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The Interplay Between Memory and Resource Preferences Drives  

Animal Space-Use Patterns 

 

ABSTRACT 

 Many animals restrict their movements to a characteristic home range – a space-use pattern 

that is thought to result from the benefits of memorizing the locations and quality of 

heterogeneously distributed resources. Our understanding of how memory influences movements, 

and resulting space-use patterns, in nature is still in its infancy. In Chapter 1, I analyse the spatial 

responses of a resident large herbivore (roe deer Capreolus capreolus) to an in situ resource 

manipulation experiment. I show that roe deer actively tracked spatio-temporal resource patterns 

leading to shifts in their movements and space-use. I further demonstrate that these behavioural 

adjustments are mediated by both individual resource preferences, and site familiarity. In Chapter 2, 

I develop a spatial transition model to uncover the cognitive processes underlying roe deer foraging 

decisions during a field resource manipulation experiment designed to disentangle the effects of 

memory and perception. I demonstrate that roe deer rely on memory, not perception, to track the 

spatio-temporal dynamics of resources within their home range – a behaviour that can accurately be 

predicted by the proposed model. In Chapter 3, I formulate a mechanistic movement model to 

quantify the role of memory in the movements of roe deer reintroduced into a novel environment. I 

show that an interplay between memory and resource preferences was the primary process 



 iv 

influencing roe deer movements; and that it led to the formation of characteristic home ranges, as 

observed in the released individuals. In Chapter 4, I propose a mathematical model for home range 

formation that incorporates the influences of memory and resource preferences. By combining 

mechanistic modelling with field experiments, this Dissertation uncovers the role of memory in 

animal movements, and home range formation in nature.   
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Introduction 

 

The observation that movements of animals are often restricted to a much smaller area than their 

mobility capacity would otherwise allow is long-standing (Darwin 1861). This characteristic spatial 

pattern – the home range – was subsequently defined as “that area traversed by an individual in its 

normal activities of food gathering, mating, and caring for young” (Burt 1943). The spatially-

constrained nature of home ranges has profound implications for our understanding of ecological 

processes as it challenges the existence of well-mixed populations, assumed by traditional models of 

population and community dynamics (Morales et al. 2010). At the level of populations, home 

ranges may for example lead to higher densities, and non-linear density dependence (Riotte-

Lambert et al. 2017). At the community level, local refuges for prey species may emerge between 

adjacent predator territories (Lewis & Murray 1993), with potential implications for the stability of 

predator-prey interactions (Sih 1987). 

 

The advent of animal tracking (Craighead & Craighead 1966), and subsequent 

technological developments (especially global positioning system, GPS, telemetry), have offered 

researchers the ability to study the spatial behaviour of animals with increasing detail (Cagnacci et al. 

2010; Kays et al. 2015). Following this explosion in available data, statistical methods to estimate 

animal home ranges have become standard tools in ecology and conservation (Powell 2000; Laver 
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& Kelly 2008; Kie et al. 2010). However, the statistical description of telemetry location patterns 

provides comparatively little insight on the biological processes underlying animal space-use 

(Moorcroft & Lewis 2006). 

Ultimately, space-use represents the geographic realization (i.e., the macroscopic pattern) 

arising from an ensemble of movement decisions shaped by natural selection (Nathan et al. 2008; 

Powell & Mitchell 2012). The prevalence of home range patterns in observed animal movements 

suggests that the biological processes underlying their formation provide fitness benefits in a wide 

range of ecological contexts, and that home ranges result from general biological mechanisms 

(Börger et al. 2008). Although the determinants underlying the constrained space-use of central 

place foragers (Holgate 1971), and territorial species (e.g., Lewis & Murray 1993; Moorcroft et al. 

2006; Bateman et al. 2015; Potts & Lewis 2016) have been largely uncovered, a general theory 

explaining the formation of home ranges is still lacking.  

 

Accumulating evidence suggests that animals can navigate complex, heterogeneous 

landscapes using spatial memory (Tolman 1948; O’Keefe 1976; Menzel et al. 2005; Tsoar et al. 

2011). In recent years, increasing attention has been devoted to the role of memory in the formation 

of home ranges (Piper 2011; Spencer 2012; Fagan et al. 2013). In particular, theoretical movement 

simulations have shown that (i) the memorization of resource locations (spatial memory) and 

profitability (attribute memory) can lead to foraging benefits, and (ii) the interplay between 

memory and resource preferences can give rise to stable home ranges (Benhamou 1994; Van 

Moorter et al. 2009; Boyer & Walsh 2010; Bracis et al. 2015; Riotte-Lambert et al. 2015). 
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In nature, telemetry-based studies of animal movement have shown that individuals tend to 

return to previously-visited locations, suggesting that site familiarity may be associated to fitness 

benefits (Dalziel et al. 2008; Bar-David et al. 2009; Wolf et al. 2009; Riotte-Lambert et al. 2013; 

Oliveira-Santos et al. 2016; Lafontaine et al. 2017; Marchand et al. 2017; Schlägel et al. 2017). 

Furthermore, the influence of memory on animal movement behaviour has been inferred in several 

observational studies (Merkle et al. 2014, 2017, 2019; Avgar et al. 2015; Bracis & Mueller 2017). 

However, accurately quantifying memory, and assessing its influence on resulting space-use 

patterns, remains challenging in most observational studies: (i) both memory and perception can 

give rise to long-distance, goal-oriented movements (Garber & Paciulli 1997), and (ii) memory 

initialization is complicated since animals are already familiar with their surrounding environment at 

the onset of the monitoring (Fagan et al. 2013; Merkle et al. 2017). In this respect, Fagan et al. 

(2013) suggested that specific empirical movement datasets – individuals undergoing an 

experimental resource manipulation, translocation of individuals into novel environments, and long-

term monitoring of juveniles – could accelerate the research on memory in nature. 

 

 In this Dissertation, I study how the interplay between memory and resource preferences 

drives the movements, and resulting space-use, of European roe deer (Capreolus capreolus) fitted 

with GPS telemetry collars in two experimental systems: an in situ resource manipulation, and a 

translocation into a novel environment.  

 Roe deer are medium-sized ungulates (c. 25 kg; Lister et al. 1998), distributed across 

Europe, from the Mediterranean scrublands to the boreal forest in Scandinavia. Roe deer are 

selective browsers (Hofmann 1989). They forage on highly nutritious, seasonal vegetation – mostly 
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shrubs, saplings and forbs – and are typically associated to early-successional woodland 

communities (Duncan et al. 1998). The European roe deer is a particularly well-suited species for 

studying the space-use implications of the interplay between memory and resource preferences. 

First, roe deer are characterized by a strong fidelity (Linnell & Andersen 1995) to a constrained 

home range (c. 50-100 ha; Morellet et al. 2013). Unlike central place foragers, they feed on 

heterogeneously distributed resources (Duncan et al. 1998). In addition, for most individuals and 

for the larger part of the year, roe deer do not display any territorial behaviour (a fraction of adult 

males are territorial in spring and summer; Hewison et al. 1998; Liberg et al. 1998). Altogether, 

these characteristics allow to disentangle home range behaviour from territoriality, and central place 

foraging. Second, as browsers with limited fat reserves (Andersen et al. 2000), roe deer need a 

constant, high-nutritional intake, and hence exhibit a tight association between movements and 

spatio-temporal resource dynamics (Ossi et al. 2017). This is especially evident in winter, when food 

scarcity limits their foraging performance (Holand et al. 1998). Where supplemental feeding is 

implemented as a local management practice, roe deer often forage at these concentrated resources 

(Ossi et al. 2015, 2017) – hence providing an ideal system for a resource manipulation experiment. 

Third, because roe deer are solitary (Hewison et al. 1998), their movements are expected to be 

primarily based on individual, personal information rather than group decision making (Dall et al. 

2005), thus proving ideal for individual-based analysis of movement as those supported by empirical 

tracking data. 

The Dissertation is organised in four chapters. In the first two chapters, I analyse roe deer 

spatial responses (Chapter 1), and underlying cognitive processes (Chapter 2), during an 

experimental in situ manipulation of a high-quality, concentrated food resource, that was designed to 
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disentangle the effects of memory and perception. I experimentally altered the accessibility of food 

at supplemental feeding sites, and recorded (for 25 yearly tracks of 18 animals) the movement, 

space-use, and resource use responses of individual roe deer monitored by GPS tracking in the 

North-eastern Italian Alps. In Chapter 1, I show that, following the loss of their preferred resource, 

roe deer actively tracked resource dynamics leading to more exploratory movements, and larger, 

spatially-shifted home ranges. I present the first experimental evidence for the importance of site 

fidelity in the maintenance of large mammal home ranges by demonstrating the return of individuals 

to their familiar, preferred resource despite the presence of alternate, equally-valuable food 

resources. This behaviour was modulated at the individual level, where roe deer characterised by a 

high preference for feeding sites exhibited more pronounced behavioural adjustments during the 

manipulation. Together, these results establish the connections between herbivore movement, 

space-use, individual preference, and the spatio-temporal pattern of resources in home ranging 

behaviour. 

In Chapter 2, I develop a mechanistic spatial transition model to uncover the cognitive 

processes underlying roe deer foraging decisions during the experimental resource manipulation. I 

demonstrate that roe deer rely on memory, not perception, to track the spatio-temporal dynamics of 

resources within their home range. Roe deer foraging decisions appear to rely on short-term spatial 

memory (half-life of 3.4 days), and to discount old experiences of previous resource profitability at a 

given site an even faster rate (half-life of 0.58 day for the attribute memory). Beyond the 

quantification of cognitive processes, I further show that a memory-based model of spatial 

transitions, parametrized using experimental data, can successfully be used to predict how animals 

respond to resource heterogeneity in space and time. The spatially-implicit modelling approach 
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proposed in this study represents a stepping stone in the development of spatially-explicit, 

mechanistic models of animal movement required to shed light on the biological processes 

underlying home ranges in nature. 

In Chapter 3, I formulate a mechanistic movement model to (i) quantify the role of memory 

in the movements of roe deer reintroduced into a novel environment; and (ii) assess how the 

interplay between memory and resource preferences gives rise to observed patterns of home range 

emergence. I fit an individual-based, spatially explicit movement model to the observed trajectories 

of 17 roe deer reintroduced into the Aspromonte National Park (Calabria, Italy) – a field condition 

of experimental nature that allowed me to sidestep the issue of memory initialisation, and the effects 

of intraspecific competition. I show that an interplay between memory, and resource preferences is 

the primary process influencing roe deer movements. Roe deer strongly selected for previously-

visited locations (memory half-life of 9.5 days), and favoured intermediate slopes, high vegetation 

cover, and recently reforested areas, but avoided agricultural areas. The emergent movement 

properties of the memory-based model – movement distributions and revisitation patterns – closely 

match the observations. Most importantly, the memory-based movement simulations lead to the 

formation of characteristic home ranges as observed in the reintroduced roe deer. This study 

suggests that the interplay between memory and resource preferences is sufficient to explain the 

formation of home ranges, and provides the first demonstration that a mechanistic movement 

model parametrized with empirical data can capture home range patterns in a non-territorial species. 

Building on the individual-based model of animal movement developed in Chapter 3, I 

formulate in Chapter 4 a mathematical home range model that includes the interplay between 

memory and resource preferences. In a theoretical landscape, I show that stable home ranges indeed 
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emerge as the result of movements directed towards known locations that are associated with 

preferred resource attributes. The proposed integro-difference equations represent the crucial link 

between individual-based movement realizations (as in Chapter 3), and the development of 

analytically-tractable, partial differential equations characterizing animal space-use patterns. 

 

 

Note: the research presented in this Dissertation could not have been conducted without the 

contribution of many collaborators (see Acknowledgements). Hence, I use the collective “we” in the 

following chapters. 
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1  

Preference and familiarity mediate the spatial responses  

to an experimental resource manipulation 

 

1.1 INTRODUCTION 

Animals move to change the environmental conditions they experience (Van Moorter et al. 2016) 

such as the presence of predators and competitors, and the availability of resources. Because 

foraging efficiency can be linked to individual fitness (Stephens & Krebs 1986), food acquisition is 

thought to be a primary driver underlying animal movements (Mueller & Fagan 2008). 

Consequently, space-use represents the geographic realization of optimizing fitness as a function of 

resource availability and acquisition costs (Mitchell & Powell 2004). 
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 Food resources are usually dynamic in both space and time (Wiens 1976). In the case of 

herbivores, animals typically feed on vegetation distributed in patches, which are characterized by 

important temporal variations in quantity and quality (Owen-Smith et al. 2010). In this context, 

strong spatio-temporal gradients in resource availability at either landscape or regional scales appear 

to drive migration and nomadism tactics (Mueller et al. 2011). In many herbivore populations, 

however, individuals show a high year-round fidelity to a spatially-localized home range. It has been 

suggested that the foraging benefits of site familiarity, where resources are constant or predictable, 

are responsible for the formation of a stable home range (see Fagan et al. 2013 for a review). While 

the home range has traditionally been perceived as a relatively static space-use tactic, recent 

evidence suggests that animals have sub-seasonal home ranges (Benhamou 2014) i.e., focus their 

movements into particular areas in response to seasonal variation in local resource availability. For 

example, sub-seasonal home ranges are a ubiquitous behavioural tactic across a wide ecological 

gradient in roe deer (Capreolus capreolus; Couriot et al. 2018).  

The link between animal movement behaviour and resource dynamics is less clear when 

observing home ranging behaviour than migration or nomadism (Mueller & Fagan 2008) because 

of the difficulty to quantify spatio-temporal variability in resource heterogeneity at small spatial 

scales (Couriot et al. 2018). In this study, we address this issue by experimentally manipulating the 

spatio-temporal patterns of food availability within home ranges. In situ food manipulation 

experiments have a long history in the study of population dynamics, with a primary focus on 

understanding the numerical response to food supplementation (Krebs 1971), and of animal 

communities (Brown & Munger 1985). Although these field experiments have provided 

fundamental insights in animal ecology, they have seldom been combined with the emerging 
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technological capabilities of animal tracking (Cagnacci et al. 2010) to investigate the implications of 

food availability on individual movements and space-use at larger spatial scales. In a rare example of 

field experiment in large herbivores, white-tailed deer (Odocoileus virginianus) shifted their core-area 

i.e., familiar areas of use, in response to novel food supplementation (Kilpatrick & Stober 2002). In 

turn, great tits (Parus major) showed personality-dependent variability in responses to an alteration 

of resource distribution (van Overveld & Matthysen 2010).  

Our research builds upon these two studies (Kilpatrick & Stober 2002; van Overveld & 

Matthysen 2010) by investigating the spatial responses of a large herbivore, roe deer, to an 

experimental in situ manipulation of a high-quality, concentrated food resource in relation to both 

individual resource preferences and site familiarity. Roe deer, as solitary browsers with limited fat 

reserves (Andersen et al. 2000), exhibit a tight association between movement and resource 

dynamics (Ossi et al. 2017) with a strong plasticity to adapt its resource acquisition at different 

spatio-temporal scales (Morellet et al. 2013; Peters et al. 2017; De Groeve et al. 2019). In contrast to 

group-living ungulates, their foraging decisions are expected to be clearly expressed at the level of 

individuals.  

We tagged roe deer in the Eastern Italian Alps with GPS units and followed their movements 

during transitory alterations of food availability (high-nutritional corn) at supplemental feeding sites 

(FS) i.e., discrete resource patches with an identifiable resource value distinguishable from the 

vegetation matrix (Wiens 1976; Mitchell & Powell 2004). The six-week experiment consisted of 

three two-week phases – pre-closure, closure and post-closure. During the closure phase, we 

physically restricted the accessibility of food at the most attended feeding site of each individual 

(hereafter referred to as Manipulated, M, and considered as most familiar; Fig. 1.1).  
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Figure 1.1: Schematic representation of the experiment. (a) The manipulation consists of a transitory 
alteration of resource accessibility at a manipulated (M) feeding site (FS). (b) The experiment is expected 

to lead to spatial responses in the monitored roe deer, and in particular in a shift of use from M (green/red 

dot, change of colour denoting the alteration of accessibility) towards alternative resources – alternate FS 

(A; black triangles) or the natural vegetation (V; underlying matrix). In particular, this can lead to spatio-

temporal dynamics in space-use (utilization distribution: colour gradient; 95% and 50% contour lines: thick 

and thin white lines, respectively; data from roe deer F5-2018). 
  

Pre-closure Closure Post-closure(a)

(b)

Alternate FS (A)

Manipulated FS (M)
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Throughout the experiment, roe deer had access to two alternative resources within the broader 

landscape: alternate feeding sites (A), whose food provisioning was held constant, and natural 

vegetation (V). The experiment was conducted during winter, when food scarcity limits roe deer 

foraging performance, and individuals are most inclined to adjust their spatial behaviour to continue 

meeting their energy requirements (Ossi et al. 2015). The experiment therefore mimics – on free-

ranging animals – the variation in the availability of concentrated, high-reward resources akin to 

watering holes for savannah ungulates (Owen-Smith 2004) and feral horses (Equus ferus; Rozen-

Rechels et al. 2015), or fruit trees for hornbills (Ceratogymna atrata and C. cylindricus; Holbrook et 

al. 2002) and frugivorous primates (Janson 1998; Normand et al. 2009). 

 Our initial hypothesis stated that individuals altered their movement behaviours and 

consequently space-use patterns to track dynamics in resource availability (H1; Table 1.1). We 

predicted that the loss of a key foraging resource should lead to larger (P1.1) and spatially-shifted 

(P1.2) home ranges, resulting from more explorative movements (P1.3). Furthermore, we 

predicted that roe deer reduced the intensity of use of the manipulated, familiar FS (M) when food 

accessibility was prevented (P1.4a) and compensated for this loss by using alternate, accessible FS 

(A; P1.4b).  

We further hypothesized that the behavioural adjustments to changes in resource availability 

would vary between individuals (H2; Table 1.1). In particular, because roe deer males have been 

shown to maintain a high year-round fidelity to their summer territory (Linnell & Andersen 1998), 

we predicted that they would respond less markedly to the experiment than females (P2.1). We also 

predicted the responsiveness of roe deer to be positively influenced by the individual’s prior 

preference for FS (P2.2).If the spatial patterns of roe deer home ranges result from the benefits of 
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site familiarity (Van Moorter et al. 2009; Riotte-Lambert et al. 2015), animals should strive to use 

familiar areas and resources when accessible (H3; Table 1.1). Accordingly, we predicted that when 

initial conditions of food accessibility are re-established after perturbation, the initial space-use 

patterns would be restored (P3.1), following a return to high use of the familiar FS (M; P3.2). 

 

 

Table 1.1: Hypotheses and corresponding predictions. 

Hypotheses Predictions 

H1: roe deer alter their space-use 

patterns and movement behaviour to 

track the dynamics in resource 

availability. 

The closure of the manipulated, familiar feeding site (M) leads to… 

- P1.1: an increase in home range size  

- P1.2: a spatial shift in space-use 

- P1.3: more explorative movements  

- P1.4a: a reduced use of M 

- P1.4b: a compensation by using alternate, accessible feeding 

sites (A) 

H2: these behavioural adjustments 

are mediated by sex and feeding site 

preference. 

- P2.1: males respond less markedly to the experimental 

transitions  

- P2.2: individuals with a high preference for feeding sites 

respond more markedly to the experimental transitions 

H3: roe deer strive to use familiar 

resources when accessible. 

The re-opening of the manipulated, familiar feeding site (M) leads 

to… 

- P3.1: the return of space-use to pre-closure patterns  

- P3.2: the return of resource use to pre-closure patterns  
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1.2 RESULTS 

1.2.1 SPACE-USE AND MOVEMENT RESPONSES TO ALTERATION OF RESOURCE 

AVAILABILITY 

Roe deer space-use changed significantly during the experiment: the size of both home ranges (95% 

UD isopleth; Fig. 1.2a; Appendix 1.3: Table A3) and core areas (50% isopleth; Fig. 1.2b; Appendix 

1.3: Table A4) increased significantly during the experimental closure (P1.1). On average, home 

range size increased from 27.21 ha (𝜎 = 11.37) during pre-closure to 34.68 ha (𝜎 = 10.33) during 

closure, and settled to 30.55 ha (𝜎 = 9.10) during post-closure. Core area size followed a similar 

trend with averages of 3.98 ha (𝜎 = 2.29), 5.66 ha (𝜎 = 2.34) and 5.04 ha (𝜎 = 2.07), respectively.  

Home range and core area sizes were influenced by individual preference for FS (ℎ,-) and 

there was an interaction between ℎ,- and experimental phase: individuals with a high ℎ,- tended to 

have smaller home ranges during the pre-closure, smaller core areas overall, and stronger increases 

in both home range and core area sizes following the experimental closure (Fig. 1.2a,b; Appendix 

1.3: Tables A3 and A4; P2.2). There was no significant effect of sex or interactions between sex and 

experimental phase on home range size (P2.1 not supported). Overall, the models quantifying the 

changes in observed home range and core area sizes accounted for a high proportion of the total 

variance (conditional coefficient of determination, cR2: 0.62 and 0.51, respectively).  

Alongside home range size, roe deer home range shifted dramatically following the 

experimental closure (Fig. 1.2c): the degree of space-use overlap between pre-closure and closure 

phases was significantly lower (mean = 0.370, CI = 0.301-0.405; P1.2) than the overlap between the 

temporally-separated pre- and post-closure phases (mean = 0.535, CI = 0.475-0.594; P3.1). Space-
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use overlap was significantly affected by ℎ,- (Fig. 1.2c; P2.2), with higher ℎ,- being associated to 

larger space-use shifts following closure (Appendix 1.3: Table A5). However, there was no apparent 

influence of sex in the observed space-use patterns (P2.1 not supported). The model predicting 

space-use overlap accounted for an important proportion of the variance (cR2 = 0.50). 

 

 

 

 

Figure 1.2: Changes in roe deer space-use patterns – home range size (y-axis, panel a), core area size 
(y-axis, panel b) and space-use overlap (y-axis, panel c) – as a function of preference for feeding sites (x-
axis) and experimental phase (colour; panels a and b) and phase contrast (colour; panel c). Observations 

are represented as dots (females) and squares (males) with a slight jitter, and model predictions as solid 

lines (95% confidence intervals: ribbons). Parameter estimates and associated significance can be found 

in Appendix 1.3: Tables A3, A4 and A5. 
 

 

 

 

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●
●

●

mR2 = 0.37
cR2 = 0.50

0.00

0.25

0.50

0.75

1.00

0.2 0.4 0.6 0.8

Preference for feeding sites

Sp
ac

e−
us

e 
ov

er
la

p

Exp. contrast
●

●

●

Pre−c./Closure
Closure/Post−c.
Pre−c./Post−c.

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●
●

●

mR2 = 0.37
cR2 = 0.50

0.00

0.25

0.50

0.75

1.00

0.2 0.4 0.6 0.8

Preference for feeding sites

Sp
ac

e−
us

e 
ov

er
la

p

Exp. contrast
●

●

●

Pre−c./Closure
Closure/Post−c.
Pre−c./Post−c.

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●
●

●

●

●

●

●

●

mR2 = 0.12
cR2 = 0.6210

20

30

40

50

60
70

0.2 0.4 0.6 0.8

Preference for feeding sites

H
om

e 
ra

ng
e 

si
ze

 (h
a)

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●●

●
●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

mR2 = 0.35
cR2 = 0.51

1.0

2.5

5.0

10.0

20.0

0.2 0.4 0.6 0.8

Preference for feeding sites

C
or

e 
ar

ea
 si

ze
 (h

a)

Exp. phase
●

●

●

Pre−closure
Closure
Post−closure

(a) (b) (c)

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

mR2 = 0.12
cR2 = 0.6210

20

30

40

50

60
   70

0.2 0.4 0.6 0.8

Preference for feeding sites

H
om

e 
ra

ng
e 

si
ze

 (h
a)

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●●

●
●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

mR2 = 0.35
cR2 = 0.51

1.0

2.5

5.0

10.0

20.0

0.2 0.4 0.6 0.8

Preference for feeding sites

C
or

e 
ar

ea
 si

ze
 (h

a)

Exp. phase
●

●

●

Pre−closure
Closure
Post−closure



 16 
 

Important changes in roe deer movement behaviour during the experiment underpinned the 

observed modifications in space-use patterns. Average hourly step length during the pre-closure 

phase was 60.32 m (𝜎 = 85.79); during closure it increased to 74.26 m (𝜎 = 108.11); and during 

post-closure it decreased to 68.18 m (𝜎 = 96.61, P1.3). In general, males (Appendix 1.4: Fig. A3, 

right-hand panels, Table A6; P2.1), and individuals associated with high ℎ,- values (Appendix 1.4: 

Fig. A3, top panels, Table A6; P2.2) were characterized by stronger increases in step length during 

the closure phase. In addition, roe deer movements were more persistent during the closure phase, 

as shown by a significant decrease in the mean absolute turning angle for males with a high ℎ,- 

(Appendix 1.4: Fig. A4, top-right panel, Table A7; P1.3, P2.1, P2.2). 

 

1.2.2 RESOURCE USE RESPONSES TO ALTERATION OF RESOURCE AVAILABILITY 

The spatio-temporal dynamics of resources availability during the experiment led to important shifts 

in resource use (Fig. 1.3; Appendix 1.5: Table A8). On average, the proportion of use of the 

manipulated FS (M) dropped from 31% during the pre-closure phase to 4% during closure (P1.4a), 

and then rebounded to 18% in the post-closure phase (P3.2). This decrease in the use of M during 

the closure phase was partially compensated by elevated use of the alternate FS (A) – which 

increased from 2% to 16% following closure (P1.4b), and an increase of the use of vegetation (V) 

from 67% to 80% following closure. During the post closure, use of A and V declined to 8% and 

73%, respectively. The shifts in resource use were very consistent among roe deer for M and A but 

were more variable for V (Fig. 1.3, top panels).   
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Figure 1.3: Roe deer shifts in resource use during the experiment – manipulated feeding site (M, left), 
alternate feeding sites (A, centre) and vegetation (V, right). Top panel: mean proportional use (dots and 

lines) as a function of the experiment phase (x-axis) and preference for feeding sites (colour scale). Bottom 

panel: predictions of the resource use models (𝑢2,4, 𝑢5,4 and 𝑢6,4; estimate: solid lines; 95% confidence 

interval: ribbon) and mean relative use (females: dots; males: squares) as a function of the experiment 

phase (colour) and preference for feeding sites (x-axis).   
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Roe deer preference for FS significantly influenced how animals used the three resource 

types and, in particular, interacted with experimental phase for M and A (Fig. 1.3, bottom panels; 

Appendix 1.5: Table A8). Roe deer characterized by a high ℎ,- had significantly higher use of M 

during pre-closure (by definition) and post-closure, as well as consistently lower use of V. High ℎ,- 

animals were associated with stronger decreases in use of M and larger increases in the use of A 

during closure (P2.2). This compensation for A during closure was stronger for females (Appendix 

1.5: Fig. A5, Table A8; P2.1). However, sex did not influence the use of M or V (P2.1 not 

supported). Overall, the fitted models accounted for a high proportion of the variance in resource 

use (cR2: 0.35, 0.21 and 0.31 for M, A and V, respectively).  

 

1.3 DISCUSSION 

The results of this field resource manipulation experiment provide direct evidence for the tight 

coupling between the spatio-temporal distribution of resources and consequently spatially-restricted 

movements of a resident large herbivore. Specifically, we showed that roe deer track resource 

dynamics (Fig. 1.3; H1), which lead to changes in their space-use (Fig. 1.2) and underpinning 

movements (Appendix 1.4: Fig. A3 and A4), and that individual traits, especially resource 

preference, mediated these behavioural adjustments (H2). In addition, we showed that roe deer 

exhibited a high attraction to familiar locations, a process which leads to site fidelity (H3). As far as 

we are aware, this is the first experimental demonstration of these interdependencies in a large 

mammalian herbivore.  
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The experimental alterations of food availability led to larger, spatially-shifted home ranges 

(Fig. 1.3), and more explorative movements by roe deer (Appendix 1.4: Fig. A3 and A4), thereby 

directly establishing the connections between movement, space-use and the spatio-temporal 

patterns of resources. 

In a previous observational study, elk were shown to alternate between two movement 

modes: a low speed and high sinuosity mode thought to be within-patch area-restricted search, and 

a high speed and low sinuosity mode between resource patches (Fryxell et al. 2008). In our 

experimental study, we can directly link these movement modes to changing resources: the 

exploratory movements of roe deer (high velocity and low sinuosity) observed during the closure 

phase (P1.3) suggested that the animals were motivated to find alternate resource patches when 

their familiar feeding site (FS) became inaccessible, thereby increasing (P1.1), but mainly shifting 

(P1.2), their home range. While changes in home range size and location following resource 

manipulation have been found in studies of lizards (Eifler 1996), birds (van Overveld & Matthysen 

2010) and voles (Ims 1987), to date, there have been few experimental investigations of the 

connections between space-use and the spatio-temporal distribution of resources in large mammals.  

In an earlier study, white-tailed deer shifted their home range core towards the vicinity of 

newly deployed FS (Kilpatrick & Stober 2002). Our study builds upon these results by 

demonstrating multiple, successive responses to resource manipulation, linking measured changes 

in underlying fine-scale movement behaviour of individuals to resulting patterns of space-use that 

indicate dynamic resource tracking behaviour by roe deer (H1). Although roe deer increased their 

use of the vegetation matrix during the closure phase, individuals compensated the loss of their 

manipulated FS (M), to a large degree, by shifts in their movements and space-use towards alternate 
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FS (A; Fig 1.3; P1.4a-b). Consequently, individuals maintained a high overall use of FS throughout 

the experiment.  

While resource tracking behaviour may be expected under the optimal foraging theory, 

social fences arising from territoriality or density-dependent resource competition can constrain the 

movement responses of individuals to changes in the spatial distribution of resources (Mysterud et 

al. 2011). The marked responses shown here are likely the result of two non-mutually exclusive 

conditions. First, with the exception of adult males during spring and summer (Liberg et al. 1998) 

(seasons not covered by our experiment), roe deer do not generally defend territories, and 

consequently their spatial distribution can approximate that of an ideal free distribution (Walhström 

& Kjellander 1995). Second, while intra- and inter-specific competition in herbivores is largely 

linked to resource depletion (Owen-Smith et al. 2010), this density-dependent constraint of food 

availability was prevented by providing ad libitum forage at the FS.  

This study demonstrates that inter-individual variation in preference for FS strongly 

mediated the responses of roe deer movement patterns, space-use and resource use to changes in 

the spatio-temporal distribution of resources (H2). During the closure phase, the changes in all 

measured variables were of larger magnitude for individuals associated with a high FS preference 

(P2.1). The influence of FS preference was particularly striking in the shifts of space-use (Fig. 1.2c) 

and in the compensating use of alternate FS following the loss of the familiar resource (Fig. 1.3). 

The observed inter-individual differences in FS preference (Appendix 1.2: Table A2) may be linked 

to either the environment the individuals were exposed to, or a property of the individuals 

themselves. Preference can therefore be considered a dynamic variable (Beyer et al. 2010) that we 

evaluated at the individual level over a short period of relative stability (pre-closure phase in each 
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winter). We considered the temporal extent of our experiment (ca 6 weeks) short enough to 

consider FS preference for each animal to be relatively constant, because in this time period the 

physiological conditions and vegetation nutritional value would not vary substantially or 

consistently.  

Animals attending FS benefit from exploiting a forage-rich location but may risk elevated 

intra- and inter-specific contacts, anthropogenic disturbance, and an increased susceptibility to 

predation by humans. In roe deer, individual behavioural profile (e.g., body temperature at capture) 

correlates with the use of risky but profitable habitats such as open areas, suggesting that variations 

in personality could lead to individual differences in habitat use (Bonnot et al. 2015). By analogy, FS 

preference could be associated to bold or risk-taking personalities. Interestingly, preference for FS 

tended to correlate with individual body temperature at capture (Pearson’s r = - 0.37 p-value = 

0.084; Appendix 1.6), with bolder individuals (lower temperature) using FS more intensely. 

Personality may not only lead individuals to use resources to a different extent, but also condition 

their tendency to track spatio-temporal resource dynamics (Spiegel et al. 2017), and explore novel 

environments (Cote et al. 2010). In our study, roe deer with higher preference for FS (i.e., bolder) 

were those responding most markedly to the experiment, consistently with patterns observed in 

great tits (van Overveld & Matthysen 2010).  

 

During the post-closure phase of the experiment, roe deer increased their use of familiar FS 

(M), whose food accessibility had been restored after a transitory restriction (Fig. 1.3, left-hand 

panels; P3.1), and home ranges shifted back to pre-closure patterns, as suggested by the high spatial 

overlap between temporally-disjointed pre- and post-closure space-use (Fig. 1.2c; P3.2). The 
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restoration of these pre-manipulation patterns supports the hypothesis that site familiarity provides 

inherent benefits to animals maintaining a home range (Piper 2011; H3). These results are coherent 

with published literature demonstrating that ungulates tend to select for previously visited locations 

i.e., site familiarity (Dalziel et al. 2008; Merkle et al. 2014). Indeed, the systematic return of roe deer 

to M during the post-closure phase, while both alternative resources were accessible, suggests that 

roe deer were actively selecting for familiar areas and that site familiarity had an inherent value.  

In observational studies of animal movement, a spurious familiarity effect can occur when an 

important factor influencing animal behaviour is not considered, and the re-visitation of particular 

locations is interpreted as an evidence for site familiarity selection (Van Moorter et al. 2013a). 

However, this confounding effect is unlikely to affect the results of this experiment. First, corn was 

delivered ad libitum across all FS (M or A) i.e., homogeneous foraging value. Second, the FS were 

located in comparable environments and especially in relation to cover, a factor that largely 

influences roe deer movements and space-use (Tufto et al. 1996; Bongi et al. 2008). Third, and most 

importantly, the specific identities of M and A varied interchangeably between individuals (see 

Appendix 1.1: Table A1). Hence, we conclude that the return to pre-closure patterns of foraging 

behaviour and space-use are unlikely to be result of variations in the characteristics of specific FS, 

but rather of an inherent familiarity effect. For roe deer, site familiarity could allow a more profitable 

exploitation of natural forage, as seen for bison (Bison bison; Merkle et al. 2014) or reduce 

intraspecific competition for such resource (see Riotte-Lambert et al. 2015 for a theoretical 

argument). In our study area, there were no natural predators. However, in presence of predation 

risk the attraction to familiar areas could be related to an avoidance tactic (Gehr et al. in press). 
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Our results imply that when resource patterns are changing, individual behavioural decisions 

probably reflect both site familiarity and resource tracking. Species with little fat reserves need a 

constant, high-nutritional intake, and may hence be required to rapidly adjust their movements away 

from their most familiar areas to track spatio-temporal resource dynamics, as seen in roe deer during 

the closure phase of this experiment or in great tits (van Overveld & Matthysen 2010). It would be 

interesting to investigate whether capital breeding species, with greater capacity to buffer transitory 

shortages of food availability, are more reluctant to abandon familiar locations. 

Ultimately, site familiarity is the manifestation of an animal’s ability to acquire spatial 

information, in particular by means of spatial memory (Fagan et al. 2013). Large herbivores are 

capable of memorizing the location and profitability of resources (Merkle et al. 2014). In this study, 

it is likely that the variations in roe deer responses to resource changes that are not explained by 

preference may be the result of individual prior experience and knowledge of the status and 

distribution of concentrated resources. An interesting avenue for further studies will be to evaluate 

the role of these cognitive processes on individual foraging decisions. 

 

1.4 METHODS 

1.4.1 STUDY AREA 

The study area is located in the north-eastern Italian Alps (Argentario range, in Val di Cembra and 

Valsugana; Autonomous Province of Trento), covers c. 16 km2 and ranges between 500 and 1,000 

m a.s.l. The topography is generally mild, but steeper slopes (> 30°) occur in the northern portion. 

The climate is continental and characterized by a mean temperature of 1.0 °C in January and 21.0 °C 
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in July, and a mean annual rainfall of 966 mm (average 2000-2018; http://www.meteotrentino.it). 

There is occasional snow cover between December and March, although the soil is mostly frozen at 

night. The study area is covered by 80.0 % forest, mostly as fairly homogeneous secondary growth 

stands interspersed with small pastures. The forests are dominated by Pinus sylvestris with abundant 

shrub undergrowth, and by mixed stands of Fagus sylvatica, Picea abies and Abies alba and, to a lower 

extent, by Quercus petraea stands.  

Roe deer is the primary large herbivore in the study area (6-9 individuals km-2; ref. values 

from Autonomous Province of Trento Wildlife Office). Adult roe deer do not have natural predators 

in this landscape, but young fawns may be predated by red fox (Vulpes vulpes). The fine-scale food 

selection of roe deer in the Alps has been described as mainly dependent on shrubs or regeneration 

of tree species as well as a diversity of herbaceous plants from the undergrowth from spring to fall, 

switching between items according to the temporal trends of availability (Mancinelli et al. 2015). In 

the winter time, roe deer strongly select for forested environments and opportunistically for 

supplemental food where available (Ossi et al. 2015). 

Supplemental feeding management of roe deer is conducted at > 50 distinct feeding sites 

within the study area (FS; Appendix 1.1: Fig. A1) and authorized year-round within a larger zone of 

c. 45 km2 (official authorization: “Autonomous Province of Trento order n. 2852/2013”). FS are 

typically shaped as wooden hopper dispensers that provide a continuous supply of corn accessible 

through a tray (Fig. 1.1). They have been deployed and provided continuously with food (at least in 

fall and winter) for many years (i.e., for longer that the average lifespan of roe deer in our study 

area). They are managed by private hunters for roe deer but are also attended sporadically by red 
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deer (Cervus elaphus), as well as non-target mammals (Meles meles, Sciurus vulgaris, Apodemus sp., 

Microtus sp.) and birds (Garrulus glandarius, Columba palumbus). 

 

1.4.2 EXPERIMENTAL DESIGN 

We took advantage of roe deer use of a focal, identifiable resource – the FS – to design an in situ 

experimental manipulation of resource availability. We created three successive experimental phases 

based on the availability of this resource – pre-closure, closure and post-closure – by physically 

managing the accessibility of food at the FS. During the closure phase, access to forage at FS was 

transitorily restricted by placing wooden boards obstructing the tray; boards were then removed 

again in the post-closure phase (Fig. 1.1).  

The experiment was conducted between January and April, when the use of high-nutritional 

supplemental feed (i.e., corn) by roe deer is the most intense (Ossi et al. 2017), for three 

consecutive winters (2017, 2018 and 2019). We implemented the experiment on 18 individuals, of 

which seven could be manipulated in two consecutive years – five individuals were recaptured and 

two collar deployments spanned two winters – leading to a total of 25 individual winter trajectories 

i.e., “animal-years” (21 adults: 15 females, 6 males; 4 yearlings: 2 females, 2 males; sample size n=4, 

11 and 10 in 2017, 2018 and 2019 respectively; see Appendix 1.1 for details). Because roe deer 

captures at middle to low density in Alpine, heavily forested environments is a rare event that has to 

rely on low-efficiency techniques such as box traps and because we had to account for stakeholder 

acceptance, repeating the experiment on single individuals in consecutive years allowed us to take 

full advantage of our sample. 
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Roe deer were captured using baited box traps (n = 21 capture events) or net drives (n = 2), 

and were fitted with GPS-GSM radio collars programmed to acquire hourly GPS locations for a 

year, after which they were released via a drop-off mechanism. Captures and marking were 

performed complying with ethical and welfare rules, under authorization of the Wildlife Committee 

of the Autonomous Province of Trento (Resolution of the Provincial Government n. 602, under 

approval of the Wildlife Committee of 20/09/2011, and successive integration approved on the 

23/04/2015); all methods and experiments were carried out in accordance with the relevant 

guidelines and regulations. Radio-collared roe deer moved an average of 61.2 m per hour. This value 

of the average hourly movement distance (l) was subsequently utilized in the analyses described 

below.  

For all captured animals, we assumed a post-capture response in ranging behaviour. We 

therefore considered the first re-visitation of the capture location as a likely sign of resettlement in 

the original range and we used this time as onset of the experimental pre-closure phase. Although 

not all the individuals were manipulated at the same time, we avoided interference between capture 

operations and FS manipulations, and between co-occurring different manipulation phases (i.e., 

ensuring that co-occurring manipulations occurred in separate areas). 

During the pre-closure phase, we ensured a continuous supply of food at all managed FS – i.e., 

that were provisioned at least once in the month prior to the experiment – located within 500 m of 

each roe deer locations (known through twice-daily download of GSM-transmitted GPS 

relocations). At the end of the pre-closure phase, we identified the “manipulated” FS (M) for each 

individual as the managed FS with the largest number of locations within a radius 𝑙 during this initial 

phase, and considered it as the FS to which an individual is most familiar. All other managed FS were 
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considered as “alternate” (A) FS. During the closure phase, corn was made inaccessible at M for a 

duration of about 15 days, depending on personnel availabilities (min = 14.0 days, max = 18.1, mean 

= 15.5). M was then re-opened, thereby initiating the post-closure phase. During both pre- and post-

closure phases, corn was available ad libitum at M. All A FS had corn available ad libitum throughout 

the duration of the experiment. To ensure a continuous supply of food during the experiment, field 

personnel visited and replenished the FS every third day. Across the experimental manipulations, we 

used a total of twelve distinct FS as M, and 23 distinct FS as A (mean = 4.04 A sites per animal-year, 

𝜎 = 1.43; of these, an average of 1.76, 𝜎 = 1.13, were actually used by roe deer; see Appendix 1.1: 

Table A1 for details on the identity of M and A for all animal-years). M sites were separate from A 

sites by an average distance of 702.5 m (𝜎 = 310.5), and M and used A sites by an averaged distance 

of 567.5 m (𝜎 = 235.7). 

 

1.4.3 DATA PREPARATION 

To ensure meaningful comparisons between animal-years, we homogenized the durations of each 

experimental phase to the minimum length of the closure phase in our sample (i.e., 14 days). 

Specifically, we truncated the movement data by removing initial excess positions for the pre-closure 

and closure phases, and terminal excess positions for the post-closure phase. GPS acquisition 

success was extremely high (99.57 % during the experiment) and we did not interpolate missing 

fixes in the collected data. 

The analyses of space-use and movement behaviour were based on spatially-explicit, raw 

movement trajectories. The analyses of resource use, instead, relied on spatially-implicit, state time 

series derived from the underlying movement data. To this end, we created an initial time series, for 
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each animal-year, by intersecting the relocations with three spatial domains: vegetation (the matrix; 

V), manipulated FS (M) and alternate FS (A). We converted FS locations (M and A) into areas by 

buffering them. To investigate the sensitivity of buffer choice we considered six buffer sizes: 𝑙 (i.e., 

61.2 m) multiplied by 0.5, 1, 1.5, 2, 3 and 4. We associated all locations falling outside M and A to 

the state V. The three-state time series was then converted into three single-state presence/absence 

time series.  

 

1.4.4 PREFERENCE FOR FEEDING SITES 

We calculated each individual’s preference for FS (ℎ,-) as the relative use of FS over natural 

vegetation during the pre-closure phase (i.e., the proportion of GPS fixes classified as either M or A). 

Because preference is considered to be temporally dynamic (Beyer et al. 2010), we chose to evaluate 

ℎ,- for each year separately in case individuals were manipulated in two separate winters. This 

reasoning allowed to account for the influence of individual condition and of the relative quality and 

quantity of vegetation resources on ℎ,-. We included ℎ,- in all space-use, movement, and resource 

use analyses described below. 

 The variability of ℎ,- across animal-years was maximal when FS attendance was defined as a 

GPS location within a distance equal to the population mean hourly step length 𝑙 i.e., 61.2 m from 

the FS (interquartile range = 0.278, mean = 0.343; Appendix 1.2: Table A2). Accordingly, the 

results described below are based on this definition. At this scale, ℎ,- did not differ consistently 

between sex (mean for females = 0.346; mean for males = 0.336; t-test: p-value = 0.901). 

 

 



 29 
 

1.4.5 ANALYSIS 

We analysed how the experimental manipulation, and its interaction with both preference for FS 

and sex, affected roe deer space-use, movement behaviour, and resource use. 

General modelling approach: we analysed the roe deer responses to the experiment using 

mixed effect models. The final fixed-effect structure was developed progressively, beginning with 

simple formulations and evaluating the consistency of our results to ascertain that our data could 

support more complex formulations. For example, regarding the analysis of home range size, we first 

fitted a simple function of the experimental phase (i.e., home range size ~ Phase), then evaluated a 

potential additive effect of preference for feeding sites (i.e., home range size ~ Phase + ℎ,-), and then 

an interaction between the two covariates (i.e., home range size ~ Phase + ℎ,-+ Phase:ℎ,-). We 

repeated this procedure when evaluating the effects of sex, and eventually, assessed the full fixed 

effect structure. We did not find irregularities in the behaviour of the nested models (i.e., important 

changes in absolute parameter values or sign). In the full model, fixed effect terms were dropped 

when statistically non-significant (p-value>0.05). We considered “animal-year” as the sampling unit 

to account for the fact that an individual may respond independently to manipulations in different 

years. The choice of an “animal-year” random effect (instead of an “animal” random effect) did not 

qualitatively affect our results (results not shown).  

Space-use: We assessed the changes of home range and core area sizes (P1.1), and space-use 

overlap (P1.2, P3.1) between experimental phases. We calculated utilization distributions (UD; 

Worton 1989) for each animal-year and experimental phase using a Gaussian kernel density 
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estimation. After visual inspection, we chose to compute the UDs at a spatial resolution of 10 m and 

with a fixed bandwidth set to half the average hourly movement distance (i.e., 8
9
= 30.6	m).  

For home range and core area sizes, we calculated the area (in hectares) corresponding to 

the 95% and 50% UD contours, respectively, during each experimental phase (Phase; three levels; 

reference level: Pre-closure). We then analysed the log-transformed areas using a linear mixed-effect 

model (LMM) with five fixed effects: Phase, ℎ,-, Sex (categorical predictor; reference level: Female), 

and two interaction terms (Phase:ℎ,- and Phase:Sex). We included animal-year (ind) as random 

intercept.  

We estimated the space-use overlaps for three pairs of UDs – pre- and post-closure, pre-

closure and closure, and closure and post-closure (Contrast; three levels; reference level: Pre-

/Closure) – using the volume of intersection statistic (VI; Fieberg & Kochany 2005). VI ranges 

from 0 (no overlap) to 1 (complete overlap). We analysed the logit-transformed overlaps using an 

LMM with Contrast, ℎ,-, Sex, Contrast:ℎ,- and Contrast:Sex	as fixed effects, and ind as random 

intercept.  

Movement behaviour: We investigated the movement responses of roe deer to the experiment 

(P1.3) by analysing the changes in hourly step length (Euclidean distance between two successive 

relocations) and turning angle 𝜃4  (angle between two successive movement steps). We analysed the 

log-transformed step length, 𝑠4  and, because turning angles range between −𝜋 and 𝜋, and were 

symmetric around 0, the logit-transformed absolute turning angle, 𝜑4 = 𝑙𝑜𝑔C |EF|
GH|EF|

I. We used 

LMMs with Phase, ℎ,-, Sex, Phase:ℎ,- and Phase:Sex	as fixed effects, and ind as random intercept. 

Because step length was characterized by strong serial autocorrelation at short temporal lags and at 
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circadian periodicities (a common pattern in animal movement trajectories; Fieberg et al. 2010), we 

also included step length measured at lags 1, 2 and 24 h (i.e., 𝑠4HG, 𝑠4H9,	𝑠4H9J) as fixed effects to 

reduce the autocorrelation of the model residuals. 

Resource use: To test whether the experiment led to a transitory change in resource use 

(P1.4a-b, P3.2), we fitted separate mixed-effect logistic regression models to the three single-state 

presence/absence time series (𝑢2,4 , 𝑢5,4 and 𝑢6,4) using Phase, ℎ,-, Sex, Phase:ℎ,- and Phase:Sex	as 

fixed effects, and ind as random intercept. The pre-closure level for Phase was dropped for 𝑢6  to 

avoid circularity (ℎ,- = 1 − 𝑢K6,4LMNHO8PQRMN). We also included the response variables measured at 

lags 1, 2 and 24 h (e.g., 𝑢2,4HG, 𝑢2,4H9,	𝑢2,4H9J) as fixed effects to reduce the autocorrelation of the 

model residuals. However, for the sake of conciseness and clarity, we omit these response lags when 

visualizing resource use predictions. Because the model results were consistent regardless of the 

inclusion of the response lags (Appendix 1.5: Tables A8 and A9), this decision had no impact on the 

interpretation. Two animal-years were excluded from the analyses of resource use due to the 

absence of suitable A-state: F4-2017 did not seem to have visited any alternate FS (A) prior to the 

experiment; and F16-2016 had two distinct, highly-used FS during pre-closure, but only the second 

most visited FS could be manipulated (due to stakeholder acceptance). While the use of A was more 

variable when including these two outliers, the general patterns remained unchanged (Appendix 

1.5: Tables A8 and A10). 

Software: All analyses were conducted in the R environment (R Development Core Team 

2016). We used the packages adehabitatLT and adehabitatHR (Calenge 2006) for the spatial 

analyses, fitted all mixed-effect models via Maximum Likelihood with the package lme4 (Bates et al. 
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2015). We obtained the p-values for the fixed effects using afex (Singmann et al. 2018) and 

coefficients of determination using MuMin (Bartón 2018).  
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2  

Experimental evidence of memory-based foraging decisions  

 

2.1 INTRODUCTION 

Many animals, both territorial and non-territorial, constrain their movements to a characteristic 

home range, an area that is typically much smaller than their movement abilities would allow (Burt 

1943). The ubiquity of this space-use pattern suggests that home ranges are adaptive and that a 

general mechanism underpins their emergence (Börger et al. 2008). In particular, home ranges are 

thought to result from the foraging benefits provided by spatial memory (Piper 2011; Spencer 2012) 

– the process by which animals encode spatial relations (Fagan et al. 2013). 

The role of spatial memory is particularly relevant when resources are spatially 

heterogeneous and temporally dynamic (Mueller & Fagan 2008), making foraging a complex, 
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spatio-temporal problem. Classic ecological theory such as optimal foraging (Charnov 1976) and 

the ideal free distribution hypothesis (Fretwell & Lucas 1969), as well as resource selection analyses 

(Boyce & McDonald 1999; Fortin et al. 2005), assume that animals have either no knowledge (a 

random forager) or perfect knowledge of the spatio-temporal patterns of resources (an omniscient 

forager). However, animal foraging decisions must rely, in fact, on imperfect information 

(McNamara & Houston 1985, 1987) gained through two separate streams: sensory perception, and 

memories of previous experiences at locations beyond the individual’s current perceptual range 

(Real 1993; Shettleworth 2001; Fagan et al. 2013).  

In this context, memory should be adaptive whenever retaining past, site-specific 

information to predict the future occurrence and quality of key resources is more efficient than 

foraging relying on proximal mechanisms such as area-restricted search and perception (Spencer 

2012). Accordingly, foragers may not only benefit from memorizing spatial locations, but also from 

tracking the profitability of previously visited resources by means of an attribute memory (Fagan et al. 

2013). Such dynamic learning allows the forager to develop an expectation of resource quality from 

previous experience (Garber & Paciulli 1997) and implies the discounting of old information (Bush 

& Mosteller 1951; Killeen 1981). In support of this argument, theoretical studies have 

demonstrated the foraging advantage of memory in spatially-heterogeneous, predictable landscapes 

(Van Moorter et al. 2009; Fronhofer et al. 2013; Nabe-Nielsen et al. 2013; Bracis et al. 2015; Riotte-

Lambert et al. 2015). 

Empirically, the benefits of memory for resource acquisition have been documented for 

several kinds of central-place foragers, in particular hummingbirds (Sutherland & Gass 1995; Hurly 

1996; González-Gómez et al. 2011), food caching birds (Shettleworth & Krebs 1982; Balda & Kamil 
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1992; Clayton & Dickinson 1998) and bumblebees (Burns & Thomson 2006; Lihoreau et al. 2011). 

Experimental evidence of memory-based foraging decisions in wild mammalian home ranges has 

been instead limited (Janson 1998). The influence of memory and perception on the movement 

behaviour of mammals has been inferred in several observational studies (Normand et al. 2009; 

Merkle et al. 2014, 2019; Avgar et al. 2015; Bracis & Mueller 2017); however, quantifying their 

respective influences on foraging decisions is challenging because both memory and perception can 

give rise to long-distance, goal-oriented movements. Field experiments have the potential to address 

this limitation by providing the level of control required to disentangle the effects of memory and 

perception (Garber & Paciulli 1997; Bracis & Mueller 2017). In a rare field experiment in mammals, 

Janson showed that the home range movements of a brown capuchin (Cebus apella) troop deviated 

from a perception-based movement model (Janson 1998, 2016); however, a mechanistic, 

quantitative understanding of how memory affects mammalian foraging movements is still lacking. 

In this study, we address this gap by formulating a memory-based model of spatial 

transitions to: (1) characterize and quantify the cognitive processes involved in the foraging 

decisions of a large mammal; and (2) predict the observed patterns of response to a resource 

manipulation experiment. We performed our experiment on European roe deer (Capreolus 

capreolus), a particularly well-suited species for studying the interplay between cognitive processes 

and resource dynamics. As browsers with limited fat reserves (Andersen et al. 2000), roe deer exhibit 

a tight association between movement and resource dynamics (see Chapter 1), particularly during 

the winter months (i.e., at the time of our experiment) when food scarcity limits foraging 

performance (Holand et al. 1998) and the movements of roe deer are not affected by territoriality 



 36 
 

(Liberg et al. 1998). In addition, because roe deer are solitary (Hewison et al. 1998), their foraging 

decisions are expected to be primarily based on individual, personal information (Dall et al. 2005).  

Roe deer were fitted with GPS telemetry collars at a site in the Eastern Italian Alps and 

followed their movements during a transitory alteration of high-nutritional food accessibility at 

supplemental feeding sites, located within their home range (n=18 individuals, for a total of 25 

animal-years; see Methods). The six-week experiment, conducted over three years, consisted of three 

two-week phases – pre-closure, closure and post-closure – and was designed to disentangle the 

effects of memory and perception. During the closure phase, the food at the most-attended feeding 

site of each individual (hereafter referred to as Manipulated, M) was rendered inaccessible by 

installing a physical barrier while maintaining food presence at the site (Fig. 2.1b) . This ensured 

that sensory information on resource availability remained unaltered by the manipulation.  

The temporal dynamics of roe deer foraging patterns during the experiment were 

characterized by quantifying the fraction of time each individual spent in the vicinity of their 

Manipulated feeding site (M), at Alternate feeding sites available within the broader landscape (A), 

or in natural Vegetation (V). We then developed a model describing the transition probabilities 

between states (M, A, V) as a function of resource accessibility, resource preference and cognitive 

processes, while controlling for environmental cues (illumination patterns, temperature). 

We evaluated three competing hypotheses concerning the cognitive mechanisms underlying 

the patterns of movement by roe deer during the experiment. (i) a null hypothesis (H1) of 

omniscience-based movement in which animals possess complete information on the spatio-temporal 

dynamics of resources. Accordingly, we predicted that individuals would no longer visit manipulated 

feeding sites when forage is inaccessible (P1.1) and respond instantaneously to actual changes in  
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Figure 2.1: Transitory changes in resource use patterns during the experiment. Panels (a)-(c): 
schematic representation of the experiment. High nutritional food is accessible at manipulated feeding sites 
(M) during the pre- and post-closure phases (panels a and c, respectively), and present, but inaccessible 

during the closure phase (panel b). Food is also present throughout the experiment at alternate feeding 

sites (A). Roe deer can also access natural vegetation (V). Panels (d)-(f): transition probabilities among the 

three resource types – V, M and A – for pre-closure (as rates; n = 9045 transitions; panel d), closure (as 

net changes respect to pre-closure; n = 9187; panel e) and post-closure (as net changes respect to closure; 

n = 8417; panel f). For the net changes, the colour of the vertices indicates a decreased or increased 

probability (red and blue, respectively; significant changes are in bold). Panels g-i: corresponding relative 

resource use, with vertical arrows illustrating the compensation pattern observed between the use of M and 
A.  
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resource accessibility (P1.2), irrespective of their previous experience. (ii) a perception-based 

movement hypothesis in which animals use long-distance sensory cues to guide their foraging 

decisions (H2). At the spatial scale of this experiment, in which feeding sites are hundreds of meters 

apart, we assumed that, as in other large herbivores (Finnerty et al. 2017; Mella et al. 2018), roe deer 

would primarily rely on olfactory rather than visual perception because feeding sites are not visible 

from afar. Since the manipulation did not alter the sensory information that can be perceived at long 

distances we predicted that under the perception hypothesis the rate at which roe deer visited 

manipulated feeding sites would be constant throughout the experiment (P2.1) and that their 

foraging decisions should be independent of resource accessibility (P2.2). (iii) a memory-based 

movement hypothesis (H3) in which animals rely on previous experience to guide foraging 

decisions. We formulated a bi-component memory model consisting of a spatial memory (i.e., 

recollection of resource locations) and an attribute memory (i.e., recollection of the profitability at 

previously visited locations; sensu Fagan et al. 2013; Merkle et al. 2014). We predicted that, under 

this hypothesis, roe deer would decrease their visit of inaccessible feeding sites (P3.1), conditional 

on experienced changes in resource accessibility (P3.2). We further predicted that the influence of 

previously visited feeding sites on roe deer movement would slowly decrease with time since last 

visit (i.e., slow decay of spatial memory; P3.3) and that the expected value of feeding sites would 

primarily rely on very recent experience (i.e., fast decay of attribute memory; P3.4). Further details 

on the mathematical formulations of the three above hypotheses can be found in the Methods 

section. 
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2.2 RESULTS 

2.2.1 TRANSITORY CHANGES IN RESOURCE USE PATTERNS 

The experiment led to significant changes in movement rates between the three resource types (Fig. 

2.1, panels d-f). Prior to closure, roe deer used vegetation (V), manipulated feeding site (M), and 

alternate feeding sites (A), at rates 66%, 31%, 3%, respectively (Fig. 2.1g). When in vegetation, roe 

deer had a 0.9 probability (per unit time) of remaining, a 0.09 probability of visiting M and a low 

(0.01) probability of visiting A. Closure of M (Fig. 2.1e) led to decreases in the probability of 

individuals remaining at their respective M (-0.18), and decreases in transitions from vegetation to 

M (-0.07) – responses that are consistent with P1.1 and P3.1 but inconsistent with P2.1. Roe deer 

compensated for the loss of M by increasing their movements from vegetation towards A (+0.04). 

Re-opening of the M sites (Fig. 2.1f) led to a recovery of pre-closure patterns of transition 

probabilities with, in particular, increases in probabilities of residence at M (+0.14) and transitions 

from vegetation to M (+0.04), and a decrease in transition probability from vegetation to A (-0.02).  

As a result of these movement responses, resource use shifted dramatically between the 

different phases of the experiment (Fig. 2.1, panels g-i). As noted earlier, during pre-closure, roe 

deer primarily used V (66%), followed by M (31%) and rarely A (3%; Fig. 2.1g). Following closure, 

roe deer use of M dropped to 5% and use of A increased to 15% (Fig. 2.1h). Following re-opening, 

roe deer use of M recovered to 19% and use of A declined to 9% (Fig. 2.1i). While less marked, the 

temporal changes in use of V mirrored those of A, increasing from 66% (Fig. 2.1g) to 80% during 

closure (Fig. 2.1h), and then declining to 73% during post-closure (Fig. 2.1i) . 
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Figure 2.2: Parameter estimates. The estimates for the perception-based (orange square), omniscience-
based (grey triangle) and memory-based (blue circle) models are plotted with the corresponding 95% 

marginal confidence intervals. Memory parameters are presented separately for readability (different 

magnitudes). 
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M, minimum daily temperature and illumination) were highly consistent (Fig. 2.2), suggesting that 

the differences in model support result from the differences in the underlying cognitive formulations 

(rather than spurious correlation with other covariates affecting the probability of movement). 

Figure 2.3 illustrates the predictive capabilities of the memory-, omniscience- and 

perception-based movement models by showing the temporal trends in the probability of moving 

from vegetation to either the manipulated feeding site (i.e., V-to-M transition, black lines) or 

alternate feeding sites (i.e., V-to-A transition; red lines). Specifically, the memory-based model 

captures both the sudden drop in the visiting probability of the manipulated FS following 

experimental closure (Fig. 2.3a, black line) and the respective compensatory increase in the 

visitation of alternate FS (Fig. 2.3a, red line). The omniscience-based model also predicts a decline 

in V-to-M transitions following closure (Fig. 2.3b, black line); however, it fails to capture the 

compensatory increase in V-to-A transitions following closure, and the respective upward and 

downward temporal trends in the probabilities of V-to-A and V-to-M transitions during the closure 

phase that are captured by the memory-based model (compare red and black lines in Fig. 2.3, panels 

a and b, during the closure period). Similarly, the memory-based model is the only model that 

captures the downward and upward temporal trends in the probabilities of V-to-A and V-to-M 

transitions during the post-closure period (compare red and black lines in Fig. 2.3, panels a and b, 

during the post-closure period). Finally, the perception-based model fails to capture any of the 

temporal shifts in foraging behaviour that occur during the experiment (Fig. 2.3c). 
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Figure 2.3: Predictions from the three competing cognitive models – memory (a), omniscience (b) 
and perception (c). The predicted (solid lines) and observed (dotted lines) transition probabilities from 
vegetation (V) to either manipulated feeding site (M; V-to-M transition; black lines) or alternate feeding sites 

(A; V-to-A; red lines) during the three experimental phases are plotted as running four-day means across 

all animal-years on a log-scale. Transition probabilities were calculated from 5941 transitions (from V to 

either V, M or A) during pre-closure, 7336 during closure and 6107 during post-closure. The red and grey 

shading in each panel indicate the difference between the predicted and observed probabilities of V-to-M 
and V-to-A transitions respectively.  
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Table 2.1: Variable contributions to the memory-based model.  

Variable(s) removed from the full model Equation(s) Parameter setting Hypothesis ∆ AIC 

Spatial memory decay rate 2.9-10 δU = 0 H3 500 

Illumination index 2.4 𝛽W = 0  452 

Resource accessibility (between-state) 2.5, 2.9 βYZ = 0 H2,H3 226 

∆	illumination index 2.4 𝛽∆W = 0  219 

Preference for M 2.2, 2.5-6, 2.9 𝜇 = 0  119 

Resource accessibility (within-state) 2.2-3 𝛽\ = 0  63 

Minimum daily temperature 2.4 𝛽E = 0  42 

*Expected resource accessibility (�̂� = 𝑈) 2.7 - H3 23 

Attribute memory decay rate 2.7-8 δ_ = 1 H3 5 

|∆ illumination index| 2.4 𝛽|∆W| = 0  -2 
 

Variable importance is calculated as the delta AIC of the reduced model (i.e., excluding the variable of 

interest) relative to the full memory model. Because the perception- and omniscience-based models are 

nested within the memory-based model, the relative importance of particular variables indicate support for 

the respective cognitive hypotheses (spatial and attribute memory decay rates, and expected resource 

accessibility for memory; and between-state resource accessibility for omniscience and memory). 

*Expected resource accessibility is a state variable; switching from �̂� to 𝑈 eliminates δ_. 

 

 

Spatial memory was the most important variable influencing roe deer selection of distant 

resources (δU; ∆AIC = +500; Table 2.1), and the main driver underlying the higher support of the 

memory- over omniscience-based movement models. Roe deer favoured recently-visited resources 

(P3.3): spatial memory decreased exponentially with time since last visit with a half-life (t1/2) of 3.4 

days (δU=8.5×10-3 h-1; 95% CI: 7.2-9.8×10-3; Fig. 2.4).  
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Figure 2.4: Decay of spatial and attribute memory with time since last visit. Shaded areas indicate 
95% marginal confidence intervals, and dashed lines represent half-life values (t1/2). Spatial memory 

decreased exponentially with time since last visit at rate 8.5×10-3 h-1 (95% CI: 7.2-9.8×10-3; t1/2 = 3.4 days), 

and attribute memory decays at rate 4.8×10-2 h-1 (CI: 3.0-10.3×10-2; t1/2 = 0.58 days). 
 

 

When evaluating the profitability of distant resources (i.e., between-state), roe deer strongly 

selected for accessible feeding sites (βYZ ; ∆AIC = +226; third variable importance; Table 2.1), 

consistent with either omniscience or memory, but contradicting the perception hypothesis (P2.2 

not supported). In addition, roe deer foraging decisions were consistent with a selection for 

expected, rather than actual, resource accessibility (𝑈; ∆AIC = +23; Table 2.1), thereby supporting 
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The rapid rate of attribute memory decay – half-life of 0.58 days (δ_=4.8×10-2 h-1; 95% CI: 3.0-

10.3×10-2; Fig. 2.4) – indicates that roe deer expectations of resource profitability primarily relied 

on recent experience of FS accessibility (P3.4) i.e., time averaging over short periods. Support for 

time averaging of previous experiences, as opposed to reliance on the last experience, was relatively 

weak (∆AIC = +5 when attribute memory decayed instantly i.e., δ_ = 1; Table 2.1).  

Roe deer residence time at FS (as indicated by the probability of remaining at given site per 

unit time i.e., within-state) was also influenced by resource accessibility, with deer attending FS for 

significantly shorter durations when food was inaccessible (𝛽\; ∆AIC = +63; Table 2.1). When 

resources were equally accessible, roe deer preferred the manipulated FS over alternate FS (𝜇; ∆AIC 

= +119; Table 2.1), leading to a higher probability of transitions from vegetation to M compared to 

transitions to A (Appendix 2.1: Fig. A6), and to a higher residence time at M (not shown).  

Environmental conditions also influenced roe deer foraging behaviour during the 

experiment (Table 2.1). In particular, roe deer use of FS was markedly affected by illumination with 

peak visitation rates at dusk and a higher probability of visitation at night than during the day 

(Appendix 2.1: Fig. A6), as indicated by the significant effects of illumination index and its rate of 

change (𝛽W  and 𝛽∆W; respectively the second and fourth most important explanatory variables in the 

final movement model; ∆AIC = +452 and ∆AIC = +219; Table 2.1). Instead, the absolute rate of 

change of the illumination index had a negligible effect (𝛽|∆W|; ∆AIC = -2; Table 2.1), and therefore 

was not retained in the final memory model. There was also an effect of minimum daily 

temperature: with roe deer attended FS more intensely on colder days (𝛽E; ∆AIC = +42; Table 2.1). 
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2.3 DISCUSSION 

Developing a unified theory of animal space-use requires a mechanistic understanding of the 

cognitive processes underlying animal movement decisions, and their fitness consequences in nature 

(Mitchell & Powell 2004; Börger et al. 2008; Spencer 2012). In this study, we disentangled the 

respective influences of perception and memory on the foraging behaviour of a large mammal by 

assessing the abilities of perception-, memory- and omniscience-based movement models to capture 

individual roe deer responses with data from an in situ resource manipulation experiment. As seen in 

Figure 2.3, combining a dynamic, bi-component memory model (H3) with environmental cues 

allowed us to accurately predict how roe deer shifted resource use in response to the experimentally-

imposed shifts in resource accessibility. Instead, the mismatch between the predictions of a 

corresponding perception-based model (H2) and the observations indicates that the foraging 

decisions of roe deer during the experiment were not caused by long-distance sensory cues of 

resource presence. The ability of roe deer to perceive the smell of supplemental food from afar is 

largely unknown. It could be that roe deer are not able to perceive food presence through olfaction 

from afar (i.e., memory is their only source of information). Alternatively, the information encoded 

in their memory about a resource’s accessibility over-rode sensory cues. Such hierarchical processing 

of information has been shown for wild capuchin monkeys (Cebus capucinus), which primarily used 

memory, overrunning conflicting perceptual cues, when resource locations were predictable 

(Garber & Paciulli 1997).  

In addition, by accounting for the temporal lags in the movement behaviour of individuals 

around experimental manipulations, the predictions of the memory-based model (H3) provide a 
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much better fit to the observations than our omniscience-based model (null; H1) that assumes 

perfect knowledge of the changing resource dynamics by roe deer (Fig. 2.3). This key result 

highlights the fact that animal foraging decisions are indeed based on incomplete information on the 

location and quality of available resources (McNamara & Houston 1985, 1987), a factor that is 

typically not accounted for in analyses of animal movement in the wild. 

 In previous observational studies, memory effects have been inferred either from the re-

visitation of geographic locations (Dalziel et al. 2008; Wolf et al. 2009; Oliveira-Santos et al. 2016), 

or from the discrepancy between observations and either random or perception-based movement 

models (Janson 1998, 2016; Normand et al. 2009; Hopkins 2016; Selva et al. 2017). Our findings 

build upon these results in two important ways. First, in contrast to studies of geographic re-

visitation (Dalziel et al. 2008; Wolf et al. 2009; Oliveira-Santos et al. 2016), the findings of our 

experimental study rule-out the possibility that the observed movement patterns are caused by 

perception rather than memory – two mechanisms that are often confounded in observational 

studies of animal movement (Garber & Paciulli 1997). Moreover, our results show that the impacts 

of memory on movement behaviour are dynamic, and conditional on resulting performance – in this 

case, the effects of memory are mediated by the impacts on the resulting foraging success of 

individuals. Second, rather than inferring the influence of memory from discrepancies with random 

or perception-based movement behaviour (Janson 1998, 2016; Normand et al. 2009; Hopkins 

2016; Selva et al. 2017), in this study, we explicitly formulated a memory process and showed that it 

had higher support and predictive ability than corresponding perception-, and omniscience-based 

movement models. 
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Our experiment demonstrates that roe deer foraging decisions primarily rely on memory, 

consistent with previous enclosure-based experiments showing that large herbivores are capable of 

memorizing the location of available food resources (Gillingham & Bunnell 1989; Bailey et al. 1996; 

Edwards et al. 1996; Mendl et al. 1997; Laca 1998). The probability that roe deer visited particular 

resource patches decreased exponentially with time since last visit with a corresponding half-life for 

spatial memory of 3.4 days (Fig. 2.4). This finding contrasts with two recent studies showing that 

the movements of bison (Bison bison; Merkle et al. 2014) and caribou (Rangifer tarandus; Avgar et al. 

2015) are influenced by long-term spatial information i.e., negligible or no decay of spatial memory 

over six months or more. The relatively rapid decay of spatial memory estimated in this study also 

has to be interpreted in the context of the species re-visitation rate of locations and resources within 

their home range. Given the average movement rate with respect to the home range size in the 

monitored population (63 m h-1, 28 ha biweek-1; see Chapter 1), roe deer typically visit much of 

their home range in just a few days (as opposed to caribou and bison that range over much larger 

areas). As a consequence of this high background re-visitation rate, despite the relatively high 

estimated decay, roe deer spatial memory rarely, if ever, dropped to zero, i.e., feeding sites were 

never totally forgotten. The rapid decrease in the memory with elapsed time since last visit allows 

roe deer to rapidly shift away from less profitable resources, and hence enable them to quickly adapt 

to spatio-temporal changes in resource availability, as seen in this experiment.  

From a roe deer’s perspective, the availability of food at a given feeding site is unknown, but 

can, to some degree, be predicted based upon the animal’s prior experiences. As time increases, old 

information about resource quality becomes increasingly unreliable over more recent experiences 

(Bush & Mosteller 1951; Killeen 1981), and therefore should be discounted at a rate commensurate 
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with the temporal scale of environmental change (McNamara & Houston 1985, 1987). Our finding 

of a rapid decay in attribute memory (half-life of 0.58 day; Fig. 2.4) implies that roe deer primarily 

rely on their last experience to evaluate feeding site quality. This result is consistent with enclosure-

based experiments in least chipmunks (Tamias minimus) and golden-mantled ground squirrels 

(Spermophilus lateralis), which suggest that individuals increasingly rely on recent experience when 

resource dynamics are slow (Devenport & Devenport 1994). In contrast, in a recent study of bison, 

Merkle et al. (2014) showed that individuals appear to rely on long-term memory of profitability to 

inform their selection of grazing meadows (slow decay of attribute memory in summer: half-life of 

10.4 days and, negligible decay in winter). In our system, the movement transitions between 

resources occur over a few hundred meters (i.e., over relatively short distances compared to roe deer 

movement rates). Information about the profitability of resource locations can therefore be re-

established in a short period of time and with marginal acquisition cost (as opposed to the situations 

such as the afore-mentioned study of bison). Such a rapid decay of past experiences is likely to be 

adaptive in dynamic landscapes akin to the one that roe deer experienced in this study (and which 

mimics dynamics in feeding site management by stakeholder outside of the experiment), as it allows 

animals to stay in tune with the spatio-temporal dynamics of their environment (Kraemer & 

Golding 1997), while reducing the physiological cost of memory storage and processing (Roth et al. 

2010; Burns et al. 2011). An alternative explanation for the differing timescales of attribute memory 

between this study and Merkle et al. (2014) study of bison is that animals may use very recent 

information of a given patch profitability to determine its future quality (i.e., fast decay of the within-

patch attribute memory; this study), but integrate information over longer temporal scales to assess 
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the relative profitability of competing patch alternatives (i.e., slow decay of the between-patch 

attribute memory; Merkle et al. 2014).  

More generally, our study demonstrates and quantifies the use of “where-what” memory by 

wild animals to guide foraging decisions in nature. Future research may further develop mechanistic 

models integrating episodic, or periodic (“where-what-when”) memory (Clayton & Dickinson 

1998). For example, green-backed firecrown hummingbirds (Sephanoides sephaniodes) can achieve 

substantial energy gains by memorizing the spatial location (“where”) of high-quality feeders 

(“what”) and adjusting visit frequency (“when”) to nectar renewal dynamics (González-Gómez et 

al. 2011). In our experiment, a single perturbation of resource availability allowed to disentangle 

“where-what” memory from perception as main driver of movement, but multiple cycles, ideally of 

varying duration, would be needed to test episodic memory-based, mechanistic models. 

Site familiarity is thought to provide fitness benefits in relation to foraging efficiency (Powell 

& Mitchell 2012) or predation avoidance (Gehr et al. in press), and to emerge from the re-visitation 

of known areas through spatial memory (Van Moorter et al. 2009). In large herbivores, 

observational studies have shown that animals select for previously-visited locations, such as bison 

(Merkle et al. 2014, 2017), caribou (Avgar et al. 2013, 2015), elk (Cervus elaphus; Dalziel et al. 2008; 

Wolf et al. 2009), and feral hogs (Sus scrofa; Oliveira-Santos et al. 2016). In such analyses, however, 

it remains difficult to ascertain whether animals revisit locations because of their intrinsic familiarity 

(i.e., familiarity effect) or because these locations are characterized by unknown, valuable 

environmental conditions (i.e., spurious familiarity effect sensu; Van Moorter et al. 2013). Here, we 

found that roe deer strongly selected for their most familiar feeding site (M, by definition; see 

Methods) even after individuals had knowledge of equally profitable, alternate feeding sites (Fig. 2.2; 
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Appendix 2.1: Fig. A6; Table 2.1). Because the identity of the familiar feeding site was not consistent 

across animals (i.e., a given site could be the most familiar and preferred by an individual, and 

avoided by another) it is unlikely that individual preference for a given feeding site resulted from 

location-specific, environmental conditions. While the adaptive value of familiarity has not been 

demonstrated here, the restoration of pre-disturbance patterns of resource use observed in this 

experiment cannot be explained by optimal foraging theory alone and supports the existence of site 

familiarity effects (see Chapter 1). 

Our analysis also revealed how environmental cues influenced roe deer foraging. Specifically, 

we found that roe deer visit to feeding sites, at short temporal scales, was strongly influenced by 

patterns of illumination: roe deer were most likely to attend feeding sites at dusk and during the 

night (Appendix 2.1: Fig. A6; Table 2.1), in accordance with the species circadian activity and 

movement patterns (Pagon et al. 2013). The high attendance at dusk compared to dawn is probably 

the result of the low food intake throughout the day, when feeding sites are avoided. The periodical 

patterns of feeding site attendance by roe deer resembles that of high-nutritional, but risky open 

landscapes such as agricultural fields (Bonnot et al. 2015; De Groeve et al. 2016, 2019), and is a clear 

example of recursion (Bar-David et al. 2009; Riotte-Lambert et al. 2013) – a movement behaviour 

tightly connected to spatial memory (Berger-Tal & Bar-David 2015). At longer temporal scales, roe 

deer significantly increased their use of feeding sites at low temperatures, consistent with the higher 

energetic demand of thermoregulation (Ossi et al. 2015, 2017). In the present study, the parameters 

associated with the environmental drivers of resource selection were highly conserved across the 

three cognitive hypotheses evaluated as evidenced by the high between-model overlap of the 

confidence intervals for illumination index variables and minimum daily temperature in Fig. 2.2. 
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This implies that the effects of the considered environmental factors (i.e., temporal-dependency of 

resource selection) are relatively independent of the underlying cognitive mechanisms. Instead, 

long-distance (between-states) response to feeding site accessibility (absent in the perception-based 

model, by definition) and the preference for the manipulated feeding site (significantly different for 

omniscience-based model) varied considerably with the cognitive hypothesis considered.  

Because foraging can be linked to fitness (Stephens & Krebs 1986), resource acquisition is 

considered to a primary driver of animal movement (Mueller & Fagan 2008). Although resource 

selection analysis has become a major tool in animal ecology (Boyce & McDonald 1999; Fortin et al. 

2005) that is used to inform conservation strategies (Chetkiewicz & Boyce 2009), the actual 

mechanisms through which wild animals interact with their surrounding landscape have not been 

elucidated. Further progress to connect animal behavioural decisions to individual performance 

(Gaillard et al. 2010), and ultimately, scale up to population dynamics (Morales et al. 2010) is 

contingent on our ability to uncover the mechanisms underlying animal movement in nature. Here, 

we have shown that memory-based movement models (specifically, a memory-based model of 

spatial transitions) parametrized using experimental data can successfully be used to quantify 

cognitive processes and to predict how animals respond to resource heterogeneity in space and time. 

The spatially-implicit modelling approach proposed in this study represents a stepping stone in the 

development of spatially-explicit, mechanistic models of animal movement and their 

parametrization using empirical data. By characterizing the spatial dimension of the interplay 

between memory and resource selection, such models would have the potential to shed light on the 

biological processes underlying home ranges in nature. 
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2.4 METHODS 

2.4.1 STUDY AREA 

The study area, located in the north-eastern Italian Alps (ca. 50 km2; Autonomous Province of 

Trento), ranges between 600 and 1,000 m a.s.l and is dominated by mixed forest (> 80%). The 

climate is continental (mean daily temperature in January: 1.0 °C; in July: 21.0 °C; mean annual 

rainfall: 966 mm) with occasional snow cover. Roe deer is the most prevalent ungulate in the area 

(7-8 ind. km-2; ref. values from Autonomous Province of Trento Wildlife Office), and is selectively 

hunted between September and December. Supplemental feeding of roe deer is conducted year-

round by private hunters at > 50 distinct feeding sites (FS; Appendix 1.1: Fig A1), typically shaped 

as hopper dispensers where corn can be accessed through a tray (Fig. 2.1, top row). 

 

2.4.2 ROE DEER CAPTURES AND COLLARING 

Roe deer were captured using baited box traps near FS in winter (n = 15) and net drives in spring 

and fall (n = 3), and were fitted with GPS-GSM radio collars scheduled to acquire hourly GPS 

locations for a year, after which they were released via a drop-off mechanism. GPS acquisition 

success was extremely high (99.57 % during the experiment) and hence we did not interpolate 

missing fixes in the collected data. We collected data on 18 roe deer; 11 had collars for a single 

winter; two had collars that spanned two winters and five were recaptured and recollared for a 

second year, leading to a total of 25 animal-years (21 adults: 15 females, 6 males; 4 yearlings: 2 

females, 2 males; see Appendix 1.1 for details) in three consecutive years (n = 4 in 2017, n = 11 in 

2018 and n = 10 in 2019). 
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2.4.3 EXPERIMENTAL DESIGN 

Taking advantage of roe deer use of a focal, identifiable resource – the supplemental FS – we 

designed an in situ manipulation of resource accessibility for evaluating competing hypotheses 

pertaining to the processes governing roe deer foraging decisions. We created three successive 

experimental phases – pre-closure, closure and post-closure – by physically managing the 

accessibility of food at the FS. During the closure phase, we transitorily restricted the access of 

forage at manipulated FS (M) by placing wooden boards obstructing the tray (Fig. 2.1). Forage 

presence was maintained constant throughout the experiment at all FS. During the closure of FS, roe 

deer could sense corn through visual and tactile cues at short distances, as well as olfactory cues at 

both short and long distances. 

During the pre-closure phase, we used roe deer movement data to identify M, defined as the 

most attended FS (hence, the most familiar) for each animal-year (see Chapter 1 for details). 

During the closure phase, we made corn at M inaccessible for a duration of about 15 days (min = 14.0 

days, max = 18.1, mean = 15.5), depending on fieldwork constraints. We initiated the post-closure 

phase by restoring the accessibility of corn at M. During both pre- and post-closure phases, corn was 

available ad libitum to roe deer at M. All “alternate” managed FS (i.e., supplied at least once in the 

month prior to the experiment; A) had corn available ad libitum throughout the experiment. 

The experiment was conducted in winter, when roe deer use of supplemental feeding is the 

most intense (Ossi et al. 2015, 2017). Animals were considered for the experiment after they 

revisited their capture location, used as indicator for the end of the post-capture response behaviour. 

We ensured that co-occurring manipulations took place in separate areas to avoid potential 

interference. We defined animal-year (see above) as our sampling unit, on the assumption that the 
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same individual may show an independent response to experimental manipulations in subsequent 

years as a consequence to varying internal (e.g., life-history), or external conditions. 

 

2.4.3 MOVEMENT MODEL 

We developed a mechanistic resource selection model to characterize the movements of roe deer 

between three distinct resource types, hereafter referenced to as states: the manipulated FS (M), 

alternate FS (A), and the matrix of natural resources, referred to as vegetation (V). We then 

characterized the movements of the roe deer between these states from their GPS locations. For M 

and A, we converted the FS point locations into areas by applying a buffer equal to the mean hourly 

step length of roe deer in our study area (i.e., 61.2 m). Previous analysis (see Chapter 1) showed 

that the results of the analysis is not strongly affected by the choice of buffer size. 

We derived the probability of moving to state 𝐱b(𝑡) ∈ (𝑀, 𝐴, 𝑉) at time 𝑡, for a given animal-

year 𝑖, 𝑝b(𝐱, 𝑡), from the attraction weight of state 𝐱 in the previous hour, 𝑤b(𝐱, 𝑡 − 1): 

𝑝b(𝐱, 𝑡)mnonp
	

qPrNqNs4	tMPuvub8b4w	
4P	Q4v4N	𝐱

=
𝑤b(𝐱, 𝑡 − 1)

𝑤b(𝑀, 𝑡 − 1) + 𝑤b(𝐴, 𝑡 − 1) + 𝑤b(𝑉, 𝑡 − 1)mnnnnnnnnnnnnnonnnnnnnnnnnnnp
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								𝐸𝑞. 2.1 

 

Because the movement probabilities were derived from relative attraction weights, we could simplify 

the model into an estimation of 𝑤b(𝑀, 𝑡 − 1) and 𝑤b(𝐴, 𝑡 − 1) by setting 𝑤b(𝑉, 𝑡 − 1) = 1. 

Unlike other mechanistic models of resource selection (Van Moorter et al. 2009; Merkle et 

al. 2014), our model formulation does not only account for state-to-state movements (or patch-to-

patch; e.g., transition from V to M) but is generalized to within-state movements as well (or 
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residence; e.g., transition from V to V). This is achieved by defining the attraction weight of M and 

A as conditional on the state occupied by the animal at time 𝑡, 𝐱b(𝑡).  

 

2.4.3.1 Within-state attraction 

We defined within-state attraction as a function of the actual resource accessibility at M (𝑈(𝑀, 𝑡) = 1 

in pre- and post-closure and 𝑈(𝑀, 𝑡) = 0 during closure) or A (𝑈(𝐴, 𝑡) = 1 throughout the 

experiment), environmental covariates of FS use, 𝐸(𝑡), and a population-level preference for M over 

A, 𝜇: 

𝑤b(𝑀, 𝑡)mnonp
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𝑤b(𝐴, 𝑡)mnonp
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Environmental covariates, 𝐸(𝑡) – In ungulates, and roe deer in particular, FS use is correlated 

with winter severity (Ossi et al. 2015, 2017), whose effect we approximated by using minimum daily 

temperature, 𝜃(𝑡). At shorter temporal scales, roe deer exhibit a strong circadian pattern in activity 

and movement behaviour (Pagon et al. 2013), and in particular in their use of FS. For this purpose, 

we developed an illumination index derived from solar elevation, 𝐼(𝑡), which approximates the 

sigmoidal shape of the log-transformed daily irradiance (Spitschan et al. 2017; see Appendix 2.2 for 

details). Because roe deer activity typically peaks during twilights and may differ between dawn and 
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dusk, we included the rate of change of illumination, Ι∆(𝑡), and its absolute value, Ι|∆|(𝑡). The 

influence of environmental covariates on FS is given by:  

𝐸(𝑡)ì
NsrbMPsqNs4v8	

OPrvMbv4NQ

= 𝛽E𝜃(𝑡)mnonp
4NqtNMv4RMN

+ 𝛽W𝐼(𝑡) + 𝛽∆WΙ∆(𝑡) + 𝛽|∆W|Ι|∆|(𝑡)mnnnnnnnnnonnnnnnnnnp
ObMOv§bvs	b88Rqbsv4bPs	tv44NMs

						𝐸𝑞. 2.4 

 

2.4.3.2 Cognitive-dependence of between-state attraction 

By contrast to within-patch attractions, the formulation of between-patch attraction in our model 

depends on which cognitive mechanisms roe deer use to evaluate the quality of distant resources 

(i.e., beyond current state). We formulated three competing cognitive hypotheses – omniscience, 

perception and memory – whose equations are detailed below. Because the equations characterizing 

the attraction of M and A only differ by the preference of M over A (𝜇, see Eq. 2.2) we present only 

the formulations for 𝑤b(𝑀, 𝑡). 

If roe deer possess a full knowledge of spatio-temporal resource dynamics i.e., omniscience 

(H1), between-state attraction depends on actual resource accessibility at M, 𝑈(𝑀, 𝑡): 

𝑤b(𝑀, 𝑡) = 𝑒
•ÉÑ¶Ö 	ÉÜ

¶ \(2,4)mnnonnp
áàFâáä

ãåçéâãàå	áààåçç.
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,				𝐱b(𝑡) ≠ 𝑀						𝐸𝑞. 2.5 

 

The above equation posits that the attraction of M for between-state attraction, independently of 

any covariates (i.e., the intercept), may differ from that of within-state attraction (𝛽©Z ≠ 𝛽©). This 

conditionality on state occupancy, 𝐱b(𝑡), allows to account for the high probability to remain within 

currently occupied state (i.e., 𝛽© > 𝛽©Z), as indicated by the observed high serial correlation in the 

state time-series (see Chapter 1). In addition, this formulation considers that roe deer response to 
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changes in resource accessibility may affect movement (i.e., between-state transitions) and 

residence time (i.e., within-state transitions) differently such as 𝛽\Z ≠ 𝛽\.  

If roe deer rely on perception alone (H2), they possess information (via olfaction) on 

resource presence at FS (constant at M throughout the experiment), but not on resource 

accessibility, which is manipulated (i.e., temporally-variable) at M. As a result, the between-state 

attraction equation for the perception model is not a function of 𝑈(𝑀, 𝑡): 

𝑤b(𝑀, 𝑡)mnonp
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¶Öí(4)Öó° ,				 𝐱b(𝑡) ≠ 𝑀mnnonnp
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Alternatively, roe deer may rely on previous experience i.e., their memory, to guide foraging 

decisions (H3). Two different memory streams may be involved in decision-making: an attribute 

memory integrating previous experiences of resource quality to define the expected value of resource 

locations and a spatial memory encoding the spatial locations of resources(Fagan et al. 2013). 

Accordingly, roe deer movements should be influenced by expected resource accessibility – 

𝑈b(𝑀, 𝑡)	and 𝑈b(𝐴, 𝑡) – instead of the actual resource accessibility – 𝑈(𝑀, 𝑡) and 𝑈(𝐴, 𝑡). We defined 

the expected resource accessibility as a temporally-weighted devaluation function of previous 

experience (Devenport & Devenport 1994). This formulation extends the exponentially weighted 

moving average of past experience (Killeen 1981; McNamara & Houston 1987), derived from the 

linear-operator model (Bush & Mosteller 1951), by accounting for the time interval between 

subsequent experiences and not only the serial order of experiences. We quantified the expected 

resource accessibility at M, 𝑈b(𝑀, 𝑡), as the sum of experienced accessibility, 𝑈†𝑀, 𝑡 °,	during all 
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visits 𝒗(𝑗 = 1…Υ	) at M that have occurred up to the current time 𝑡, and their associated times 𝑡 , 

weighted by their respective attribute memory, 𝑚v
b,´(𝑀, 𝑡) ∈ [0,1]: 
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(see Merkle et al. 2014 for a similar formulation). The expected accessibility is updated at the end of 

each visit 𝑗 such i.e., 𝑡  satisfies 𝐱b†𝑡 ° = 𝑀 and 𝐱b†𝑡 + 1° ≠ 𝑀. We modelled the attribute memory 

as an exponential decay function whose rate (0 ≤ 𝛿v ≤ 1) governs the devaluation of old 

experiences: 

	𝑚v
b,´(𝑀, 𝑡)mnnonnp

v44MbuR4N
qNqPMw

= (1 − 𝛿v)†4H4º°						𝐸𝑞. 2.8 

 

However, roe deer foraging decisions should not only rely on their capacity to integrate past 

experience of resource quality (attribute memory), but also on the ability to encode and retrieve 

spatial locations. To account for this process, we scaled FS attraction by a spatial memory weight, 

	𝑚Q
b (𝑀, 𝑡): 
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The spatial memory is maximum upon visit of the FS, and then decays exponentially with time since 

last visit (𝑡 − 𝑡µ), at rate 𝛿Q (0 ≤ 𝛿Q ≤ 1):	 
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	𝑚Q
b (𝑀, 𝑡)mnnonnp

Qtv4bv8
qNqPMw	

= 	 (1 − 𝛿Q)(4H4¿)						𝐸𝑞. 2.10 

 

We chose to represent the temporal decay of attribute and spatial memory by negative (discrete) 

exponentials as this functional form of forgetting function is supported by substantial empirical 

evidence (Ziegler & Wehner 1997) and theoretical grounds (White 2001). 

The spatial memory and expected resource accessibility values were initialized using the last 

encounter of M and A before the experiment onset (i.e., 𝒗(𝑗 = 0)). For one individual, F4-2017, we 

did not have any recorded visit of A before the experiment and used her collaring date as visit event 

instead. 

 

2.4.3.3 Model parametrization and predictive ability 

We estimated the model parameters through maximum-likelihood. The likelihood function for the 

parameter set 𝝎 = †𝛽©, 𝛽©Z , 𝛽\, 𝛽\Z , 𝛽E, 𝛽W, 𝛽∆W, 𝛽|∆W|, 𝜇, 𝛿Q, 𝛿v° is given as: 

𝐿(𝝎) = √√𝑝†𝐱b(𝑡)|𝐱b(𝑡 − 1),𝝎°
ƒè

4∂G

≈

b∂G

								𝐸𝑞. 2.11 

 

with 𝑁 the number of animal-years (i.e., 25) and 𝑇b  the number of observations for animal-year 𝑖 

(missing GPS locations were omitted from the likelihood function). We used the particle swarm 

optimization algorithm (PSO; Poli et al. 2007; see Appendix 2.3 for details), a non-linear heuristic 

solver, to estimate the global minima of the log-likelihood function [𝑙𝑜𝑔𝐿(𝝎); i.e., the objective 

function]. We obtained 95% marginal confidence intervals (CIs) through an asymptotic normal 
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approximation of the objective function in the neighbourhood of the global minima. Because the 

objective function of the attribute memory decay rate was not well approximated by a quadratic 

function, we defined the CIs using a threshold of 1.92 log-likelihood value (as used for the ratio 

statistic) on either side of the global minima.  

We evaluated the contribution of each variable by calculating the delta log-likelihood and 

delta Akaike Information Criterion (AIC; Akaike 1973) of the reduced model (i.e., excluding the 

variable of interest) relative to the full model. For the memory model, we evaluated the contribution 

of spatial memory by setting δU = 0 (i.e., no decay), of attribute memory by setting δ_ = 1 (i.e., only 

the last experience is used to assess resource value), and of expected resource accessibility by setting 

𝑈b(𝑀, 𝑡) 	= 𝑈(𝑀, 𝑡) and 𝑈b(𝐴, 𝑡) 	= 𝑈(𝐴, 𝑡) (i.e., expected equals actual resource accessibility, as in 

the omniscience model). We obtained the final models by dropping any covariates penalizing the 

AIC of the full models. 

To evaluate the ability of the fitted mechanistic models to predict the movement behaviour 

of roe deer during the experiment, we investigated whether they could capture the temporal 

dynamics in the rates of FS visit (V-to-M and V-to-A transitions), which summarize the general 

behaviour of the system (Fig. 2.1). To this end, we compared the observed FS visit probabilities i.e., 

the transition probability matrix reporting p(M(t)|V(t-1)) and p(A(t)|V(t-1)), to associated 

predictions during the experiment. We obtained a temporal trend in transition probabilities from 

observed (discrete) transitions by calculating a running four-day mean. 

Equations 2.1-2.11 were solved numerically in C++ and the parameters estimated using the 

PSO algorithm in MATLAB R2017b (MathWorks, Natick, Massachusetts, USA) using the Global 

Optimization Toolbox. The optimization ran on a computer cluster using the Distributed 
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Computer Server (Sharma & Martin 2009). We calculated the illumination index (GeoLight 

package; Lisovski & Hahn 2012), the CIs and produce effect size plots in R (R Development Core 

Team 2016). 
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3  

The interplay between memory and resource preferences 

drives the formation of home ranges 

 

3.1 INTRODUCTION 

Most animals live in home ranges – areas that are typically much smaller than their movement 

capabilities would otherwise allow (Burt 1943). The spatially-constrained nature of animal space-

use has important implications for a variety of ecological processes, including density-dependent 

regulation of population abundance (Riotte-Lambert et al. 2017), predator-prey dynamics (Lewis & 

Murray 1993), the spread of infectious diseases (White et al. 1995), and the design of conservation 

strategies (Schofield et al. 2010). Home ranges are pervasive throughout the animal kingdom, 

suggesting that they may provide fitness benefits in a wide range of ecological contexts and originate 
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from general mechanisms (Börger et al. 2008). In territorial species, the emergence of a constrained 

space-use has been successfully characterized by analytical movement models based on conspecific 

avoidance (Lewis & Murray 1993; Moorcroft & Lewis 2006; Moorcroft et al. 2006; Bateman et al. 

2015). A general model amenable to predictions is, however, still lacking for animals whose 

movements are spatially-localized within a home range in the absence of territoriality and central 

place foraging. In recent years, increasing attention has been devoted to the hypothesis suggesting 

that home ranges emerge from the foraging benefits of memory (Spencer 2012; Fagan et al. 2013). 

Theoretical studies have demonstrated the foraging advantages of memory over proximal 

mechanisms (e.g., area-restricted search and perception) in spatially-heterogeneous, predictable 

landscapes (Benhamou 1994; Boyer & Walsh 2010; Fronhofer et al. 2013). In turn, simulations have 

shown that memory-based movements can lead to the formation of stable home ranges (Van 

Moorter et al. 2009; Bracis et al. 2015), and to non-territorial spatial segregation between individuals 

(Riotte-Lambert et al. 2015). However, our understanding of how memory influences animal 

movements, and resulting space-use patterns, in nature is still in its infancy. 

Optimal foraging experiments have provided evidence for the adaptive value of memory in 

diverse biological systems. For example, green-backed fire-crown hummingbirds (Sephanoides 

sephaniodes) can achieve substantial energy gains by adjusting their visit frequency to the renewal 

dynamics of high-quality resources at memorized locations (González-Gómez et al. 2011). At larger 

spatial scales, mechanistic models based on telemetry data have shown that animals are capable of 

memorizing the location and profitability of resources (Merkle et al. 2014; Avgar et al. 2015). For 

example, roe deer (Capreolus capreolus) rely on memory, and not perception, to track the dynamics 

of resource availability within their home range (see Chapter 2). Whether mechanistic movement 
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models parametrized with empirical data can capture the spatial patterns of animal home ranges in 

nature remains, however, largely unanswered.  

Most studies of animal home range movements have been conducted on resident animals 

whose experience and knowledge of the surrounding environment is already well-developed at the 

onset of monitoring (Merkle et al. 2014, 2017; Avgar et al. 2015; Schlägel et al. 2017). This is 

problematic when studying the effects of memory because animals are utilising knowledge obtained 

prior to the observation period, which has been proposed as the reason for discrepancies between 

memory-based movement model predictions and observed space-use patterns (Merkle et al. 2017). 

One approach to address this challenge, suggested by Fagan et al. (2013), is to examine the process 

of home range formation (also referred to as emergence) when animals have been introduced into a 

novel environment, where it can be reasonably assumed that the animals have no existing memories 

of the local environment. 

In this study, we elucidate the role of memory in the home range movements of animals by 

analysing the process of home range formation of individuals reintroduced into a novel 

environment, showing how the interplay between memory and resource (landscape attributes) 

preferences gives rise to observed patterns of home ranges. We fitted an individual-based, spatially 

explicit movement model to the observed trajectories of European roe deer reintroduced into the 

Aspromonte National Park (Calabria, Italy), where the species had previously been extirpated. This 

experimental system is ideally-suited to the study of the biological determinants of home ranging 

behaviour. First, because roe deer were released into a novel environment, as noted above, the 

theoretical challenge of how to initialize memory at the beginning of the simulation is essentially 

side-stepped. Second, because roe deer are solitary (Hewison et al. 1998), their movements are 
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expected to be primarily based on individual information rather than group decision making (Dall et 

al. 2005). Third, because roe deer population was being re-established, animal density was low 

throughout the study, therefore limiting the influence of intraspecific competition on individual 

movements and space-use.  

Roe deer were fitted with GPS telemetry collars and monitored from their release into the 

study area till the collars ceased functioning (n =17 individuals; see Methods). We analysed the 

biological processes underlying roe deer movements (n = 17,136 six-hour movement steps) using a 

redistribution kernel (Moorcroft & Lewis 2006; Schlägel & Lewis 2014; Avgar et al. 2015). The 

model characterizes the probability that a given individual moves from its current position to any 

location in the landscape as a function of motion capacity, and a weighting function including 

resource preferences and memory. Building up on earlier work (Van Moorter et al. 2009; Bracis et al. 

2015; Riotte-Lambert et al. 2015), memory was represented as a bi-component mechanism: a 

reference memory encoding long-term attraction to previously visited locations and a working 

memory, which accounts for a short-term avoidance of recently visited locations (for example, due to 

resource depletion; Van Moorter et al. 2009). The dynamics of both memory components are 

governed by their respective learning and decay rates, and associated spatial scale. 

We hypothesized that the interplay between memory and resources was the primary driver 

underlying roe deer movements (H1). To this end, we fitted two competing movement models, 

differing in their weighting function. (i) a resource-only model (Mres) in which roe deer movement 

was only influenced by resource preferences (which in this case corresponds to landscape attributes 

such as slope, tree cover and landcover categories). (ii) a memory-based model (Mmem:res) in which 

movement was governed by the interplay between memory and resource preference. Following on 
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our previous work that examined memory dynamics in an experimental setting (see Chapters 1 and 

2), we predicted that the empirical movement data would provide a higher support to the memory-

based model than its resource-only counterpart (P1.1). In addition, we predicted that, overall, roe 

deer would strongly select for previously visited locations (P1.2). 

We further hypothesized that the interplay between memory and resource preferences can 

lead to formation of home ranges, as observed in the reintroduced roe deer (Cagnacci et al. in prep; 

H2). To this end, we compared the emerging movement and space-use properties of trajectories 

simulated from the parametrized redistribution kernels with those from the empirical roe deer 

movements. Accordingly, we predicted that, in contrast with the resource-only model, the 

simulations from the memory-based model would lead to spatially-constrained movements (P2.1) 

with a high prevalence of acute turning angles (P2.2). In addition, we predicted that memory-based 

movements would be characterized by a high number of revisitations (also referred to as movement 

recursions; Berger-Tal & Bar-David 2015; P2.3). Further details on the mathematical formulations 

of the redistribution kernel and on the movement simulations can be found in the Methods section. 

 

3.2 RESULTS 

3.2.1 BIOLOGICAL DRIVERS OF REINTRODUCED ROE DEER MOVEMENTS 

The movement model that included both memory and resource preferences (Mmem:res) had 

overwhelmingly stronger support (log-likelihood = –83108; parameters = 15; AIC = 183601) 

compared to the resource-only model (Mres; log-likelihood = –91792; parameters = 8; ∆AIC = 

17355; Table 3.1; P1.1 supported). 
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Table 3.1 Variable contributions to the memory-based model (Mmem:res).  

Variable(s) removed from 

the full model Equation(s) Parameter setting(s) 

Number of removed 

parameters  ∆ AIC 

Ref. memory (i.e., Mres) 3.7, 3.8 𝑙» = 0* 6 17,355 

Ref. memory spatial scale 3.8, 3.10 𝜆» = ∞ 1 7,444 

Step length decay 3.2 𝜆- = 0 1 4,945 

Ref. memory learning 3.8 𝑙» = 1 1 3,434 

Ref. memory decay 3.8 𝛿» = 0 1 2,631 

Working memory 3.7, 3.9 𝑙À = 0** 3 1,278 

All resources 3.6 𝛽G: 𝛽Õ = 0 6 304 

Slope + Slope2 3.6 𝛽G = 𝛽9 = 0 2 138 

Landcover – reforested  3.6 𝛽Õ = 0 1 83 

Landcover – agriculture 3.6 𝛽Œ = 0 1 59 

Cover + Cover2 3.6 𝛽œ = 𝛽J = 0 2 34 

Step length rate 3.2 𝜅- = 1 1 4 

Variable importance is calculated as the delta AIC of the reduced model (i.e., excluding the variable of 

interest) relative to the full model. Equations refer to the numbered formulations in the Methods section. 

Parameters setting refers to the conditions imposed to exclude the variable. *Reference (Ref.) memory was 

removed by setting its learning rate, 𝑙» = 0, resulting in the effective removal of all memory parameters (i.e., 

equivalent to a resource-only model): 𝜆» and 𝛿» are irrelevant if there is no reference memory learning, and 

because 𝑙À ≤ 𝑙», the three working memory parameters (𝑙À, 𝜆À and 𝛿À) were dropped as well. **Similarly, 

removing working memory by setting 𝑙» = 0, led to the effective removal of 𝜆À and 𝛿À. 
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Memory was a key biological process underlying the movements of reintroduced roe deer (most 

influential variable; Table 3.1; P1.1 supported). The importance of memory was primarily due to 

the effects of reference memory (∆AIC = 1278 when working memory was removed, compared to 

∆AIC = 17355 when both working and reference memory were removed; see Table 3.1). With 

respect to reference memory, the spatial scale of learning was most influential (∆AIC = 7444 if 

learning occurred only on the visited locations i.e., 𝜆»  = ∞), followed by learning rate (∆AIC = 3434 

if learning was immediate i.e., 𝑙»	= 1) and decay rate (∆AIC = 2631 if there was no memory decay 

i.e., 𝛿»	= 0). 

 

Roe deer acquired memories of visited locations, with the learning curve reaching half its 

maximum value (i.e., memory = 0.5) after 7.9 days for reference memory (𝑙» = 2.17×10-2 6h-1; see 

Fig. 3.1a for confidence intervals), and after 8.4 days for working memory (𝑙À	= 2.04×10-2 6h-1). 

Spatially, information was gained beyond the visited locations: reference memory learning decayed 

with distance to half its maximum value at 14.3 m (𝜆»	= 4.85×10-2 m-1; meaning that on adjacent 25 

x 25 m spatial cells, learning was approximately 30 % that of the amount of memory acquired on the 

visited cell). Working memory learning declined to half its maximum value at 8.1 m (𝜆À	= 8.55×10-2 

m-1; meaning that the learning rate on adjacent cells was approximately 12 % that of the visited cell). 

Temporally, reference memory decayed with time since last visit with a half-life (t1/2) of 9.5 days 

(𝛿»	= 1.82×10-2 6h-1) while working memory decay was nearly instantaneous (t1/2 < 1 h; 𝛿À	= 0.99 

6h-1).  
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Figure 3.1: Parameter estimates. The estimates for the resource-only (Mres; orange), and the memory-

based (Mmem:res; blue) models are plotted with the corresponding 95% marginal confidence intervals. 
Memory (panel a), resource preference (b) and movement (c) parameters are shown separately for 

readability.  
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The combined effect of memory dynamics and of the intrinsic component of resource 

preference (i.e., the attraction of locations in absence of memory; 𝜀	= 6.94×10-4; Fig. 3.1b) led to a 

very strong selection for previously-visited locations (P1.2 supported). Specifically, the first visit of a 

given location led to a 31.6-fold increase in its attraction, and a 10.1-fold increase on the adjacent 

locations (Fig. 3.2a). 

  

 

 

Figure 3.2: Predictor effects. The response curves for the resource-only (Mres; orange) and the memory-

based (Mmem:res; blue) models are plotted with the corresponding 95% marginal confidence intervals. Panel 

(a) shows the attraction of a visited spatial cell (continuous line) and an adjacent cell (25 m away; dashed 

line) relative to a cell that has never been visited (attraction = 1) resulting from the fitted memory-based 

model. Hypothetical visits (at t = 1.25, 7.00 and 7.50 days) are shown in dotted vertical lines. Panel (b) and 
(c) illustrate the preference for slope and tree cover, respectively. Panel (d) shows the relative preference 

for reforested and agriculture landcovers. 
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Roe deer movements were also influenced by their resource preferences (Fig. 3.1b; ∆AIC = 

304 when resource preferences were null i.e., 𝛽G: 𝛽Õ = 0; Table 3.1). Roe deer preferred intermediate 

slopes (Fig. 3.2b), with peak preference at eight degrees (most influential resource; ∆AIC = 138 

when 𝛽G = 𝛽9 = 0; Table 3.1). Roe deer preference for tree cover was characterized by slight 

qualitative differences between models: preference for intermediate tree cover (a clear peak at 57%) 

in the resource-only model, and for intermediate and high levels of tree cover (a broad peak at 73%) 

in the memory-based model (Fig. 3.2c; ∆AIC = 34 when 𝛽œ = 𝛽J = 0; Table 3.1). In addition, roe 

deer strongly preferred reforested areas and avoided agricultural areas (Fig. 3.3c; ∆AIC = 83 when 

𝛽Õ = 0 and ∆AIC = 59 when 𝛽Œ = 0, respectively; Table 3.1). For all evaluated resources, 

preferences had a lower effect size for the memory-based model than for the resource-only model 

(Fig. 3.1b). 

Roe deer motion capacity greatly differed between the two competing movement models. 

The resource-only model characterized the movement distances between six-hour relocations as a 

heavy-tailed Weibull distribution (shape parameter 𝜅-	= 0.79; rate parameter 𝜆- = 0.0078; Fig. 3.1c), 

with a corresponding mean step length of 147.0 m. By contrast, the memory-based model indicates 

a 2.8 times larger motion capacity (𝜅-	= 1.02; 𝜆- = 0.0024) corresponding to a mean step length = 

409.4 m). The value of the shape parameter 𝜅- being close to one implies that the step length 

distribution can be simplified to a negative exponential with a relatively small decrease in model 

accuracy (∆AIC = 4 if 𝜅- = 1.00; Table 3.1). Step length decay rate was a very influential parameter 

(∆AIC = 4945 when compared with a resource-selection type movement kernel which assumes that 

roe deer spatial locations independently of their proximity i.e., 𝜆- = 0; Table 3.1). 
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3.2.2 EMERGENT SPACE-USE AND MOVEMENT PROPERTIES 

Most reintroduced roe deer settled into a constrained space (i.e., formation of a home range) as 

shown visually by the spatial concentration of their movements (Fig. 3.3b). The movement 

simulations from the resource-only model were typical of a random walk (technically, an 

inhomogeneous random walk due to the effects of resource preferences; Fig. 3.3a). In contrast, the 

memory-based model captured the characteristic space-use behaviour observed in released roe deer 

(Fig. 3.3c; see Appendix 3.1 for additional movement trajectories). 

 

 

Figure 3.3: Movement trajectories. Three typical trajectories are shown for the resource-only simulations 
(Mres; panel a), observed roe deer movements (panel b), and memory-based simulations (Mmem:res; panel 
c). The release location is shown as a red dot and the time since release illustrated as a colour gradient 

(blue = old, yellow = recent). The trajectories were selected from the sample displayed on Figure 3.4. 
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with time since release (Fig. 3.4). The resource-only model did not capture the observed spatially-

restricted movements of the released roe deer, with no saturation in the NSD of individuals (Fig. 

3.4a), and a linear increase of the mean NSD across individuals (compare the solid red line on Fig. 

3.4b with the dashed red lines on Fig. 3.4a). In contrast, the predictions of the memory-based 

movement model were consistent with the observed temporal trends in the observed movements of 

the released animals as demonstrated by the occurrence of prolonged plateaus in the NSD of 

individual animals (Fig. 3.4c; P2.1 supported), and the fact that the observed mean NSD across 

individuals is within the bounds of the predictions of the memory-based movement model 

(compare the solid red line on Fig. 3.4b with the dashed red lines on Fig. 3.4c). 

 

 

Figure 3.4: Trends in net squared displacement (NSD) with time since release. Panel (a): resource-
only simulations (Mres). Panel (b): observed roe deer movements. Panel (c): memory-based simulations 

(Mmem:res). For the sake of clarity, only the individuals with more than 230 days of monitoring are shown (n 
= 10). For the simulations, one run for each of the selected individuals was randomly chosen. The 

population-level mean NSD trends are plotted in red: solid line for the observations (panel b), and dashed 

lines for the 5% and 95% bootstrapped quantiles for the simulations (panels a and c). The vertical 

histograms show the frequency of final NSD (i.e., evaluated at the end of the trajectories) for the simulations. 
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Figure 3.5: Emergent movement properties. The distributions of step length (panels a and b) and turning 
angle (panels c and d) are shown for observed roe deer movements (grey), the simulated trajectories from 

the resource-only model (Mres; orange), and the simulated trajectories from the memory-based model 

(Mmem:res; blue). 
 

 

The observed roe deer movements and both the resource-only and memory-based models 

had similar step length distributions (Fig. 3.5a,b). The memory-based model more accurately 

characterized the observed median step length while the resource-only model better captured its 

mean: median step lengths were 55.9 m (mean = 141.1; 𝜎 =	267.1), 75.0 m (mean = 135.2; 𝜎 =

	179.5) and 50.0 m (mean = 105.5; 𝜎 =	196.7) for observed movements, resource-only simulations 

and memory-based simulations, respectively. In contrast, the two models differed greatly in their 

ability to reproduce the observed patterns of turning angles: the resource-only model showed a 

uniform circular distribution of turning angles (Fig. 3.5c) whereas the memory-based model 
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captured the high density of acute turning angles (in the vicinity of −𝜋 and +𝜋), that are more 

characteristic of observed roe deer movements (Fig. 3.5d; P2.2 supported).  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.6: Emergent revisitation properties. The distributions of revisits (panels a and b) and time since 
last visit (panels c and d) are shown for observed roe deer movements (grey), the simulated trajectories 

from the resource-only model (Mres; orange), and the simulated trajectories from the memory-based model 

(Mmem:res; blue). 
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3.3 DISCUSSION 

The past two decades have seen remarkable advances in the ability to monitor animal movements 

(Cagnacci et al. 2010), and the development of ever more complex and comprehensive mechanistic 

movement models. However, our understanding of the underlying biological determinants of home 

ranges – the most prevalent space-use pattern observed in animals – has been relatively limited 

(Börger et al. 2008; Fagan et al. 2013; Nabe-Nielsen et al. 2013). In this study, we evaluated how 

memory-based movements can predict the formation of home ranges in nature by parametrizing a 

mechanistic movement model with empirical data from roe deer reintroduced into a novel 

environment. We found that an interplay between memory and resource preferences was the 

primary process influencing roe deer movements (Fig. 3.2; H1), and that it led to the formation of 

characteristic home ranges, as observed in the released individuals (Figs 3.3 and 3.4; H2; see also 

Cagnacci et al. in prep). To our knowledge, this is the first demonstration that a mechanistic 

movement model parametrized with empirical movement data can capture home range patterns in a 

non-territorial species. 

We found that the emergent properties of the memory-based movement model, as opposed 

to its resource-only alternative, were realistic and similar to the patterns observed in the 

reintroduced roe deer (Figs 3.3-5). First and foremost, the memory-based simulations gave rise to 

spatially-restricted movements, as shown by the saturation of individual net squared displacement 

with time since release (Fig. 3.4). In addition, the model successfully reproduced the heterogeneity 

and complexity of observed movement patterns (e.g., long-distance explorations, multiple areas of 

concentrated use; Fig. 3.3). 
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Two approaches can be used to study the underlying determinants of animal space-use 

(Potts & Lewis 2014): analyses inferring underlying movement parameters that capture observed 

space-use patterns i.e., pattern-oriented (Lewis & Murray 1993; Moorcroft et al. 1999; Nabe-

Nielsen et al. 2013; Bateman et al. 2015; Bracis & Mueller 2017), and analyses of individual 

movement trajectories to parametrise movement models (Potts et al. 2014; Avgar et al. 2015; 

Schlägel et al. 2017). In this study, we used the latter approach: consisting in characterizing the 

biological drivers of proximate behavioural decisions through the fitting of a mechanistic movement 

model to empirical trajectories, and subsequently evaluating resulting predictions of space-use 

properties. Although challenging, this approach is appealing because the space-use pattern itself is 

not fitted to data, but is rather evaluated as an emergent property (Potts & Lewis 2014; Potts et al. 

2014). 

Previous analyses have shown that memory influences the proximate behavioural decisions 

of free-ranging animals (Merkle et al. 2014, 2017; Avgar et al. 2015; Schlägel et al. 2017). Our study 

extends these analyses in three major ways. First, we show that a movement model operating in a 

spatially continuous landscape not only accounts for the observed aggregate (population-level) 

patterns of space-use, but also yields realistic patterns of individual space-use (Figs 3.3 and 3.4). 

Second, our empirical setting of animals reintroduced into a novel environment allowed us to avoid 

the problematic issue of how to initialize memory-based movement models (Merkle et al. 2014; 

Avgar et al. 2015; Schlägel et al. 2017) that has been invoked to explain the discrepancies between 

predicted and observed space-use patterns (Merkle et al. 2017). Third, as we discuss in more detail 

below, in addition to space-use patterns, the memory-based movement model captured several 

emergent characteristics of empirical roe deer trajectories (Figs 3.5 and 3.6). This  provides 
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confidence that the model’s realistic predictions of space-use are arising because the model closely 

approximates the key characteristics of individual movement behaviour that underlie the formation 

of the deer home ranges. 

Patterns of animal space-use recorded by GPS-telemetry can be viewed as resulting from a 

sequence of movement decisions by the animal about how far to move and in which direction i.e., 

sequences of movement distances and turning angles (Turchin 1998; Moorcroft & Lewis 2006). 

Our memory-based model was able to accurately characterize the distributions of both these 

quantities (Fig. 3.5). We found that a realistic, heavy-tailed distribution of step lengths emerged 

from the combination of a large, exponentially-weighted motion capacity (that accounts for rare, 

long steps), and memory-based attraction (that accounts for the high density of short steps). It has 

been suggested that characterizing step lengths with heavy-tailed Gamma or Weibull distributions 

could improve the predictive performance of empirically-parametrized movement models (Avgar et 

al. 2015). Here we show that accounting for memory makes this unnecessary. Furthermore, 

incorporating the effects of memory also gave rise to frequent reversals in movement directions (i.e., 

sharp turning angles) that closely matched the movement behaviour of released roe deer, even 

though the underlying redistribution kernel did not include any form of autocorrelation in 

movement directions. 

Similarly, home ranges are thought to emerge from the revisitation of specific geographic 

locations (also referred to as movement recursions; Berger-Tal & Bar-David 2015), considered to 

be the visible manifestations of the influence of memory on movements (Fagan et al. 2013; Berger-

Tal & Bar-David 2015). Our results are consistent with this interpretation. The resource-only model 

led to very few revisits, while a revisitation behaviour similar to that observed in reintroduced roe 



 80 
 

deer emerged from the memory-based movement simulations (Fig. 3.6). The memory-based model 

predicted well the overall distribution of time since last visits, although it tended to underestimate 

both short (a day or less) and very long time since last visits (especially above 100 days) i.e., smaller 

variance that the observed pattern. The high density of short-term revisits in observed roe deer 

trajectories could be the result of daily, local movements such as an alternation between a foraging 

ground and a neighbouring area used for shelter (Mysterud & Østbye 1995). The discrepancy 

observed for long-term revisits could be due to an artefact of the data collection (time since last visit 

can be overestimated in empirical data if visits occur between two successive GPS relocations), or 

could reflect biological factors that are not characterized in the model formulation. For example, the 

locations associated with long-term revisits may be characterized by particular environmental 

conditions that roe deer are able to exploit through proximal mechanisms such as perception (see 

Avgar et al. 2015 for a cognitive model including perception and memory). Alternatively, a higher 

variance in time since last visits could result from a dependence of learning and decay rates to the 

underlying resources, as would be the case if memory decay rate was lower (or learning rate higher) 

for resources that are more important, or that vary seasonally. 

 

Similar to previous studies (Van Moorter et al. 2009; Bracis et al. 2015; Riotte-Lambert et al. 

2015), we hypothesized that home ranges emerge from the influence of a bi-component memory 

process in which reference memory captures the long-term attraction to previously-visited locations, 

while working memory accounts for a short-term repulsion (e.g., to adjust to resource dynamics). 

However, we found that it was not necessary to include a bi-component memory to give rise to 

home ranges. This result contrasts with the patch-to-patch transition model of Van Moorter et 
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al.(2009), where absence of working memory leads to repeated utilization of a sole resource patch. 

In the memory-based movement formulation used here, an intrinsic component of resource 

preference ensures that all locations, including those that have not been visited, or that have been 

forgotten (i.e., whose reference memory is zero), have a non-zero probability of being visited at each 

time step. 

When fitting the movement model to empirical data, reference memory was the most 

influential driver of roe deer movement (Table 3.1). The learning associated to the initial visit of any 

given location led to a 31.6-fold increase in its attraction (Fig. 3.2a), and hence to a substantial 

increase in its probability of being revisited in the future. We found that the influence of memory on 

movements was very strong despite the learning rate of reference memory being low. Our estimated 

value of learning rate, nevertheless, influenced the functional form of the learning curve. Although, 

learning was modelled as an exponentially saturating function of experience (Estes 1950; Bush & 

Mosteller 1951), the low value of learning rate effectively meant that learning never approached its 

asymptote, and was essentially a quasi-linear function of number of visits. In this aspect, our findings 

provide support for the simple memory enhanced random walk formulation proposed by Tan et al. 

(2002). However, in contrast to Tan et al. (2002), our formulation also includes a spatial scale of 

learning parameter, which was strongly supported (Table 3.1), and implies that roe deer are likely to 

return not only to their previously visited locations but also to adjacent areas (Fig 3.2a).  

Reference memory decayed relatively rapidly (half-life of 9.5 days) with time since last visit. 

This estimate in relatively consistent with the decay rate reported in a recent experimental study of 

roe deer foraging behaviour (half-life of 3.4 days), but contrasts markedly with the negligible decay 

of spatial memory over several months reported for bison (Bison bison; Merkle et al. 2014) and 
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woodland caribou (Rangifer tarandus caribou; Avgar et al. 2015). Comparative studies may shed 

light on whether the factors underlying the differences in estimated memory decay rates are 

biological (e.g., variation in revisitation patterns are linked to differences in movement rates and 

home range size in different species or populations), or methodological (e.g., between-model 

differences in the formulations of the cognitive processes).  

Our results were, in contrast, much less sensitive to working memory. Working memory 

primarily influenced the duration that roe deer spent at visited locations (i.e., residence time). 

Because of its nearly instantaneous decay, the repulsion effect of working memory ceased as soon as 

the individual left a visited location. As a result, working memory did not influence the timing of 

revisits, which contrasts with predictions derived from theoretical movement simulations (Van 

Moorter et al. 2009; Bracis et al. 2015; Riotte-Lambert et al. 2015). The probability that roe deer 

returned to previously visited locations decreased monotonically with time since their last visit (Fig. 

3.6d), suggesting that a single memory component (reference memory, in our case) could capture 

roe deer revisitation patterns. Altogether, our results did not support the existence of characteristic 

multi-day revisitation periodicities, which would be expected if roe deer relied on working memory 

to optimally adjust their visits to underlying resource renewal dynamics. Because roe deer are very 

selective browsers, able to switch feeding between an important diversity of plant species (Duncan et 

al. 1998; Mancinelli et al. 2015), it is indeed unlikely that their foraging behaviour is influenced by 

short-term dynamics of resource renewal. In contrast, a bi-component memory process may be 

more suited to model the foraging behaviour of species whose resources are concentrated within 

distinct, continuously-renewing patches such as grazing lawns in bison (Geremia et al. 2019) or 

geese (Person et al. 2003).  
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In our study, the estimated memory parameters gave rise to a strong attraction to familiar 

locations, consistent with published literature in roe deer (see Chapters 1 and 2), and other 

ungulates (Wolf et al. 2009; Merkle et al. 2014). Two main hypotheses have been formulated for the 

fitness benefits associated with site familiarity: (i) improved resource acquisition through the 

memorization of resource locations and attributes (Van Moorter et al. 2009; Spencer 2012), and (ii) 

predator avoidance through the knowledge of fine-scale variations in predation risk and of escape 

routes (Metzgar 1967). In roe deer, individuals rely on memory to efficiently track the spatio-

temporal changes in food availability within their familiar environment (see Chapter 2) while Gehr 

et al.(in press) demonstrated that roe deer are prone to elevated predation risk from lynx (Lynx 

lynx) when outside of their familiar space. These two benefits of site familiarity are difficult to 

disentangle in nature; in our study, both factors may likely have driven the revisitation patterns that 

contributed to the emergence of roe deer home ranges.  

Our analysis also revealed the resource preferences of roe deer in our study area. First, roe 

deer exhibited strong preference for intermediate slope steepness (Fig. 3.2b). Their avoidance of flat 

areas is likely explained by the fact that, in the rugged landscape of Aspromonte National Park, 

anthropogenic disturbances such as roads and logging activities (Coulon et al. 2008) were 

concentrated along valley bottoms, as well as high plateaus. In other ecological systems, these 

topographic features have also been associated with elevated predation risk from wolves 

(Hebblewhite et al. 2005). Their avoidance of steep slopes is consistent with roe deer natural history 

(long limbs, and short and narrow hoofs not adapted to climbing), and its unsuitability supported by 

the occurrence of two mortality cases linked to falls during the reintroduction project (S. Nicoloso 

pers. comm.). Second, roe deer preferred areas of intermediate-to-high tree cover (Fig. 3.2c), a 
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finding that is consistent with published literature on roe deer resource selection (Tufto et al. 1996; 

Morellet et al. 2011; De Groeve et al. 2019). Intermediate cover values may indicate heterogenous 

environments rich in ecotones, which provide abundant browsing resources (Saïd & Servanty 

2005). Third, we found that roe deer strongly preferred reforested areas with young deciduous trees 

(Fig. 3.2d), which is likely because these areas provide both cover and abundant browse (Mancinelli 

et al. 2015; Gaudry et al. 2018). Fourth, roe deer avoided agricultural areas (and associated pastures 

and settlements; Fig. 3.2d) in agreement with existing literature (Tufto et al. 1996; Morellet et al. 

2011). 

Despite qualitative similarities between the resource-only and memory-based model 

formulations, the effect sizes of resource preference parameters were consistently smaller for the 

memory-based model than for the resource-only model (Fig. 3.1; Fig. 3.2b-d). In absence of 

memory, the relative attraction (and hence probability of use) of equally-distant locations solely 

depends on their respective resource attributes. In contrast, when memory processes operate the 

relative attraction is partitioned between two interacting components: resource attributes (i.e., 

resource effect), and memory (i.e., site familiarity effect) – thereby reducing the influence of 

resources per se. Because animal home ranges ultimately emerge as the revisitation of familiar, 

beneficial resources (Van Moorter et al. 2009; Spencer 2012), disentangling the influence of 

resources from that of site familiarity is challenging in nature. In particular, where important 

resource drivers are omitted – either because they are unknown or because they are not measured – 

the attraction for familiar areas can be confounded with attraction for unaccounted resources (i.e., a 

spurious familiarity effect; Van Moorter et al. 2013). Further progress to characterize the interplay 

between memory and resource preferences will be contingent on the ability to identify and quantify 
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underlying spatio-temporal variation in resource patterns. In this context, combining mechanistic 

movement models with in situ experimental resource manipulations appears a promising way to 

disentangle the effects of memory from the effects of resources (see Chapters 1 and 2). 

  

Connecting animal movement behaviour to space-use patterns and, ultimately, population 

dynamics is a long-term challenge that promises to provide a unifying theory for animal ecology 

(Morales et al. 2010). In this study, we demonstrated that the interplay between memory and 

resource preferences is sufficient to explain the formation of animal home ranges following 

reintroduction to a novel environment, and thus contributing to our understanding of the space-use 

implications of movement behaviour. The approach utilised here could be expanded to model the 

interconnections between movement behaviour and energy acquisition and consumption (Hooten 

et al. 2019), providing a framework to quantitatively characterize the fitness, and demographic 

consequences of animal movement patterns, and space-use (Gaillard et al. 2010). 

 

3.4 METHODS 

3.4.1 ROE DEER REINTRODUCTION 

After being extirpated in most of its southern distribution range during the 19th century, a roe deer 

reintroduction project was undertaken by the Aspromonte National Park (AspNP; Calabria, Italy; 

Appendix 3.2: Fig. A9) between 2008 and 2011. For this purpose, 92 roe deer were captured in 

Sienna County (Tuscany, Italy), of which 75 were hard-released at four sites in the south-west 

portion of the AspNP (47 females and 28 males). The remaining 17 either died during translocation 
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or were not genotyped as Capreolus capreolus italicus, the roe deer subspecies native to the Italian 

peninsula.  

  The AspNP is 640 sq.km and is characterized by the rugged Aspromonte mountain range 

peaking at 1955 m a.s.l, and alternating gorges and torrent river valleys. The climate is 

Mediterranean with precipitations concentrated in winter, leading to irregular snow cover above 

1000 m a.s.l, and dry and warm summers (annual precipitation: 826 mm; temperature: -0.8/5.4°C in 

January, 14.9/23.0°C in August; Gambarie, 1300 m a.s.l). The topography and climate give rise to 

an incredibly diverse vegetation cover (Spampinato et al. 2008) from temperate mountain forests 

(e.g., European beech Fagus sylvatica, silver fir Abies alba and alder Alnus sp.) to dry pine and oak 

forests (e.g., Calabrese black pine Pinus laricio, Mediterranean oaks Quercus ilex and Quercus suber), 

and high Mediterranean maquis (e.g., strawberry tree Arbutus unedo, heather Erica arborea and 

myrtle thickets Myrto-Pistacietum lentisci). The area also includes small-scale, mixed agriculture, 

orchards and plantations (e.g., chestnut Castanea sativa, and olive groves), pastures at high 

elevation, as well as small settlements at the margins of the park. Wild boar (Sus scrofa) is the 

dominant wild ungulate in the study area and red deer (Cervus elaphus) is locally extinct. Wolves 

(Canis lupus) are the only natural predators of adult roe deer, although red fox (Vulpes vulpes) may 

predate fawns. Hunting is forbidden within the national park. 

 

3.4.2 EMPIRICAL DATA 

The movements of 27 individual roe deer were monitored after their release via telemetry. Roe deer 

were fitted with GPS-GSM collars scheduled to acquire one relocation every 30 min during the first 

month after release, and at six-hour intervals thereafter (schedule: 00:00, 06:00, 12:00, 18:00 UTC). 
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For the purpose of our analysis we retained all animals for which we could obtain a trajectory of at 

least 30 days with a high acquisition success rate (> 85%). This choice led to the exclusion of 10 

individuals – seven died in the first month after release and three had malfunctioning collars. Our 

final sample consisted of 17 roe deer (15 adults: 11 females, 4 males; 2 subadult males), tracked for 

an average of 281.82 days (𝜎 = 167.37, minimum = 39, maximum = 624; Appendix 3.3: Table A12). 

We regularized the trajectories to a homogeneous relocation interval of six hour and did not 

interpolate the missing relocations. The final dataset consisted of 19,186 GPS relocations 

(acquisition success rate = 93.61%). Roe deer step length averaged 140.04 m between two 

successive relocations (𝜎 = 267.37, maximum = 6254.68 m). 

 

We modelled the movement behaviour of the reintroduced roe deer within a rectangular 

area (40.8 x 30 km; 1,224 sq.km; Appendix 3.2: Fig. A9), obtained by buffering all available roe deer 

GPS locations by 7 km (i.e., more than the longest observed step length). Given the average 

movement distance of the reintroduced roe deer and the high landscape heterogeneity of our study 

area, we chose a 25 x 25 m grain resolution for our spatial modelling. 

The resource preference component of the mechanistic movement model included both 

topographic (slope) and landcover variables (tree cover, agriculture and reforested landcover). We 

selected these variables a priori as they are known predictors of roe deer movement and resource 

selection (Tufto et al. 1996; Coulon et al. 2008; Mancinelli et al. 2015; Gaudry et al. 2018; De 

Groeve et al. 2019), and a preliminary step selection analysis (SSA; Fortin et al. 2005; results not 

shown) ascertained their relevance in our study system. 
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 We obtained the slope layer from the European Union Digital Elevation Model EU-DEM 

v1.0 (European Environment Agency 2016). Slope ranges from 0 to 90°, and was available at a 25 m 

spatial resolution. We obtained an estimate of tree cover from Copernicus pan-European, high-

resolution layers (European Environment Agency 2012b), 2012 reference year. Tree cover ranges 

from 0 to 100%, and was resampled at 25 m from a native spatial resolution of 20 m. Following 

preliminary SSA explorations, we (1) calculated tree cover at a grain of 325 m (i.e., each squared cell 

of 25 m averaged tree cover within a larger 325 x 325 m area) and (2) included in the model both 

linear and quadratic terms for slope and tree cover. 

 Two landcover data sources were available for our study area – a botanical map of high 

biological detail and fine spatial resolution (94 categories; 0.05 ha mapping unit) for the 

Aspromonte National Park (Spampinato et al. 2008), and the coarser CORINE landcover 

classification (45 categories; 25 ha mapping unit) for the entire study area (European Environment 

Agency 2012a), 2012 reference year. Preliminary SSA conducted within the park boundaries 

suggested that roe deer selected for areas reforested with deciduous trees (Alnus cordata, Juglans 

regia and Prunus avium; hereafter referenced to as Reforested), and avoided spatially-dominant 

agriculture areas (olive groves, cultivated fields, mixed agriculture), and more localized pastures and 

anthropized areas (hereafter referenced to as Agriculture). Outside the park, we assumed that there 

were no Reforested areas, and used CORINE to map Agriculture – choices that we validated by 

visually inspecting the satellite images in the vicinity (< 1 km) of the roe deer relocations outside of 

the park. 
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3.4.3 MODELLING APPROACH 

We modelled the movement of reintroduced roe deer using an individual-based, spatially explicit 

redistribution kernel combining spatial memory and resource preferences. Specifically, we defined the 

probability of moving between the relocation 𝐱4HG and the relocation 𝐱4  (as it is standard: 𝐱 =

(𝑥, 𝑦)), as the normalized product of an information-independent movement kernel, 𝑘(𝐱4; 𝐱4HG, 𝜃G), and 

a cognitive weighting function, 𝑤(𝐱4; 𝑡, 𝜃9)	(Schlägel & Lewis 2014; Avgar et al. 2015): 

𝑝(𝐱4|𝐱4HG, 𝜃G, 𝜃9) = 𝑘(𝐱4; 𝐱4HG, 𝜃G)mnnnonnnp
2PrNqNs4
÷NMsN8

. 𝑤(𝐱4; 𝑡, 𝜃9)mnnonnp
ÀNbz{4bsz
|RsO4bPs

. ◊¥ 𝑘(𝒖; 𝐱4HG, 𝜃G). 𝑤(𝒖; 𝑡, 𝜃9)
R∈Ÿ

⁄
HG

mnnnnnnnnnnonnnnnnnnnnp

≈PMqv8bπv4bPs	PrNM
Qtv4bv8	§Pqvbs	Ÿ

					𝐸𝑞. 3.1 

 

with 𝒖 = (𝑥, 𝑦) denoting all the locations within the within the spatial domain 𝛺, and 𝜃G and 𝜃9 the 

ensemble of parameters governing the movement kernel, and the weighting function, respectively. 

 

Motion capacity – the information-independent movement kernel 

The information-independent movement kernel characterizes the movement of an animal 

independently of its cognitive abilities and of the surrounding landscape, and therefore quantifies its 

motion capacity (Avgar et al. 2015). It is obtained through the product of two probability 

distributions: step length, 𝑆, and movement direction, Φ. Here, we modelled roe deer step length 

using a truncated Weibull distribution. The Weibull distribution is governed by two parameters – 

the shape (𝜅- > 0) and the rate (𝜆- ≥ 0), and can account for both a high density of short 

movements and rare, long movements (i.e., heavy tail), typical of empirical data of animal 

movement (Morales et al. 2004). To reduce the computational power required for model fitting, we 
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assumed that roe deer movement probability was null beyond 7 km (maximum observed step length 

= 6.25 km). The resulting step length distribution for any location 𝒖 is given by: 

 

𝑆(‖𝒖 − 𝐱4HG‖; 𝜅-, 𝜆-) = ‡𝜆-𝜅-(𝜆-‖𝒖 − 𝐱4HG‖)·‚HG𝑒H(„‚‖𝒖H𝐱F‰Â‖)
Ê‚ , ‖𝒖 − 𝐱4HG‖ ≤ 7	𝑘𝑚
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

						𝐸𝑞. 3.2 

 

We modelled roe deer movement directions as a circular normal distribution such that: 

Φ =
1
2𝜋 									𝐸𝑞. 3.3 

 

It follows that the information-independent movement kernel is given by: 

𝑘(𝒖; 𝐱4HG, 𝜅-, 𝜆-) =
𝑆(‖𝒖 − 𝐱4HG‖; 𝜅-, 𝜆-)Φ

‖𝒖 − 𝐱4HG‖
									𝐸𝑞. 3.4 

 

where the denominator ‖𝒖 − 𝐱4HG‖ translates polar coordinates into Euclidean coordinates i.e., the 

conversion of a probability of moving a given distance and direction to a probability of moving to a 

particular area (Moorcroft & Lewis 2006). Given the temporal resolution of our movement data 

(every 6 h), we ignored serial correlation in movement direction. Because we fitted our mechanistic 

movement model to observed movement data in a discretized landscape (squared cells of resolution 

25 m), we transformed the GPS relocations in the continuous space, 𝐱4 , to the centroid of the 

overlapping cell (see Appendix 3.4 for the correction required to calculate the movement kernel on 

the location currently used by the animal).  
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Interplay between memory and resource preferences – the cognitive weighting function 

The interaction between the landscape and the animal cognitive abilities is modelled via the 

weighting function 𝑤. We assumed that animal movement was influenced by memory, 𝑚(𝒖; 𝑡), and 

that, in absence of such information, animals may visit locations in proportion to their intrinsic 

resource preference value: 

𝑤(𝒖; 𝑡, 𝜀) = Ë	 𝑚(𝒖; 𝑡)mnonp
2NqPMw

OPqtPsNs4

+ 𝜀⏟
Ws4MbsQbO

OPqtPsNs4

È 𝑄(𝒖)mop
»NQPRMON

tMN|NMNsON

									𝐸𝑞. 3.5 

 

 with 𝜀, the intrinsic component of resource preference. In our model formulation, it is not the 

absolute value of memory that defines its influence on movement, but rather its value relative to the 

intrinsic component of resource preference i.e., scaled to the attraction of similar resource 

conditions in absence of memory. We modelled the preference for location 𝑢, 𝑄(𝒖), using an 

exponential resource selection (Manly et al. 2002): 

𝑄(𝒖) = 𝑒†ÉÂQ8PtNÖÉÎQ8PtNÎÖÉÏOPrNMÖÉÌOPrNMÎÖÉÓÔãåöéãåçFåæÖÉÒÔáÚãèàâäFâãå°									𝐸𝑞. 3.6 

 

with 𝛽b  the selection coefficient for resource variable 𝑖 – slope (linear and quadratic terms), tree 

cover (linear and quadratic terms), and reforested and agriculture landcovers – evaluated at location 

𝒖. 

We modelled memory, 𝑚(𝒖; 𝑡), as a bi-component mechanism (Van Moorter et al. 2009; 

Bracis et al. 2015; Riotte-Lambert et al. 2015). Reference memory, 𝑚»(𝒖; 𝑡), is the long-term 

memory of previously-visited spatial locations and has an attractive effect. By contrast, the working 
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memory, 𝑚À(𝒖; 𝑡), encodes the short-term, temporary repulsion of previously visited locations. The 

combined memory map is given by: 

𝑚(𝒖; 𝑡) = 𝑚»(𝒖; 𝑡) −𝑚À(𝒖; 𝑡)									𝐸𝑞. 3.7 

 

The dynamics of both memory components are governed by learning (i.e., acquisition of 

information) and decay or forgetting (i.e., loss of information). The learning curve was represented 

by an asymptotically increasing function of experience (Estes 1950; Bush & Mosteller 1951). 

Specifically, we formulated learning as an exponentially saturating process with an associated spatial 

scale such that animals experience maximum learning at their current position, but also gain 

information about surrounding areas. Decay was modelled as a negative exponential of time since 

last visit (Ziegler & Wehner 1997; White 2001). Together this yields the following equations for the 

dynamics of memory across space 𝒖, given the animal’s current position 𝐱𝒕: 

𝑚»(𝒖; 𝑡 + 1, 𝐱4)

= 𝑚»(𝒖; 𝑡) + 𝛼(𝒖; 𝐱4, 𝜆»)	. †1 − 𝑚»(𝒖; 𝑡)°. 𝑙»mnnnnnnnnnonnnnnnnnnp
ÔNvMsbsz

− †1 − 𝛼(𝒖; 𝐱4, 𝜆»)°.𝑚»(𝒖; 𝑡). 𝛿»mnnnnnnnnnonnnnnnnnnp
ıNOvw

									𝐸𝑞. 3.8 

 

𝑚À(𝒖, 𝑡 + 1; 𝐱4)

= 𝑚À(𝒖; 𝑡) + 𝛼(𝒖; 𝐱4, 𝜆À). †1 − 𝑚À(𝒖; 𝑡)°. 𝑙Àmnnnnnnnnnnnnnonnnnnnnnnnnnnp
ÔNvMsbsz

− †1 − 𝛼(𝒖; 𝐱4, 𝜆À)°.𝑚À(𝒖; 𝑡). 𝛿Àmnnnnnnnnnonnnnnnnnnp
ıNOvw

				𝐸𝑞. 3.9 

 

𝛼(𝒖; 𝐱4, 𝜆») = 𝑒H„ˆ.‖𝒖H𝐱F‖									𝐸𝑞. 3.10 
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𝛼(𝒖; 𝐱4, 𝜆À) = 𝑒H„˜.‖𝒖H𝐱F‖									𝐸𝑞. 3.11 

 

where 𝑙» and 𝑙À are the rates of learning for reference and working memory; the functions 

𝛼(𝒖; 𝐱4, 𝜆») and 𝛼(𝒖; 𝐱4, 𝜆À) respectively describe how the rates of reference and working memory 

acquisition attenuate as a function of distance from the animal’s current position (modelled via 

negative exponential functions); and 𝛿» and 𝛿À determine the rates at which the two forms of 

memory decay over time. According to their biological definition (Van Moorter et al. 2009; Bracis et 

al. 2015), reference memory is always larger than working memory, thus imposing the following 

constraints: 𝑙» ≥ 𝑙À, 𝛿» ≤ 𝛿À and 𝜆» ≤ 𝜆À. For missing relocations, memory decay took place 

across the landscape, and no learning occurred.  

 

Model fitting 

We fitted two models representing competing hypotheses pertaining to the biological processes 

influencing the movements of reintroduced roe deer: resource-only (Mres), and interplay between 

memory and resources (Mmem:res). For the Mres model, the memory parameters were omitted (i.e., no 

memory learning; 𝑙» = 𝑙À = 0). We estimated the model parameters through maximum-likelihood 

inference. The likelihood function for the parameter set of the information-independent movement 

kernel 𝜃G = 𝜅-, 𝜆-, and of the cognitive weighting function, 𝜃9 = (𝑙», 𝑙À, 𝛿», 𝛿À, 𝜆», 𝜆À, 𝜀, 𝛽G: 𝛽Õ), is 

given as: 

𝐿(𝝎) = √√𝑝(𝐱4|𝐱4HG, 𝜃G, 𝜃9)
ƒè

4∂G

≈

b∂G

									𝐸𝑞. 3.12 

 



 94 
 

with 𝑁 the number of animals (i.e., 17) and 𝑇b  the number of relocations for animal 𝑖. Missing GPS 

relocations were omitted from the likelihood function. We estimated the global minima of the log-

likelihood function [𝑙𝑜𝑔𝐿(𝝎); i.e., the objective function] using the particle swarm optimization 

algorithm (PSO; Poli et al. 2007; see Appendix 3.5 for details). We calculated 95% marginal 

confidence intervals (CIs) via an asymptotic normal approximation of the objective function in the 

neighbourhood of the global minima. We then evaluated the contribution of each variable to the 

model support by calculating the delta Akaike Information Criterion (Akaike 1973) of the reduced 

model (i.e., excluding the variable of interest) relative to the full model. 

 

Movement simulations and emergent properties 

We evaluated whether the two parametrized movement models (Mres and Mmem:res) could 

characterize the spatial behaviour of reintroduced roe deer by means of movement simulations. For 

each monitored roe deer, we ran 30 movement simulations (17 animals x 30 runs = 510 simulated 

trajectories per model), initiated on the first observed GPS relocation of each individual (i.e., in the 

vicinity of the release site). At each time step, a spatial location was randomly selected according to 

the probabilities defined by the parametrized redistribution kernel. Simulations ran for a duration 

equivalent to that of the observed roe deer trajectories.  

We compared observed and simulated trajectories using key emerging properties. First, to 

evaluate the emergence of spatially-restricted movements, we compared the temporal trend in net 

squared displacement (NSD). NSD was calculated as the squared distance between the individual 

position at time 𝑡, 𝐱4 , and the trajectory start position, 𝐱©: 

𝑁𝑆𝐷4 = ‖𝐱4 − 𝐱©‖9									𝐸𝑞. 3.13 
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At the population-level, we computed the mean NSD for the 17 released roe deer as a 5-day rolling 

mean to remove individual noise. For the simulations, we calculated the 5% and 95% confidence 

bounds for the mean NSD via bootstrapping (1000 random samples of 17 simulated trajectories). 

Second, we evaluated whether the parametrized movement models captured the empirical 

distributions of emergent movement properties. We calculated step length as the Euclidean distance 

between two successive relocations, and turning angle as the angle in radians between the directions 

of two successive steps (ranges from −𝜋 to 𝜋; 0 indicating no directional change). Third, we 

investigated whether the parametrized movement models captured roe deer revisitation behaviour 

(i.e., movement recursions; Berger-Tal & Bar-David 2015). Revisits, defined as returns to a 

previously visited area, occurred when an animal (observed or simulated) used a 25 x 25 m spatial 

cell that had been last visited within > 6 hours (i.e., temporally-disjointed use of a specific location). 

For each visited cell along the trajectory, we computed its total number of revisits (0 indicating a 

single visit) and their associated time since last visit. 

 

Equations 3.1-3.12 were solved numerically, and simulations performed in C++. The 

parameters were estimated using the PSO algorithm, implemented within the Global Optimization 

Toolbox, MATLAB R2017b (MathWorks, Natick, Massachusetts, USA). The optimization ran on a 

computer cluster using the Distributed Computer Server (Sharma & Martin 2009). We calculated 

the CIs, produced the effect size plots and comparison between observed and simulated trajectories 

in R (R Development Core Team 2016).  



 96 
 

 

4  

Memory can be integrated in mathematical models 

of animal home ranges 

 

4.1 INTRODUCTION 

Individual-based models (IBMs) of animal movement have shown that memory can lead to the 

emergence of a spatially-constrained space-use in theoretical settings (Tan et al. 2001, 2002; Van 

Moorter et al. 2009; Bracis et al. 2015; Riotte-Lambert et al. 2015). In Chapter 3, by using IBMs 

parametrised with empirical data, we demonstrated that the interplay between memory and 

resource preferences was sufficient to explain the formation of home ranges in nature, in roe deer 

(Capreolus capreolus) released into a novel environment. Although mechanistic IBMs can provide 

valuable insights into the biological determinants of animal movements, their stochastic, 
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individually-based nature makes the analysis of emerging space-use patterns tedious and 

computationally-intensive. 

One approach to addressing this issue is through mechanistic home range analysis (MHRA), 

which characterizes the expected dynamics of a stochastic movement process by deriving 

deterministic, partial differential equations (or integro-difference equations) from models of 

individual movement (Moorcroft & Lewis 2006; Potts & Lewis 2014; Potts et al. 2014). In contrast 

to IBMs, which describe the movements of a single individual (i.e., Langrangian approach), MHRA 

provides a mean-field, place-centred framework (i.e., Eulerian approach) that is directly amenable to 

developing mathematical inference regarding observed animal space-use patterns (Smouse et al. 

2010).  

MHRA was first applied to central-place foragers, for which the attraction to a localizing 

centre (e.g., a den or key, concentrated foraging resource) effectively balanced the diffusion due to 

random motion i.e., localizing tendency model (Holgate 1971). Since then, MHRA has provided 

valuable insights into the biological determinants of animal space-use patterns, and in particular, the 

formation of stable territories through the combined effect of conspecific avoidance and of a focal 

attraction point such as a den (Lewis & Murray 1993; Moorcroft et al. 1999, 2006; Moorcroft & 

Lewis 2006; Bateman et al. 2015). Stable territories have been shown to arise from the memory of 

ritualized aggression events (Potts & Lewis 2016). Furthermore, Briscoe et al. (2002) demonstrated 

that territories could emerge, in absence of any conspecifics, from an attraction towards an animal’s 

own scent marks. These developments have led to broader applications of MHRA including 

predicting patterns of space-use arising from underlying movement models that incorporate 

resource preferences (Barnett & Moorcroft 2008; Moorcroft & Barnett 2008). However, a general 
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mechanistic home range model that can be applied to non-territorial species and non-central place 

foragers is still lacking (Moorcroft 2012; Potts & Lewis 2014). 

Building on previous IBMs of animal movement (Van Moorter et al. 2009; Chapter 3), we 

formulate here a deterministic mechanistic home range model that includes the interplay between 

memory and resource preferences.  

 

4.2 ANALYSIS 

4.2.1 MODEL FOUNDATIONS 

We characterize here the expected location of an individual moving along a one-dimensional, 

circular landscape 𝑥 ∈ [−𝜋, 𝜋] using a system of deterministic integro-difference equations (also 

referred to as master equation; Van Kampen 1992). We discretized the spatial domain into 𝑛 

intervals 𝑥(𝑖 = 1…𝑛) of size ∆𝑥 = 9˝
s

 such that 𝑥G = −𝜋 and 𝑥b = 𝑥G + (𝑖 − 1)∆𝑥. Let 𝑢(𝑥b, 𝑡)∆𝑥 be 

the probability of an individual being at location 𝑥b  at time 𝑡 (effectively, its space-use pattern). The 

following master equation characterizes all possible movements that can lead an individual to arrive 

on location 𝑥b  in a single time step (Moorcroft & Lewis 2006): 

𝑢(𝑥b, 𝑡 + ∆𝑡) = ¥𝑘†𝑥 , 𝑥b, ∆𝑡, 𝑡°	𝑢†𝑥 , 𝑡°	∆𝑥
s

´∂G

							𝐸𝑞. 4.1 

 

The redistribution kernel, 𝑘†𝑥 , 𝑥b, ∆𝑡, 𝑡°∆𝑥, describes the probability that an individual located on the 

discrete interval ˛𝑥 , 𝑥 + ∆𝑥° at time 𝑡 moves to the interval [𝑥b, 𝑥b + ∆𝑥) between time 𝑡 and 𝑡 + ∆𝑡. 

Assuming that (1) movement speed and direction are uncorrelated in time and space, and (2) the 
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animal is moving at a constant speed 𝛾 = ∆≥
∆4

, the redistribution kernel can be simplified into the 

estimation of probabilities to move left, 𝑙†𝑥 , 𝑡°, and right, 𝑟(𝑥 , 𝑡): 

𝑘†𝑥 , 𝑥b, ∆𝑡, 𝑡° = !
𝑙(𝑥 , 𝑡), "𝑥b, 𝑥 "𝑓(𝑥b, 𝑥 ) = −∆𝑥	
𝑟(𝑥 , 𝑡), "𝑥b, 𝑥 "𝑓(𝑥b, 𝑥 ) = ∆𝑥	

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
							𝐸𝑞. 4.2 

 

where "𝑥b, 𝑥 " denotes the shortest distance between locations 𝑥b  and 𝑥  within our circular 

landscape, and 𝑓(𝑥b, 𝑥 ) denotes the direction associated to "𝑥b, 𝑥 " such that 𝑓†𝑥b, 𝑥 ° = 1 where 

"𝑥b, 𝑥 " is a clockwise distance, and 𝑓†𝑥b, 𝑥 ° = −1 where "𝑥b, 𝑥 " is an anticlockwise distance. The 

circular landscape imposed the following boundary condition: 

𝑓𝑜𝑟	𝑎𝑙𝑙	𝑡,									𝑢(−𝜋, 𝑡) = 𝑢(𝜋, 𝑡)							𝐸𝑞. 4.3 

 

To approximate the release of an animal at a specific location, the initial expected location of the 

individual was prescribed as a narrow wrapped normal probability density function: 

𝑓𝑜𝑟	𝑎𝑙𝑙	𝑥b ∈ [𝑥G, 𝑥s],											𝑢(𝑥b, 0) =
1

𝜎√2𝜋
¥ 𝑒&H

(≥è−𝜇+2˝÷)Î
9'Î (

)

÷∂H)

							𝐸𝑞. 4.4 

 

In all simulations, the following parameters were kept fixed at the following values : 

𝜇 = 0,					𝜎 =
𝜋
50

,							∆𝑥 =
𝜋

100
,					∆𝑡 = 1							𝐸𝑞. 4.5 

 

4.2.2 SPACE-USE IMPLICATIONS OF RANDOM MOTION 

In absence of any external or internal influences on animal movement, animal movement is random 

(i.e., simple diffusion). The probabilities of moving left and right are simply: 



 100 
 

𝑙†𝑥 , 𝑡° = 𝑟†𝑥 , 𝑡° =
1
2 							𝐸𝑞. 4.6 

This model gave rise to a homogeneous density of use, and hence did not lead to the formation of a 

home range (Fig. 4.1).  

 

 

Figure 4.1: Space-use implications of random motion. The expected location of the animal at time 𝑡, 
𝑢(𝑥b, 𝑡), is given for 𝑡 = {0, 5, 50, 500, 5000, 50000}, with 𝑡 = 50000 representing the stable-state of the 

distribution. 

 

 

4.2.3 SPACE-USE IMPLICATIONS OF MEMORY 

Model formulation 

Empirical studies of animal movements have demonstrated that individuals are more likely to move 

towards known locations (e.g., Wolf et al. 2009; Merkle et al. 2014; see also Chapters 2 and 3). In 
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our model, the effect of memory (and resources; see section 4.2.4) is captured within a directional 

bias (i.e., memory-based taxis): 

𝑙†𝑥 , 𝑡° =
1 −𝑊†𝑥 , 𝑡°

2 							𝐸𝑞. 4.7 

𝑟†𝑥 , 𝑡° =
1 +𝑊†𝑥 , 𝑡°

2 							𝐸𝑞. 4.8 

 

with 𝑊†𝑥 , 𝑡° ∈ [−1,1] the normalized influence weight at location 𝑥 . When 𝑊†𝑥 , 𝑡° = 0, the 

directional bias is null (i.e., simple diffusion; see section 4.2.3). When 𝑊†𝑥 , 𝑡° > 0, the movement 

from location 𝑥  is biased towards the right; when 𝑊†𝑥 , 𝑡° < 0, the movement is biased towards the 

left. 𝑊†𝑥 , 𝑡° is calculated from the influence weight, 𝑤(𝑥b, 𝑡), of all locations 𝑥b  on location 𝑥 , at time 

𝑡: 

𝑊†𝑥 , 𝑡° = ¥𝑠†𝑥b − 𝑥 °	𝑤(𝑥b, 𝑡)	∆𝑥
s

b∂G

.¥𝑤(𝑥b, 𝑡)	∆𝑥
s

b∂G

/
HG

							𝐸𝑞. 4.9 

 

𝑠†𝑥b − 𝑥 ° = 0
−1, †𝑥b − 𝑥 ° ∈ ]−𝜋, 0[ ∪ ]𝜋, 2𝜋[	
1, †𝑥b − 𝑥 ° ∈ ]−2𝜋,−𝜋[ ∪ ]0, 𝜋[
0, †𝑥b − 𝑥 ° = 0	𝑜𝑟	𝜋

							𝐸𝑞. 4.10 

 

The influence weight of location 𝑥b  is a function of its associated memory value, and of its distance 

from 𝑥 : 

𝑤(𝑥b, 𝑡)= 𝑚(𝑥b, 𝑡)mnonp
2NqPMw

∙ †"𝑥b, 𝑥 " + 𝜃°	HGmnnnnonnnnp
ıbQ4vsON	v44NsRv4bPs

								𝐸𝑞. 4.11 
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The distance attenuation term ensures that the movement of the animal is primarily influenced by 

the locations in its neighbourhood (see also Van Moorter et al. 2009). The basal attenuation 𝜃 > 0 is 

required for the numerical stability of Equation 4.11; indeed, it ensures that the weighting function 

remains bounded as "𝑥b, 𝑥 " approaches zero. 

Following previous individual-based movement simulations (Van Moorter et al. 2009; 

Bracis et al. 2015; Riotte-Lambert et al. 2015; see also Chapter 3) that have indicated that stable 

home ranges can emerge from the influence of a bi-component memory process, we modelled 

memory as:  

𝑚(𝑥b, 𝑡) = 𝑚»(𝑥b, 𝑡) −𝑚À(𝑥b, 𝑡)									𝐸𝑞. 4.12 

 

in which reference memory, 𝑚»(𝑥b, 𝑡), accounts for the long-term attraction to known locations and is 

balanced by a short-term, repulsive working memory, 𝑚À(𝑥b, 𝑡). The values of the memory state 

variables 𝑚»(𝑥b, 𝑡) and 𝑚À(𝑥b, 𝑡) are assumed to be bounded between 0 (no memory) and 1 (full 

memory) at each location 𝑥b . 

The dynamics of memory are governed by learning and memory decay. Following the model 

proposed in Chapter 3, we modelled learning as an exponentially-saturating function of experience 

(Estes 1950; Bush & Mosteller 1951), and decay as negative exponential of time since last visit 

(Ziegler & Wehner 1997; White 2001):  

𝑚»(𝑥b, 𝑡 + ∆𝑡) = 𝑚»(𝑥b, 𝑡)

+ ∆𝑡 3[1 − 𝑚»(𝑥b, 𝑡)]𝑙» ∙ 𝑢(𝑥b, 𝑡)∆𝑥mnnnnnnnnonnnnnnnnp
ÔNvMsbsz

−𝑚»(𝑥b, 𝑡)𝛿» ∙ [1 − 𝑢(𝑥b, 𝑡)∆𝑥]mnnnnnnnnonnnnnnnnp
ıNOvw

4 									𝐸𝑞. 4.13 
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𝑚À(𝑥b, 𝑡 + ∆𝑡) = 𝑚À(𝑥b, 𝑡)

+ ∆𝑡 3[1 −𝑚À(𝑥b, 𝑡)]𝑙À ∙ 𝑢(𝑥b, 𝑡)∆𝑥mnnnnnnnnonnnnnnnnp
ÔNvMsbsz

− 𝑚À(𝑥b, 𝑡)𝛿À ∙ [1 − 𝑢(𝑥b, 𝑡)∆𝑥]mnnnnnnnnnonnnnnnnnnp
ıNOvw

4 									𝐸𝑞. 4.14 

 

According to Equations 4.10 and 4.11, reference and working memory accumulate in proportion of 

the expected animal’s presence, 𝑢(𝑥b, 𝑡), at rates 𝑙»  and 𝑙À, respectively, and decay in proportion of 

the expected animal’s absence, 1 − 𝑢(𝑥b, 𝑡), at rates 𝛿»  and 𝛿À, respectively. According to their 

biological definition (Van Moorter et al. 2009; Bracis et al. 2015), reference memory is always larger 

than working memory, thus imposing the following constraints on the learning and decay rates: 

0 ≤ 𝑙À ≤ 𝑙» ≤
1
∆𝑡 									𝐸𝑞. 4.15 

0 ≤ 𝛿» ≤ 𝛿À ≤
1
∆𝑡 									𝐸𝑞. 4.16 

 

The upper limit of G
∆4

 for the learning and memory decay rates are required to achieve numerical 

stability. Violating the constraints on the memory parameters would lead to a numerical instability, 

potentially causing wild unbounded oscillations in the memory variables, negative values of 

memory, etc. To emulate the release of an animal into a novel environment (akin to a 

reintroduction; see Chapter 3), the initial memory profiles were assumed to be zero: 

𝑓𝑜𝑟	𝑎𝑙𝑙	𝑥b ∈ [𝑥G, 𝑥s],											𝑚»(𝑥b, 0) = 0											𝑚À(𝑥b, 0) = 0								𝐸𝑞. 4.17 
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Both memory variables satisfied the aforementioned wrapped boundary conditions: 

𝑓𝑜𝑟	𝑎𝑙𝑙	𝑡,									𝑚»(−𝜋, 𝑡) = 𝑚»(𝜋, 𝑡)										𝑚À(−𝜋, 𝑡) = 𝑚À(𝜋, 𝑡)									𝐸𝑞. 4.18 

 

In all simulations, we fixed the following parameters such that: 

𝑙À = 𝑙» = 1,						𝛿» = 0.001,					𝜃 = ∆𝑥							𝐸𝑞. 4.19 

 

Movement simulations 

Memory-based movement can lead to the formation of a stable, spatially-concentrated space-use 

(i.e., a home range) as for example with 𝛿À = 0.1 (see the steady-state at 𝑡 = 50000 on Fig. 4.2a). 

The steady-state appeared to be non-gaussian with fast dropping boundaries. Both reference and the 

working memory distributions were characterized by abrupt changes at the vicinity of the home 

range boundaries (Fig. 4.2b-c). 

Given fixed reference memory decay rate (𝛿»), learning rates (𝑙À, 𝑙») and movement speed 

(𝛾), the size of the home range was controlled by the rate of working memory decay, 𝛿À (Fig. 4.3). 

The home range size increased as the working memory decay rate approached that of the reference 

memory. The home range ultimately collapsed into a homogeneous space-use when 𝛿À = 𝛿».  
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Figure 4.2: Formation of a stable home range. (a) The expected location of the animal at time 𝑡, 𝑢(𝑥b, 𝑡), 
(Equation 4.1), (b) its associated reference memory, 𝑚»(𝑥b, 𝑡) (Equation 4.13 ), and working memory, 

𝑚»(𝑥b, 𝑡) (Equation 4.14), are given for 𝑡 = {0, 5, 50, 500, 5000, 50000}, with 𝑡 = 50000 representing the 

stable-state of the distribution. In these simulations, 𝛿À = 0.1.   
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Figure 4.3: Working memory decay rate influences home range size. The steady-state distribution for 
the expected location of the animal is shown for 𝛿À = {1, 0.1, 0.01, 0.0011, 𝛿»}. 
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4.2.4 SPATIALLY-HETEROGENEOUS LANDSCPAPES – THE ROLE OF RESOURCES 

Model formulation 

Animals move to change the environmental conditions they (Cagnacci et al. 2016; Van Moorter et 

al. 2016) such as the availability of resources. Food resources are usually spatially-heterogeneous 

(Wiens 1976). For example, in the case of herbivores, animals typically feed on vegetation 

distributed in patches (Owen-Smith et al. 2010). In this model, we assumed that the movement of 

the animal was directed towards most profitable resources (i.e., resource-based taxis). Following the 

model described in Chapter 3, we modified the formulation of the influence weight (Equation 4.11) 

to include the interplay between memory and resource preferences:  

𝑤(𝑥b, 𝑡)=

⎣
⎢
⎢
⎡
	 𝑚(𝑥b, 𝑡)mnonp

2NqPMw
OPqtPsNs4

+ 𝜀⏟
Ws4MbsQbO

OPqtPsNs4⎦
⎥
⎥
⎤

𝑄(𝑥b)mop
»NQPRMON

tMN|NMNsON

∙ †"𝑥b, 𝑥 "+ 𝜃°	HGmnnnnonnnnp
ıbQ4vsON	v44NsRv4bPs

								𝐸𝑞. 4.20 

 

In absence of information i.e., 𝑚(𝑥b, 𝑡) = 0, the influence of location 𝑥 is proportional to its intrinsic 

resource preference value, with 𝜀 the intrinsic component of resource preferences. We modelled the 

resource preference associated with location 𝑥b , 𝑄(𝑥b), via an exponential resource selection function 

(RSF; Manly et al. 2002): 

𝑄(𝑥) = 𝑒†ÉïMï(≥è)°									𝐸𝑞. 4.21 

 

with 𝛽r the selection coefficient for resource variable 𝑟r .  
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Simulation of heterogeneous resource patterns 

To generate a realistic pattern of resource preferences, we used the memory-based RSF that we 

parametrized using empirical roe deer movements (see Chapter 3): 

𝑄(𝑥b) = 𝑒†ÉÂQ8PtNÖÉÎQ8PtNÎÖÉÏOPrNMÖÉÌOPrNMÎÖÉÓÔãåöéãåçFåæÖÉÒÔáÚãèàâäFâãå°									𝐸𝑞. 4.22 

 

For the sake of simplicity, we simulated the heterogeneous distribution of recently reforested 

landcover (𝐿𝐶MN|PMNQ4N§  hereafter referred to as 𝑟Œ; Fig 4.4a) and considered that all other resources 

(slope, tree cover and agriculture landcover) were constant across the landscape (at their mean 

values). Given 𝛽Œ< = 0.54 (see Fig. 3.1 in Chapter 3), the resource preference function simplifies as: 

𝑄(𝑥b) = 𝑒ÉÓMÓ(≥è) ≈ ‡1.72, 𝑟Œ = 1
1, 𝑟Œ = 0 									𝐸𝑞. 4.23 

 

We generated a low-density, randomly dispersed reforested pattern on 𝑥b ∈ >−𝜋,
˝
J
>, and a high-

density, clustered reforested pattern on 𝑥b ∈ >
˝
J
, 𝜋>: 

𝑥b ∈ >−𝜋,
𝜋
4> 									𝐸

[𝑟Œ(𝑥b)] = 0.25									𝑝(𝑟Œ(𝑥b) = 1|𝑟Œ(𝑥b) = 1) = 0.25									𝐸𝑞. 4.24 

𝑥b ∈ >
𝜋
4 , 𝜋> 									𝐸[𝑟Œ(𝑥b)] = 0.50									𝑝(𝑟Œ(𝑥b) = 1|𝑟Œ(𝑥b) = 1) = 0.75									𝐸𝑞. 4.25 

 

with 𝐸[𝑟Œ(𝑥b)] the expected value of 𝑟Œ(𝑥b). The spatial pattern of resource preferences, 𝑄(𝑥b), is 

shown on Fig. 4.4b. 
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Figure 4.4: Resource heterogeneity pattern. Panel (a) shows the simulated resource distribution. Panel 
(b) shows the resulting pattern of resource preferences, 𝑄(𝑥𝑖), based on Equation 4.23. 
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Figure 4.5: Space-use implications of random motion in a spatially-heterogeneous landscape. The 
steady-state distribution for the expected location of the animal are shown for the memory-less model in 

purple. The underlying resource distribution pattern is plotted in green. 
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Movement simulations 

The distribution of resources strongly influenced the emerging space-use patterns (Fig. 4.5 and 4.6). 

In absence of memory, the model led to a spatial concentration in areas of high resource density 

(Fig. 4.5). The behaviour of the system was independent of the intrinsic component of resource 

preference if 𝜀 > 0. When 𝜀 = 0, the model resulted into a simple diffusion, as in homogeneous 

landscapes (see Fig. 4.1).  

In presence of memory, holding all other model parameters at their prescribed values (here, 

𝑙À = 𝑙» = 1, 𝛿» = 0.001, 𝛿À = 0.01, 𝛽Œ< = 0.54, 𝜃 = ∆𝑥),	𝜀 controlled the respective weight of (i) 

the interplay between memory and resources and (ii) the intrinsic resource preferences (Fig. 4.6). 

When the intrinsic component of resource preference was null (i.e., 𝜀 = 0), the model led to the 

formation of a stable home range, whose pattern was only influenced by the distribution of resources 

in the vicinity of the release site (Fig. 4.6a). As 𝜀 increased, the model led to the formation of a stable 

home range that reflected the larger-scale resource distribution (Fig. 4.6b-d) i.e., a home range 

located in areas of high resource density. The resulting space-use pattern differs from that of the 

memory-less model by its abrupt boundaries (see for example the infinitesimal probability that the 

individual is located between 𝑥 = −𝜋 and 𝑥 = ˝
Œ

 on Fig. 4.6c). When the intrinsic component of 

resource preferences reached very high values (e.g., 𝜀 = 1000), the steady-state space-use pattern 

tended towards that of the spatially-heterogeneous random motion (Fig 4.6e). 
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Figure 4.6: Formation of a home range in a spatially-heterogeneous landscape. The steady-state 
distributions (𝑡 = 200000) for the expected location of the animal are shown for memory-based models 

(thick blue lines) differing in their intrinsic component of resource preference: 𝜀 = 0 (Panel a), 𝜀 = 10 (b), 

𝜀 = 50 (c), 𝜀 = 100 (d), and 𝜀 = 1000 (e). The steady-state distribution for the memory-less model is plotted 

(thin purple lines) for comparison. The underlying resource distribution pattern is showed in green. 
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4.3 DISCUSSION 

We provide here a mathematical model for the formation of home ranges, in absence of any 

territorial behaviour or central-place foraging, that is instead based on memory. We show that a bi-

component memory process can lead to the formation of stable home ranges (Fig. 4.2), in 

agreement with existing individual-based model simulations (IBMs; Van Moorter et al. 2009; Bracis 

et al. 2015; Riotte-Lambert et al. 2015; see also Chapter 3). We further demonstrate that, for a given 

reference memory characterization, home range size is controlled by working memory decay rate 

(Fig. 4.3). Home range size increases with decreasing working memory decay rate, eventually 

collapsing into simple diffusion when the decay rate of working memory reaches that of the 

reference memory, consistent with the IBM proposed by Van Moorter et al. (2009). Altogether, 

these results suggest that our mathematical model accurately captures the behaviours observed in 

stochastic movement simulations.  

In spatially heterogeneous environments, we found that memory-less movements give rise to 

space-use patterns that are driven by the underlying spatial variations of resources (such that space-

use intensity is high in areas associated with higher preference), concordant with results obtained 

with analytically-tractable mechanistic models of animal home ranges (Barnett & Moorcroft 2008; 

Moorcroft & Barnett 2008). However, unlike Moorcroft & Barnett (2008), in our case, the stable-

state space-use intensity at a particular location does not seem to be equal to the square of the 

preference function for that location. Indeed, space-use intensity appears to vary considerably 

among locations associated with a similar resource preference value (see differences in 𝑢(𝑥b, 𝑡) for 
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different resource patches on Fig. 4.5). Further mathematical analysis of the proposed model is 

required to uncover the reason for this discrepancy. 

The interplay between memory and resource preferences gives rise to space-use patterns 

that reflect the joined attraction to familiar locations (memory effect), and resource patches 

(resource preference effect) such that space-use intensity peaks for known, preferred resource 

locations. The intrinsic component of resource preference, 𝜀, which defines the attraction of a 

location based on its resource attributes in absence of memory, controls the respective influence of 

memory and resource preferences on the resulting space-use pattern (Fig. 4.6). The response of the 

model to the variation of 𝜀 provides insights into the processes that shape a continuum of space-use 

patterns – from spatially-restricted movements into a home range that is influenced by local 

resource heterogeneity, to diffusive-like movements dependent on larger-scale resource 

distributions, such as in nomadism tactic (Mueller & Fagan 2008; Mueller et al. 2011; Fagan et al. 

2013). 

Integro-difference equations, as presented here, represent the crucial link between 

individual-based movement realizations (see Chapter 3), and the development of analytically-

tractable, partial differential equations describing resulting space-use patterns (Moorcroft & Lewis 

2006; Potts & Lewis 2014). Unlike existing deterministic models of animal movement (Holgate 

1971; Lewis & Murray 1993; Moorcroft et al. 1999, 2006; Briscoe et al. 2002; Moorcroft & Lewis 

2006; Bateman et al. 2015; Potts & Lewis 2016), our model has the potential to be applied beyond 

territorial species, and central place foragers, and hence provides a general framework to study the 

space-use of animals whose movements are restricted within characteristic home ranges.  
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Conclusion 

 

Developing a unified theory of animal space-use requires a mechanistic understanding of the 

cognitive processes underlying animal movement decisions in nature (Mitchell & Powell 2004; 

Börger et al. 2008; Spencer 2012). In this Dissertation, I evaluated how memory, together with 

resource preferences, drive the movements, and resulting space-use patterns, of wild European roe 

deer. I found that roe deer spatial behaviour is tightly connected to the spatio-temporal patterns of 

resource distribution, and is strongly influenced by site familiarity (Chapter 1). I then showed that 

roe deer foraging decisions primarily rely on memory, and not perception (Chapter 2). Building on 

these findings, I developed a mechanistic, memory-based movement model, and demonstrated that 

the interplay between memory and resource preferences can explain the formation of home ranges 

in roe deer reintroduced into a novel environment (Chapter 3). Finally, I formulated a memory-

based mathematical model of animal space-use, and showed that memory can indeed lead to the 

emergence of stable, characteristic home ranges – deterministic predictions that capture the 

behaviour observed in reintroduced roe deer, and stochastic movement simulations (Chapter 4).  

 The hypothesis suggesting that home ranges emerge from the benefits associated with 

memory-based movements has attracted increasing attention in recent years (e.g., Van Moorter et 

al. 2009; Spencer 2012; Fagan et al. 2013). In particular, empirical studies of animal movements 

have recently shown that animals return to previously-visited locations (e.g., Wolf et al. 2009; 
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Oliveira-Santos et al. 2016; Marchand et al. 2017), a behaviour that can be explained by the 

influence of memory (Merkle et al. 2014, 2017; Avgar et al. 2015; Schlägel et al. 2017). Further 

progress on the characterization of how memory drives animal movements, and resulting space-use, 

in nature has been slowed by the lack of appropriate empirical movement datasets, particularly due 

to the difficulty to conduct field experiments (Fagan et al. 2013; Bracis & Mueller 2017). This 

Dissertation was designed to address this challenge, and is articulated around two experimental 

systems: a resource manipulation experiment (Chapters 1 and 2), and the translocation of 

individuals into a novel environment as part of a reintroduction project (Chapter 3). Analysing the 

trajectories of roe deer fitted with GPS-telemetry collars during these two experiments using 

mechanistic models led to clear and robust inference on the biological processes – cognitive and 

intrinsic resource preferences – governing roe deer behaviour. Most importantly, the fitted models 

were characterized by a strong predictive ability, a goal that has proved arduous in previous resource 

selection and movement models. Although large-scale resource manipulations entail more effort and 

challenges than observational studies of animal movements, the results presented in Chapters 1 and 

2 speak to their capacity to reveal the determinants of animal behaviour in nature. Conversely, 

empirical movement datasets from reintroduction projects are common in the field of conservation, 

and yet are underutilized for behavioural and ecological inference, despite their potential (Fagan et 

al. 2013). I present in Chapter 3 the first study that takes advantage of the experimental nature of 

reintroductions to evaluate, and characterize the processes that lead to home range emergence. My 

approach shows how conservation biology has great potential to inform quantitative animal ecology; 

in turn, advances on the understanding of behavioural processes underlying animal distributions 

could substantiate conservation decisions. 
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 The ultimate goal of quantitative animal ecology shall be to draw a connection between fine-

scale movement processes, resulting space-use patterns, and the dynamics of populations (Morales 

et al. 2010). This ambitious objective shall rely on an analytically-tractable characterization of 

animal space-use patterns. In chapter 4, I present a mathematical model for the formation of home 

ranges that has the potential to be scale-up to population-level inference. 

  



 119 
 

Appendix 1.1 

Animal captures and tracking 

 

Between November 2016 and February 2019, we captured and marked 37 roe deer using wooden 

box traps baited with corn near feeding sites in winter (n = 33) and net drives in spring and fall (n = 

5). Of these captured individuals, 26 (yearlings and adults, or fawns captured after March) were 

fitted with GPS-GSM radio collars (VECTRONIC Aerospace GmbH; models GPS Plus, Vertex 

Plus or Vertex Lite). Nine individuals were recaptured in two separate years (n = 7) or had data 

spanning two subsequent winters (n = 2), thereby leading to a total of 35 animal-years (28 adults: 

21 females, 7 males; 7 yearlings/fawns: 5 females, 2 male). Two collar batteries failed prior to this 

period. In addition, prerequisites for performing the experimental manipulation on an animal-year 

were: (i) spatial overlap between the animal-year movement trajectory and a FS, defined here as at 

least 10 relocations within a radius 𝑙	(mean hourly step length i.e., 61.2 m) of any managed FS, 

during a two-week period (i.e., the pre-closure) and (ii) possibility to alter the FS management, after 

explicit agreement with its private owner, which led to the exclusion of eight animal-years from the 

experiment. In light of the above considerations, we retained 25 animal-years (21 adults: 15 

females, 6 males; 4 yearlings: 2 females, 2 males; n = 4 in 2017, n = 11 in 2018 and n = 10 in 2019) 

for the experimental manipulation. One animal died (F4-2018), and another had a prolonged series 

of missing fixes (F28-2019) during the third phase of the experimental manipulation, so we 

excluded two post-closure phases.  
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Figure A1: Spatial distribution of the roe deer included in the experiment. The area occupied by each 
twenty-five animal-years is plotted as a 95 % minimum convex polygon (2017: blue; 2018: burgundy; 2019: 

orange). Female home ranges are displayed as solid lines and males as dashed lines. All managed feeding 

sites (FS i.e., either M or A) are identified as black triangles, with their corresponding identifier number. 
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Figure A2: Monitoring history of the roe deer included in the experiment. To ensure comparability 
among animal-years, the initial excess positions for the pre-closure and closure phases and terminal excess 

positions for post-closure phase were trimmed. The post-closure phases of F4-2018 and F28-2019 have 

been excluded from the analyses due to a mortality case and a high proportion of missing fixes, respectively. 
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Table A1: Identity of the manipulated (M), alternate (A), and used alternate feeding sites for each 
animal-year.  

Animal-year Main feeding site (M) Alternate feeding sites (A) Used alternate feeding sites 

F2-2017 FS39 FS: 9, 42, 43, 112 FS: 42, 43 

F2-2018 FS112 FS: 9, 39, 43, 141 FS: 9, 39, 43, 141 

F4-2017 FS39 FS: 9, 42, 43, 112 / 

F4-2018 FS112 FS: 9, 39, 43, 141 FS: 39, 141 

F16-2017 FS90 FS: 47, 49, 88, 89, 113, 114 FS: 47, 49, 88, 113, 114 

F16-2018 FS90 FS: 47, 88 FS47 

M11-2017 FS39 FS: 9, 42, 43, 112 FS: 9, 43, 112 

M11-2018 FS112 FS: 9, 39, 43, 141 FS: 9, 39 

F5-2018 FS75 FS: 76, 77, 92, 97, 148 FS: 76, 97 

F6-2018 FS42 FS: 43, 149, 156 FS149 

F9-2018 FS92 FS: 43, 47, 75, 76, 77, 94, 97, 148 FS75 

F11-2018 FS76 FS: 75, 77, 92, 97 FS: 75, 77, 97 

F7-2018 FS92 FS: 47, 75, 76, 77 FS: 76, 77 

F7-2019 FS92 FS: 47, 75, 76, 77, 90, 157 FS77 

F19-2018 FS90 FS: 47, 77, 88, 89 FS47 

F19-2019 FS90 FS: 47, 77, 88, 89, 92, 157 FS47 

M24-2018 FS148 FS: 75, 76, 77, 92, 97 FS75 

M24-2019 FS148 FS: 75, 76, 94, 97 FS: 75, 97 

F28-2019 FS43 FS: 39, 42, 112 FS39 

F37-2019 FS39 FS: 9, 43, 112, 148 FS112 

F41-2019 FS35 FS: 9, 112 FS9 

M10-2019 FS156 FS: 42, 47, 157 FS: 47, 157 

M33-2019 FS35 FS: 9, 112 FS9 

M38-2019 FS156 FS: 42, 47, 90, 157 FS: 42, 47, 157 

M40-2019 FS15 FS: 42, 156 FS42 

For A, only managed FS within 500 m of the roe deer GPS relocations are listed.  
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Appendix 1.2 

Individual variability in feeding site preference 

 

Table A2. Individual variability in feeding site preference.  

 Buffer size – multiple of the mean step length (𝑙) 

Animal-year ID 0.5 1.0 1.5 2.0 3.0 4.0 

F2-2017 0.352 0.752 0.797 0.830 0.904 0.931 

F2-2018 0.215 0.540 0.585 0.618 0.749 0.866 

F4-2017 0.155 0.615 0.693 0.749 0.863 0.961 

F4-2018 0.084 0.499 0.597 0.633 0.693 0.848 

F16-2017 0.301 0.418 0.537 0.624 0.809 0.952 

F16-2018 0.149 0.281 0.325 0.472 0.710 0.863 

M11-2017 0.170 0.639 0.734 0.755 0.845 0.940 

M11-2018 0.164 0.493 0.534 0.603 0.699 0.779 

F5-2018 0.101 0.242 0.310 0.478 0.710 0.872 

F6-2018 0.149 0.242 0.331 0.379 0.481 0.630 

F9-2018 0.069 0.110 0.158 0.218 0.382 0.633 

F11-2018 0.078 0.290 0.355 0.394 0.481 0.591 

F7-2018 0.084 0.233 0.388 0.469 0.618 0.761 

F7-2019 0.051 0.152 0.287 0.376 0.531 0.782 

F19-2018 0.140 0.296 0.346 0.451 0.672 0.848 

F19-2019 0.107 0.140 0.188 0.218 0.388 0.639 

M24-2018 0.137 0.412 0.555 0.687 0.803 0.899 

M24-2019 0.063 0.215 0.424 0.543 0.696 0.761 

F28-2019 0.358 0.570 0.630 0.710 0.791 0.881 

F37-2019 0.036 0.084 0.170 0.496 0.737 0.896 
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Table A2. Individual variability in feeding site preference (continued). 

 Buffer size – multiple of the mean step length (𝑙) 

Animal-year ID 0.5 1.0 1.5 2.0 3.0 4.0 

F41-2019 0.140 0.421 0.484 0.528 0.869 0.943 

M10-2019 0.218 0.296 0.373 0.451 0.567 0.693 

M33-2019 0.200 0.394 0.454 0.549 0.773 0.890 

M38-2019 0.036 0.075 0.188 0.334 0.448 0.606 

M40-2019 0.104 0.164 0.224 0.296 0.379 0.558 

Interquartile range 0.087 0.278 0.245 0.230 0.260 0.203 

Mean 0.147 0.343 0.427 0.514 0.664 0.801 

Standard deviation 0.089 0.188 0.183 0.164 0.163 0.128 

Minimum 0.036 0.075 0.158 0.218 0.379 0.558 

Maximum 0.358 0.752 0.797 0.830 0.904 0.961 

Preference for feeding sites (ℎ,-) is shown for each animal-year (ID-Year), based on six feeding site buffer 

sizes: mean step length of roe deer, 𝑙, multiplied by 0.5, 1, 1.5, 2, 3 and 4 (i.e., 30.6, 61.2, 91.8, 122.4, 

183.6 and 244.8 m, respectively). The inter-individual variability in ℎ,- (interquartile range and standard 

deviation) is maximum for a buffer of 𝑙.  
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Appendix 1.3 

Space-use models 

 

 

Table A3: Summary of the final model for home range size (95% UD).  

 
Estimate Std. Error df t value p-value 

(Intercept) 3.392 0.162 45.118 21.002 <0.001*** 

PhaseClosure -0.001 0.150 48.269 -0.005 0.996 

PhasePost-closure -0.138 0.151 48.395 -0.914 0.365 

ℎ,- -0.532 0.415 45.118 -1.282 0.206 

PhaseClosure:ℎ,- 0.845 0.385 48.269 2.195 0.033* 

PhasePost-closure:ℎ,- 0.879 0.399 48.870 2.205 0.032* 

 
Std. Dev 

  
R2 

 
Random effect 0.289 

 
Marginal 0.122 

 
Residual 0.251 

 
Conditional 0.622 

 
The model includes experimental phase (Phase; reference level: Pre-closure), preference for feeding sites 

(ℎ,-) and their interaction as fixed effects, and animal-year as a random intercept.  
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Table A4: Summary of the final model for core area size (50% UD).  

 
Estimate Std. Error df t value p-value 

(Intercept) 1.930 0.181 65.921 10.684 <0.001*** 

PhaseClosure -0.106 0.223 48.722 -0.478 0.635 

PhasePost-closure -0.101 0.224 48.970 -0.450 0.655 

ℎ,- -2.096 0.464 65.921 -4.514 <0.001*** 

PhaseClosure:ℎ,- 1.572 0.572 48.722 2.747 0.008** 

PhasePost-closure:ℎ,- 1.179 0.591 49.914 1.997 0.051(*) 

      

 
Std. Dev 

  
R2 

 
Random effect 0.209 

 
Marginal 0.351 

 
Residual 0.373 

 
Conditional 0.506 

 
The model includes experimental phase (Phase; reference level: Pre-closure), preference for feeding sites 

(ℎ,-) and their interaction as fixed effects, and animal-year as a random intercept. 

 
 
 
 
Table A5: Summary of the final model for space-use overlap.  

 
Estimate Std. Error df t value p-value 

(Intercept) 0.096 0.225 66.109 0.428 0.670 

ContrastClosure/Post-c.  0.119 0.286 47.785 0.414 0.680 

ContrastPre-c./Post-c. -0.045 0.286 47.785 -0.156 0.877 

ℎ,- -2.073 0.578 66.109 -3.590 <0.001*** 

ContrastClosure/Post-c.:ℎ,- 1.179 0.753 49.192 1.565 0.124 

ContrastPre-c./Post-c.:ℎ,- 2.366 0.753 49.192 3.141 0.003** 

      

 
Std. Dev 

  
R2 

 
Random effect 0.238 

 
Marginal 0.372 

 
Residual 0.476 

 
Conditional 0.498 

 
The model includes experimental contrast (Contrast; reference level: Pre-c./Closure), preference for 

feeding sites (ℎ,-), and the interaction of Contrast with ℎ,- as fixed effects, and animal-year as a random 

intercept.   
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Appendix 1.4 

Movement models 

 

 

Figure A3: Step length responses. The changes in step length distribution across the three experimental 
phases (colour) for females (left panels) and males (right panels) are shown for individuals characterized 

by a high preference for feeding sites (larger or equal to the sample median i.e., ℎ,- ≥ 0.29; top panels) 

and low ℎ,- (ℎ,- < 0.29; bottom panels). Vertical dashed lines indicate step length means.  
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Table A6: Summary of the final model for step length (𝒔𝒕).  

 
Estimate Std. Error df t value p-value 

(Intercept) 2.537 0.059 90.598 42.764 <0.001*** 

PhaseClosure -0.025 0.043 23950.039 -0.568 0.570 

PhasePost-closure 0.007 0.043 23962.736 0.172 0.864 

ℎ,- -0.319 0.120 43.862 -2.659 0.011* 

Sex 0.052 0.047 43.964 1.089 0.282 

PhaseClosure:ℎ,- 0.244 0.105 23950.469 2.328 0.020* 

PhasePost-closure:ℎ,- 0.041 0.108 23510.633 0.379 0.704 

PhaseClosure:SexM 0.128 0.042 23951.008 3.084 0.002** 

PhasePost-closure:SexM 0.125 0.042 23935.032 2.957 0.003** 

𝑠4HG  0.284 0.006 23972.255 44.688 <0.001*** 

𝑠4H9  -0.148 0.006 23973.995 -23.405 <0.001*** 

𝑠4H9J  0.128 0.006 23969.001 20.892 <0.001*** 

      

 
Std. Dev 

  
R2 

 
Random effect 0.087 

 
Marginal 0.112 

 
Residual 1.240 

 
Conditional 0.117 

 
The model includes experimental phase (Phase; reference level: Pre-closure), preference for feeding sites 

(ℎ,-), Sex (reference level: female, F), the interactions of Phase with both ℎ,- and Sex, and the step length 

at lags 1, 2 and 24 hours (𝑠4HG, 𝑠4H9 and 𝑠4H9J) as fixed effects, and animal-year as a random intercept. 
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Figure A4: Turning angle responses. The changes in absolute turn angle distribution across the three 
experimental phases (colour) for females (left panels) and males (right panels) are shown for individuals 

characterized by high preference for feeding sites (larger or equal to the sample median i.e., ℎ,- ≥ 0.29; 

top panels) and low ℎ,- (ℎ,- < 0.29; bottom panels). Vertical dashed lines indicate absolute turn angle 

means. 
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Table A7: Summary of the final model for the absolute turn angle (𝝋𝒕).  

 
Estimate Std. Error df t value p-value 

(Intercept) 0.194 0.054 35.811 3.623 <0.001*** 

PhaseClosure -0.033 0.038 23771.982 -0.869 0.385 

PhasePost-closure 0.067 0.039 21733.369 1.714 0.087(*) 

ℎ,- 0.371 0.119 24.934 3.118 0.005** 

Sex 0.059 0.060 68.683 0.984 0.329 

PhaseClosure:SexM -0.187 0.067 23772.703 -2.783 0.005** 

PhasePost-closure:SexM -0.113 0.068 23619.032 -1.662 0.096(*) 

      

 
Std. Dev 

  
R2 

 
Random effect 0.088 

 
Marginal <0.01 

 
Residual 1.992 

 
Conditional <0.01 

 
The model includes experimental phase (Phase; reference level: Pre-closure), preference for feeding sites 

(ℎ,-), Sex (reference level: female, F) and the interaction of Phase with Sex as fixed effects, and animal-

year as a random intercept. 
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Appendix 1.5 

Resource use models 

 

Table A8: Summary of the final models for the use of the manipulated feeding site (𝒖𝑴,𝒕), alternate 

feeding sites (𝒖𝑨,𝒕) and vegetation (𝒖𝑽,𝒕).  

Manipulated feeding site (M) 

 
Estimate Std. Error z value p-value 

(Intercept) -3.325 0.112 -29.804 <0.001*** 

PhaseClosure -0.645 0.172 -3.740 <0.001*** 

PhasePost-closure -0.102 0.126 -0.809 0.418 

ℎ,- 1.723 0.288 5.990 <0.001*** 

PhaseClosure:ℎ,- -1.657 0.459 -3.606 <0.001*** 

PhasePost-closure:ℎ,- -0.473 0.325 -1.456 0.145 

𝑢2,4HG 3.155 0.065 48.555 <0.001*** 

𝑢2,4H9 0.900 0.068 13.286 <0.001*** 

𝑢2,4H9J 0.739 0.062 11.917 <0.001*** 

 
Std. Dev 

  
R2 

Random effect 0.161 
 

Marginal 0.346 

Residual 1.000 
 

Conditional 0.349 

     
Alternate feeding sites (A) 

 
Estimate Std. Error z value p-value 

(Intercept) -6.032 0.379 -15.913 <0.001*** 

PhaseClosure 2.191 0.297 7.38 <0.001*** 

PhasePost-closure 1.663 0.308 5.395 <0.001*** 

ℎ,- 3.869 0.829 4.668 <0.001*** 
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Table A8: Summary of the final models for the use of the manipulated feeding site (𝒖𝑴,𝒕), alternate 

feeding sites (𝒖𝑨,𝒕) and vegetation (𝒖𝑽,𝒕) (continued). 

Alternate feeding sites (A) 

 
Estimate Std. Error z value p-value 

Sex -0.917 0.372 -2.464 0.014* 

PhaseClosure:ℎ,- -1.726 0.571 -3.022 0.003** 

PhasePost-closure:ℎ,- -1.831 0.594 -3.081 0.002** 

PhaseClosure:SexM 0.529 0.292 1.815 0.069(*) 

PhasePost-closure:SexM 0.855 0.302 2.835 0.005** 

𝑢5,4HG 2.993 0.081 36.935 <0.001*** 

𝑢5,4H9 1.175 0.086 13.611 <0.001*** 

𝑢5,4H9J 0.394 0.087 4.521 <0.001*** 

 
Std. Dev 

  
R2 

Random effect 0.551 
 

Marginal 0.188 

Residual 1.000 
 

Conditional 0.208 

     
Vegetation (V) 

 
Estimate Std. Error z value p-value 

(Intercept) -0.496 0.187 -2.655 0.008** 

PhasePost-closure -0.252 0.055 -4.593 <0.001*** 

ℎ,- -1.870 0.443 -4.223 <0.001*** 

𝑢6,4HG 2.597 0.061 42.240 <0.001*** 

𝑢6,4H9 0.853 0.064 13.327 <0.001*** 

𝑢6,4H9J 0.382 0.061 6.256 <0.001*** 

 
Std. Dev 

  
R2 

Random effect 0.361 
 

Marginal 0.298 

Residual 1.000 
 

Conditional 0.314 

The models include experimental phase (Phase; reference level: Pre-closure), preference for feeding sites 

(ℎ,-), Sex (reference level: female, F; only retained for 𝑢5,4), the interactions of Phase with both ℎ,- and 

Sex (only retained for 𝑢5,4), and the resource variables at lags 1, 2 and 24 hours (e.g., 𝑢2,4HG, 𝑢2,4H9 and 

𝑢2,4H9J) as fixed effects, and animal-year as a random intercept. For the vegetation model, the data included 
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(Continued) only the Closure and Post-closure phases since the average 𝑢6,4 during pre-closure was used 

to calculate ℎ,-. The reference levels used for Phase were Pre-closure for 𝑢2,4, and Closure for 𝑢6,4. 

 

 

Figure A5: Sex differences in resource responses. Roe deer shifts in use of alternate feeding sites (A, 
𝑢5,4, y-axis) during the experiment (pre-closure: black; closure: blue and post-closure: green) are shown as 

a function of preference for feeding sites (y-axis) and Sex (left panel: females, right panel: males). Model 

predictions are plotted as solid lines (95% confidence interval: ribbon) and mean relative use by dots 

(females) or squares (males). The model predictions do not consider the influence of resource lags at 1, 2 

and 24 h. 
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Table A9: Summary of the best models for the use of the manipulated feeding site (𝒖𝑴,𝒕), alternate 

feeding sites (𝒖𝑨,𝒕) and vegetation (𝒖𝑽,𝒕) without considering the lags in resource variables.  

Manipulated FS (M) 

 
Estimate Std. Error z value p-value 

(Intercept) -2.466 0.173 -14.294 <0.001*** 

PhaseClosure -0.908 0.146 -6.234 <0.001*** 

PhasePost-closure -0.058 0.095 -0.607 0.544 

ℎ,- 4.576 0.453 10.093 <0.001*** 

PhaseClosure:ℎ,- -4.269 0.382 -11.182 <0.001*** 

PhasePost-closure:ℎ,- -1.639 0.234 -7.002 <0.001*** 

     

 
Std. Dev 

  
R2 

Random effect 0.370 
 

Marginal 0.157 

Residual 1.000 
 

Conditional 0.174 

     
Alternate FS (A) 

 
Estimate Std. Error z value p-value 

(Intercept) -6.246 0.507 -12.31 <0.001*** 

PhaseClosure 2.887 0.252 11.463 <0.001*** 

PhasePost-closure 2.013 0.262 7.678 <0.001*** 

ℎ,- 5.762 1.192 4.833 <0.001*** 

Sex -1.862 0.519 -3.59 <0.001*** 

PhaseClosure:ℎ,- -1.387 0.463 -2.993 0.003** 

PhasePost-closure:ℎ,- -1.733 0.481 -3.605 <0.001*** 

PhaseClosure:SexM 1.171 0.272 4.313 <0.001*** 

PhasePost-closure:SexM 1.764 0.277 6.368 <0.001*** 

     

 
Std. Dev 

  
R2 

Random effect 1.007 
 

Marginal 0.160 

Residual 1.000 
 

Conditional 0.208 
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Table A9: Summary of the best models for the use of the manipulated feeding site (𝒖𝑴,𝒕), alternate 

feeding sites (𝒖𝑨,𝒕) and vegetation (𝒖𝑽,𝒕) without considering the lags in resource variables 

(continued).  

Vegetation (V) 

 
Estimate Std. Error z value p-value 

(Intercept) 2.898 0.306 9.473 <0.001*** 

PhasePost-closure -0.490 0.044 -11.219 <0.001*** 

ℎ,- -3.755 0.802 -4.680 <0.001*** 

     

 
Std. Dev 

  
R2 

Random effect 0.721 
 

Marginal 0.076 

Residual 1.000 
 

Conditional 0.154 

The models include experimental phase (Phase), preference for feeding sites (ℎ,-), Sex (reference level: 

female, F), the interaction of Phase with both ℎ,- (for 𝑢2,4 and 𝑢5,4) and Sex (for 𝑢5,4, only) as fixed effects, 

and animal-year as a random intercept. For the vegetation model, the data included only the Closure and 

Post-closure phases since the average 𝑢6,4 during pre-closure was used to calculate ℎ,-. The reference 

levels used for Phase were Pre-closure for 𝑢2,4 and 𝑢5,4, and Closure for 𝑢6,4. 
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Table A10: Summary of the final models for the use of the manipulated feeding site (𝒖𝑴,𝒕), alternate 

feeding sites (𝒖𝑨,𝒕) and vegetation (𝒖𝑽,𝒕) when incorporating the two outlier animals – F4-2017 and 

F16-2017.  

Manipulated FS (M) 

 
Estimate Std. Error z value p-value 

(Intercept) -3.342 0.122 -27.432 <0.001*** 

PhaseClosure -0.774 0.168 -4.613 <0.001*** 

PhasePost-closure -0.133 0.125 -1.062 0.288 

ℎ,- 1.676 0.306 5.483 <0.001*** 

PhaseClosure:ℎ,- -1.087 0.413 -2.633 0.008** 

PhasePost-closure:ℎ,- -0.359 0.309 -1.162 0.245 

𝑢2,4HG 3.170 0.062 50.947 <0.001*** 

𝑢2,4H9 0.888 0.065 13.699 <0.001*** 

𝑢2,4H9J 0.757 0.059 12.817 <0.001*** 

     

 
Std. Dev 

  
R2 

Random effect 0.202 
 

Marginal 0.355 

Residual 1.000 
 

Conditional 0.359 

     
Alternate FS (A) 

 
Estimate Std. Error z value p-value 

(Intercept) -5.504 0.429 -12.824 <0.001*** 

PhaseClosure 1.741 0.251 6.933 <0.001*** 

PhasePost-closure 1.234 0.262 4.711 <0.001*** 

ℎ,- 2.794 0.989 2.825 0.005** 

Sex -1.078 0.443 -2.433 0.015* 

PhaseClosure:ℎ,- -1.416 0.513 -2.760 0.006** 

PhasePost-closure:ℎ,- -1.484 0.536 -2.766 0.006** 

PhaseClosure:SexM 0.837 0.283 2.953 0.003** 

PhasePost-closure:SexM 1.124 0.291 3.856 <0.001*** 
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Table A10: Summary of the final models for the use of the manipulated feeding site (𝒖𝑴,𝒕), alternate 

feeding sites (𝒖𝑨,𝒕) and vegetation (𝒖𝑽,𝒕) when incorporating the two outlier animals – F4-2017 and 

F16-2017 (continued).  

Alternate FS (A) 

 
Estimate Std. Error z value p-value 

𝑢5,4HG 3.065 0.077 39.777 <0.001*** 

𝑢5,4H9 1.036 0.082 12.646 <0.001*** 

𝑢5,4H9J 0.477 0.080 5.982 <0.001*** 

     

 
Std. Dev 

  
R2 

Random effect 0.809 
 

Marginal 0.174 

Residual 1.000 
 

Conditional 0.220 

     
Vegetation (V) 

 
Estimate Std. Error z value p-value 

(Intercept) -0.584 0.172 -3.391 0.001** 

PhasePost-closure -0.258 0.052 -4.974 0.001** 

ℎ,- -1.772 0.391 -4.536 0.001** 

𝑢6,4HG 2.647 0.059 45.039 <0.001*** 

𝑢6,4H9 0.793 0.061 12.979 <0.001*** 

𝑢6,4H9J 0.473 0.057 8.294 <0.001*** 

 
-0.584 0.172 -3.391 

 

 
Std. Dev 

  
R2 

Random effect 0.338 
 

Marginal 0.310 

Residual 1.000 
 

Conditional 0.324 

The models include experimental phase (Phase), preference for feeding sites (ℎ,-), the interaction of Phase 

with both ℎ,- (for 𝑢2,4 and 𝑢D,4) and Sex (for 𝑢5,4, only), and the response variables at lags 1, 2 and 24 hours 

(e.g., 𝑢2,4HG, 𝑢2,4H9 and 𝑢2,4H9J) as fixed effects, and animal-year as a random intercept. For the vegetation 

model, the data included only the Closure and Post-closure phases since the average 𝑢6,4 during pre-

closure was used to calculate ℎ,-. The reference levels used for Phase were Pre-closure for 𝑢2,4 and 𝑢5,4, 

and Closure for 𝑢6,4.  
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Appendix 1.6 

Personality correlates with preference for feeding sites 

 

Following Bonnot et al. (2015), we estimated individual boldness, an established personality trait 

(Sih et al. 2004), using two indexes: the body temperature at capture (a known physiological 

parameter of individual stress; Carere & Van Oers 2004), and a behavioural score of individual 

reactivity during the capture (‘boldness’ index). We evaluated boldness for each animal-year. We 

could not assess the repeatability of these indexes because of the scarce number of recaptured 

individuals across the three sampling years (n=5). However, both metrics have already been shown 

to be estimates of individual stress and personality in roe deer (Capreolus capreolus) with a moderate 

to high degree of repeatability (Bonnot et al. 2015).  

We measured the body (rectal) temperature during capture while handling and marking the 

roe deer. As for the behavioural score, we readapted the behavioural index described in Bonnot et al. 

(2015) to the capture methodology used in our study area. We computed the ‘boldness’ index as the 

sum of two behavioural scores estimated at capture i.e., the reactivity during handling (ranging from 

0 to 4, see Appendix 1.6: Table A11) and the flight behaviour at the release (ranging from 0 to 4, see 

Appendix 1.6: Table A11). The boldness index ranged from 0 to 8, where 0 denotes a ‘bold’ 

individual and 8 denotes a ‘shy’ (very reactive) individual at capture. 

Measurements of body temperature and behavioural score at capture were available for 22 

and 24 animal-years, respectively (out of 25). We found that the body temperature and the boldness 
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index were significantly correlated (r = 0.51, p = 0.021). Individual preference for FS was marginally 

correlated with body temperature (r = - 0.37, p = 0.084) but not with the boldness index (r = - 0.23, 

p = 0.29).  

This analysis suggests a correlation between roe deer personality, and in particular individual 

boldness, and the preference for feeding sites. We argue that the marginal significance that we found 

is likely to be explained by the relatively small sample size available for this analysis.  

 

Table A11: Description of the handling and release behaviour scores. 

Value Handling behaviour Release behaviour 

0 Calm. No resistance. No kicking with 

legs. No barking.  

The animal goes away slowly. It stops to look 

back several times. 

1 Calm. Almost no kicking. Only a couple 

of barking. 

The animal runs away but it stops after a short 

distance. 

2 Kicking and barking some time but 

alternating calm phases. 

The animal runs away, never stopping until 

when it is out of the field view.  

3 Stressed. Kicking and barking but it can 

be managed. 

The animal fells over and jumps attempting to 

remove the collar and to get free from the 

capture team. 

4 Very stressed. Very hard to handle. 

Impossible to take biometric 

measurements in a proper way. 

The animal lies on the ground. It is unable to 

stand up by itself. 
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Appendix 2.1 

Circadian patterns in feeding site visit 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure A6: Circadian patterns in feeding site visit. The predicted transition probabilities from vegetation 
(V) to either manipulated feeding site (M; V-to-M transition; black lines) or alternate feeding sites (A; V-to-

A; red lines) are shown for resources accessible at M (during pre- and post-closure phases; solid lines); or 

inaccessible (during closure phase; dashed lines). The predictions were obtained from the reduced memory 

model with a maximum spatial memory value (i.e., full charge), no attribute memory (i.e., attraction based 

on last experience) and for the average minimum daily temperature recorded over the experiment (1.4°C). 
The conversion of illumination patterns to hour of the day is plotted for the mean date of the experiment 

(25th of February). 
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Appendix 2.2 

Calculation of the illumination index 

 

Despite the overwhelming evidence that animal behaviour varies along circadian rhythms, few 

studies have explicitly accounted for the temporal-dependence of habitat selection. For example, roe 

deer activity patterns show very strong circadian signatures, being most active during twilights 

(Pagon et al. 2013) and selecting for cover during the day (De Groeve et al. 2016, 2019). Previous 

studies have used harmonics of time of day (Forester et al. 2009; Oliveira-Santos et al. 2016) to 

model complex interactions between circadian patterns and habitat selection. However, time of day 

may not be a suitable proxy for illumination (the underlying driver of circadian patterns) due to the 

confounding effect of seasonality. This issue becomes increasingly severe at latitudes away from the 

Equator, and for studies spanning several months. To address this shortcoming, other studies have 

developed a categorical time variable, typically night/day/twilight based on illumination patterns 

(Godvik et al. 2009; van Beest et al. 2012; Meisingset et al. 2013; De Groeve et al. 2016, 2019; 

Prokopenko et al. 2017). 

 In our analysis, we went further by modelling illumination as a continuous variable based on 

the solar zenith angle. The desired function should be minimum during the night and maximum 

during the day, when visible light is relatively constant, but should vary during the twilights. We 

defined the twilights as the temporal interval in which the sun is within 12° of the horizon. Our 

definition of twilight therefore includes the nautical twilight (the sun is between 12° and 6° below 
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the horizon), civil twilight (between 6° and 0° below the horizon) and the beginning or end of day 

(between 12° and 0° above the horizon) for dawn and dusk, respectively. We set the value of our 

illumination index, 𝐼(𝑡), to 0 during the night, 1 during the day and a linear interpolation during the 

twilights (Fig. A5, top panel). The resulting function approximates the sigmoidal shape of the log-

transformed daily irradiance obtained from empirical measurements (Spitschan et al. 2017). 

Because roe deer activity typically peaks during twilights and may be differ between dawn and dusk, 

we further derived the rate of change of illumination, Ι∆(𝑡) (Fig. A5, central panel), and the absolute 

rate of change of illumination, Ι|∆|(𝑡) (Fig. A5, bottom panel). 
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Figure A7: Visualization of the illumination index variables. Illumination index (𝐼(𝑡), top panel), its rate 
of change (Ι∆(𝑡), central panel) and its absolute rate of change (Ι|∆|(𝑡), bottom panel) are plotted as a 

function of hour of the day (UTC) for the mean date of the experiment (25th of February). 
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Appendix 2.3 

Estimation of the model parameters with PSO 

 

Particle Swarm Optimization (PSO) is a non-linear heuristic algorithm using collective behaviour to 

converge to a solution into the parameter search-space (see Poli et al. 2007 for a review). Given the 

relatively high number of dimensions of our problem, we initially chose to use a large swarm (180 

particles) for a duration of 500 iterations, which revealed to be sufficient for our task. We did not 

define any a priori criteria of convergence and let the PSO reach the maximum number of iterations. 

We implemented a constriction PSO, which stabilizes the algorithm by dampening the velocity of 

the particles in the search space (Poli et al. 2007). We used the optimal settings described by Clerc 

& Kennedy (2002): 

Constant, non-adaptive inertia (𝜔) = 0.7298 

Self-adjustment weight (∅G) = Social adjustment weight (∅9) = 1.49618 

 

We used the algorithm available in the MATLAB Global Optimization Toolbox 

(MathWorks, Natick, Massachusetts, USA), with the default value for the Neighbourhood fraction 

(0.25). To facilitate and increase the speed of the optimization convergence, we constrained the 

parameter search-space as follows: 

𝛽©, 𝛽©Z , 𝛽\, 𝛽\Z , 𝛽E, 𝛽W, 𝛽∆W, 𝛽|∆W|, 𝜇 ∈ [−10,10] 

𝛿Q, 𝛿v ∈ [𝑒H9©, 1]
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Appendix 3.1 

Movement trajectories 

 

 

Figure A8: Movement trajectories. The trajectories for the resource-only simulations (Mres; left column), 

observed roe deer movements (central column), and memory-based simulations (Mmem:res; right column) 

are shown for three categories of final net squared displacement – final location far from the release location 

(top row), at average distance (central row) or close (bottom row). The release location is shown as a red 
dot and the time since release illustrated as a colour gradient (blue = old, yellow = recent). The trajectories 

were selected from the sample displayed on Figure 3.4.  
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Appendix 3.2 

Study area map 

 

 

Figure A9: Map of the study area. The study area is located in Calabria region (Southern Italy) and covers 
the Southwestern part of the Aspromonte National Park (thick black line). Slope is shown in coloured 

gradient, and roe deer GPS locations are shown as orange dots.  
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Appendix 3.3 

Roe deer movement data 

 

Table A12: Data summary for the 17 roe deer included in the study.  

Individual Sex Age First location Days of monitoring Relocation success rate 

1182 f adult 16/11/2008 12:00 351 0.98 

1183 f adult 16/11/2008 12:00 362 0.98 

1196 m adult 16/11/2008 12:00 105 0.96 

1199 m subadult 16/11/2008 12:00 624 0.87 

1181 f adult 02/03/2009 12:00 577 0.90 

1187 f adult 02/03/2009 12:00 181 0.94 

1195 f adult 20/03/2009 12:00 238 0.90 

1200 m subadult 20/03/2009 12:00 182 0.93 

1186 f adult 10/02/2010 12:00 363 0.95 

1193 f adult 10/02/2010 12:00 363 0.94 

1194 f adult 12/02/2010 18:00 361 0.98 

1197 m adult 10/02/2010 12:00 363 0.93 

1189 f adult 27/02/2010 12:00 154 0.94 

1190 f adult 27/02/2010 12:00 346 0.96 

1458 m adult 16/02/2011 12:00 67 1.00 

1459 m adult 16/02/2011 12:00 39 0.99 

1460 f adult 19/11/2011 12:00 115 0.90 

Dashed lines separate the different release events. Roe deer 1194 was released in the same time as roe 
deer 1186, 1193 and 1197 but the GPS collar malfunctioned during the first two days. 
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Appendix 3.4 

Correction factor for the information-independent movement 

kernel 

 

When evaluating the information-independent movement kernel for the spatial cell currently used by 

the animal (i.e., when 𝒖 = 𝐱4HG), we set the distance ‖𝒖 − 𝐱4HG‖	to 𝜗, a correction factor equal to the 

mean distance moved in continuous space when an animal remains in the same pixel in the discretized 

landscape i.e., 𝒖 = 𝐱4HG. In a cartesian landscape (𝑥, 𝑦) of resolution 𝑟 (here, 𝑟 = 25 m), 𝜗 is given by: 

𝜗 =

⎣
⎢
⎢
⎡
H H

𝑆(𝐷𝑖𝑠𝑡; 𝜅-, 𝜆-)Φ
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with 𝐷𝑖𝑠𝑡 = J𝑥9 + 𝑦9. Since Φ = G
9˝

 i.e., a constant, the above equation reduces to: 

𝜗 =

⎣
⎢
⎢
⎡
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We found that in absence of the 𝜗 correction factor (‖𝒖 − 𝐱4HG‖ = 1 when 𝒖 = 𝐱4HG, to avoid a 

division by zero), the simulated movement step lengths did not match a theoretical, two-dimensional 

Weibull step length distribution with equal parameters (Fig. A9a). Discrepancies were concentrated 
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for short step lengths, and thought to result from the spatial discretization). The implementation of 

the 𝜗 correction factor significantly improved the match between theoretical and simulated step 

length distributions (Fig. A9b). 

 

 

Figure A10: Visualization of the effects of the correcting factor. We compare a theoretical, two-
dimensional Weibull step length distribution (shape 𝜅- = 1 and rate 𝜆- = 0.005; in red) with movement 

simulations (blue), generated using either an uncorrected (panel a) or corrected (panel b) movement kernel. 
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Appendix 3.5 

Estimation of the model parameters with PSO 

 

We used a non-linear, heuristic article algorithm, particle swarm optimization (PSO) to estimate the 

best set of parameters of our movement models (see Appendix 2.3 for further details on the 

algorithm and default settings). Because our problem contains many dimensions (15), we initially 

chose a large swarm (150 particles) for a duration of 400 iterations, which revealed to be sufficient 

for our task. We let the PSO reach the maximum number of iterations, although convergence to two 

digits was usually achieved after 200-250 iterations. To facilitate and increase the speed of the 

optimization, we constrained the parameter search-space on the most complex model as,  

𝜅- ∈ [0.3,3] 

𝜆- ∈ [0.0001,0.1] 

𝛽G: 𝛽Õ ∈ [−3,3] 

𝑙», 𝑙À ∈ [0,1] with 𝑙» ≥ 𝑙À  

𝛿», 𝛿À ∈ [0,0.999] with 𝛿À ≥ 𝛿» 

𝛿», 𝛿À ∈ [0,1] with 𝜆À ≥ 𝜆»  

𝛾 ∈ [0,1] 
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