible interval

containing 0 for the environmental covariate. However, error is improved through the inclusion

of a GRF in the model, wherein the 95% credible interval is estimated to be entirely above 0.

The estimates of the environmental covariate effect from the local-scale telemetry models are

unaffected by the exclusion of the attraction to centre covariate, and are accurately returned by

the models with and without a GRF. The joint and survey models without a GRF overestimate

the intercept term, whereas the models containing a GRF correct this bias somewhat, estimating

95% credible intervals for the intercept term which contain the true value.

(a) Intercept (b) 𝛽𝑒𝑛𝑣

Figure 4.22: Posterior mean and 95% credible intervals for the (a) Intercept and (b) 𝛽𝑒𝑛𝑣 parame-
ters from the survey, telemetry, and joint models with and without a GRF. True parameter values
(-7, 2, and 3, respectively) are shown with blue, dashed, vertical lines. The location of the 0 mark
is shown with an orange, dotted, vertical line.

Table 4.9: Posterior mean and 95% credible intervals for the Intercept, 𝛽𝑒𝑛𝑣, and 𝛽𝑚𝑖𝑑 parameters
from the survey, telemetry, and joint models fitted with and without a GRF. All values given are
rounded to 2 decimal places.

Model Predictor Intercept 𝛽𝑒𝑛𝑣

Survey Model
GRF -5.64 [-7.10,-4.26] 1.58 [0.02,3.13]

No GRF -5.09 [-5.82,-4.35] 1.36 [-0.12,2.84]

Telemetry Model
GRF NA 2.08 [1.05,3.12]

No GRF NA 2.10 [1.09,3.10]

Joint Model
GRF -5.95 [-7.50,-4.50] 1.92 [1.03,2.81]

No GRF -5.33 [-5.77,-4.88] 1.87 [1.03,2.70]
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The six models were also used to produce spatial predictions of the utilisation distribution,

as seen in Figure 4.23. The models without a GRF can only predict using the estimated effect

of the environmental covariate, so do not recover the true intensity surface. The inclusion of a

GRF in the models recovers the effect of the missing attraction to centre covariate, providing a

better prediction of the intensity surface.

(a) Survey (no GRF) (b) Telemetry (no GRF) (c) Joint (no GRF)

(d) Survey (GRF) (e) Telemetry (GRF) (f) Joint (GRF)

Figure 4.23: The predictions of the spatial distribution of intensity (i.e., a spatial representation
of the utilisation distribution surface) from (a) the survey model without a GRF, (b) the telemetry
model without a GRF, and (c) the joint model without a GRF; (d) the survey model with a GRF,
(e) the telemetry model with a GRF, and (f) the joint model with a GRF. The colour scale for
each plot follows a gradient of relative mean predicted intensity from low (blue) to high (yellow),
as interest is in relative differences across space and not absolute values.

The parameters of the estimated Gaussian random field from each of the models which con-

tained this effect are shown in Table 4.10. The estimated range of each field corresponds to the

scale of variation in the attraction to centre covariate (the length or breadth of half of the area of

interest, 50). This means that the scale of the source of unexplained correlation in the data has

been well estimated by the models. A spatial representation of the Gaussian random field was

predicted using each of the three models. This can be seen in Figure 4.24. The survey and joint

model capture the spatial distribution of the missing covariate well. There is a diagonal bias in
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the field predicted by the telemetry model, which is likely due to the distribution of the points

used by this model. However, this bias is largely corrected in the joint model.

Table 4.10: Posterior mean and 95% credible intervals for the estimated Gaussian random field
range and standard deviation. All values given are rounded to 2 decimal places.

Model Range 𝜌 Standard Deviation 𝜎

Survey Model 60.85 [26.23,129.60] 0.80 [0.48,1.28]
Telemetry Model 71.36 [24.49,170.52] 0.80 [0.31,1.62]

Joint Model 66.92 [31.67,133.17] 0.88 [0.53,1.42]

(a) Survey Model (b) Telemetry Model (c) Joint Model

Figure 4.24: The estimated Gaussian random fields from (a) survey model; (b) telemetry model;
and (c) joint model. The colour scale of all plots follows a relative gradient from low (blue) to
high (yellow), as interest is in relative differences across space and not absolute values.

Estimating a Local-range GRF

When attempting to recover the effect of the missing attraction to centre covariate, the telemetry

model does not return an accurate spatial distribution in the estimated field (although the scale

of the missing effect is well estimated). The poor recovery of the spatial distribution may be due

to the scale of variation in the covariate being a poor match to this type of data, which is better

suited to local scale effects. It is important to evaluate whether this may be the case, or whether

there may be an underlying flaw in the construction of this model feature and the telemetry model

is unable to accurately predict a spatial field.

Here, a GRF with a small-scale range is simulated and used to describe the true intensity

surface on which the movement simulation is based. The simulated environmental and attraction

to centre covariates were not included, so that the value of true intensity in each grid cell was

defined as
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𝜆(𝑥) = exp(𝛼 + 𝜓(𝑥)), (4.19)

where 𝛼 = −5 and 𝜓(𝑥) is a spatial Gaussian random field with Matérn covariance structure.

The range of the field is 𝜌 = 20 and the standard deviation is 𝜎 = 2.

The Langevin movement simulation as described in Section 4.3.1 was carried out using this

intensity surface, and the survey, telemetry, and joint models were fitted to the resulting datasets.

The parameters of the estimated Gaussian random field from each of the models are shown in

Table 4.11. The survey model estimates a field with a very wide range and low standard deviation,

indicating that the model estimates the field to have little impact on the spatial distribution of

survey data (see Section 1.6.3). In contrast, the telemetry model estimates a mean range and

standard deviation closer to the true values, with smaller associated 95% credible intervals. The

joint model provides the best estimate for the posterior mean range of the field.

Table 4.11: Posterior mean and 95% credible intervals for the estimated Gaussian random field
range and standard deviation. All values given are rounded to 2 decimal places.

Model Range 𝜌 Standard Deviation 𝜎

Survey Model 556.24 [24.80,3479.65] 0.16 [0.02,0.51]
Telemetry Model 55.66 [19.57,127.21] 0.78 [0.37,1.40]

Joint Model 34.09 [10.06,97.72] 0.44 [0.23,0.70]

The spatial distribution of the predicted fields can be compared to the new true field for this

example in Figure 4.25. The survey model performs poorly at recovering the spatial distribution

of the field. Excepting the effects introduced by the boundary condition in the simulation, which

cause an estimate of low relative intensity to be predicted at the edges of the spatial domain, the

telemetry and joint models recover the relative distribution of the field in space, with high points

in the lower left and upper right of the area. Overall, the models incorporating telemetry data per-

form better than the survey model at recovering the effects of the small scale field. This suggests

that the performance of the models at recovering the spatial field is linked to the comparability in

spatial scale between the field range and modelling level. However, more rigorous testing would

be required to understand the full impact of this effect, including a sensitivity analysis of model

parameters impacting the spatial domain (e.g., Γ).
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(a) True Field (b) Survey Model

(c) Telemetry Model (d) Joint Model

Figure 4.25: (a) The true Gaussian random field, and the estimated fields from (b) survey model;
(c) telemetry model; and (d) joint model. The colour scale of all plots follows a relative gradient
from low (blue) to high (yellow), as interest is in relative differences across space and not absolute
values.

4.4 Discussion
This chapter demonstrated the translation of the joint Langevin movement model presented by

Blackwell and Matthiopoulos (2024) into a version which could be implemented in the R-inlabru

software package. The simulated case study presented use of the modelling framework for infer-

ence and prediction, and demonstrated the strengths of the R-inlabru approach in terms of ac-

curacy, computational efficiency, and accounting for complex observation processes and missing

covariates. Overall, the R-inlabru implementation of the framework provides an advantageous

and accessible platform for inference using this joint modelling approach to data integration.

Although the approach presented in this chapter is similar to that introduced by Blackwell

and Matthiopoulos (2024), implementation in R-inlabru necessitated some alterations to the

method which could present limitations. In contrast to Blackwell and Matthiopoulos (2024),

the movement parameter Γ is fixed instead of being estimated in the model. This was done in

order to simplify the R-inlabru implementation of the method, as INLA would require a more

complex approach to handle having an unknown parameter in both the mean and variance of

the Gaussian likelihood (see Equation 4.1, noting that Γ is incorporated in the mean through the

drift term as described in Equation 4.2). In Blackwell and Matthiopoulos (2024), Γ is treated
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as a nuisance parameter, as the focus is on estimating habitat selection parameters 𝛽. As Γ is

not a parameter of interest for interpretation, fixing Γ to a appropriate value (optimally taken

from the data; such as average step-length) was deemed a reasonable limitation for the approach.

However, this does contrast with what has been described in the literature as best practice, as no

parameters describing movement (in terms of mobility) are estimated in the model (Avgar et al.,

2016). In future, an avenue of research interest would include performing a sensitivity analysis

to assess the impact of altering the value of the Γ parameter on model outputs.

A current limitation of both the approach presented by Blackwell and Matthiopoulos (2024)

and its translation to R-inlabru here, is that further development would be required for ap-

plications which require a spherical geometry. The current construction of the functions for

pre-processing the integration scheme to allow for a Gaussian random field to be incorporated

into the linear predictor of the telemetry likelihood are limited to𝑅2 manifolds. For applications

covering large enough distances so as to require the spherical nature of the Earth’s geometry to

be taken into account, the approach as currently implemented could not be used. However, this

is simply an area requiring further development, and not a definite restriction.

The joint modelling framework holds the assumption that the individuals included in the

telemetry study are randomly sampled from the same population as is observed in the survey

(Blackwell and Matthiopoulos, 2024). This can be an issue if telemetry data come from a subset

of the population with demographic traits that make the individuals easier to catch or tag, or if

certain individuals are more likely to be observed in the survey due to physical or behavioural

traits. It also assumes that the datasets are observed in the same temporal frame, such as season

or time of day. If this is not the case, differences in life history strategy or activity could trans-

late to differences in selection behaviour between the types of observation. If selection differs

systematically between the data streams, then the assumption that both datasets provide informa-

tion on the same selection process underlying the same utilisation distribution breaks down. The

R-inlabru implementation of the model enables extensions to account for differences in sam-

pling procedure, allowing the observation process to be modelled explicitly and so disentangling

its influence from selection behaviour. However, care must still be taken to ensure that sam-

pling has not created a systematic difference in the demography and life history of the sampled
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individuals between data types.

In relation to differences in sampling between telemetry and survey datasets, the results here

are demonstrated using a simulation study wherein telemetry and survey data have similar spatial

coverage. Whilst differences in spatial coverage between datasets would not present an issue with

this modelling framework (and actually constitutes an advantage of data integration), the support

lent from one dataset to another is related to the spatial coverage of each. As such, it would be

of interest to perform similar assessments to those presented here in a more realistic applied

scenario wherein the spatial coverage of survey and telemetry data are less similar.

Another potential limitation of the overall approach as presented by Blackwell and Matthiopou-

los (2024) and translated here, is that the movement model does not include directional persis-

tence. Although proximity to the location of the previous observation (in terms of Euclidean

distance) is taken into account, the direction in which the individual has been travelling is not.

This is in contrast to other commonly used approaches for movement modelling, such as the

GF-iSSA approach used in Chapter 3, which incorporates turning angles from previous steps

into the movement kernel (Arce Guillen et al., 2023). The joint Langevin movement model only

accounts for directional bias towards environmental stimuli (through the drift term), rather than

the tendency for animals to maintain the direction of previous movement steps. However, di-

rectional persistence is a widespread behavioural phenomenon that has been observed in many

animal groups, so it is of interest to replicate this behaviour for biological realism in movement

modelling (Duffy, 2010). An area of current development aims to improve the model through the

use of the underdamped Langevin process, which incorporates both drift towards the utilisation

distribution and directional persistence by using velocity (Michelot, 2024). Future advancements

of the R-inlabru implementation of the model could look to incorporating this approach.

In Blackwell and Matthiopoulos (2024) 𝛼 is treated as a nuisance parameter, and its interpreta-

tion (though possible using the approach presented there) is not explored. Here, the 𝛼 parameter,

or intercept term, included in the survey and joint models is used in the estimation of abundance.

In the common instance that not all individuals in a population are observed, but that sampling

effort is accounted for through the observation process (as in Section 4.3.6), 𝛼 can be used to

accurately estimate population abundance. Thus, applications of the framework are not limited
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solely to habitat selection estimation, and extend to other areas of interest in ecology. Imple-

mentation in the R-inlabru software package makes interpretation of this parameter simple, as

methods for estimating abundance from point process models like the survey model are already

established (e.g., Torney et al., 2023).

An advantage of the R-inlabru implementation of the joint Langevin movement model that

has not been explored here, but could provide an area of future development, is the introduction

of additional data streams. The joint likelihood construction could accommodate the integra-

tion of multiple forms of survey data, bringing in another area of interest for current research in

ecology: data integration for species distribution modelling (Miller et al., 2019; Altwegg et al.,

2025). This could provide the benefit of further balancing biases in detection and spatial distri-

bution for the survey data, by combining data from multiple sources, such as combining large

amounts of citizen science data with small but reliable structured survey datasets (Matthiopoulos

et al., 2022). Building this additional complexity into the modelling framework would increase

computational cost, and could potentially stretch the assumption that all data streams provide in-

formation on the same underlying population, but despite these limitations, provides a promising

avenue of future development.

4.5 Conclusions

The joint Langevin movement model enables the integration of data from multiple sources, to

improve estimates of long-term habitat selection. Telemetry tracking data from multiple in-

dividuals can be modelled simultaneously, combined with population-level survey data. This

method would be of practical benefit in many applied scenarios, where it is often of interest to

estimate overall population-level space use and habitat selection, as this is the scale at which

conservation measures can be implemented. However, the usability of the framework was ham-

pered by the lack of a user-friendly and computationally efficient method for detailed inference.

Previous implementation of the likelihood contained no method of incorporating complex obser-

vation structures or accounting for spatial autocorrelation in the data. Implementing the model

in R-inlabru places the likelihood into an accessible and computationally efficient framework

for approximate Bayesian inference, which allows for the inclusion of a Gaussian random field
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to account for spatial correlation, and contains multiple pre-existing methods for accounting for

spatially varying detection.
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5.1 Introduction

Chapter 3 compared different approaches to habitat selection modelling using R-inlabru at dif-

ferent levels of selection: RSA and SSA. In Chapter 4, an approach was developed to integrate

multiple data streams into a joint modelling framework in R-inlabru that combines these selec-

tion levels: the joint Langevin movement model. The following chapter focuses on a case study,

wherein the modelling framework proposed in Chapter 4 is applied to real data from a population

of semi-domesticated reindeer (Rangifer tarandus tarandus) in Northern Finland.

5.1.1 Understanding Space-Use in Semi-Domesticated Populations

For local and indigenous people in Northern Fennoscandia, reindeer husbandry is an important

cultural practice and source of income (Turunen et al., 2009; Rasmus et al., 2020). Reindeer

are considered to be a semi-domesticated species, and reindeer husbandry is generally charac-

terised by less intensive management as compared to the keeping of domesticated livestock. In

accordance with the Reindeer Husbandry Act (848/1990), semi-domesticated reindeer herds are

allowed to free-range with access to public and private lands. This free-ranging behaviour is a

necessity for the foraging requirements of semi-domesticated reindeer, but traditional husbandry

practices are threatened by a large number of competing land-uses in herding districts, including

predator conservation, industrial development, and forestry (Rasmus et al., 2020).

In Northern Finland, the protection and conservation of predator populations constitutes a

national aim, and thus coexistence with predators is encouraged (Rasmus et al., 2020). However,

this is a source of conflict, as growing predator populations have led to an increase in depredation

of semi-domesticated reindeer populations, impacting rural livelihoods and well-being. Reindeer

populations are often unguarded over long free-ranging periods, leaving them more susceptible to

predation than more intensively managed livestock (Mattisson, Odden, and Linnell, 2014). Mod-

els of reindeer movement, space-use and habitat selection can aid in understanding depredation

in both semi-domesticated and domesticated livestock populations. Mattisson, Odden, and Lin-

nell (2014) found domesticated livestock depredation to change in relation to reindeer population

densities, as semi-domesticated reindeer represent a preferential prey species for wild predators.
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Opposingly, Moa et al. (2006) suggest that depredation of domesticated and semi-domesticated

livestock is the result of chance encounters with predators. However, this still provides a moti-

vation for understanding the spatial distribution of semi-domesticated reindeer populations, as

changes in habitat selection behaviour and space-use could lead to increased chance-encounter

rates with predators.

Although semi-domesticated reindeer are in an early phase of domestication, they have been

shown to exhibit more relaxed fright and flight responses as compared to wild reindeer popula-

tions (Nieminen, 2013). Mitigation of livestock predation on semi-domesticated species requires

more intensive management, the labour cost of which can prove economically infeasible to rein-

deer herders (Mattisson, Odden, and Linnell, 2014). In addition, research by Nieminen (2013)

found evidence to suggest that the practice of supplementary feeding could cause a reduction

in the flight distances of semi-domesticated reindeer. This has a knock-on effect for population

response to anthropogenic disturbance or predation.

In addition to coexistence with predators, reindeer herders also face challenges posed by

competition for space-use with other land-use types such as forestry, mining, wind-power de-

velopment, and infrastructure (Horstkotte et al., 2023). Habitat fragmentation has led to a loss

in the overall quality of reindeer herding ranges, restricting the spatial area of available grazing

pastures and increasing the need for supplementary feeding practices (Lundqvist, 2007). Restric-

tions in the spatial area available to semi-domesticated reindeer populations can cause increased

grazing pressure on remaining pastures and lead to devastating impacts on a key food source

(lichen) through trampling (Pape and Löffler, 2016; Heggenes et al., 2017). Reduced movement

can also exacerbate infectious pressure of parasites on grazing livestock, increasing the risk of

parasitic infection in semi-domesticated reindeer populations, with implications for economic

loss (Waller, 2005).

Industrial development is expanding rapidly in Northern Fennoscandia, particularly with the

construction of wind turbines (Flydal et al., 2010). This has been found to alter the use of move-

ment corridors by semi-domesticated reindeer populations, and increase movement activity and

population fragmentation (Skarin et al., 2015). Demand for increased timber production in the

commercial forestry industry has also been found to impact reindeer habitat selection and space-
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use, as the availability of forage for reindeer is threatened by the introduction of exotic tree species

(Roturier et al., 2007; Horstkotte et al., 2023).

In response to the pressures of competing land-uses and livestock depredation, reindeer herders

are forced to employ more intensive management practices, such as supplementary feeding,

reducing the economic stability of traditional livelihoods. Understanding impacts of different

land-use types on reindeer movement, habitat selection, and space-use can aid in reducing land-

use conflict and lessen reliance on supplementary feeding by mitigating direct and indirect (be-

havioural) loss of grazing grounds (Horstkotte et al., 2023).

5.1.2 Scale Dependent Habitat Selection in Reindeer

Semi-domesticated reindeer have been found to show variations in movement, space-use, and

habitat selection behaviour over different spatial and organisational scales.

Skarin and Alam (2017) found that semi-domesticated populations of reindeer in Fennoscan-

dia demonstrated a multi-scale response to the disturbance created by industrial development. At

the regional scale, reindeer displayed an avoidance for wind farm construction sites, but at the

local scale a preference behaviour was exhibited. This complex multi-scale response may be due

to the overall avoidance of wind farms being excepted for the necessity of using a key migration

route at the local scale. In general, it demonstrates that habitat selection in semi-domesticated

reindeer can be scale-dependent.

Pape and Löffler (2016) have also linked semi-domesticated reindeer movement and space-

use to scale. In particular, they examine differences in selection behaviour at different organisa-

tional scales: the individual- and population-levels. In this comparison, reindeer were found to

exhibit scale-dependent selection behaviour.

Overall, the space-use of semi-domesticated reindeer populations is a balance between the

influences of herders and livestock, meaning that habitat selection can best be understood in

relation to movement decisions made at different spatial, temporal, and organisational scales

(Horstkotte et al., 2022).

170



CHAPTER 5. HABITAT SELECTION AND DISTRIBUTION OF A SEMI-DOMESTICATED POPULATION:
APPLICATION OF THE LANGEVIN DIFFUSION MOVEMENT MODEL

5.1.3 Case Study

This chapter explores the application of the joint Langevin movement model to real data in a

case study modelling movement, space-use, and habitat selection of semi-domesticated reindeer

in the Oraniemi herding district, Northern Finland. In particular, the effects of a large number

of competing land-use types on reindeer habitat selection are investigated during a period of

free-ranging.

5.1.4 Aims

This chapter aims to demonstrate the application of the joint Langevin movement model, which

incorporates a spatial point process formulation to represent the utilisation distribution, to esti-

mate habitat selection and space-use in a semi-domesticated population. It will:

1. fit 99 model variations using the survey, telemetry, and joint Langevin movement mod-

els as presented in Chapter 4 to estimate habitat selection parameters and predict spatial

distribution of a semi-domesticated population, using tracking data at the individual- and

population-levels;

2. demonstrate the use of a fixed parameter in a continuous-time movement modelling frame-

work to account for availability at the individual-level; and,

3. using the 99 models, investigate the impact of model complexity (in terms of number of

fixed and random effects, and number of data streams) on inference in terms of parameter

estimation and spatial prediction.

5.2 Methodology

5.2.1 Data Background

The study site for this analysis is the 3, 796𝑘𝑚2 region covered by the Oraniemi herding cooper-

ative, which is located over the Sodankylä (60%), Pelkosenniemi (15%) and Savukoski (25%)

municipalities in Northern Finland (Figure 5.1 (a)). Although the Oraniemi herding district

is a specifically designated area for reindeer herding with access to public and private land in
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accordance with the Reindeer Husbandry Act (848/1990), reindeer herders coexist with many

other land-uses. There is mining and active ore exploration in the area, including the Kevitsa

mine (visible in Figure 5.1 (b) as a grey/blue patch in the North West of the region) and the

Sakatti mine project (Lassila, 2021). There is also a population centre at the Western border: the

residential area of Sodankylä (Figure 5.1 (b)). Land-use is also shared with intensive forestry

(Kumpula, Colpaert, and Tanskanen, 2008). Of seven reindeer herding districts in Middle La-

pland, Oraniemi has been found to have the lowest proportions of lichen and arboreal lichen

pasture, but the highest proportions of dwarf shrubs, leaf and grass pastures (Kumpula et al.,

2006). This distribution of pasture types is likely due to impacts from the forestry industry

(Kumpula et al., 2006). As well as these pasture types, the area also contains large aapa mires,

indicated visually in Figure 5.1 (b) by the darker patches in the North (Koitelaiskaira) and South

(Luiro River, Kumpula, Colpaert, and Tanskanen, 2008). The area is bordered to the West by

the Kitinen river, as well as containing several smaller rivers and large lakes (Figure 5.1 (b)).

(a) Location (b) Land Uses

Figure 5.1: (a) Location of Oraniemi herding district, Northern Finland, (b) Satellite imagery of
land-use in Oraniemi herding district.
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Following the autumn and early winter slaughter season, the Oraniemi reindeer herding co-

operative contains up to 6000 reindeer, which includes females (∼ 78%), males (∼ 7%), and

calves (∼ 15%) (Kumpula, personal communication, 2025). Reindeer husbandry in the Oraniemi

district is usually conducted using a combination of corralling and supplementary feeding dur-

ing winter and periods of free-ranging in summer-autumn (Kumpula, Colpaert, and Tanskanen,

2008). Over the summer-autumn free-ranging period from May-October 2019, daily location

tracking data were obtained for 79 female reindeer (Rangifer tarandus tarandus) using GPS col-

lars. Adult females were tracked because this demographic makes up most of the herd and should

provide a representative sample of overall herd spatial distribution (Skarin et al., 2010). Data

were cleaned to remove any observations during periods wherein reindeer were gathered in round

corrals, leaving a total of 12 172 observations (Figure 5.2 (a)). For more details on GPS data

collection, with an example for the Ivalo region, see Anttonen, Jouko, and Colpaert (2011). As

reindeer have been shown to exhibit seasonal differences in habitat selection, and because rein-

deer movement is restricted by fencing in winter, only data collected over the summer-autumn

free-ranging period was used to ensure that the study was carried out over an ecologically relevant

temporal domain (Pape and Löffler, 2016).

5.2.2 Data Breakdown

Reindeer have been found to display a general synchronicity in movement behaviour, likely due

to a shared response to environmental stimuli (Pape and Löffler, 2016). This supports the as-

sumptions that (1) the sampled population of tagged individuals is spatially representative of

the overall distribution of the full population; and (2) individual movement is likely to describe

overall long-term preferences of the population. The joint Langevin movement model also in-

cludes the assumption that data streams provide observations of the same population (Blackwell

and Matthiopoulos, 2024). Therefore, under these assumptions, GPS tracking data were broken

down into ‘telemetry’ and ‘survey’ subsets, in order to take advantage of the benefit of estimating

habitat preference using data ‘collected’ at multiple organisational scales and to provide a case

study using the joint Langevin movement model for inference.

In the literature, studies modelling the movement of Arctic ungulates often use data from
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around 15-25 individuals (Pape and Löffler, 2015; Eftestøl et al., 2016; Serrouya et al., 2017;

Lesmerises, Johnson, and St-Laurent, 2018). Although, some use as few as 5-8 tracks (Mårell and

Edenius, 2006; Beyer et al., 2016), or as many as 36-40 (Dyer et al., 2001; Kumpula, Colpaert,

and Tanskanen, 2008). As part of this analysis, the number of telemetry tracks included in the

models were varied to assess the impact this has on inference. To create the telemetry subsets,

the GPS data were stratified by number of observations per individual, to give the most complete

tracks, and then split into 5-, 10-, 20-, and 30-individual subsets. The spatial distribution of the

original 79 tracks and the subsetted tracks can be seen in Figure 5.2.

(a) GPS Tracks (b) Surveys (c) 5 Individuals

(d) 10 Individuals (e) 20 Individuals (f) 30 Individuals

Figure 5.2: Distribution of GPS tracking data throughout study site. (a) distribution of all 79
tracks in telemetry dataset, (b) constructed ‘survey’ data, (c) 5-track subset of telemetry data,
(d) 10-track subset of telemetry data, (e) 20-track subset of telemetry data, (f) 30-track subset of
telemetry data. Colour scale in (b) represents different survey dates.

In addition to the telemetry subsets, the data were also processed to create artificial surveys
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of the overall distribution of the population. The tagged individuals are not assumed to represent

the overall number of individuals in the population, so abundance is not estimated, but they are

assumed to give an accurate representation of the population’s relative spatial distribution. Thus,

surveys of spatial distribution are created using an overall snapshot of the observed locations of

all tagged individuals at a given time point (day). The study duration covers 6 months over

the summer period, so conducting 1 survey per month gives 6 replicates with an even temporal

coverage. Some tracks contained missing observations, so not all individuals are observed on

all days. To ensure the most information is included in the surveys, the first day of the month

with the maximum number of individuals observed that month is used as the survey day. The

distribution of survey data can be seen in Figure 5.2.

The joint Langevin models combine both the survey data and one of the telemetry data sub-

sets. Therefore, one subset of observations needs to be removed from the other to ensure data

are not counted twice in the joint model. Removing the observations of the telemetry individuals

from the survey dataset alters the distribution of the point pattern in the survey data and creates

artificial ‘absences’ in the places where the telemetry individuals are (because in a point pro-

cess, both points and background information are fed into the model). To avoid this issue, but

still ensure the dataset is not artificially inflated by counting these observations twice, the survey

days are removed from the telemetry data instead. This simply creates some gaps in the telemetry

tracks (which the movement model can handle, because it is formatted in continuous-time) rather

than biasing the data. It also means that the joint models are fitted to exactly the same datasets

as the separate survey and telemetry models.

5.2.3 Covariates

Environmental conditions in the area are described using 9 land-use covariates. These were

developed using a guided classification system applied to Landsat-7 ETM+ satellite imagery

from 2001, to produce a 16𝑚2 resolution gridded representation of the herding district, with pixels

split into 17 land-use classes (Kumpula et al., 2006). Similar pasture classes were amalgamated

to summarise the classifications into 9 land-use types, and of these, 9 1𝑘𝑚2 resolution rasters were

produced, wherein each the value for each pixel was given by the proportion of 16𝑚2 pixels of
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a given land-use type it contained. For more information on the creation of land-use covariates,

see Kumpula et al. (2006). The spatial distributions of the 9 land-use covariates are given in

Figure 5.3. As the covariates are given as proportions of land-use type covering a given area,

their values are bound between 0 and 1. The mining areas and population centre are contained

within the Infrastructure covariate.

For the purposes of this analysis, it is assumed that the distribution of these land-use types,

and the within-season habitat preferences of reindeer remain stable over time.

The smoothing and gradient transformations as described in Chapter 4 Section 4.2.2 were

applied to each of the 9 land-use covariates as a pre-processing step for the telemetry models.

The diffusivity parameter Γ should be related to animal mobility, and so here was calculated

using the mean daily step length from the telemetry dataset with 30 individuals, which resulted

in a value of Γ = 2𝑘𝑚.
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(a) Agricultural Land (b) Arboreal Lichen Pasture (c) Bare Mountain

(d) Dwarf Shrubs and Grass (e) Infrastructure (f) Lichen Pasture

(g) Mires and Fens (h) Sand and Gravel (i) Water

Figure 5.3: Spatial distribution of land-use covariates. Colour scale is on a gradient of 0 (blue)
to 1 (yellow), indicating the proportion of the 1km×1km pixel covered by this land use type.
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5.2.4 Modelling Strategy

The survey, telemetry and joint Langevin movement models as described in Chapter 4 were

fitted to various combinations of the processed data. A telemetry and joint model were fitted

to each of the subsets of the telemetry data (5-, 10-, 20-, and 30-individuals). The joint models

also incorporated the survey data as an additional data stream, and a separate survey model

was fitted to this data. This resulted in a set of 9 core multivariable models (4 telemetry, 1

survey, and 4 joint) of which further permutations were fitted, for comparison. As described in

Chapter 4, the survey, telemetry and joint models all share the same formulation for the predictor

of the utilisation distribution (and in the joint model, estimation of selection parameters is shared

across likelihoods). For this initial set of 9 multivariable models, the predictor for utilisation

distribution, as described in Equation 4.3, can be written as

𝜂(𝑥) =
9
∑

𝑘=1
𝛽𝑘𝑐𝑘(𝑥), (5.1)

where for 𝑘 ∈ {1, ..., 9}, 𝑐𝑘(𝑥) represent each of the 9 land-use covariates, and 𝛽𝑘 represent the

estimated selection parameters.

Another set of 9 models were fitted with a Gaussian random field included in the predictor

for the utilisation distribution. These 9 models share a description of the predictor which can be

written as

𝜂(𝑥) = 𝜓(𝑥) +
9
∑

𝑘=1
𝛽𝑘𝑐𝑘(𝑥), (5.2)

where 𝜓(𝑥) represents a spatially structured Gaussian random field. PC-priors were set for the

parameters of the field, using 𝑃 (𝜌 < 5) = 0.01 for the range parameter and 𝑃 (𝜎 > 2) = 0.01 for

the standard deviation (see Section 1.6.3).

In addition to the 18 multivariable models, 81 univariable versions of the models were fitted:

a set of 9 models for each of the 9 fixed effects. For each of these models, the predictor can be

described as
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𝜂(𝑥) = 𝛽𝑘𝑐𝑘(𝑥), (5.3)

where only one of the 9 land-use covariates is included. These models were included to provide

comparison against the more complex (and therefore less interpretable) multivariable models for

each estimated effect.

This resulted in a total modelling strategy of 99 models, producing 27 posterior estimates for

each of the 9 land-use covariates. The modelling strategy is summarised in Table 5.1, which also

provides the running times for each of the 18 multivariable models and an example subset of 9

of the univariable models. Similar to Chapter 3, this chapter aims to explore the behaviour of

this modelling framework under a range of conditions in an applied context, which is why such

a large number of models were analysed here.

As can be seen in Table 5.1, most of the models ran in an efficient timeframe. Although,

incorporation of a GRF into the predictor increased model running times; the multivariable joint

model with a GRF took approximately 4.23 hours to run, whereas its equivalent without a GRF

only had a running time of 53.41 seconds. For this reason, and because a GRF would replicate

the effects of the missing covariates in the univariable models, the option of a GRF was only

included for the 9 multivariable models, and not the 81 univariable models.

An IID random effect was also included in the survey models, to account for variations in

month that survey data were collected. As this model component was not of interest for inter-

pretation, and to improve computational efficiency, the IID random effect was set to have a fixed,

high variance.

As the survey model was fitted as a log Gaussian Cox process (LGCP), it incorporated a

Delaunay mesh triangulation in order to represent continuous-space. The mesh resolution should

be at least fine enough to capture variation in covariate values over space, so the mesh was

specified with a resolution which matched the covariate grain of 1𝑘𝑚×1𝑘𝑚 (Lindgren, Rue, and

Lindström, 2011).

All analysis was carried out using R version 4.5.1 (R Core Team, 2025), R-INLA version

25.06.22-1 (Rue, Martino, and Chopin, 2009), and R-inlabru version 2.12.0.9022 (Bachl et al.,
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2019) with a 2.4-3.2GHz 10C processor (384GB RAM).

Table 5.1: The running times (in seconds, rounded to 2 decimal places) for each of the 18 mul-
tivariable models, and one set of 9 of the 81 univariable models (Lichen Pasture covariate).

Model Predictor Individuals Running Time (seconds)

Multivariable Survey Model
GRF 8847.22

No GRF 21.44

Multivariable Telemetry Model

GRF

5 168.10
10 232.30
20 342.75
30 430.28

No GRF

5 11.40
10 14.50
20 17.71
30 18.39

Multivariable Joint Model

GRF

5 10297.15
10 4525.85
20 33541.38
30 15233.31

No GRF

5 49.67
10 41.08
20 103.41
30 53.41

Univariable Survey Model No GRF 38.02

Univariable Telemetry Model No GRF

5 11.27
10 9.84
20 11.29
30 26.92

Univariable Joint Model No GRF

5 53.17
10 33.19
20 39.32
30 117.69
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5.3 Results
The estimated posterior mean effects of the 9 land-use variables can be interpreted as habitat

selection parameters, wherein a positive effect indicates preference for a given habitat type and a

negative effect indicates avoidance. Here, results are presented visually in Figures 5.4, 5.5, and

5.6. Numeric values associated with these figures can be found in Appendix C.

The estimated posterior mean effects of reindeer habitat selection of 9 land-use variables are

compared across the 9 multivariable models which did not contain a random field in Figure 5.4,

with values provided in Table C.1. For all land-use types, the strength and direction of estimated

effect contrasted between survey and telemetry models. Models fitted to the survey data alone es-

timated a negative mean effect of arboreal lichen pasture, dwarf shrubs and grass, infrastructure,

mires and fens, and water. Conversely, the 4 models fitted to varying subsets of the telemetry

data alone estimated a positive mean effect of agricultural land, dwarf shrubs and grass, lichen

pasture, mires and fens, sand and gravel, and water.

Number of individuals included in the telemetry dataset also impacted estimation of habitat

selection parameters. In the case of bare mountain and infrastructure, a positive mean effect was

only estimated by the telemetry models fitted to data from a larger number of individuals, with

models fitted to data from fewer individuals estimating a 95% credible interval which contained

0 (Figure 5.4).

The direction of posterior mean estimates for habitat selection parameters from the joint

models containing both data streams were varied, concurring with the survey data for agricultural

land and lichen pasture with a 95% credible interval containing 0, and a negative effect of water

(Figure 5.4). In the case of arboreal lichen pasture, dwarf shrubs and grass, infrastructure, mires

and fens, and sand and gravel, the significance of the estimated effect from the joint models varied

with number of individuals included in the telemetry dataset.

The most unusual result appears for the bare mountain covariate, wherein the joint models

estimate a negative effect, but the survey and telemetry models estimate a positive effect or a

95% credible interval concentrated around 0 (Figure 5.4).
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Figure 5.4: Estimated posterior mean and 95% credible intervals for effects of each of the 9 land-
use covariates from the 9 multivariable models (without a GRF). Zero is indicated by a dashed,
vertical line. Colour scale indicates the contents of the 95% credible interval: red = 95% CI
entirely below 0, grey = 95% CI contains 0, and blue = 95% CI entirely above 0. Shape indicates
the modelling framework: triangle = survey, circle = telemetry, and square = joint.

Figure 5.5 provides a visual representation of posterior mean estimates of the effect of land-

use variables from the 81 univariable models (see Table C.2 for values).

Posterior mean estimates of habitat selection parameters from the 81 univariable models often

differed in effect size and direction to the estimates made by their corresponding multivariable

models, particularly in the case of the models fitted to telemetry data only. For example, most

multivariable telemetry models estimated a positive effect of infrastructure (Figure 5.4), but cor-

responding univariable models estimated a negative effect.
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Figure 5.5: Estimated posterior mean and 95% credible intervals for effects of each of the 9
land-use covariates from the 81 univariable models. Zero is indicated by a dashed, vertical line.
Colour scale indicates the contents of the 95% credible interval: red = 95% CI entirely below 0,
grey = 95% CI contains 0, and blue = 95% CI entirely above 0. Shape indicates the modelling
framework: triangle = survey, circle = telemetry, and square = joint.

For some models, the 95% credible interval for a land-use variable was estimated to contain 0

by the multivariable models, but was estimated to be entirely above or below 0 by the univariable

models. For example, the multivariable survey model produced a 95% credible interval contain-

ing 0 for agricultural land, but the corresponding univariable model estimated this variable to

have a negative effect with a 95% credible interval entirely below 0 (Figures 5.4 and 5.5).
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The impact of number of individuals in the telemetry data on posterior mean estimates from

the telemetry and joint models was less regular for the univariable models compared to the multi-

variable models. For example, in the case of dwarf shrubs and grass and infrastructure, increasing

the number of individuals in the telemetry data resulted in a loss of significance in the posterior

mean estimate from the telemetry models (Figure 5.5). Alternatively, in the case of arboreal

lichen pasture, a negative effect with 95% credible interval below 0 was only estimated for the

joint models fitted to the 10- and 20-individual telemetry data subsets, and the 95% credible

interval contained 0 for those fitted to the 5- and 30-individual data.

For the group of univariable models, each joint model always estimated an effect direction

which concurred with either the estimate of the survey-only model, or its corresponding telemetry

model. In the univariable models, the bare mountain covariate was estimated to have a negative

effect in the telemetry and joint models, whereas in the survey model the 95% credible interval

contained 0 (Figure 5.5).

Posterior mean estimates of habitat selection parameters from the multivariable models con-

taining a Gaussian random field (GRF) in the linear predictor are plotted in Figure 5.6. Values

can be read in Table C.3.

In several cases, incorporation of a GRF in the linear predictor resulted in a loss of sig-

nificance for estimated habitat selection parameters. For example, the effect of arboreal lichen

pasture was estimated to be negative in the multivariable and univariable survey models without

a GRF (Figures 5.4 and 5.5) but the 95% credible interval contained 0 in the corresponding model

that contained a GRF (Figure 5.6). Contrastingly, the joint model fitted to telemetry data from

10 individuals estimated a positive effect with 95% credible interval above 0 for agricultural land

(Figure 5.6), whereas the corresponding model without a GRF produced a 95% credible interval

which contained 0 (Figure 5.4).

184



CHAPTER 5. HABITAT SELECTION AND DISTRIBUTION OF A SEMI-DOMESTICATED POPULATION:
APPLICATION OF THE LANGEVIN DIFFUSION MOVEMENT MODEL

Figure 5.6: Estimated posterior mean and 95% credible intervals for effects of each of the 9 land-
use covariates from the 9 multivariable models containing a GRF. Zero is indicated by a dashed,
vertical line. Colour scale indicates the contents of the 95% credible interval: red = 95% CI
entirely below 0, grey = 95% CI contains 0, and blue = 95% CI entirely above 0. Shape indicates
the modelling framework: triangle = survey, circle = telemetry, and square = joint.
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Table 5.2 contains the posterior estimated mean values for the range and standard deviation

parameters of the GRF. The survey model, joint models, and the telemetry model fitted to data

from 5 individuals all produced an estimated range of around 4km, whereas the telemetry models

fitted to data from more individuals estimated a GRF with a smaller range. Despite strong priors,

the telemetry models estimated a GRF with a high standard deviation. The GRF produced by the

survey and joint models had a comparatively lower standard deviation. This may be an indication

of similar issues to estimating the random field as discussed in Chapter 4. The relationship

between parameter values (such as the fixed Γ parameter), spatial scale of fixed and random

effects, and the performance of the model in terms of predicting the spatial distribution of the

random field constitutes an area of interest for future research.

Table 5.2: Posterior mean and 95% credible intervals for the estimated Gaussian random field
range and standard deviation predicted from the 10 multivariable models with a GRF. All values
given are rounded to 2 decimal places.

Model Individuals Range 𝜌 Standard Deviation 𝜎

Survey
3.71 0.65

[3.71,3.71] [0.65,0.65]

Telemetry

5
4.1 6.01

[2.52,6.45] [4.93,7.21]

10
1.92 8.7

[1.2,2.88] [6.52,11.47]

20
1.35 7.48

[1.23,1.48] [6.8,8.23]

30
1.43 6.4

[0.79,2.41] [3.89,9.92]

Joint

5
4.02 0.77

[4.02,4.02] [0.77,0.77]

10
4.3 0.95

[3.67,5.02] [0.83,1.07]

20
4.37 1.05

[4.36,4.37] [1.05,1.05]

30
4.47 1.19

[4.47,4.47] [1.19,1.19]
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The spatial distribution of the predicted fields from the survey model and the telemetry and

joint models fitted to data from 30 individuals are shown in Figure 5.7. The survey model esti-

mates a relatively smooth field, whereas the telemetry model estimates clustering at a much finer

scale. The estimated GRF from the joint model represents a balance of the two.

(a) Survey (b) Telemetry (c) Joint

Figure 5.7: Posterior estimated Gaussian random fields from the multivariable (a) survey model,
(b) telemetry model with 30 individuals, and (c) joint model with 30 individuals. Colour scale
follows a relative gradient of log mean intensity from low (blue) to high (yellow), as interest is
in relative differences across space and not absolute values.

Figure 5.8 demonstrates a spatial representation of the utilisation distribution from the multi-

variable survey, 30-individual telemetry, and 30-individual joint models with and without a GRF.

For the telemetry and joint models which contain a GRF, this is highly influential in predicting

space-use (as visible by the comparison of spatial predictions to the spatial representation of the

field in Figure 5.7). On the other hand, the survey model which contains a GRF predicts a utilisa-

tion distribution which is balanced in the influence of the GRF and fixed effects. For the models

which did not contain a GRF, the prediction from the joint model mirrors influences from both

the survey and telemetry predictions.
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(a) Survey (b) Telemetry (c) Joint

(d) Survey (GRF) (e) Telemetry (GRF) (f) Joint (GRF)

Figure 5.8: Posterior predicted spatial distribution of the utilisation distribution from the multi-
variable (a,d) survey models, (b,e) telemetry models with 30 individuals, and (c,f) joint models
with 30 individuals. Predictions in the first row (a-c) were produced from models which did not
contain a GRF, and predictions in the second row (d-f) were produced from models which did
contain a GRF. Colour scale follows a relative gradient of log mean intensity from low (blue) to
high (yellow), as interest is in relative differences across space and not absolute values.
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5.4 Discussion

The way in which data were subsetted resulted in windows of insight into habitat selection at

different organisational scales (Figure 5.2). The survey data contained the locations of all in-

dividuals as a representative sample of the overall population distribution. Contrastingly, the

telemetry data subsets contained fewer individuals, so gave a more fine-scale insight into local

habitat selection.

Heterogeneity in covariate values occurs at very different spatial scales for the different land-

use covariates (Figure 5.3). Most of the land-uses which represent available forage for reindeer

(arboreal lichen pasture, dwarf shrubs and grass, and mires and fens) occur throughout the study

domain with fine-scale heterogeneity. However, other land-use types (agricultural land, bare

mountain, and sand and gravel) follow a different spatial structure characterised by large areas

of homogeneity where the land use type is absent (i.e., a 0 value on the covariate scale). The

remaining land-uses (infrastructure, lichen pasture, and water) follow a spatial structure that

falls somewhere between these extremes. The impact of this unusual spatial structure on the

survey models can be observed in the estimated 95% credible intervals, which are much wider

for agricultural land, bare mountain, infrastructure, and sand and gravel, indicating a higher level

of uncertainty in these estimated effects (Figure 5.4). The spatial scale of covariate structure is

likely to influence inference differently for the models analysed at different organisational scales.

Survey models aim to infer large-scale trends in overall spatial distribution, whereas telemetry

models investigate habitat variables as a function of small-scale local movement.

In the multivariable models, there is a clear difference in the estimated direction of effect be-

tween the survey and telemetry models for covariates with small- and intermediate-scale hetero-

geneous structures (dwarf shrubs and grass, infrastructure, mires and fens, and water, Figures 5.4

and 5.6). For all of these covariates, the survey model estimates a negative effect, indicating habi-

tat avoidance, whereas the telemetry models estimate a positive effect, indicating habitat pref-

erence. This may be due to the difference in organisational-scale at which the models evaluate

habitat selection; the individual-level telemetry models indicate a preference for these land-uses

at the local scale, but the survey models find a negative relationship between these covariates
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and the overall spatial distribution of the population. This disparity between the individual- and

population-level models can also be explained when considering that reindeer space use is sub-

ject to different restrictions at macro- and micro-scales: reindeer herders are likely to have more

influence on selection of regional areas, whereas fine-scale movement decisions are more likely

to be influenced by reindeer foraging behaviour (Horstkotte et al., 2022).

Estimated effect strength and direction often differed for the same land-use covariate between

the multivariable and univariable models. This result demonstrates that the inclusion of a large

number of covariates in habitat selection models can reduce model interpretability, as estimates

of the strength and direction of covariates are influenced by the presence of other fixed effects.

Existing literature has found reindeer movement to be subject to the effect of complex interac-

tions between variables, which were difficult to detect when examining responses independently

(Valente et al., 2020). This may explain strange results inferred from the joint multivariable

models when compared to the survey and telemetry models. In particular, in the multivariable

model (Figure 5.4) the bare mountain covariate is estimated to have a negative effect by the joint

models, but this estimated habitat avoidance is not reflected in the telemetry or survey model

estimates. This is not the case in the corresponding univariable models (Figure 5.5), where the

joint models also estimate a negative effect, but this estimated habitat avoidance is reflected in

the estimates of the telemetry models. Generally, the joint models tended to provide a more con-

sistent estimate of the strength and direction of effects between the multivariable and univariable

models, as compared to the survey and telemetry models which often estimated a different result

dependent on the number of fixed effects in the models. This represents an advantage of the joint

modelling approach, in that it can borrow strength across datastreams to produce more consistent

estimates as compared to models carried out at a single organisational scale. However, it also

presents a disadvantage, in that when many fixed effects are evaluated, some interpretability is

lost in this complex model structure.

Due to the nature of the land-use covariates used in this analysis, the model suffers from per-

fect multicollinearity, introducing identifiability issues and potentially unstable estimates. Future

research could involve reformulation of the predictor, such as removing one of the spatial covari-

ates, to eliminate this issue.
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In the joint Langevin movement model, a diffusivity parameter is used to represent availability

restrictions (Chapter 4). This was defined using empirical measures of step-length, in a similar

fashion to Chapter 3. This resulted in a value for this parameter (2km) which was close to the

spatial resolution of the environmental variables and the Delaunay mesh triangulation (1𝑘𝑚2),

and so may account for the highly localised effect of the estimated Gaussian random field in

the telemetry model (Figure 5.7). Existing literature has found reindeer movement rates to be

dynamic, changing in response to external stimuli, and potentially more wide-ranging than is

considered here (Skarin et al., 2010). It has also been found that using step-lengths generated

from coarse-frequency tracking data can lead to an underestimation of mobility (Mills, Patterson,

and Murray, 2006; Johnson and Ganskopp, 2008; Davis et al., 2011; Mccann et al., 2021). The

representation of availability in the telemetry models may therefore be overly constrained, or

oversimplified given the 6-month duration of the observational period and the dynamic nature of

reindeer movement behaviour. A potential avenue for future research would be to investigate the

impact of changing the value assigned to the diffusivity parameter on habitat selection inference

in this framework.

Inclusion of a Gaussian random field in the models caused a loss of significance for many of

the estimated effects of land-use covariates (Figure 5.6). This may have been due to spatial con-

founding, as the spatial scale of the random field was estimated to be small in all of the models

(Table 5.2), so may have accounted for the small-scale variation in spatial structure that would

otherwise have been explained by the heterogeneous fixed effects (Illian et al., 2014). This also

resulted in reduced interpretability in predictions of overall reindeer spatial distribution from

these models (Figure 5.8). Existing literature has found the main drivers of reindeer habitat se-

lection to be elevation; vegetation; insect harassment; and anthropogenic disturbance, which are

respectively accounted for through the bare mountain; arboreal lichen pasture, dwarf shrubs and

grass, lichen pasture, and mires and fens; sand and gravel; and infrastructure land-use covariates

included here (Skarin et al., 2010; Pape and Löffler, 2016). A possible effect not accounted for

via fixed effects here is the impact of predator species, which have been found to have a strong

influence on reindeer movement behaviour via depredation (Sunde et al., 2000; Moa et al., 2006;

Mattisson, Odden, and Linnell, 2014; Rivrud et al., 2018; Rasmus et al., 2020). It may not be
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possible to account for this effect via a spatial random field if its spatial scale is similar to that

of the other fixed effects, as is seen here. However, an avenue of future research could be to

investigate the incorporation of a larger scale effect, or to account for predator densities through

an additional data stream (as in joint species distribution modelling, Sadykova et al., 2017).

For the models which did not contain a Gaussian random field, and therefore predicted the

utilisation distribution using only fixed effects, overall predictions of spatial distribution differed

between models fitted to different data streams (Figure 5.8). Negative effects of water and in-

frastructure are visually evident in the prediction from the survey model characterised by large

dark spots in the West of the region, related to large lakes and the Kevitsa mining area (see Fig-

ures 5.3 and 5.1). The telemetry prediction is strongly characterised by the effect of variables

representing available forage such as mires and fens and dwarf shrubs and grass. This aligns with

existing literature which suggests small-scale reindeer habitat selection is determined by forag-

ing behaviour (Horstkotte et al., 2022). Although infrastructure and water are predicted to have a

positive effect in the telemetry models (Figure 5.4), the spatial prediction provides an interpreta-

tion of these estimates in relation to other estimated effects, so large lakes and the Kevitsa mining

area are still estimated to be areas of lower relative mean intensity overall. The prediction from

the joint model estimates a lower relative mean intensity for areas with high proportions of water,

but is largely characterised by influence of the lichen pasture covariate. This is initially surprising

given that the 95% credible interval for the effect of lichen pasture contained 0 in this model, but

is more interpretable when the effect is viewed in relation to the other covariates. The only 95%

credible intervals which did not contain 0 estimated in this model were for those covariates with

an unusual spatial structure where higher proportions of the land-use type are found in very small

areas in a few locations in the district. Since this makes the effect of these covariates difficult

to detect visually in the prediction map, the lichen pasture effect seems more apparent. These

differences between predictions made from the joint model and its requisite parts suggest that

integrating multiple data streams in multivariable model is not simply a combination of the esti-

mated effects from each organisational scale, but provides an alternative viewpoint supported by

a larger amount of data. Spatial predictions and habitat selection estimates need to be combined

and considered in relation to all fixed effects included in the model, to gain a full understanding
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of model outputs.

5.5 Conclusions
This chapter demonstrated the application of the joint Langevin movement modelling framework

in R-inlabru that was developed in Chapter 4 to real data. The survey, telemetry, and joint

models were fitted to tracking data of semi-domesticated reindeer, to provide an understanding

of habitat selection in a multi-use landscape. Variations in model type, number of individuals,

and model components resulted in a modelling strategy of 99 models, which were compared in

terms of selection parameter estimation. Models were also used to generate predicted spatial

distributions for the overall reindeer population, and the effects of including a Gaussian random

field in the linear predictor were investigated.

This work represents the first application of the R-inlabru formulation of the joint Langevin

movement model to real data, and so is the first time individual-level habitat selection has been

modelled in a continuous-time framework which uses INLA for inference.

The scale of spatial heterogeneity in environmental covariates influenced the significance of

estimated effects differently between the survey and telemetry models, suggesting that the per-

formance of models formulated for different organisational scales is likely related to the spatial

structure of environmental covariates. Including a Gaussian random field in models to account

for unexplained spatial structures in the data appeared to incur issues with overfitting or spatial

confounding, and led to less interpretable predictions of species distribution. These effects were

also likely linked to the spatial scale of heterogeneity in habitat variables, and may have been

dependent on the representation of availability in the models. This chapter also demonstrated

the benefit of joint modelling in borrowing strength across data streams to provide stable habi-

tat selection parameter estimates, but that behaviour of complex joint models can be difficult to

interpret when a large number of fixed effects are included in the predictor. Overall these re-

sults suggest that interpretability in complex models can depend on the spatial structure of fixed

effects, and their scale in relation to model and random effect parameters.
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The main aim of this thesis was to explore the use of joint likelihood spatio-temporal point

process models in the study of animal movement and habitat selection. This was motivated by the

definition of point process models as a unifying framework in habitat selection and species dis-

tribution modelling (Miller et al., 2019; Matthiopoulos et al., 2022), the emergence of joint like-

lihood methods as a central theme in quantitative ecology (Altwegg et al., 2025), and the need to

demonstrate usage and applications of fitting these complex models to ecological data (Illian and

Burslem, 2017). Throughout the thesis, the central method of joint likelihood spatio-temporal

point process modelling was investigated at varying spatial, temporal, and organisational scales;

using different data types and model formulations; and with applications in different areas of ecol-

ogy, such as reintroduction biology, agriculture, and management of semi-domesticated species.

Key themes of availability, model complexity, and spatio-temporal scale were explored through-

out.

In Chapter 2, models of varying complexity were used to evaluate a spatio-temporal marked

point process approach to predicting population spread of a reintroduced population of Eurasian

crane (Grus grus). Presence-absence (occupancy) data collected using a preferential sampling

framework at a coarse temporal scale were analysed. The joint structure of the model allowed

for the simultaneous modelling of underlying distribution of habitat patch locations, alongside

occupancy data in a marked point process framework. Ecological processes impacting data dis-

tribution were accounted for through the inclusion of spatial and spatio-temporal random effects.

In Chapter 3, a spatio-temporal step-selection framework utilising point process methodology

(GF-iSSA, Arce Guillen et al., 2023) was compared to a spatial point process resource selection

model. Analysis was performed using presence-only tracking data of three breeds of cattle (Bos

taurus) on a Swiss Alpine farm. A bespoke integration scheme was created, in order to account

for additional restrictions in habitat availability imposed by this new application of GF-iSSA.

Joint modelling was incorporated in the step-selection models, wherein the joint likelihood en-

abled shared parameter estimation from the tracks of multiple individuals. Comparisons were

made between covariate spatial scales and tracking data temporal frequencies, to investigate the

impact of data granularity on inference of habitat selection parameters and model fit.

Chapter 4 introduced a new method for performing inference using the joint likelihood ap-
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proach for modelling tracking and survey data, the joint Langevin movement model (Blackwell

and Matthiopoulos, 2024). The model was translated for implementation in the R-inlabru

framework, using the INLA method for inference (Rue, Martino, and Chopin, 2009; Bachl et

al., 2019; Van Niekerk et al., 2023). Varying advantages of this were demonstrated, including:

incorporation of spatially varying detection probabilities in the survey likelihood; computation-

ally efficient estimation of parameter values and spatial predictions; and accounting for spatial

autocorrelation through the inclusion of a Gaussian random field in the predictor. The joint

model demonstrated here combines multiple data streams at different organisational, spatial, and

temporal scales. The utilisation distribution connecting the different likelihoods was modelled

using spatial point process methodology.

Finally, Chapter 5 demonstrated the application of the approach developed in Chapter 4 to

real data, modelling habitat selection of a semi-domesticated population of reindeer (Rangifer

tarandus tarandus). Here, comparisons were made between models with multiple data streams

and models with a single data stream; datasets of varying size; and different predictor component

combinations. The use of a spatial random effect to account for unknown sources of spatial

autocorrelation was investigated.

All of the analysis performed in this thesis (except for the JAGS comparison in Section 4.3.5)

was carried out using the INLA method for inference (Rue, Martino, and Chopin, 2009). Models

were fitted in the accessible software package R-inlabru. Utilisation of these frameworks for

modelling and inference allowed the analyses demonstrated here to be relatively computationally

efficient, and accessible for use in applied ecological contexts (Illian and Burslem, 2017). The

case studies presented in this thesis therefore provide a demonstrative review of the applied usage

of joint likelihood spatio-temporal point process models in understanding animal space-use and

habitat selection. The remainder of this chapter contains a discussion of the methods and results,

in the context of the key themes of availability, model complexity, and scale; suggestions for

future research; and final closing remarks.
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6.1 Discussion of Methods and Results

6.1.1 Availability

One of the aims of this thesis was to explore different ways to define availability in models

of habitat selection. This was achieved by using different methods relevant to the modelling

approaches presented in each chapter. These methods, and their varying impact on results, are

discussed further here.

In Chapter 2, availability was defined through the incorporation of spatial and spatio-temporal

random effects in a marked point process modelling structure. Formulating the model as a marked

point process enabled any underlying spatial correlation structures in the distribution of habitat

(wetlands) to be accounted for through a spatial random field (𝐺(𝑠)), allowing the distribution

of crane presence, independent of wetland distribution, to be modelled and interpreted. In addi-

tion, restrictions in population dispersal ability were estimated using a spatio-temporal random

field (𝑀(𝑠, 𝑡)). This model structure resulted in more realistic predictions of population spa-

tial distribution that incorporated restrictions in dispersal ability, and the density of available

habitat patches (Figure 2.5). The spatial distribution of the random fields as seen in Figure 2.4

demonstrates their role in restricting spatial predictions: had these random effects not been in-

corporated, estimates of species distribution would have likely extended beyond the population’s

current range. However, the data, which were characterised by a relatively stable distribution

with a high proportion of absences, as is typical of early reintroduction data, proved to be in-

sufficient in supporting the estimation of a complex component which modelled correlations in

spatial distribution over time. This therefore demonstrates the limitation of using complex ran-

dom effects to account for underlying ecological processes impacting availability.

Chapter 3 investigated description of availability at a different organisational scale, the individual-

level of selection. In this approach, availability was accounted for through the creation of a be-

spoke integration scheme, which accounted for both animal mobility and physical barriers to

movement. Animal mobility was defined using the average maximum distance from the empir-

ical distribution of step-lengths, which was then used as the radius for the circular domain of

availability. Domains of availability at each timestep were then cropped to paddock boundaries,
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so also incorporated geographical inaccessibility. Using this approach, empirical estimations of

step-length plateaued at coarser temporal resolutions, which may be indicative of a phenomenon

wherein animal mobility is underestimated when temporal frequency is reduced (Mills, Patter-

son, and Murray, 2006; Johnson and Ganskopp, 2008). Results showed that posterior estimates

of habitat selection parameters from SSA models were more highly influenced by temporal fre-

quency as compared to the relatively impervious (though simplistic) RSA approach, which de-

fined only physical restrictions on availability (paddock boundaries) and not animal mobility

(Figures 3.8-3.11). This suggests that inferences are likely to be dependent on the definition of

availability, which is intrinsically linked to temporal frequency, and as has been found in ex-

isting literature (Matthiopoulos et al., 2020). It would be of interest to investigate further how

different variations of radius of domain of availability impact inference given a constant temporal

frequency, in order to disentangle this effect.

In the joint Langevin movement model presented in Chapter 4, availability is incorporated

through the definition of a diffusivity parameter (Γ), related to animal mobility. This is included

directly in the model formulation, and in relation to the scaling parameter of the Gaussian smooth-

ing kernel used in covariate transformations. In the original framework proposed by Blackwell

and Matthiopoulos (2024) this parameter is estimated in the model, although treated as a nui-

sance parameter. In order to implement the model in R-inlabru, a simplification requiring this

parameter to be fixed was used. This misaligns with existing guidance on best practice, as move-

ment parameters are not estimated in the model (Avgar et al., 2016). However, the role of the

diffusivity parameter in this framework is twofold: (1) as a necessary inclusion in the smoothing

kernel due to the use of the Euler-Maruyama approach to approximate the process in discrete-

time; and (2) as a biological representation of availability. Therefore, if the parameter were to be

estimated in the model, its interpretation would be difficult, as these separate roles would need to

be disentangled. Future development of this model could incorporate adjustments to allow the

estimation and interpretation of this parameter.

In Chapter 5, the R-inlabru formulation of the joint Langevin movement model is applied to

real data. In this chapter, the diffusivity parameter was defined using empirical measures of step-

length, in a similar fashion to Chapter 3. This resulted in a value for this parameter (2km) which
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was close to the spatial resolution of the environmental variables (1𝑘𝑚2), and so may account for

the highly localised effect of the estimated Gaussian random field in the telemetry model (Fig-

ure 5.7). In this chapter, estimates of habitat selection parameters were found to generally differ in

strength and direction between the survey and telemetry models (Figure 5.4). Representing dif-

ferences in availability via this framework may be of benefit in disentangling movement drivers

at different spatio-temporal scales. However, it would also be of interest to examine the impact

of changing values of the diffusivity parameter on inference of habitat selection parameters - an

area of potential future research.

6.1.2 Model Complexity

Another key theme of this thesis was the evaluation of model complexity and its impact on model

interpretability and computational efficiency. This is summarised in relation to each chapter here.

Chapter 2 compared across four models with differing levels of complexity. The most com-

plex (and computationally costly) model (the marked point process model with AR1 temporal

structure) incorporated components that the data were insufficient to support, resulting in unre-

alistic predictions of population spatial distribution. On the other hand, a model of intermediate

complexity (the marked point process model with IID temporal structure) performed better than

simpler models (the binomial presence-absence models) in terms of predicting a more realistic

spatial distribution for the population (Figure 2.5). Therefore, the results of this chapter demon-

strate a non-monotonic relationship between model complexity and performance. The utility of

complex model components in representing intricate ecological processes is demonstrated, but

caution is advised in their usage.

In Chapter 3 a simpler RSA model construction was compared to the more complex SSA

models. The unique integration scheme used in the SSA models was found to greatly increase

computational cost, limiting the usage of this modelling framework dependent on different data

factors (such as number of individuals, study duration, observation temporal frequency, radius

of the domain of availability, mesh grain, and overall spatial area, Table 3.2). The RSA and SSA

approaches were also differently impacted by variations in spatio-temporal scale of data, although

RSA models were found to perform well even with low numbers of observations Figures 3.8-3.11.
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The results of this chapter suggest that simple and complex frameworks for modelling can both be

of use in understanding animal space-use and habitat selection, and that the selection of a method

should be considered in relation to modelling aims, spatio-temporal scale, and computational

restrictions.

Chapter 4 demonstrates the advantage of a complex joint modelling framework in comparison

to models with a single data stream. In Section 4.3.2, the simpler survey and telemetry models

perform similarly well to the joint model in estimating habitat selection parameters and predicting

spatial distribution. However, when fitted to poorer-quality data, as in Section 4.3.4, the more

complex joint model outperforms the simpler models by borrowing strength across both data

streams. This demonstrates the advantage of complex joint modelling, particularly for messy

ecological data.

Finally in Chapter 5, comparisons were made across multivariable and univariable models,

and the impact of incorporating a random effect in the predictor was investigated. The inclu-

sion of a high number of fixed effects in the multivariable models led to some behaviour in

the joint models that was difficult to interpret, in comparison to the corresponding univariable

models (Figures 5.4 and 5.5). Including a Gaussian random field also led to less interpretable

predictions of spatial distribution, potentially due to spatial confounding with covariates (Fig-

ure 5.8). Overall these results suggest that part of the relationship between model complexity

and interpretability is dependent on the spatial structure of environmental variables, in terms of

heterogeneity, collinearity, and scale in relation to model parameterisation.

Overall, these results show that the relationship between model complexity, performance,

and interpretability is intricate and varied. Complexity can improve model performance but

increase computational cost and reduce interpretability. Incorporation of complex model com-

ponents and use of complex model structures should depend on inferential aims, the scale of

analysis, and features of the data and system. Assessing the level of complexity needed should

involve comparison of models at different levels of complexity, with reference not just to model

performance, but to interpretability and computational efficiency.
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6.1.3 Spatial, Temporal, and Organisational Scale

A final theme investigated in this thesis was the impact of spatial, temporal, and organisational

scale (in terms of individual- versus population-level) on habitat selection inference. This was a

particular focus in Chapter 3, but is also discussed here in relation to Chapters 4 and 5.

Chapter 3 investigated the effects of differences in data granularity (in terms of spatial scale

of covariates and temporal frequency of tracking data) on habitat selection models at different or-

ganisational scales. The results of this chapter demonstrate that decreasing covariate spatial reso-

lution can alter the strength and direction of estimated effects, particularly for the population-level

RSA model (Figure 3.8). However, this approach seems to be resilient to reductions in the tem-

poral frequency of tracking data (Figure 3.12). Contrastingly, observation temporal frequency

was found to have a strong impact on habitat selection parameter inference in the individual-level

SSA models, and also interacted with spatial scale, impacting relative model assessment rank-

ings (Figure 3.13). These results demonstrate that changing the spatio-temporal scale of data can

drastically alter inference, but that this effect is variable between modelling approaches carried

out at different organisational scales.

The relationship between the spatial scale of covariate heterogeneity and the performance

of models at different organisational scales also emerged as a result of Chapters 4 and 5. In

Chapter 4 Section 4.3.4 the population-level survey model was found to perform more poorly at

recovering the parameter value for a covariate with fine-scale heterogeneity (𝑐𝑒𝑛𝑣), and performed

better when estimating the effect of a more smooth covariate (𝑐𝑚𝑖𝑑 , Table 4.4). In contrast, the

individual-level telemetry model demonstrated an inverse performance, better estimating 𝑐𝑒𝑛𝑣

and associating more uncertainty with the estimate of 𝑐𝑚𝑖𝑑 . A similar effect can be seen in the

case study application of the models in Chapter 5, wherein the level of spatial heterogeneity

in environmental covariates influenced the significance of estimated effects differently between

the survey and telemetry models. These results suggest that the performance of models formu-

lated for different organisational scales is likely related to the spatial structure of environmental

covariates.
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6.2 Potential Future Work

The methods and applications presented in this thesis demonstrate the flexibility and range of

joint likelihood spatio-temporal point process methods for modelling animal movement, space-

use, and habitat distribution. Some suggestions for potential future work have already been men-

tioned in this chapter. Further suggestions are detailed below.

In Chapter 2 a separable space-time process is used in the construction of the spatio-temporal

field. Since this analysis was performed, the development of new methods for spatio-temporal

modelling, such as the R-INLAspacetime package, have made spatio-temporal processes with

different levels of separability more accessible for applied use (Lindgren et al., 2023). One such

model, the diffusion-based extension of the Gaussian Matérn field (DEMF), may provide a more

appropriate representation of population spread through the incorporation of a diffusion process.

Therefore, a potential topic for future research would be to incorporate DEMF into the modelling

framework presented here.

Computational efficiency posed a limitation to the model variations compared in Chapter 3.

Future study could include extensions to the models investigated here. For example, multivari-

able models were generally found to perform most poorly in the 9-model group comparisons

(Table 3.3). This may be due to the fact that these models incorporate both covariates at the

same spatial scale. Further extensions to this work could include construction and comparison

of multiscale models, where slope and forage quality covariates are included in the same model

at different spatial resolutions.

In Chapter 4, an advantage of the implementation of the joint Langevin movement model

in the R-inlabru framework is demonstrated in the proficiency of this software package for

handling complex observation processes (Section 4.3.6). This benefit could be utilised in an

extension of the approach where another data stream for the population-level part of the model is

integrated into the joint likelihood. This forms the subject of an area of current research interest

in ecology, where data integration is used to borrow strength across species distribution datasets

(Miller et al., 2019).

Another potential area of development for the approach presented in Chapter 4 would be
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to enable the incorporation of directional persistence in the movement model. This has been

demonstrated for the underdamped Langevin process, by formulating the model in terms of ve-

locity rather than speed (Michelot, 2024). An area of future research could include investigating

the potential implementation of this approach in the R-inlabru framework.

Finally, the work presented in Chapter 5 is the first application of the R-inlabru joint Langevin

movement model to real data. Future work could include variations of spatio-temporal scale of

environmental covariates and tracking data and comparison across different values for the dif-

fusivity parameter. In addition, future research could involve the application of this modelling

framework to different species and systems.

6.3 Final Remarks
In summary, this thesis has provided an exploration of joint likelihood spatio-temporal point pro-

cess methods for modelling animal movement, space-use, and habitat selection. This base frame-

work has been shown to provide a versatile approach to modelling at different spatio-temporal

and organisational scales, with a range of applications in reintroduction biology, agriculture, and

management of semi-domesticated species. This included additional development of the com-

plex integration scheme used in the GF-iSSA approach to discrete-time movement modelling in

R-inlabru for its first ever application in modelling livestock movement; as well as the imple-

mentation of the first individual-level continuous-time habitat selection model in R-inlabru:

the joint Langevin movement model. Throughout the thesis, key themes of accounting for avail-

ability; spatio-temporal and organisational scale; and model complexity have been addressed.

Results have demonstrated the impacts of using different methods to account for animal mobil-

ity, habitat availability, and physical constraints on accessibility; the scale-dependency of infer-

ence related to data granularity and selection level; and the non-monotonic relationship between

model complexity and performance.
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Supplementary Material for Chapter 2

The figures included in this appendix provide further information about the structure of the es-

timated fields and the predictions made by the models fitted in Chapter 2. The estimated mark

random fields 𝑀(𝑠, 𝑡) from the single likelihood models have a comparative structure to those

from the joint likelihood models mentioned in the main text. Note that in the models with AR1

temporal structure, estimates of the mark random field 𝑀(𝑠, 𝑡) (Figure A.1) are estimated to be

the same across all years, whereas the models with IID temporal structure estimate a different

distribution each year (Figure A.2). The point random field 𝐺(𝑠) estimated from the marked

point process model with AR1 temporal structure is similar to that of the IID model, mentioned

in the main text (Figure A.3).

Predictions of probability of crane presence made using the AR1 models are very similar

for all years (Figures A.4 and A.5), whereas the IID models show more variation across years

(Figures A.6 and A.7). There is also a difference in the spatial spread of predictions made using

the binomial presence absence models (Figures A.5 and A.7) compared to those made using the

marked point process models (Figures A.4 and A.6).
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Figure A.1: Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the binomial pres-
ence/absence with AR1 temporal structure. Colour scale is given in low-high intensity as interest
is in relative differences across space and not absolute values.
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Figure A.2: Estimated mark random field (𝑀(𝑠, 𝑡)) for 2011-2015 from the binomial pres-
ence/absence with IID temporal structure. Colour scale is given in low-high intensity as interest
is in relative differences across space and not absolute values.
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Figure A.3: Estimated point random field (𝐺(𝑠)) from the marked point process model with AR1
temporal structure. Colour scale is given in low-high intensity as interest is in relative differences
across space and not absolute values.
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Figure A.4: Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location for 2011-2015. Predictions were made using the marked point process model with
AR1 temporal structure. Colour scale is given in low-high probability as interest is in relative
differences across space and not absolute values. ‘Low’ represents a value of mean predicted
probability of crane presence less than or equal to the 99th quantile of mean predicted probabil-
ities across all four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used for visual clarity,
and does not represent a value on the colour scale.
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Figure A.5: Mean predicted probability of presence of a breeding pair of cranes at each wetland
location for 2011-2015. Predictions were made using the binomial presence/absence model with
AR1 temporal structure. Colour scale is given in low-high probability as interest is in relative
differences across space and not absolute values. ‘Low’ represents a value of mean predicted
probability of crane presence less than or equal to the 99th quantile of mean predicted probabil-
ities across all four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used for visual clarity,
and does not represent a value on the colour scale.
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Figure A.6: Mean predicted probability of presence of a breeding pair of cranes at each wet-
land location for 2011-2015. Predictions were made using the marked point process model with
IID temporal structure. Colour scale is given in low-high probability as interest is in relative
differences across space and not absolute values. ‘Low’ represents a value of mean predicted
probability of crane presence less than or equal to the 99th quantile of mean predicted probabil-
ities across all four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used for visual clarity,
and does not represent a value on the colour scale.
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Figure A.7: Mean predicted probability of presence of a breeding pair of cranes at each wetland
location for 2011-2015. Predictions were made using the binomial presence/absence model with
IID temporal structure. Colour scale is given in low-high probability as interest is in relative
differences across space and not absolute values. ‘Low’ represents a value of mean predicted
probability of crane presence less than or equal to the 99th quantile of mean predicted probabil-
ities across all four models analysed. ‘High’ represents a value of mean predicted probability of
crane presence greater than this cutoff point. Purple background colour is used for visual clarity,
and does not represent a value on the colour scale.
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Appendix B

Supplementary Material for Chapter 3

The tables in this appendix contain the posterior mean and 95% credible intervals for the habitat

selection parameters estimated using all 972 models fitted to the Swiss cattle movement data in

Chapter 3. The patterns described in Chapter 3 were similar across the three cattle herds, with

effects being most pronounced for the Original Braunvieh herd.

The estimates for the slope parameter from the RSA models fitted to data from the Original

Braunvieh, Angus Holstein, and Highland Cattle herds are found in Tables B.1, B.2, and B.3,

respectively. The estimates for the slope parameter from the SSA models fitted to data from the

Original Braunvieh, Angus Holstein, and Highland Cattle herds are found in Tables B.4, B.5,

and B.6, respectively.

The estimates for the forage quality parameter from the RSA models fitted to data from the

Original Braunvieh, Angus Holstein, and Highland Cattle herds are found in Tables B.7, B.8,

and B.9, respectively. The estimates for the forage quality parameter from the SSA models fitted

to data from the Original Braunvieh, Angus Holstein, and Highland Cattle herds are found in

Tables B.10, B.11, and B.12, respectively.
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Appendix C

Supplementary Material for Chapter 5

The tables in this appendix contain the posterior mean and 95% credible intervals for the habi-

tat selection parameters estimated using all 99 models fitted to the reindeer movement data in

Chapter 5.

The estimated values from the 9 multivariable models without a Gaussian random field are

found in Table C.1. This provides the numeric values associated with Figure 5.4 found in the

main body of the text.

The estimated values from the 81 univariable models are found in Table C.2. This provides

the numeric values associated with Figure 5.5 found in the main body of the text.

The estimated values from the 9 multivariable models with a Gaussian random field are found

in Table C.3. This provides the numeric values associated with Figure 5.6 found in the main body

of the text.
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