
 

Linking individual behaviour and life history: 
bioenergetic mechanisms, eco-evolutionary outcomes and 

management implications 
 

Vinculació del comportament individual amb la història de vida: 
mecanismes bioenergètics, implicacions eco-evolutives i de gestió 

 
 

Andrea Campos Candela 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

www.ua.es
www.eltallerdigital.com


CONTENTS 

DEPARTAMENTO DE CIENCIAS DEL MAR Y BIOLOGÍA APLICADA 

FACULTAD DE CIENCIAS 

INSTITUTO MEDITERRÁNEO DE ESTUDIOS AVANZADOS (IMEDEA-CSIC) 

Linking individual behaviour and life history:  
bioenergetic mechanisms, eco-evolutionary outcomes and 

management implications 

Vinculació del comportament individual amb la història de vida:  
mecanismes bioenergètics, implicacions eco-evolutives i de gestió 

Andrea Campos Candela 
Tesis presentada para aspirar al grado de 

DOCTORA POR LA UNIVERSIDAD DE ALICANTE 

MENCIÓN DE DOCTORA INTERNACIONAL 

DOCTORADO EN CIENCIAS DEL MAR Y BIOLOGÍA APLICADA 

Dirigida por:  

Dr. Miquel Palmer Vidal 

Dr. Josep Alós Crespí 

Andrea Campos Candela contó con el apoyo de una beca pre-doctoral FPU (ref. FPU13/01440) financiada 
por el Ministerio de Educación, Cultura y Deportes (MECD). La investigación llevada a cabo en esta tesis 

fue financiada por el proyecto de I+D PHENOFISH (ref. CTM2015-69126-C2-1-R; MINECO).





 

 

 

 

Els doctors Miquel Palmer Vidal i Josep Alós Crespí 

 

 

CERTIFIQUEN: 

 

Que el treball de Tesi doctoral titulat “Linking individual behaviour and life 
history: bioenergetic mechanisms, eco-evolutionary outcomes and management 
implications” (“Vinculació del comportament individual amb la història de vida: 
mecanismes bioenergètics, implicacions eco-evolutives i de gestió”) presentat per Andrea 
Campos Candela ha sigut desenvolupat baix la seua supervisió i direcció. I per que així 
consti als efectes oportuns firmen en Esporles, a 16 de novembre de l’any 2018,  

 
 
 
 

 
 
 
 
 

Dr. Miquel Palmer Vidal   Dr. Josep Alós Crespí 





CONTENTS 
 

i 
 

 

CONTENTS 

ABBREVIATION LIST ............................................................................................................. 1 

RESUM GENERAL DE LA TESI ............................................................................................ 1 

INTRODUCCIÓ GENERAL ................................................................................................. 1 

RESUM DELS RESULTATS OBTINGUTS........................................................................ 5 

DISCUSSIÓ GENERAL......................................................................................................... 9 

CONCLUSIONS FINALS .................................................................................................... 11 

INTRODUCTION ..................................................................................................................... 13 

Animal movement, home range behaviour and the behavioural component at the 
individual level ....................................................................................................................... 13 

Pace of Life Syndrome hypothesis ....................................................................................... 16 

Bioenergetics .......................................................................................................................... 17 

The adaptive value of HR behaviour ................................................................................... 18 

Main questions, objectives and PhD structure ................................................................... 20 

CHAPTER I ............................................................................................................................... 25 

I.1. INTRODUCTION ......................................................................................................... 26 

I.2. A novel individual behavioural-bioenergetics framework ........................................ 28 

I.2.1. Describing HR movement ...................................................................................................... 28 
I.2.2. The dynamic bioenergetics model ......................................................................................... 29 
I.2.3. Incorporating between- and within-individual differences in HR behaviour into a 
bioenergetics model ......................................................................................................................... 31 
I.2.4. A dimensionless version of the DEB model .......................................................................... 34 
I.2.5. Numerical simulations: the mobile-resident and the fast-slow axis of variation ................ 37 

I.3. Emerging LHs from the mechanistic links between HR behaviour and DEB ......... 38 

I.3.1. Comparing mobile and resident animals............................................................................... 38 
I.3.2. Comparing metabolically fast and slow animals .................................................................. 38 
I.3.3. Responsiveness to changing resource densities and state-dependent space use ................ 40 
I.3.4. Exploring an alternative representation of the interplay between HR behaviour and the 
internal energy state: a hump-shaped response ............................................................................ 42 

I.4. Main insights from the behavioural-bioenergetics model and potential 
improvements ............................................................................................................................ 45 

I.4.1. Testable predictions at the individual level: strengthening links between theoreticians 
and empiricists ................................................................................................................................. 47 
I.4.2. Future directions within an optimality approach (from Chapter I to Chapter V) ........... 49 

CHAPTER II ............................................................................................................................. 53 

II.1. INTRODUCTION ......................................................................................................... 54 

II.2. MATERIAL AND METHODS .................................................................................... 57 

II.2.1. Experimental settings ................................................................................................. 57 



CONTENTS 
 

ii 
 

II.2.1.1. Model species ...................................................................................................................... 57 
II.2.1.2. Capture, manipulation and tagging procedure .................................................................. 58 
II.2.1.3. BEHAVIOURAL TESTS .................................................................................................. 59 
II.2.1.4. FEEDING TESTS .............................................................................................................. 63 

II.2.2. Modelling behavioural variation and functional response ..................................... 64 

II.2.2.1. Models for BEHAVIOURAL METRICS ........................................................................ 64 
II.2.2.2. Models for FEEDING METRICS .................................................................................... 67 
II.2.2.3. Covariation across behavioural and feeding traits ......................................................... 71 

II.3. RESULTS ....................................................................................................................... 72 

II.3.1. Behavioural individuality .......................................................................................... 72 

II.3.2. Feeding behaviour descriptors .................................................................................. 77 

II.3.3. Behavioural syndromes ............................................................................................. 80 

II.3.4. Space use from tracking algorithm, ongoing steps .................................................. 81 

II.4. DISCUSSION ................................................................................................................ 83 

CHAPTER III ............................................................................................................................ 89 

III.1. INTRODUCTION ..................................................................................................... 90 

III.2. MATERIALS AND METHODS .............................................................................. 92 

III.2.1. HR space occupancy pattern as described by a Langevin process ....................... 92 

III.2.2. Derivation of Hutchinson-Waser’s postulate for any animal displaying HR 
behaviour ............................................................................................................................... 93 

III.2.3. Reliability and applicability of the method across taxa ........................................ 94 

III.2.3.1. Selecting different animal archetypes............................................................................... 94 
III.2.3.2. Simulation settings ............................................................................................................ 95 
III.2.3.3. Estimating animal density ................................................................................................. 96 
III.2.3.4. Accuracy and precision of density estimates .................................................................... 96 

III.3. RESULTS ................................................................................................................... 97 

III.3.1. Selected archetypes and simulation experiments ................................................... 97 

III.3.2. Assessing the success of density estimates .............................................................. 99 

III.4. DISCUSSION .......................................................................................................... 102 

CHAPTER IV .......................................................................................................................... 107 

IV.1. INTRODUCTION ................................................................................................... 108 

IV.2. MATERIALS AND METHODS ............................................................................ 111 

IV.2.1. Movement of the fish and spatial behavioural types ........................................... 111 

IV.2.2. Movement of the fleet of boats ............................................................................... 113 

IV.2.3. Exploitation model and estimation of the realized CPUE-N relationship ......... 115 

IV.2.4. Sensitivity analysis of the spatially explicit agent-based simulation .................. 116 

IV.2.5. Contrasting model results with real data .............................................................. 116 

IV.3. RESULTS ................................................................................................................. 117 



CONTENTS 
 

iii 
 

IV.4. DISCUSSION .......................................................................................................... 119 

CHAPTER V ........................................................................................................................... 127 

V.1. INTRODUCTION ....................................................................................................... 128 

V.2. MATERIAL AND METHODS .................................................................................. 130 

V.2.1. Home range behaviour and ecological trade-offs .................................................. 130 

V.2.1.1. HR behaviour as a stationary probability function of space use ................................. 130 
V.2.1.2. Spatially-explicit predation-food trade-offs of HR behaviour ..................................... 131 
V.2.1.3. The ecological role of the stationary probability function of space use ....................... 133 

V.2.2. Mechanistic behavioural-bioenergetics model description ................................... 134 

V.2.2.1. Linking individual behaviour and LH through mass/energy fluxes ............................ 134 
V.2.2.2. Linking stationary probabilities with energy intake ..................................................... 137 
V.2.2.3. Modelling mortality rate depending on stationary probabilities ................................. 138 
V.2.2.4. Movement cost in DEB .................................................................................................... 139 
V.2.2.5. The role of energy conductance 𝒗 in the Dynamic Energy Budget theory ................. 140 

V.2.3. Dynamic Optimization ............................................................................................. 143 

V.2.3.1. The basic foundations of Dynamic Optimization .......................................................... 144 
V.2.3.2. Introducing Dynamic Optimization with a simple example (notes from Mangel & Clark 
1988)  ............................................................................................................................................... 145 
V.2.3.3. The reward variable in terms of total expected reproductive lifetime .......................... 152 
V.2.3.4. Specific technicalities of the case study .......................................................................... 153 
V.2.3.5. Data exploration ............................................................................................................... 158 

V.3. RESULTS FROM A BEHAVIOURAL-BIOENERGETICS MODEL .................. 159 

V.3.1. Correlation patterns between LH descriptors of optimal ontogenies .................. 159 

V.3.2. Natural mortality ...................................................................................................... 161 

V.3.3. Predicted optimal strategies: internal state dynamics and LH trends ................ 163 

V.3.3.1. Predicted strategies for energy conductance 𝒗 .............................................................. 163 
V.3.3.2. Predicted strategies for HR behaviour ........................................................................... 164 

V.4. DISCUSSION .............................................................................................................. 167 

V.4.1. Insights from the model: the adaptive value of HR behaviour ............................ 167 

V.4.2. Novel insights related with the particularities of DEB theory .............................. 170 

V.4.3. Concluding remarks ................................................................................................. 173 

GENERAL DISCUSSION ...................................................................................................... 175 

The encounter rate as central thread connecting space-use with energy intake and 
ecological trade-offs ............................................................................................................ 176 

Bridging empirical and theoretical methods together ..................................................... 177 

Behavioural traits are the individual traits ....................................................................... 178 

Extending animal personality to applied issues of wildlife and fisheries management 180 

Indivifual heterogeneity within a population .................................................................... 181 

CONCLUSIONS ..................................................................................................................... 183 

AGRADECIMIENTOS-AGRAÏMENTS-ACKNOWLEDGMENTS ................................ 185 



CONTENTS 
 

iv 
 

APPENDIX SECTION ........................................................................................................... 189 

Appendix I.A. ....................................................................................................................... 190 

Appendix III.A. .................................................................................................................... 214 

Appendix III.B. .................................................................................................................... 220 

Appendix V.A. ..................................................................................................................... 225 

Appendix V.B. ...................................................................................................................... 234 

INDEX OF FIGURES ............................................................................................................. 243 

INDEX OF TABLES AND BOXES ...................................................................................... 251 

INDEX OF EQUATIONS ...................................................................................................... 253 

REFERENCES ........................................................................................................................ 255 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

ABBREVIATION LIST 

 

 

BRW   Biased Random Walk 

BT  Behavioural Types 

CBRW Correlated Biased Random Walk 

CPUE  Capture-per-unit effort 

CRW  Correlated Random Walk 

DEB   Dynamic Energy Budget 

DO   Dynamic Optimization 

HR   Home Range 

LH   Life History 

N   Abundance 

POLS   Pace of Life Syndrome 

PT   Physiological Types 

RW   Random Walk 

SBT   Spatial Behavioural Types 

UBC   Underwater Baited Cameras 





 

 

 

 

 

 

 

 

 

 

RESUM GENERAL DE LA TESI 
"[...] hem tendit a suposar que podem caracteritzar correctament el problema que la selecció ha 

permés a l'animal resoldre. Aquest supòsit pot ser massa optimista. Hi ha moltes raons per les quals la 
nostra visió del món pot no correspondre als aspectes que realment han configurat el comportament” 

(Houston i McNamara 1999; Models de comportament adaptatiu)  

“Per més intel·ligents que podem ser els humans, encara som propensos a pensaments erronis” 
(Piattelli-Palmarini, 1994; citat en Kokko H. 2007) 

 

INTRODUCCIÓ GENERAL 

El comportament animal constitueix una variable d’estat intern1 amb un paper 
fonamental en processos eco-evolutius (Wolf et al. 2007; Wolf & Weissing 2010). Dins 
de l’ample ventall de tipus de comportaments que defineix a un individu, el moviment 
pot considerar-se un component central del comportament amb gran rellevància ecològica 
perquè determina en última instància com un animal interactua amb el medi que li envolta. 
Hem de considerar que els animals han de desafiar la incertesa que caracteritza els 
ambients naturals on condicions fluctuants són més la norma que l’excepció. A més a 
més, els animals no es mouen a l’atzar ni ocupen espais infinits; sinó que tendeixen a 
alimentar-se, reproduir-se i desenvolupar qualsevol activitat vital dins d’un espai 
delimitat (Burt 1943; Börger et al. 2008). Aquesta particularitat del moviment es refereix 
com comportament de l’àmbit de la llar (conegut com “home range” en la seua traducció 

                                                           
1 Són variables d’estat intern aquelles que defineixen a l’individu i les dinàmiques emergents dels seus trets 
de vida. En aquest treball les variables d’estat han sigut considerades en termes de bioenergètica dins del 
context de la teoria de la dinàmica de pressupostos d’energia (Kooijman 2010) i són: l’estructura, la energia 
de reserva, la energia de maduresa i la energia de reproducció. El comportament s’ha considerat com un 
altre estat intern en el marc teòric desenvolupat en aquesta tesi.  
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a l’anglès; Burt 1943; Börger et al. 2008). Aquest tipus d’ús de l’espai (és a dir, una 
ocupació espacial dins d’uns límits determinats) ha estat àmpliament descrit en la natura 
a múltiples taxons diferents, incloent-hi, entre d’altres, aus (Harel et al. 2016), peixos 
marins (Sale 1971, 1978; Reese 1973; Robertson 1974; Mundahl & Ingersoll 1989; Zeller 
1997; Jadot et al. 2006) i d’aigua dolça (Minns 1995); mamífers (Moorcroft et al. 2006; 
Jones et al. 2009); rèptils (Anadón et al. 2012) i crustacis (Skerritt et al. 2015). S'han 
proposat diversos processos com a factors determinants que condueixen a l'establiment 
d'una àrea d’àmbit de la llar (vegeu Moorcroft et al. 2006 i Börger et al. 2008 per a una 
revisió del tema). Els processos clau inclouen la utilització de diferents parcel·les 
ambientals (Mitchell & Powell 2004; Ford & Glenn 2016), la distribució de recursos 
(Buchmann et al. 2011), les interaccions socials (Moorcroft et al. 2006) i, fins i tot, 
processos de memòria espacial (Van Moorter et al. 2009).  

La manera en què els individus interactuen amb l’espai (on el moviment, 
l’ocupació de l’espai i l’àmbit de la llar són clau) tindrà conseqüències en molts processos 
de rellevància ecològica que, en última instància, afectaran a la supervivència de 
l’individu i la seua aptitud biològica (en termes biològics es defineix con la contribució 
neta en descendència a llarg de tota la vida d’un individu), el que tot plegat determinarà 
l’èxit eco-evolutiu de les estratègies dutes a terme a nivell individual i de les 
particularitats que les caracteritzen. Des que es va establir la teoria del farratge (coneguda 
com“optimal foraging theory”; Stephens & Krebs 1986), l’aliment, és a dir allò que 
constitueix la font d’energia per l’animal, s'ha proposat com un factor determinant que 
configura la forma en què els animals interactuen amb l'entorn i prenen decisions de 
comportament. Aquest fet implica que el moviment i l'ús de l'espai poden tenir un paper 
prevalent en el comportament d'alimentació o farratge (Visser 2007; Watkins 2012; van 
Gils et al. 2015). No obstant això, no només és aportar energia als processos interns un 
repte important per a les decisions dels animals, sinó també assegurar la supervivència 
(Harel et al. 2016). En trobar fonts adequades d'alimentació/energia, els animals evitaran 
la inanició, que és l'amenaça per excel·lència que impedeix la vida (Spiegel et al. 2013). 
Tanmateix, una vegada la supervivència és garantida, el següent repte és produir la 
descendència més exitosa possible, que es pot assolir en termes de major longevitat o 
acceleració de la producció de cries (ambdós conceptes tot plegats defineixen l’aptitud 
biològica). Llavors, els factors ambientals (per exemple, les malalties, els riscos de 
depredació, canvis de temperatura, etc., etc.) juguen un paper important en la 
determinació de la història de vida i de les estratègies de comportament òptimes. En 
general, dins d’aquests factors ambientals, els aliments i els depredadors són factors 
ecològics determinants de la manera amb què els animals interactuen amb l'espai. Atenent 
a aquests factors, dos conceptes teòrics: el concepte del paisatge energètic ("the energetic 
landscape"; Shepard et al. 2013) i el paisatge de la por ("the landscape of fear";Gallagher 
et al. 2017; Teckentrup et al. 2018), proporcionen una base conceptual assolida per 
entendre l'ecologia espacial dels animals i les seues regles de presa de decisions (Graham 
1984; Mangel & Clark 1986). Tanmateix aquests paradigmes tracten d’aproximar-se als 
mecanismes últims que determinen la presa de decisions des de perspectives diferents. El 
paisatge energètic conceptualitza l’espai on l’individu interacciona en termes energètics 
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de manera que la presa de decisions dels animals ve determinada pel balanç energètic net 
(guanys energètics versus costos de moviment) que hi pot canviar en el temps i l’espai. 
Dins aquest marc, el comportament òptim serà aquell que maximitze el balanç energètic 
positivament (guanys>costos). El paisatge de la por, d’altra banda, es basa en els efectes 
controladors que els depredadors poden tenir sobre la presa, que indueixen a que les 
compensacions entre aconseguir noves fonts d’aliments versus la exposició a nous riscs 
puguen canviar el comportament animal incloent el moviment. La integració d’ambdues 
perspectives en un mateix marc conceptual i teòric es fa necessària per millorar el nostre 
enteniment de com els animals prenen decisions i interactuen amb l’espai donant lloc a 
un ús restringit de l’espai i a una determinada grandària de l’àmbit de la llar (Nathan et 
al. 2008; Gallagher et al. 2017).  

Però, per poder entendre aquests mecanismes de gran rellevància ecològica i 
evolutiva és necessari també esbrinar les connexions que relacionen el comportament 
amb l’estat intern de l’individu i que, en última instància, determinen l’aptitud biològica 
de l’animal i, conseqüentment, la de les singularitats del comportament d’aquest individu. 
Doncs, integrant els paradigmes anteriors, cal destacar tres marcs teòrics rellevants per 
afrontar aquestes qüestions. El paradigma de l’ecologia del moviment (Nathan et al. 
2008) proposa que el principal mecanisme que explica la manera en què els individus 
interactuen amb l’espai i l’ocupen és la interrelació entre estats internes, mobilitat i 
capacitats de navegació i/o orientació i factors ambientals externs a l’individu. D’una altra 
banda, i més recent, l’ecologia espacial depenent dels trets de la personalitat (Spiegel et 
al. 2017) amplia el paradigma anterior proposat per Nathan et al. (2008) per considerar 
explícitament al variabilitat entre individus en els trets de comportament, particularment 
en els trets de la personalitat, i proposa que la variabilitat entre individus en el moviment 
és el resultat dels efectes conjunts dels trets de personalitat (p. ex. agressivitat, 
comportament exploratori o atreviment), mecanismes relacionats amb la fisiologia (p. ex. 
sistema endocrí, variació genètica, etc.) i capacitat de resposta a les variacions ambientals 
(Spiegel et al. 2017). No obstant l’existència d’aquests marcs conceptuals, encara hi falta 
un marc que integre de manera mecanicista tots els factors que afecten al comportament 
d’àmbit de la llar a nivell individual i que explique les interaccions entre aquest 
comportament i els trets d’història de vida.  

L’estudi del comportament animal ha permés identificar diferències de 
comportament entre individus de caràcter consistent en el temps i entre contexts. Aquesta 
diversitat de trets del comportament és considerada d’una banda com el material sobre el 
qual la selecció natural hi actua (Adriaenssens & Johnsson 2013); però, d’altra banda, 
constitueix també el resultat de la selecció natural (Careau & Garland 2012). De fet, la 
consistència en els trets de comportament i la diversitat de tipus de comportament dins 
d’una població han de ser explicades per l’existència d’algun benefici en l’aptitud 
biològica final de l’individu que permeti mantenir aquestes diferències en el 
comportament al llarg tel temps, a escala evolutiva (és a dir, entre generacions) (Both et 
al. 2005; Wolf & Weissing 2010; Vindenes & Langangen 2015). D’aquesta manera, la 
variabilitat en el comportament representa l’existència de diferents solucions adaptatives 
al repte que suposa viure en ambients complexos (Dall et al., 2004, Wolf and McNamara 
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2012; Mittelbach et al. 2014). Dins d’aquest context eco evolutiu hi apareix un altre marc 
conceptual i teòric conegut com la hipòtesi del síndrome del ritme de vida (“Pace of Life 
Syndrome hypothesis”) que explica la covariació entre trets del ritme de vida amb 
diferents trets fisiològics i de comportament (Réale et al. 2010), on els processos 
ecològics són els principals factors determinants d’aquestes relacions i la seua coevolució 
(Ricklefs & Wikelski 2002; Montiglio et al. 2018). 

Cal destacar que el comportament en general, i en el cas del moviment en 
particular, presenta una gran variabilitat a nivell d’individu dins d’una mateixa espècie. 
Aquesta variabilitat en el comportament es pot descompondre en variabilitat dins d’un 
mateix individu i variabilitat entre individus. Aquesta diferenciació ha permès definir 
tipus de comportament o de personalitat entre individus dins d’una mateixa espècie (Dall 
et al. 2004; Sih et al. 2004; Réale et al. 2007). Particularment, s’han definit 5 eixos de la 
personalitat: explorador, agressivitat, activitat, sociabilitat i atreviment; i les 
particularitats individuals dins d’aquests eixos tendeixen a estar correlacionades 
conformant el que es coneix com síndromes del comportament ("Behavioural 
syndromes"; Réale et al. 2007). Pel que fa al moviment, gràcies al ràpid desenvolupament 
en els últimes dues dècades de tecnologies pel seguiment i biotelemetria animal (Hussey 
et al. 2015; Hays et al. 2016), s’ha incrementat el volum de dades que evidencia 
l’existència d’una gran variabilitat a nivell d’individu i de diferències consistents entre 
individus (Olsen et al. 2012; Harrison et al. 2015; Villegas-Ríos et al. 2017), el que 
permet diferenciar entre tipus de comportament ben contrastats, que van dels extrems 
mòbil al resident (Harrison et al. 2015). El tipus de comportament mòbil (versus el tipus 
resident) es caracteritza per un àmbit de la llar gran i taxes de moviment (o activitat) 
elevades. Aquestes diferències entre individus en el comportament espacial poden 
desencadenar molts processos eco-evolutius fonamentals (McCauley et al. 2015; 
Vindenes & Langangen 2015). 

En aquest context, es fa necessari integrar tots aquests conceptes i paradigmes en 
un únic marc teòric que permeta l’estudi del valor adaptatiu del comportament de l’àmbit 
de la llar des d’una perspectiva integradora. Per tant, els principals objectius d’aquesta 
tesi doctoral al llarg dels diferents capítols són:  

- Revelar el paper ecològic del comportament de l’àmbit de la llar (Capítol I i V).  
- Proposar mecanismes que expliquen com la variabilitat del comportament pot 

connectar-se amb les històries de vida des d'una perspectiva teòrica (Capítol I). 
- Desembolicar els mecanismes que poden explicar la variabilitat dins i entre individus 

en els trets d’història de vida en interacció amb la consistència del comportament del 
moviment (Capítol I). 

- Buscar suport empíric de l'existència de variabilitat conductual relacionada amb el 
comportament d'alimentació (Capítol II).  

- Desenrotllar una ferramenta de seguiment automàtic ad-hoc per a obtindre dades de 
moviment en dissenys experimentals desafiadors (Capítol II). 

- Explorar diferents implicacions de gestió al considerar les propietats estadístiques 
del comportament de l’àmbit de la llar (Capítol III i IV). 
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- Explorar des d'una perspectiva eco evolutiva la interacció entre el comportament de 
l’àmbit de la llar i la història de vida en diferents contextos ecològics (Capítol V). 

- Explorar la rellevància del context ecològic en el sorgiment de patrons covariants 
entre la història de vida i les estratègies de comportament (Capítol V). 

 
 

RESUM DELS RESULTATS OBTINGUTS 

Capítol I: “Desenvolupament d’una teoria mecanicista del comportament de moviment 
depenent dels trets de personalitat basada en pressupostos dinàmics d’energia” 

Mètode.................................................................................................... ..........................................                         

La teoria dels pressupostos dinàmics d’energia (“Dynamic Energy Budget 
model”, Kooijman 2010) descriu de manera mecanicista els processos metabòlics a nivell 
de l’individu que determinen les dinàmiques dels estats interns de l’organisme, és a dir, 
de la seua estructura corpòria, energia interna, nivell de maduració i energia destinada a 
la reproducció. Els models mecanicistes que proposa aquesta teoria estan basats en 
principis bioenergètics universals de manera que els seus fonaments són aplicables a 
qualsevol organisme amb l’única diferència de que els paràmetres que determinen les 
equacions dinàmiques són específics de les espècies.  

A la llarga d’aquest capítol propose el desenvolupament d’un marc teòric on per 
mitjà de fluxos bioenergètics el comportament constitueixi un vincle entre l’estat intern 
de l’individu, les seues necessitats energètiques i l’ambient extern canviant. Per açò, 
centre l’atenció en un dels paràmetres del model de pressupostos dinàmics d’energia 
anomenat conductància d’energia. La conductància d’energia defineix la taxa de 
mobilització de l’energia des de la reserva cap a qualsevol procés intern (p. ex. 
creixement, manteniment de l’estructura, maduresa i reproducció). Definint dos valors 
extrems per aquest paràmetre he categoritzat dos tipus d’estratègies d’història de vida 
(Stearns 1992): ràpida (animals metabòlicament ràpids) versus lenta (animals 
metabòlicament lents). D’altra banda, atenent al comportament de moviment i de l’àmbit 
de la llar, he utilitzat un model de ruta aleatòria esbiaixada ("Biased Random Walk"; 
Gardiner 1990) definit principalment per dos paràmetres que a nivell biològic es poden 
interpretar com (Palmer et al. 2011): la taxa de recerca o exploració dins l’àmbit de la 
llar (휀) i la força que esbiaixa el moviment cap al centre de l’àmbit de la llar o refugi (𝛾). 
Amb valors contrastats del paràmetre 휀 he definit dos tipus de comportament de l’àmbit 
de la llar oposats: mòbil versus sedentari (Spiegel et al. 2017). Finalment, per connectar 
ambdós models (moviment i bioenergètica), he proposat una relació entre la dinàmica del 
paràmetre 휀 i la dinàmica interna d’energia de reserva; de manera que el comportament 
de moviment s’adapta a les necessitats internes energètiques de l’individu; i la dinàmica 
del paràmetre 휀 amb la taxa d’assimilació d’energia.  

Resultats.................................................................................................................... ........................ 
Els principals resultats obtinguts de les simulacions del model prediuen que els 

animals augmenten la seua àrea d’àmbit de la llar en entorns amb menor quantitat de 
recursos alimentaris i ajusten el seu rendiment a les fluctuacions ambientals. A més, els 
animals metabòlicament ràpids augmenten la seua àrea d’àmbit de la llar per fer front a 
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majors necessitats energètiques, però la plasticitat en el comportament d’àmbit de la llar 
relacionada amb el medi ambient és menys evident en comparació amb els animals 
metabòlicament lents. Tanmateix, els animals metabòlicament ràpids són més vulnerables 
als entorns canviants a causa dels seus majors requisits energètics pel que fa als recursos 
realment disponibles.  
 

Capítol II: “Vinculació entre trets de la personalitat amb el comportament d’alimentació 
després de trobar-se una presa: buscant patrons empírics” 

Mètode....................................................................................................................... ....................... 

L’estudi del comportament en condicions experimentals permet obtindre mesures 
repetides del seu rendiment a nivell d’individu en condicions controlades. Dos blocs de 
proves experimentals s’han desenvolupat en aquest capítol amb una espècie íctica marina 
com cas de estudi (Serranus scriba; Linnaeus, 1758). El primer bloc va consistir en una 
bateria de tests de comportament per explorar la variabilitat a nivell individual en tres 
eixos de la personalitat (Conrad et al. 2011): exploració, agressivitat i intrepidesa. 63 
individus, per grups de 5, foren sotmesos als tests de personalitat durant 4 dies 
consecutius. El segon bloc va consistir en tests d’alimentació de 10 minuts de duració on 
es va registrar el moment i número d’atacs que els individus (n=61) mostraven cap a una 
presa. Diferents densitats d’aliment es van testar (des de 2 gambes fins 10). Es van 
realitzar dues rèpliques per individu per cada nivell de presa. En total es realitzaren 167 
tests de comportament i 7321 tests d’alimentació.  

A partir de les dades obtingudes es van calcular el coeficient de repetibilitat 
(mètrica utilitzada per mesurar la consistència del comportament; Dingemanse & 
Dochtermann 2013) per cada tipus de comportament estudiat i coeficients de correlació 
entre tipus de comportament (mètrica utilitzada per detectar l’existència de síndromes del 
comportament). A més, les dades d’alimentació també foren analitzades des d’una 
perspectiva mecanicista amb l’objectiu de parametritzar el model de resposta funcional 
tipus II (Holling 1959).  

Resultats.................................................................................................................... ........................ 

Els resultats obtinguts demostren l’existència de diferències individuals 
consistents en els trets de la personalitat per a S. Scriba. A més, aquests trets de la 
personalitat constitueixen una síndrome de comportament exploració-agressivitat-
intrepidesa. Tanmateix, les conseqüències ecològiques d'aquests síndromes conductuals 
no han pogut ser relacionades amb un augment de l'èxit d’ingesta quan l'individu 
s'enfronta a la presa. Per continuar futurs treballs tractant de trobar suport empíric a 
l’existència d’un comportament d’ingesta d’aliment relacionat amb la personalitat, 
s'hauria d'analitzar la resposta funcional i el comportament de l'alimentació a nivell 
individual durant períodes de temps més llargs i per un rang més ampli de densitats de 
presa. Un canvi de perspectiva des de l'escala de curt termini utilitzada a una escala de 
temps més prolongada podria permetre parametritzar correctament la resposta funcional. 
Per a això, es requereixen diverses millores en el disseny experimental, a saber: i) recrear 
un entorn més realista ecològicament, per exemple, ús d’aquaris més grans amb més 
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heterogeneïtat ambiental; ii) augmentar el període de temps supervisat (p. ex., escala 
diària) i automatitzar el registre de mètriques de comportament (p. ex., dispositius 
automàtics de seguiment d'alta precisió juntament amb acceleròmetres); i iii) augmentar 
el rang de densitat de presa. 

 

Capítol III: “Mètode basat en l’ús de càmeres per estimar la densitat absoluta d’animals 
amb comportament d’àmbit de la llar” 

Mètode................................................................................................................................... ........... 

El treball desenvolupat en aquest capítol pretén demostrar que la densitat animal 
pot ser efectivament estimada a partir dels recomptes mitjos d'animals visualitzats a un 
nombre determinat de fotogrames d’un mostreig amb vídeo-càmera, sempre que la 
probabilitat de trobar un animal en una ubicació determinada siga estacionària, que és 
exactament el cas dels animals que mostren un comportament d’àmbit de la llar. Per 
explorar aquesta hipòtesi, primer introdueix el model de moviment que descriu un patró 
d'ocupació de l’espai d’àmbit de la llar amb simetria radial emprat al Capítol I. En segon 
lloc, generalitze el postulat de Hutchinson-Waser (Hutchinson & Waser 2007) per a 
qualsevol model de moviment que condueixi a un patró d'ocupació d'espai d’àmbit de la 
llar. Finalment, implemente diversos experiments de simulació: animals virtuals amb un 
moviment basat en paràmetres de moviment realistes (estimats empíricament) en un 
escenari de densitat coneguda. Aquestes simulacions han permés avaluar la fiabilitat del 
mètode per obtenir estimes de densitat precisa i acurada després d'un esforç de mostreig 
raonable (és a dir, nombre de càmeres i temps de gravació). Per realitzar anàlisis de 
sensibilitat vaig realitzar les simulacions amb sis arquetips d'animals seleccionats per 
diferent taxons d'acord amb diverses variables (massa corporal, grandària de l’àmbit de 
la llar, velocitat i densitat) que es preveien determinants per obtenir una bona precisió en 
les estimes de densitat absoluta. 

Resultats.................................................................................................................... ........................ 

Els resultats dels experiments de simulació suggereixen que seria suficient 
comptar animals en uns centenars de fotogrames adequadament espaiats en el temps per 
proporcionar estimes de densitat amb error inferiors al 10%. En canvi, el temps òptim de 
desplegament de les càmeres (és a dir, la velocitat òptima a la qual s'haurien de capturar 
els fotogrames) depèn de les espècies. Per a deu càmeres, es necessitava menys d'una hora 
de mostreig (és a dir, aproximadament 250 fotogrames) per als arquetips de peixos i 
ocells, però es necessitaven més de 24 hores (és a dir, entre 100 i 350 fotogrames) per als 
arquetips amb àrees d’àmbit de la llar més grans, per les quals el temps per cobrir l'àrea 
completa d’àmbit de la llar pot variar des d’una quinzena fins a més d'un any. Les millors 
estimes en termes de precisió es van obtenir pels animals amb altes densitats i àmbit de 
la llar petits en relació amb la taxa d'exploració i la gran massa corporal. En general, els 
resultats de la implementació bayesiana del model demostren que la densitat es pot 
estimar amb precisió després d'un esforç de mostreig assequible, però, en general, com 
més ràpid l'animal cobreix la seva àrea d’àmbit de la llar, menys temps de mostreig és 
necessari. 
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Capítol IV: “Un enfocament de modelització per explorar l'impacte dels tipus de 
comportament espacial en l'avaluació d'estocs de pesca” 

Mètode....................................................................................................................... ....................... 

Aquest treball parteix de la hipòtesi que l’existència de tipus de comportament 
espacial pot explicar el fenomen d’aparent hiper-esgotament de les taxes de pesca quan 
la captura és motivada per trobades entre peixos i pescadors (Alós et al., 2012b). És a dir, 
que la informació aportada per l’índex de captures per unitat d’esforç (CPUE) està 
esbiaixada i infrarepresenta el valor real d’abundància de peixos (N). Per analitzar aquesta 
hipòtesi, es desenvolupa una simulació basada en agents espacialment explícits on els 
peixos i els pescadors (agents) interactuen espacialment en un escenari virtual simulant 
una situació de pesca costanera prototípica. Dos escenaris (“amb” i “sense” existència de 
tipus de comportament espacial en la població simulada de peixos) amb diferents esforços 
de pesca foren explorats. Les prediccions del model es van contrastar amb les dades 
obtingudes d’un experiment empíric basat en captures de pesca i mostreig amb càmeres 
submarines en un lloc costaner de la costa Balear.  

Resultats............................................................................................................................................  

Els resultats de les simulacions mostraren una disminució de la CPUE al llarg del 
temps en ambdós escenaris simulats (“amb” i “sense”), però la disminució de la CPUE 
mitjana va ser molt més intensa quan es va considerar la presència de tipus de 
comportament espacial en la població simulada de peixos. Els resultats d’aquest treball 
suggereixen col·lectivament que la pesca selectiva de diferents tipus conductuals fomenta 
el fenomen d’aparent hiper-esgotament en la pesquera costanera avaluada. 

 

Capítol V: “Comportament òptim de l'àmbit de la llar i estratègies d’història de vida 
derivades de la interacció entre estats interns i medi ambient” 

Mètode.................................................................................................................................. ............ 

En aquest capítol he estès el model de bioenergètica del comportament 
desenvolupat al Capítol I a un model dinàmic d'optimització dependent de l'estat amb 
l'objectiu d'explorar des d'una perspectiva d’optimització quines estratègies òptimes de 
comportament i d’història de vida serien seleccionades com òptimes en diferents 
contextos ecològics. L'optimització dinàmica és un mètode per estimar les estratègies 
òptimes quan s'han de prendre decisions a llarg termini. S'ha aplicat amb èxit per resoldre 
problemes d'optimització en molts camps de recerca diferents de la Biologia, però és 
especialment adequat per comprendre estratègies òptimes de conducta en animals 
(Mangel & Clark 1988). 

Resultats.................................................................................................................... ........................ 

El procés d’optimització implementat ha permés predir estratègies òptimes que 
van sorgir a partir de processos associats a la ingesta energètica, predació-risc, 
mobilització energètica, creixement, reproducció i comportaments relacionats amb el 
moviment que unien l'individu amb el medi ambient. Les principals idees del model 
coincideixen amb les expectatives inicials. Dues estratègies òptimes de comportament 
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han sigut seleccionades segons el context ecològic: i) "mantenir-se a casa per mantenir-
se segur del major risc", però ii) "arriscar-se per evitar la fam". El model proposat on es 
connecta el comportament de l'ús de l'espai amb el funcionament de la bioenergètica i les 
compensacions ecològiques per explorar els patrons emergents que sorgeixen en diferents 
escenaris eco-evolutius ofereix una eina amb molt de potencial per avançar en l’estudi 
adaptatiu del comportament. 

 

DISCUSSIÓ GENERAL 

L'objectiu general de la meva tesi doctoral ha sigut comprendre la relació entre els 
trets del comportament i trets de l’història de vida que fonamenten l'aparició de 
diferències entre individus en diferents contextos ecològics. Em vaig centrar 
particularment en el comportament del moviment que condueix a l'establiment d'una àrea 
d’àmbit de la llar (Börger et al., 2008) i l'existència de tipus de comportament espacial, 
com a components central del comportament individual mediant l'eficiència de farratge o 
alimentació (Ford 1983; Mitchell & Powell 2012; Tao et al. 2016). A més, per obtenir 
una visió significativa sobre els vincles del comportament amb la dinàmica de l'estat 
intern i els trets de l’història de vida (Dall et al. 2004; Biro & Stamps 2008), vaig avaluar 
les implicacions que els trets relacionats amb la personalitat poden tenir en el moment de 
post-trobada d'una presa perquè els resultats de les trobades són significatius en termes 
biològics donat que afectaran la ingesta energètica neta. A més, vaig intentar explotar 
algunes de les propietats estadístiques i matemàtiques derivades del comportament de 
l’àmbit de la llar així com diferents aspectes teòrics referents a aquest tipus de 
comportament per avaluar diferents qüestions relatives a la conservació de la vida 
silvestre i la gestió de la pesca: monitoratge silvestre basat en càmeres i avaluació d'estocs 
de peixos. Aquesta perspectiva mostra l'àmplia gamma de camps en què pot contribuir 
l'estudi del moviment de l’àmbit de la llar, tipus de comportament espacial i els seus 
enllaços amb els trets de l’història de vida (Nathan et al. 2008; Grüss et al 2011; Alós, 
Cabanellas-Reboredo & Lowerre-Barbieri 2012; Campos- Candela et al. 2018). 

La taxa de trobada amb els aliments proporciona el vincle fonamental entre l'ús 
de l’espai i el paisatge energètic (Shepard et al. 2013), que finalment determina la 
resposta funcional de l'individu i la seva taxa d'ingrés energètic. Atès que la trobada és un 
requisit previ per a la ingesta d'aliments, entenent de manera teòrica com la complexitat 
estructural dels patrons de cerca i l'ús de l'espai afecten la taxa de trobada, millorarà la 
nostra comprensió del comportament d'alimentació i la implicació que el moviment 
animal pot tindre finalment a nivell de la població i la comunitat (Bartumeus et al. 2014). 
L'exploració teòrica dels processos pels quals els individus es mouen "seguint" 
determinades propietats estadístiques és necessària per continuar millorant la nostra 
comprensió sobre els processos que afecten el moviment a la natura. Molts estudis s'han 
centrat en les propietats matemàtiques del comportament de moviment que poden 
interaccionar amb la selecció i l’ocupació de l'hàbitat a través de paisatges irregulars 
(Bartumeus et al. 2008b; Barton et al. 2009). Tanmateix, malgrat el paper fonamental de 
la taxa de trobada en l'alimentació òptima i, per tant, en la forma en que els animals 
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ocupen l'espai; altres processos poden afavorir els patrons d'ús de l'espai. Per exemple, 
alguns processos fisiològics poden desencadenar el moviment com el nivell de fam o la 
dinàmica estomacal (Fiksen & Jørgensen 2011; Spiegel et al., 2013; Higginson et al. 
2018), requisits de reproducció (Campioni et al., 2013; Green et al. 2015, Harel et al. 
2016), o els llindars de temperatura (Gibert et al. 2016; Strople et al. 2018). A més, altres 
factors ecològics modulant la interacció social entre individus de la mateixa espècie 
competint pel mateix recurs (Mitchell & Powell 2004a; Buchmann et al. 2011), la pressió 
de depredació (Meisel et al., 2013; Geffroy et al. 2015; Cozzi et al., 2015 ; Teckentrup et 
al. 2018) o altres riscos relacionats amb el medi ambient (Alós et al. 2016b) poden ser 
determinants en la forma en què els animals prenen decisions de moviment i ocupen 
l’espai. Per aprofundir en aquests processos, calen dos requisits importants: 1) tenir dades 
relacionades amb el moviment d'alta qualitat en animals salvatges per comprendre els 
processos ecològics en profunditat (Anadón et al., 2006, 2012) i 2) aportar dades 
empíriques que relacionen el comportament d’utilització de l'espai i la dinàmica 
bioenergètica interna de l’individu a través de perspectives teòriques i empíriques de 
laboratori. En general, la comprensió del comportament del moviment i la seva interacció 
amb les variables internes d’estat i externes de forçament és fonamental per produir 
prediccions robustes a llarg termini sobre la dinàmica de població (Barton et al., Breed et 
al., 2017). 

Per assolir aquest objectiu, i des d’una perspectiva bioenergètica, els models 
dinàmics de pressupostos d’energia (Kooijman 2010) suposen un marc mecanicista, 
teòric i amb fonament físic i metabòlic, que obri un gran ventall d’oportunitat per explorar 
les interaccions entre comportament i dinàmica bioenergètica interna de l’individu. 
Aquest és el marc teòric desenvolupat al Capítol I d’aquesta tesi. Aquest marc teòric 
permetrà abraçar l’estudi del comportament des d’una perspectiva bioenergètica i, 
finalment, poder desxifrar els processos ecològics i evolutius que expliquen la diversitat 
de comportaments en les poblacions naturals (aspecte explorat al Capítol V). Tanmateix, 
malgrat el paper de la taxa de trobada en l'alimentació òptima i, per tant, en la forma en 
que els animals ocupen l'espai, altres processos poden afavorir els patrons d'ús de l'espai. 
Per exemple, alguns processos fisiològics poden desencadenar el moviment com el nivell 
de fam o la dinàmica intestinal (Fiksen & Jørgensen 2011; Spiegel et al., 2013; Higginson 
et al. 2018b), requisits de reproducció o reproducció (Campioni et al., 2013; Green et al. 
2015, Harel et al. 2016), o els llindars de temperatura (Gibert et al. 2016; Strople et al. 
2018). A més, altres factors ecològics que medien la interacció social amb concèptiques 
que competeixen pel mateix recurs (Mitchell & Powell 2004a; Buchmann et al. 2011), la 
pressió de depredació (Meisel et al., 2013; Geffroy et al. 2015; Cozzi et al., 2015 ; 
Teckentrup et al. 2018) o altres riscos relacionats amb el medi ambient (Alós et al. 2016b) 
poden configurar la forma en què els animals prenen decisions de moviment i ocupen 
espai. Per aprofundir en aquests processos, calen dos requisits importants: 1) tenir dades 
relacionades amb el moviment d'alta qualitat en animals de vida lliure per comprendre els 
processos ecològics en profunditat (Anadón et al., 2006, 2012) i 2) aportar la distància 
entre l'espai -utilització i dinàmica interna de l'estat a través de perspectives teòriques i 
empíriques de laboratori. En general, la comprensió del comportament del moviment i la 
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seva interacció amb les variables LH i externes de forçament és fonamental per produir 
prediccions robustes a llarg termini sobre la dinàmica de població (Barton et al., Breed et 
al., 2017). 

 

CONCLUSIONS FINALS 

L’objectiu general d’aquesta tesi ha sigut comprendre els mecanismes que 
subjauen la  relació entre els trets del comportament de l’àmbit de la llar i els trets de la 
història de vida a nivell individual donant lloc a l’establiment de diferències entre 
individus que són consistents en el temps. En resum, aquesta tesi doctoral realitza una 
contribució rellevant a l'ecologia del comportament per mitjà del desenrotllament d'una 
teoria unificadora per a provar la generalitat i el valor adaptatiu de la hipòtesi de la 
síndrome del ritme de vida basat en pressupostos dinàmics d'energia. Aquest model de la 
bioenergètica del comportament connecta i) trets de la personalitat, ii) comportament de 
l’àmbit de la llar, iii) fisiologia i iv) trets de la història de vida a través d'un entreteixit de 
fluxos de massa/energia, dins dels quals interactuen amb el context ecològic. En general, 
des d'una perspectiva d'evolució ecològica, el marc proposat podria constituir una 
ferramenta poderosa per a explorar el paper ecològic del comportament de l’àmbit de la 
llar i predir quina combinació de trets de comportament s'afavorirà evolutivament en un 
context ecològic determinat. Avançant cap a la inclusió d'escenaris de maneig, aquesta 
teoria unificadora pot proporcionar un coneixement fundat científicament que millorarà 
el maneig dels recursos naturals a l'atendre el component de comportament de les 
poblacions animals. Les principals conclusions d’aquesta tesi són doncs: 

1) El comportament constitueix un estat intern dels organismes que juga un paper 
fonamental en la interacció entre l'entorn extern i altres variables d'estat intern de 
l'individu en el seu conjunt.  

2) La variabilitat interindividual en els trets de comportament es relaciona amb la 
variabilitat interindividual en els trets d’història de vida.  

3) La integració de l'ecologia del comportament i la teoria DEB permet explorar 
canvis conjunts en el comportament, la fisiologia i els trets d’història de vida dins d'un 
marc d'optimització dinàmica. 

4) Les decisions de comportament dels animals poden afectar els trets de d’història 
de vida (per exemple, el creixement) i la supervivència a través de les seues conseqüències 
finals sobre el farratge efectiu i l'exposició als depredadors.  

5) El context ecològic influeix significativament en l'establiment d'estratègies 
òptimes de comportament i de trets de vida.  

6) El comportament ontogènic i les estratègies d’història de vida revelen la força 
de la connexió entre el comportament i l'estat intern. 

7) Els fluxos de massa/energia i els pressupostos dinàmics d'energia són el 
mecanisme final que connecta el comportament amb els estats interns i, finalment, 
determina l'aptitud biològica individual.  
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8) Els models teòrics i els estudis empírics estan proporcionant arguments de 
reforç en relació amb la importància de considerar la variabilitat a nivell individual en 
ecologia. 

 9) Serranus scriba mostra diferències interindividuals consistents en els trets de 
la personalitat que constitueixen una síndrome atreviment-agressivitat-exploració. Però 
les seues conseqüències ecològiques no han pogut ser relacionades amb un augment de 
l’èxit de farratge quan l’individu va ser enfrontat a una presa.  

10) Els trets de la personalitat poden marcar la diferència en la taxa d’ingesta 
energètica individual afectant els esdeveniments pre i post trobada a una presa; no obstant 
això, per recolzar empíricament la hipòtesi de l’existència d’una conducta alimentària 
dependent de la personalitat requereix de més treballs experimentals.  

11) Un canvi de perspectiva per estudiar el comportament de l’alimentació des 
d’una escala de curt termini cap a un període de temps més prolongat podria permetre 
ajustar correctament els models de resposta funcional mecanicista. 

12) Dissenys experimentals per a demostrar el paper ecològic dels trets de 
comportament han de considerar la recreació d'escenaris en què s'hi espera que es 
manifesten resultats més perspicaços en termes ecològics.  

13) El suport a la hipòtesi de la síndrome del ritme de vida continua sent una 
bretxa oberta en l'ecologia que mereix una exploració més a fons i exhaustiva per mitjà 
de la teoria i l'empirisme.  

14) La teoria i l'empirisme es necessiten mútuament per a complementar i obtenir 
informació sobre el paper del comportament en els processos eco evolutius.  

15) Les simulacions i models virtuals ofereixen una ferramenta potent per provar 
hipòtesis preliminars i establir diferents mètodes de mostratge, processos essencials per a 
la investigació científica i la gestió de recursos ambientals. 
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Animal movement, home range behaviour and the behavioural component at the 
individual level 

Animal behaviour constitutes a state variable of the individual that deserves 
special attention given its determinant role in eco-evolutionary processes (Wolf et al. 
2007; Wolf & Weissing 2010). Movement is a central component of behaviour that 
determines how animals interact with the environment. Fluctuating environments are 
more the norm than the exception in natural contexts, within which animals should 
challenge environmental uncertainty. The way animals interact with space would affect 
many important components that will determine, in the first place, animal survivor, fitness 
and, eventually, their eco-evolutionary success. Since the establishment of the foraging 
theory (Stephens & Krebs 1986), food (i.e., as a source of energy) has been proposed as 
an important factor shaping the way animals interact with the environment and take 
behavioural decisions. This fact implies that movement and space use may have a 
prevalent role in foraging behaviour (Visser 2007; Watkins 2012; van Gils et al. 2015). 
However, to obtain the energy needed for fueling internal processes is not the only 
important challenge for animal decisions, but also to enhance survival (Harel et al. 2016). 
By finding proper sources of food/energy, animals will avoid starvation, which is the 
quintessential threat that precludes life (Spiegel et al. 2013). However, when survival is 
assured, the next challenge is to produce the greatest possible successful offspring, which 
may be achieved in terms of either increasing longevity or accelerating offspring 
production. Then, environmental factors (e.g., illnesses, predation risks, temperature 
fluctuations, etc. etc.) play an important role in determining the optimal life history and 
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behavioural strategies. Overall, food and predators are important ecological drivers of the 
way animals interact with space. Both, the concept of energy landscape (Shepard et al. 
2013) and the landscape of fear (Gallagher et al. 2017; Teckentrup et al. 2018), provide 
the conceptual basis for understanding the spatial ecology of animals and their decision-
making rules based on these drivers (Graham 1984; Mangel & Clark 1986). 

Animals do not move randomly nor occupy infinite spaces. Instead, most animals 
tend to forage, reproduce and develop any activity within a confined space leading to the 
establishment of bounded areas for fulfilling any vital activity (Burt 1943; Börger et al. 
2008). This particularity of the animal movement has been typically referred to as home 
range (HR) behaviour (Burt 1943; Börger et al. 2008). This type of space use has been 
widely reported in nature across taxa (McCauley et al. 2015), including birds (Harel et 
al. 2016), marine (Sale 1971, 1978; Reese 1973; Robertson 1974; Mundahl & Ingersoll 
1989; Zeller 1997; Jadot et al. 2006) and freshwater fish (Minns 1995); mammals 
(Moorcroft, Lewis & Crabtree 2006; Jones et al. 2009); reptiles (Anadón, Wiegand & 
Giménez 2012) and crustaceans (Skerritt et al. 2015). Several processes have been 
proposed as drivers leading to the establishment of a HR area (see Moorcroft et al. 2006 
and Börger et al. 2008 for a review). Key processes include: patch utilization (Mitchell 
& Powell 2004; Ford & Glenn 2016), resources distribution (Buchmann et al. 2011), 
conspecific interactions (Moorcroft et al. 2006), and even memory processes (Van 
Moorter et al. 2009).  

Several statistical models are used to describe the spatial and temporal dynamics 
of movement (Worton 1987; Bartumeus et al. 2002, 2005; Marthaler, Bertozzi & 
Schwartz 2004; James, Plank & Edwards 2011; Palmer et al. 2011; Watkins 2012; Auger-
Méthé et al. 2015). Moreover, mechanistic models, connecting space use with foraging 
behaviour focus on the interplay between HR-movement features and the encounter rate 
with particles in the space (e.g., food items) (e.g., Bartumeus et al. 2002, 2008a; b), which 
eventually would determine the functional response in feeding processes (Visser 2007). 
In general, mechanistic models for the HR behaviour assume that resources are the main 
factor determining animal movement (Harestad & Bunnell 1979; Buchmann et al. 2011; 
Tamburello, Côté & Dulvy 2015). Supporting this statement, allometric relationships of 
body size and several environmental variables with HR size and movement behaviour 
have been well described at the inter-specific level (e.g., Minns 1995; Buchmann et al. 
2011; Green et al. 2015; Ofstad et al. 2016). Overall, acknowledging the statistical 
properties that arise from HR-related space use behaviour may help to obtain greater 
insight on the mechanisms underpinning HR behaviour, several ecological processes and 
management implication fo wildlife in which movement may play an important role. 

Moreover, a huge amount of movement data, facilitated by the fast development 
of animal tracking technology and the miniaturization of biotelemetry devices in the last 
two decades (Hussey et al. 2015; Hays et al. 2016) supports the existence of a large intra-
specific variability in HR behaviour (Olsen et al. 2012; Harrison et al. 2015; Villegas-
Ríos et al. 2017), both at within- and between-individual level, which may trigger many 
fundamental eco-evolutionary processes (McCauley et al. 2015; Vindenes & Langangen 
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2015). The decomposition of the behavioural variation in between- and within-individual 
variability has revealed the existence of consistent between-individual differences in 
behaviour referred to as personality or behavioural types, BTs (Dall, Houston & 
McNamara 2004; Sih, Bell & Johnson 2004; Réale et al. 2007). Five axes of personality 
are usually recognized (exploration, aggressiveness, activity, sociability and boldness) 
and individual specificities along them tend to be correlated leading to what is known as 
behavioural syndromes (Réale et al. 2007). Within movement ecology, consistent intra-
specific variation in movement behaviour allows the recognition of well contrasted spatial 
behavioural types (SBTs) or movement-BTs, ranging from mobile to resident (Harrison 
et al. 2015), where a mobile-type (vs resident-type) is characterized by a large HR and 
high movement rate.  

Spatial behavioral traits that restrict animal movement to an specific area or HR 
and its interplay with internal and external variables constitute key components of many 
ecological and evolutionary processes across different spatiotemporal scales (Nathan et 
al. 2008). The movement ecology paradigm proposes that the interplay among the internal 
state, including motion and navigation capacities of the individual, with external 
environmental factors is the main mechanism behind spatiotemporal patterns of animal 
movement (Nathan et al. 2008). Recently, the personality-dependent spatial ecology 
framework has extended the movement ecology paradigm by proposing that individual 
variability in movement may arise from both consistent between-individual differences 
in behavioural traits (e.g., exploration, activity) and proximate mechanisms (e.g., 
endocrine or genetic variation). These consistent differences would link behaviour and 
movement and would result in behavioural syndromes, along with different behavioural 
responsiveness to environmental variation (Spiegel et al. 2017). However, a mechanistic 
framework integrating the factors shaping HR behaviour at the individual within-species 
level and its interactions with individual LH traits is still lacking. 

Aiming to disentangle the possible mechanisms behind these associations, this 
PhD is framed within these two well-stablished movement-related frameworks. Overall, 
I focus on two of the cornerstone questions in ecology and conservational science: i) 
understanding the causes and outcomes that give rise to a HR behavior (Mitchell & 
Powell 2004; Harrison et al. 2015; Alós et al. 2016a); and ii) understanding the interplay 
between movement-BTs, internal physiological processes, internal-state dependencies 
and the environmental factors that underpin the different behavioral and LH strategies in 
nature. Throughout this PhD thesis, for convenience and simplicity, I have used a specific 
movement type, well described by a Biased Random Walk (BRW) model, to describe HR 
movement and define movement-BTs as proxies of different activity levels. The statistical 
properties of the BRW model, even being a simple description of the space use behaviour, 
have been applied in multiple works referring to HR behaviour (e.g., Alós et al. 2016; 
Breed et al. 2017; Campos-Candela et al. 2018). As a main thread throughout the thesis, 
I will focus on the statistical properties of a HR movement model (i.e., statistical 
properties of a BRW model) mediating encounter rate as a tool for understanding 
encounter dynamics with food and predators.  
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Pace of Life Syndrome hypothesis  

Evidences that personality traits play an important role from an eco-evolutionary 
perspective is increasing (Olsen et al. 2012; Michelangeli, Wong & Chapple 2015; 
Härkönen et al. 2015). On one side, consistent inter-individual differences in behaviour 
are most commonly viewed as the raw material on which natural selection acts 
(Adriaenssens & Johnsson 2013); but, conversely, they can also be the result of the 
selection itself (Careau & Garland 2012). Actually, the consistency of behavioural traits 
and the diversity of BTs within a population should be explained by the existence of 
certain behavioural-related benefits in the individual fitness that may lead to sustain them 
over time (and over generations) (Both et al. 2005; Wolf & Weissing 2010; Vindenes & 
Langangen 2015). Therefore, variation in behaviour represents different adaptive 
solutions to the challenge posed by living in complex environments (Dall et al., 2004, 
Wolf and McNamara 2012; Mittelbach et al. 2014).  

Within an eco-evolutionary context, the Pace-of-Life Syndrome (POLS) 
hypothesis provides a theoretical framework explaining the co-variation between LH 
traits with diverse physiological and behavioural traits (Réale et al. 2010), where 
ecological processes are proposed to be the main drivers shaping these relationships and 
their co-evolution (Ricklefs & Wikelski 2002; Montiglio et al. 2018). However, the ways 
in which BTs are connected to the wide range of observed LH remain still a fundamental 
yet unresolved question (Mathot & Frankenhuis 2018), for which the answer is not 
expected to be simple but to arise from an intricate and complex interwoven of 
connections (Figure.0.1). BTs are often associated with consistent between-individual 
differences in metabolism (hereinafter physiological types, PTs) (Biro & Stamps 2010; 
Metcalfe et al. 2016a), which are certainly widespread (Nespolo & Franco 2007; Killen 
et al. 2016a). Moreover, PTs correlate with variation in internal state dynamics and LH 
traits along the fast-slow continuum (Stearns 1992; Careau et al. 2008; Careau & Garland 
2012; Holtmann, Lagisz & Nakagawa 2017a). Accordingly, by means of these co-
variation patterns between BTs and PTs, BTs have been associated with differences in 
growth rates, time to sexual maturation, lifetime, expected reproduction output (Stamps 
2007a; Biro & Stamps 2008) and, consequently, individual fitness (Mathot & 
Dingemanse 2015; Sih et al. 2015). However, phenotypic plasticity in both behaviour and 
physiology and the potentially cofounding effects of environment may blur these co-
variation patterns (Niemelä et al. 2013), which may be one of the causes of the scarce 
empirical evidences supporting POLS (Niemelä & Dingemanse 2018). Instead, there is 
an open the debate on which factors determine or not the emergence of POLS, focusing 
mainly on the influence of the ecological context (Montiglio et al. 2018). Therefore, the 
current debate is shifting the question: do POLS exist? to: when do POLS manifest? 
(Mathot & Frankenhuis 2018). 

Before considering behaviour as a putative candidate for driving LH at the 
evolutionary scale, two prerequisites must be met. First, behaviour cannot be only a 
plastic response to environmentally driven individual-level characteristics (Dingemanse 
et al. 2010) nor a random or stochastic component of the individual, but some consistency 
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should exist (Réale et al. 2007; Dochtermann, Schwab & Sih 2014). However, different 
processes may promote the establishment of behavioural individuality, such as 
behavioural state-dependency along with stable differences in states (Dall et al. 2004; 
Wolf & Weissing 2010; Sih et al. 2015; Holtmann et al. 2017a), genetic and/or 
environmental correlations (Niemelä et al. 2013; Dochtermann et al. 2014; Santostefano 
et al. 2017), the integration of developmental (i.e., irreversible) plasticity (Dammhahn et 
al. 2018), and differences in stress physiology (i.e., copying styles Koolhaas et al. 1999; 
DiRienzo et al. 2012). Moreover, other unidentified factors may exist (Bierbach, 
Laskowski & Wolf 2017). Second, whenever related to fitness, individual behavioural 
differences should require an adaptive explanation (Wolf et al. 2007; Wolf & Weissing 
2010; Vindenes & Langangen 2015). Therefore, because the mechanisms underlying 
behavioural consistency are unclear, more explicit hypotheses on the within-individual 
internal dynamics explaining behaviour from an adaptive perspective are still required 
(Mathot & Frankenhuis 2018, Montiglio et al. 2018). 

Animal movement and space use (including HR behaviour) are a specific 
dimension of individual behaviour that has been recently integrated within the conceptual 
framework of POLS to better understand the adaptive value of movement-BTs (e.g., 
Kobler et al. 2009; Biro et al. 2010; Nakayama, Rapp & Arlinghaus 2017). In the light of 
POLS hypothesis, movement-BTs may co-evolve with physiological and LH traits. 
Accordingly, patterns of covariation between specific movement-BTs, physiology-
related features and LH traits would be expected to exist whenever they maximize the 
performance of the individual in a given environment. The extension of POLS to 
movement-related behaviour has been recently integrated into the personality-dependent 
spatial ecology framework (Spiegel et al. 2017). However, a framework that extends 
personality-dependent spatial ecology to LH is still lacking. 

Bioenergetics 

Dynamic Energy Budget (DEB; Kooijman 2010) models mechanistically predict 
the ontogenetic trajectory of internal state variables and LH traits in different 
environmental contexts (Persson et al. 1998; Nisbet et al. 2012; Jusup et al. 2017). 
Bioenergetic models are being gradually extended beyond conventional bioenergetics to 
include behaviour and performance (Jørgensen, Enberg & Mangel 2016), which allows 
to further explore how behaviour may interplay with LH. Modelling approaches reliant 
upon empirically supported allometric scaling relationships have been extensively used 
to describe bioenergetics underpinning internal state dynamics and LH trends. Among the 
most extensively used bioenergetic models, the Wisconsin model of fish bioenergetics 
(Hanson et al. 1997) or the metabolic theory of ecology (Brown et al. 2004) have been 
relevant landmarks for quantifying energy allocation from ingestion to metabolism and 
growth (Jørgensen et al. 2016). These models partition the consumed energy into three 
basic components: metabolism, wastes and growth. The Wisconsin bioenergetics model 
has been particularly applied to fish populations (Deslauriers et al. 2017) and in dynamic 
optimal modelling approaches (e.g., Jørgensen & Fiksen 2006; Holt & Jorgensen 2014; 
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Plumb et al. 2014), although in recent years the Dynamic Energy Budget (DEB) model 
has been also applied with optimizing purposes (Cooke et al. 2016).  

DEB theory proposes a well-establish mechanistic framework for describing the 
internal bioenergetic functioning at the individual level, with the advantage that it focuses 
on the fundamental description of the internal processes (Kooijman 2010; Nisbet et al. 
2012). In fact, DEB theory has several strengths that make it a tool with a growing 
potential for ecological and evolutionary applications. On the one hand, it starts from a 
well-founded, physiologically detailed knowledge and employs fundamental metabolic 
considerations, which allows its successful application in a wide range of different species 
and processes (Jusup et al. 2017). In its standard version, species only differ in the 
model’s parameters. Further, a big collection of species-specific parameters is available 
(Add-my-Pet, AmP). Moreover, parameters can be estimated using easy-to-collect life-
cycle information (growth rate, length at birth, maturation and maximum age; Marques 
et al. 2018). Therefore, comparative studies between species are straightforward. On the 
other hand, DEB specifies growth and reproduction rates as variables explicitly dependent 
on the environmental forcing variables, i.e., food availability and temperature. The 
explicit consideration of these forcing environmental variables allows including and 
evaluating population feedbacks on resources and impacts of global warning, among 
others. Eventually, given that DEB theory describes the mechanisms underpinning the 
bio-energetic functioning of the individual and the arising LHs, it provides a mechanistic 
tool to investigate the joint effects in LH traits and other phenotypic characters at the 
population and community organization levels.  

However, to date, and as far as I know, the possibility of making predictions in 
the ecological context, in which behavioural state-dependent strategies may be emergent 
properties, has not been explored within the DEB theory. In addition, how DEB theory 
may provide novel insights into the interplay between movement-BTs, internal 
physiological processes, and their dependencies in dynamic environments, has neither 
framed nor explored. Certainly, DEB models are excellenta candiates to provide a new 
framework linking the personality-dependent spatial ecology framewrok to the cological 
expression and evolution of LHs. 

The adaptive value of HR behaviour 

Individual movement and behavioural decisions lead to different processes that 
shape the space use and habitat selection at different spatial scales (Leclerc et al. 2016; 
Holtmann et al. 2017b). Behavioural capacities are known to have profound effects on 
the interplay between environment, growth and survival (Lima & Dill 1990; McCormick, 
Fakan & Allan 2018). Furthermore, BTs may have ecological (e.g., risk to predation, 
intra-specific competition for resources; Kobler et al. 2009a) and physiological (e.g., 
energetic of activity; Giacomini, Shuter & Lester 2013) trade-offs that may explain the 
diversity in behaviour inside a particular population (Dall et al. 2004). Movement-BTs, 
along with personality traits, play an important role in selective processes. For instance, 
in front of different levels of predation, which is considered one of the major external 
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environmental factors underpinning population heterogeneity in LH and behavioural 
strategies (Klefoth et al. 2012; Cote et al. 2013), certain movement-BTs would be more 
prone to be selected than others. Movement-BTs and personality traits are also important 
in artificial selective processes as those impelled by harvesting activities like fishing 
(Parsons et al. 2011; Olsen et al. 2012; Diaz Pauli et al. 2015).  

 
Figure.0.1. Conceptual framework proposed in this PhD thesis. Within and between-individual variability in 
behavioural traits and space use behaviour play an important role in determining the individual fitness, which is the 
common currency for evolution. Overall, the behavioural component of the individual interplays with life history (LH) 
through bioenergetic connections mediating between the internal energy-related requirements with the external 
environment where the individual lives. Behaviour can be considered as an internal state of the individual interacting 
with other internal states (e.g., energy of reserve (E), body length (W), maturity level (H) and reproduction (R)) and the 
external environment. Environmental variables as temperature and food resources, predation intensity, conspecifics 
and other selective forces (e.g., harvesting-related activities as fisheries) are among the major external factors 
underpinning population heterogeneity in LH and behavioural strategies. Individual behaviour acts as a mediator in the 
interplay between internal and external states allowing the individual to adjust the external environmental conditions 
to those that are required for internal energy requirements and enhancing fitness (e.g., avoiding mortality risk) by 
balancing different trade-offs. In this PhD thesis, I propose that movement behaviour and personality traits (i.e., activity, 
exploration, sociability, boldness and aggressiveness) connect altogether with the other internal states through dynamic 
energy budgets. In particular, movement behaviour directly determines the encounter rate of either food or predators. 
Certain behavioural traits may be more important in favouring the encounter rate while others determine post-encounter 
events. I hypothesise that activity and exploration may co-vary with the individual space use, leading to movement 
behavioural syndromes and constituting important individual components mediating in the encounter rate (i.e., in the 
success of encountering food). Contrary, boldness or aggressiveness may be related with post-encountering behaviour 
(e.g., in the success of capturing a prey). Encountering food will benefit directly the individual through the energy 
inflow that will fuel all internal processes and eventually lead to growth and reproduction, with direct effects in fitness 
by enhancing successful offspring. On the other hand, encountering predators and other environmental-related risks 
(either natural or artificial, as harvesting-related activities) is trading off with the benefits above-mentioned by 
decreasing survival probability. Therefore, behavioural traits and individual space use mediate the encounter rate with 
different items trading off between energy intake and risk of mortality. 
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Therefore, the establishment of a HR area and the characteristics of space use and 
movement (i.e., an optimal behaviour) should strongly affect individual fitness (Mitchell 
& Powell 2004; Závorka et al. 2015). In addition, many other factors (e.g., physiological 
mechanisms underpinning LH strategies (Brown, Marquet & Taper 1993; Metcalfe, 
Leeuwen & Killen 2015; Nakayama et al. 2017; Grémillet et al. 2018) are expected to 
interact with BTs in a complex interwoven (Figure.0.1). Eventually, strategies observed in 
nature are the result of selection processes (Wolf et al. 2007), defined as the evolutionary 
end-points that maximize the fitness of the individuals in the environment in which they 
live (Mitchell & Powell 2012). Understanding the interactions, causes and outcomes 
between movement-BTs and their links with PTs, LH, internal state dynamics and 
environmental factors, is a fundamental question to address the adaptive value of 
movement behaviour within the POLS framework (Mathot & Frankenhuis 2018), with 
important implications for ecology and conservational science (Mitchell & Powell 2004; 
Harrison et al. 2015; Alós et al. 2016a).  

By considering behaviour as an intrinsic state of the organism and not a merely 
response to the environment, a new paradigm has been opened in relation with the 
behavioural outcomes in the fitness of individuals. Knowledge about how selection on 
behaviour acts at different life-stages is essential to understand and predict how 
personality traits can evolve and coexist in species that live in changing environments 
(Both et al. 2005). Optimality theory is widely used to explain the adaptive nature of 
behaviour (Bellman 1954). The emergence of context-specific optimal strategies (e.g., 
current vs future reproduction, Houston & McNamara 1999; Ricklefs & Wikelski 2002) 
can be assessed by using optimization theory. This procedure will require explicit 
attention to different causes of context-related mortality (e.g., predation, harvesting 
activities) and energy-related constraints that compromise survival (Both et al. 2005; Biro 
et al. 2006; Holt & Jørgensen 2015; Jørgensen et al. 2016). 

Main questions, objectives and PhD structure  

This PhD thesis aims to address from theoretical (Chapter I, III, IV and V) and 
empirical (Chapter II) perspectives some cornerstone questions in behavioural ecology. 
Even though the PhD thesis focusses on a fish exploited by recreational fisheries, it aims 
to provide general reasoning applicable to a wide range of wild aquatic and terrestrial 
animals. The core questions addressed throughout this PhD thesis are framed within the 
behavioural extension of the Pace-of-Life Syndrome hypothesis (Réale et al. 2010) and 
the movement ecology paradigm (Nathan et al. 2008) and focus on the ecological role of 
the widespread HR behaviour (Börger et al. 2008). An initial general question was the 
main trigger for this PhD thesis: “Why do spatial behavioural types exist? What are the 
mechanisms at the individual level that explain the consistent variability in movement 
behaviour at the within-species level?” This general question was split into several 
specific questions throughout the natural process of seeking a scientifically based 
approach to address it: 

- What are the mechanisms underpinning the establishment of HR at the individual 
level?  
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 Could these mechanisms bridge the gap between HR behaviour and LH 
traits? 

 How may LH traits and behavioural traits interplay at the individual level? 
 What are the mechanisms underpinning within-species variation in HR and 

LH traits?  
 What are the outcomes of within-species variability in HR for animal 

functioning and performance (i.e., in LH traits) at the individual level?  
- Are behavioural syndromes in different axes of the personality connected with LH 

through energy fluxes? 
- What are the implications for the assessment and conservation of wildlife of the 

existence of SBTs?  
 How can statistical HR models’ properties bring to us a better insight on 

the encounter-mediated processes in the wild (e.g., encounter-based 
sampling methods)? 

- Attending that movement-BTs may be connected with LHs through dynamic 
energy balance,  

 What would be optimal behavioural and LH strategies in different 
ecological contexts?  

Therefore, the main objectives of the PhD thesis throughout the different chapters 
are:   

 To reveal the ecological role of Home Range behaviour (Chapter I and V).  
 To propose mechanisms on how behavioural variability may connect with 

LH from a theoretical perspective (Chapter I). 
 To disentangle the mechanisms that may explain within- and between-

individual variability in LH traits in interaction with movement 
behavioural consistency (Chapter I). 

 To look for empirical support for the existence of behavioural variability 
connecting with foraging behaviour (Chapter II). 

 To develop and ad-hoc auto-tracking tool for obtaining movement data in 
challenging experimental designs (Chapter II). 

 To explore different management implications of considering the 
statistical properties of HR behaviour (Chapter III and IV). 

 To explore from an eco-evolutionary perspective the interaction between 
the HR behaviour and LH in different ecological contexts (Chapter V).  

 To explore the relevance of the ecological context in the emergence of 
covariant patterns between LH and behavioural strategies (Chapter V).  

Chapters in the PhD thesis have been arranged following a natural way of 
reasoning, aiming to cover such a general objectives and shed light on the above-
mentioned questions. Within the general conceptual framework presented in Figure.0.1, 
briefly: 

First, in Chapter I, I propose to connect individual behavioural variability with 
internal state dynamics and LH based on energy balance by extending a standard DEB 
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model to behaviour (i.e., a behavioural-bioenergetics theoretical model). The main 
content of this Chapter has been recently accepted to be publised as:  

Campos-Candela, Andrea; Palmer, Miquel; Balle, Salvador; Álvarez, Alberto and Alós, Josep. 
2018. A mechanistic framework of personality-dependent movement behaviour based on dynamic energy 
budgets. Ecology Letters. doi: 10.1111/ele.13187. In press 

Second, Chapter II is integrated within the field of animal personality (i.e., 
decomposition of behavioural variability into within- and between-individual’s 
components). I address empirically the study of behavioural variability in the main axis 
of personality for a marine fish species and look for evidences of whether personality-
mediated differences in energy acquisition may exist. Aimed to support empirically the 
possible connections between personality traits and space use behaviour, I provide some 
insights on the opportunities that the application of a novel tracking algorithm for 
analysing movement of individual fish submitted to different experimental conditions 
may provide for further empirical works.  

Third and fourth, in Chapter III and IV, I provide two examples on how the 
consideration of HR-related theoretical concepts may improve the management of natural 
resources. Particularly, by acknowledging the statistical properties of HR behaviour, I 
explore how that helps in understanding the potential bias committed by sampling 
methods in the wild and propose unbiased methods for the assessment of wildlife using 
fixed monitoring sampling stations (Chapter III). Additionally, this knowledge can 
contribute in our understanding of different processes detected in fisheries stock 
assessments, which I explore in Chapter IV. Particularly, I consider how SBTs may 
influence the assessment of the status of wild fish stocks. The main content of these 
Chapters has been published, respectively, as:  

Campos-Candela, A., Palmer, M., Balle, S. & Alós, J. (2018). A camera-based method for 
estimating absolute density in animals displaying home range behaviour. J. Anim. Ecol., 87, 825–837. doi: 
10.1111/1365-2656.12787 

Alós, Josep; Campos-Candela, Andrea and Arlinghaus, Robert. 2018. Accounting for spatial 
behavioural types in fish stock assessment. ICES Journal of Marine Science. doi: 10.1093/icesjms/fsy172. 
In press 

Finally, in Chapter V, I extend the mechanistic behavioural-bioenergetics 
theoretical model developed in Chapter I to find optimal LH and behavioural strategies 
by state-dependent dynamic optimization, which is achieved by using Dynamic 
Optimization (Mangel & Clark 1988; Houston & McNamara 1999). The central 
mechanisms I focus on are the space use (trading off between foraging behaviour and 
energy assimilation versus movement costs and survival) and the energy mobilization 
(trading off between fast growth versus depleting energy reserves and energy reserves 
versus survival).  

In summary, this PhD thesis is aimed to make some relevant contribution to 
behavioural ecology by developing a unifying theory to test the generality and adaptive 
value of POLS based on dynamic energy budgets. This behavioural-bioenergetics model 
connects i) personality traits, ii) HR behaviour, iii) physiology and iv) LH traits through 



INTRODUCTION  

23 
 

an interwoven of mass/energy fluxes, within which they interact and feedback with the 
ecological context. Overall, from an eco-evolutionary perspective, the proposed 
framework could constitute a powerful tool for exploring the ecological role of HR 
behaviour and predicting what combination of behavioural traits would be evolutionally 
favoured in a given ecological context. Moving forward to including management 
scenarios, this unifying theory may provide scientifically founded knowledge that would 
improve natural resource management by attending the behavioural component of animal 
populations. 
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2 The main content of this Chapter has been published as:  

Campos-Candela, Andrea; Palmer, Miquel; Balle, Salvador; Álvarez, Alberto and Alós, Josep. 
2018. A mechanistic framework of personality-dependent movement behaviour based on 

dynamic energy budgets. Ecology Letters. doi: 10.1111/ele.13187. In press 
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I.1.  INTRODUCTION 

Consistent intraspecific variation in HR behaviour allows the recognition of 
different movement behavioural types (movement-BTs) ranging from mobile to resident 
(Harrison et al. 2015), where a mobile-type (vs resident-type) is characterized by a large 
HR and high movement rates, and little site fidelity. Understanding the interactions, causes 
and outcomes between movement-BTs and their links with consistent between-individual 
differences in metabolism (hereafter physiological types, PTs), life history (LH), internal 
state dynamics and environmental factors, is a fundamental question to address the adaptive 
value of movement behaviour within the Pace-of-Life Syndrome (POLS) hypothesis 
(Mathot & Frankenhuis 2018). Aiming to disentangle the possible mechanisms behind 
these associations, I frame this work around two well-stablished movement-related 
frameworks. First, the movement ecology paradigm proposes that the interplay among the 
internal state, motion and navigation capacities of the individual, with external 
environmental factors is the main mechanism behind spatiotemporal patterns of animal 
movement (Nathan et al. 2008). Second, the personality-dependent spatial ecology 
framework extends the movement ecology paradigm by proposing that individual 
variability in movement may arise from both consistent between-individual differences in 
behavioural traits (e.g., exploration, activity) and proximate mechanisms (e.g., 
endocrinology, genetic variation) linking behaviour and movement. These links result in 
behavioural syndromes. Moreover, variability in movement is also related to behavioural 
responsiveness to environmental variation (Spiegel et al. 2017). However, explicit 
mechanisms that shape space use dynamics and their connection with LH have not yet been 
proposed (Nathan et al. 2008; Spiegel et al. 2015), which limits their applicability for 
addressing the adaptive value of movement-BTs within POLS. 

A prevalent role of foraging for HR behaviour has been suggested by, among other 
reasons, the existence of between-species scaling relationships between body size and 
optimal HR size (Minns 1995; Buchmann et al. 2011; McCauley et al. 2015; Nash et al. 
2015). Therefore, this relationship may be shaped, at least in part, by energy availability. 
Thus, larger energy needs, which also scale with body size (Harestad & Bunnell 1979; 
Brown et al. 1993; Andersen et al. 2015), would be fulfilled by exploiting larger HR areas 
(McNab 1963; Jetz et al. 2004; Tamburello et al. 2015). This connection may provide a 
suitable mechanism linking HR behaviour and LH at the individual-level. Accordingly, at 
least some of the variability in HR and space use dynamics observed at the individual-level 
may be mediated by internal energy-related states (Mueller & Fagan 2008; Higginson et al. 
2018), underpinned by bioenergetics (Teal et al. 2012; Sih et al. 2015) and dependent on 
seasonal and spatial foraging opportunities (Shepard et al. 2013; Tao, Börger & Hastings 
2016; Gallagher et al. 2017) and habitat quality (Börger et al. 2006). From an adaptive 
perspective, the optimal HR size and how animals move within it (i.e., optimal movement 
strategy) are expected to be those that maximize the cumulated energy profit (Yodzis & 
Innes 1992; Nathan et al. 2008) and minimize the mortality risk during an individual’s 
lifespan (Graham 1984; Jørgensen et al. 2016) to enhance reproduction and maximize 
fitness. Therefore, when individual differences in space use co-vary with fitness, some 
nexus should connect HR behaviour with LH itself. Overall, such an optimal context-
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dependent movement strategy (i.e., the rule specifying the dependence of behaviour on the 
internal state, environment and time) would emerge from the interactions between PTs and 
other BT dimensions, where foraging-related behaviour is assumed to be a key driver 
connecting space use and environment with internal states and, eventually, LH (Figure.I.1).  

 

Figure.I.1. Individual behavioural-bioenergetics theory explaining life history (LH) variability from mechanistic 
links connecting behaviour, physiology and internal state dynamics. Different mechanistic connections can explain 
the correlation between behaviour, physiology and LH in different ecological environments. Behaviour is a complex state 
of the organism that is connected with the internal states dynamics, physiological processes and environmental factors 
through an interweaving of interactions mediated by energy and mass flows (thin black rows; i.e., fluxes that determine 
the balance between all mass and energy that enter and exit an individual). Consistent inter-individual differences in 
behaviour, along with its within-individual variability and plasticity, can affect the individual realized LHs through its 
direct connection with feeding behaviour and, consequently, the assimilation flux (𝐽�̇�). Additionally, a feedback between 
behaviour, physiological processes and internal states may also induce consistency between correlated traits and mediate 
its responsiveness to environmental conditions. For instance, when connecting movement with feeding behaviour, the 
space use dynamics should accommodate environmental conditions to achieve at least the necessary energy for internal 
requirements through feedback from the dynamics of the reserve energy, E (grey rows). Black arrows show interactions 
(and direction) between the four main connected blocks behaviour, physiology, internal states and environment (squares 
with thick continuous line).Within behaviour, squares with a dashed line outline different components of behavioural 
variability. Reserve (E), Maturity (H) and Reproduction (R) dynamics (boxes) are described by DEB theory (dotted 
boxes). Grey rows show interactions (and direction) between behaviour and the internal reserve dynamics, through the 
fluxes of assimilation (𝐽�̇�) and mobilization (𝐽�̇�) (dotted boxes). 

To rigorously address these complexities, I propose a fully mechanistic (process-
based) model that describes the functional connections between behavioural and 
physiological traits supporting growth, energetic maintenance costs and reproduction 
(Figure.I.1). Mechanistically linking HR behaviour with the rules for the organization of 
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individual metabolism based on mass/energy fluxes (i.e., fluxes that determine the balance 
between all mass and energy that enter and exit an individual) would provide insight into 
the energetic dimension of behaviour and the processes that lead to between-individual 
differences in HR and LHs. In particular, this approach attempts to establish explicit links 
between movement-BTs and physiological/metabolic traits by enlarging a widely 
recognized bioenergetics model (Dynamic Energy Budget, DEB; Kooijman 2010) to cope 
with the mechanisms that altogether would determine a suite of LH traits for an animal 
living in a given environment. Accordingly, the proposed behavioural-bioenergetics 
theoretical model aims to shed light on how LH properties emerge from explicit 
mechanistic dependencies between behaviour and physiology.  

 

I.2.  A novel individual behavioural-bioenergetics framework 

Two theoretically and empirically well-founded bodies of theories are merged here 
into a unique framework (hereafter the behavioural-bioenergetics model) to bridge the gap 
between movement-BTs and LH dynamics (Figure.I.1). These theories are the movement 
ecology paradigm (Nathan et al. 2008) and its recent link to the personality-dependent 
spatial ecology framework (Spiegel et al. 2017), which I extend to LH theory (Stearns 
1992) through explicit links with the DEB theory (Kooijman 2010), which explains 
mechanistically the individual metabolic organization. The emerging patterns from the 
proposed behavioural-bioenergetics model (Box.I.1) are then explored to mechanistically 
understand the relationships between contrasting behavioural (mobile and resident) and 
physiological/metabolic (fast and slow) types in different environments. 

I.2.1. Describing HR movement  

One of the simplest approaches to describe mathematically spatial and temporal 
movement dynamics assumes that HR results from animal movements within an isotropic 
environment following random stimuli such as food items, but with an additional tendency 
(drift) to remain around a specific point (e.g., the refuge), designed as the HR centre 
(Palmer et al. 2011). The resulting path is a Biased Random Walk (BRW), which can be 
mathematically described as a special case of the Langevin equation (Gardiner 1990) given 
by:        

𝑑𝑟

𝑑𝑡
= −𝛾(𝑟(𝑡) − 𝑟𝑜) + √휀𝜉(𝑡)      

                eqn.I.1  

where 𝑟(𝑡) denotes the time-dependent animal displacement with respect to the location 𝑟𝑜 
(HR centre) and γ defines the strength of the tendency to remain around 𝑟𝑜 (in mathematical 
terms, this tendency is described in eqn.I.1 by the dynamics of a particle subjected to the 
influence of a harmonic force of constant γ). The stochastic term √휀𝜉(𝑡) is considered to 
have a Gaussian distribution (white noise), with zero mean, zero covariance between the 
two dimensions (i.e., spatial coordinates), and the same variance (ɛ) in each spatial 
dimension. The stationary spatial pattern (after a period of time large enough to reach an 
asymptote in the cumulative space explored) is a circular HR with radius HRr (the radius 



CHAPTER I: Connecting behaviour with life history traits  

29 
 

of the area within which an animal has a 95% probability of being found), as described by 
Palmer et al. (2011): 

𝐻𝑅𝑟 = √−
휀

𝛾
ln(1 − 0.95) ∝ √

휀
𝛾
       

              eqn.I.2 
The parameters of the HR-type movement described in eqn.I.1 and eqn.I.2 can be 

ecologically interpreted in terms of the searching rate (ε, visited area by unit of time, with 
dimensions L2T−1) and drift force (γ, strength of the tendency to keep near to the HR centre, 
with dimensions T−1). The searching rate ε can be considered as a proxy of activity level, 
and among others, it may depend on energy requirements (see below). The drift force 𝛾, 
which determines the readiness of the individual to move away from the home location 𝑟𝑜 
and how the individual moves within the HR, can be interpreted as a proxy of the 
exploration rate (i.e., the ratio between exploring new areas vs exploiting familiar 
resources; Réale et al. 2007). The strength of the drift force may depend on extrinsic factors, 
such as environmental fluctuations, landscape heterogeneity, intraspecific avoidance, 
attraction, competition or other social interactions, predation risk, or intrinsic factors such 
as other BTs (e.g., shier behavioural types are expected to be closer to their refuge). Both 
together, the ratio 휀/𝛾 determines the characteristic size of the circular HR and essentially 
measures the tendency to be mobile vs sedentary (hereafter resident is used with this 
meaning).   

I.2.2. The dynamic bioenergetics model 

 In essence, DEB theory addresses the major mass/energy fluxes of living organisms 
and predicts the changes in a set of internal state variables that includes body structure (W), 
energy of reserve (E), maturity (H) and reproduction (R) at the individual-level (van der 
Meer 2006; Ledder 2014). In brief, energy for life is assimilated from food, stored as 
reserve and then mobilized to fuel all internal processes related to growth and reproduction. 
The rate of change of the energy of reserve E (dE/dt, Table.I.1) depends on the energy inflow 
(i.e., the assimilation rate, 𝐽Ȧ, Table.I.1), and the rate of stored energy outflow to fuel any 
physiological process (i.e., the mobilization rate, 𝐽Ċ, Table.I.1). How fast E is mobilized 
depends on a parameter called the energy conductance �̇� (Ledder 2014). Moreover, the 
proportion of the energy of reserve allocated to different processes is described by the 𝜅-
rule, which is a particularity of DEB theory. 𝜅 represents a fixed and constant fraction of 
the mobilized energy that is allocated for growth and structural maintenance, while the rest, 
a 1- 𝜅 proportion of the mobilized energy, is invested for maturity and reproduction. Thus, 
growth and development are parallel processes (Kooijman 2010). The growth rate (i.e., the 
rate of change of body structure, dW/dt, Table.I.1) depends on the 𝜅 fraction of the energy 
mobilized for growth (𝜅 𝐽Ċ) after first covering the maintenance costs of the already existing 
body structure W, 𝐽Ṡ (Table.I.1). Movement costs, whenever proportional to the structural 
volume, are considered as a fixed part of maintenance costs (Kooijman 2010; Jusup et al. 
2011; Nisbet et al. 2012). In contrast, the fraction 1-𝜅 fraction of the mobilization flux ((1-
𝜅) 𝐽Ċ) goes towards maturity H, which includes reorganization processes (cells, tissues,…) 
and the development of reproductive organs and regulatory systems. The maturity level at 
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birth is zero, and it increases (dH/dt, Table.I.1) after paying for maturity maintenance costs 
(𝐽Ḣ, Table.I.1). Juveniles become adults when arriving at a threshold maturity level Hp. Then, 
after puberty, maturation stops, and this fraction of mobilized energy is redirected to 
reproduction (dR/dt, Table.I.1).  

Therefore, following the description provided above, the change of the state 
variables energy of reserve (E), structure (W), maturity (H) and reproduction (R) are given 
in the DEB theory (Kooijman 2010) by:   

𝑑𝐸

𝑑𝑡
= 𝐽�̇� − 𝐽�̇�        (eqn.T1.1) 

𝑑𝑊

𝑑𝑡
= 𝑦(𝜅𝐽�̇� − 𝐽�̇�)       (eqn.T1.2) 

𝑑𝐻

𝑑𝑡
= (1 − 𝜅)𝐽�̇� − 𝐽�̇�  (𝐻 < 𝐻𝑃)     (eqn.T1.3) 

𝑑𝑅

𝑑𝑡
= (1 − 𝜅)𝐽�̇� − 𝐽�̇� (𝐻 ≥ 𝐻𝑃)      (eqn.T1.4) 

where 𝐽Ȧ, 𝐽�̇�, 𝐽�̇� and 𝐽�̇� are the assimilation, mobilization, structural maintenance and 
maturation maintenance fluxes respectively (description of all parameters and formulae are 
detailed in Table.I.1). More details can be found elsewhere (van der Meer 2006; Kooijman 
2010; Ledder 2014).   

With the purpose of avoiding dependence on the choice of currency, either energy 
or mass (i.e., moles of carbon atoms), Ledder (2014) replaces the original variables E and 
W with the reserve energy density (U) and structural length (L). In such a way, W=𝞒 L3 and 
E=U𝞒L3, where 𝞒 represents the density of energy (or moles of carbon atoms) contained 
in a unit volume of structure. Therefore, U becomes a dimensionless internal state variable 
describing the amount of reserve in terms of its equivalent contained in a unit volume of 
structure (i.e., U=E/𝞒L3). In terms of the new variables U and L, the dynamic equations 
T.1-4 become (see Ledder (2014) for details):  

𝑑𝑈

𝑑𝑡
=
1

𝐿
 (𝑄 − �̇� 𝑈)       (eqn.T1.10) 

𝑑𝐿

𝑑𝑡
=
𝑦

3
 
𝜅�̇� 𝑈−𝑘𝐿

1+𝜅𝑦𝑈
        (eqn.T1.11) 

𝑑𝐻

𝑑𝑡
= (1 − 𝜅) 𝛤𝑈𝐿2 (

�̇� +𝑦𝑘𝐿

1+𝜅𝑦𝑈
) − 𝑘𝐻𝐻      (𝐻 < 𝐻𝑃)   (eqn.T1.12) 

𝑑𝑅

𝑑𝑡
= (1 − 𝜅) 𝛤𝑈𝐿2 (

�̇� +𝑦𝑘𝐿

1+𝜅𝑦𝑈
) − 𝑘𝐻𝐻𝑝      (𝐻 ≥ 𝐻𝑃)      (eqn.T1.13) 

The dynamics of reserve energy density (dU/dt) depends on the energy that goes in 
through the assimilation conductance, Q, eqn.I.3, (LT-1), and its rate of depletion which is 
proportional to the energy conductance, �̇�, (LT-1). Growth (dL/dt) depends on the 𝜅 fraction 
of the mobilized energy from the reserve (𝜅�̇� 𝑈) after detracting the structural maintenance 
costs (𝑘𝐿), where k represents the structural coefficient maintenance (T-1); and the yield in 
structure of the fraction of invested resources y, (i.e., energy incorporated in structure per 
energy of mobilized reserve, dimensionless). A fraction, 1-𝜅, of the mobilized energy from 
the reserve flows to maturation (dH/dt), after satisfying the maturity maintenance costs 
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(𝑘𝐻𝐻) where 𝑘𝐻 represents the maturity costs coefficient (T-1). When arriving at a threshold 
maturity level (Hp), this fraction of mobilized energy is redirected to reproduction (dR/dt).  

I.2.3. Incorporating between- and within-individual differences in HR behaviour 
into a bioenergetics model 

To provide insights into the interconnection between movement-BTs and 
mass/energy fluxes, a standard-DEB model was enlarged by including two relationships 
with HR behaviour (Figure.I.1). In particular, I propose one direct connection through the 
assimilation flux to match foraging behaviour (Lika & Papandroulakis 2005; Watkins 
2012; van Gils et al. 2015), and an indirect connection through the dynamics of the reserve 
density U.   

According to DEB theory (Kooijman 2010), 𝐽�̇� is proportional to the animal surface 
area, and following Ledder’s notation (2014), it can be described as: 

𝐽�̇�

𝛤𝐿2
 = 𝑄         

           eqn.I.3 
where Q refers to the assimilation conductance (dimensions LT-1). Importantly, Q 
describes how fast energy is assimilated from the environment, and it does not depend on 
any internal state but on food availability. This dependence occurs through a functional 
response, with a physiological maximum bound because an animal cannot assimilate an 
unlimited amount of food even if available. Hence, Q is given by: 

 𝑄 = 𝑄𝑚𝑓   
           eqn.I.4  
where f is a functional response that is dependent on the resource density and represents a 
non-dimensional fraction, bounded between 0 and 1, of the maximum metabolic limit Qm 
for Q. 

Here, the classical consumer–resource concept of the functional response f  between 
the consumption rate (i.e., amount of food eaten per unit time) and food density (Solomon 
1949) is considered to mechanistically link foraging and assimilation (Visser 2007; Pawar, 
Dell & Savage 2012). For simplicity, I define this relationship as a scaled version of the 
Holling type II functional response (Holling 1959), which in its canonical form defines the 
intake rate (IR, with dimension n food-items T-1) as: 

𝐼𝑅 =
 𝑎𝜌

1+𝑎ℎ𝜌
       

           eqn.I.5  
where ρ is the resource density (dimensions n food-items L-2 when considering 2D), h is 
the handling time (time needed for processing a single food item, with dimensions T), and 
a is usually referred as the attack rate (dimensions L2T-1) (Schröder, Kalinkat & Arlinghaus 
2016). The maximum intake rate (IRmax) is attained at 1/h, and thus, a convenient scaled 
definition of f may be obtained: 

𝑓 = 𝐼𝑅 𝐼𝑅𝑚𝑎𝑥
⁄ =

 𝑎ℎ𝜌

1+𝑎ℎ𝜌
       

           eqn.I.6 
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The attack rate a depends on successful completion of the sequential processes of 
the encounter rate, probability of a successful pursuit-attack and probability of eating given 
the consumer has reached the prey (Hart 1997; Lika & Papandroulakis 2005; van der Meer 
& Smallegange 2009). In the context of an animal with HR behaviour, the encounter rate 
(i.e., the amount of actually accessible resources) must be correlated with both ρ and the 
searching rate or activity level (Bartumeus et al. 2002; Lika & Papandroulakis 2005; 
Viswanathan, Raposo & da Luz 2008; van Gils et al. 2015), defined as ε in the HR-
movement model (eqn.I.1 and eqn.I.2). By assuming h as constant at the between- and 
within-individual level, we propose to simplify f(a,ρ) into f(ε,x): 

 𝑓 = 𝜀𝑥

1+𝜀𝑥
           

           eqn.I.7 
where x is the scaled resource density equalling h times ρ (i.e., x= h ρ), which can be 
interpreted as the time needed to assimilate the resource items available per unit area 
(dimensions TL-2).  

In addition, I propose the existence of a state-dependency of ε on the reserve energy 
density U. Conceptually, when the energy demand of an individual is low because the 
internal U is enough to cover any physiological process, the animal can reduce its activity 
and thus any ecological movement-related cost (Higginson et al. 2018). Conversely, when 
the energy balance is close to zero, the animal must explore larger areas and increase its 
activity close to a maximum limited only by ecological constraints to acquire enough 
energy to cover the energy costs for structural maintenance. A simple functional link 
between the pattern of space use and U can be given by:  

휀 =
 𝜀𝑚

1+
𝑈

𝑈𝑡ℎ

         

           eqn.I.8  
where εm defines the maximum searching rate for the individual that leads to its maximum 
HR size (eqn.I.2) for a given value of 𝛾. According to eqn.I.7 and eqn.I.8, the attained ε will 
be close to εm only when U is close to zero. Then, ε will increase to allow greater food 
intake, which in turn will cause Q to approach Qm. However, after increasing U because of 
the latter food intake increase, ε will drop again. Thus, reserve levels play a ‘memory’ role 
acting as a source of information of recent environmental conditions (Higginson et al. 
2018). Note that Uth is a constant defining the threshold of U at which ε reaches half its 
maximum εm. This simple approximation is defined beforehand to evaluate the 
responsiveness of ε with respect U in different environmental conditions. However, much 
more complex non-monotonic relationships with U can be considered depending on the 
particularities of the case study whenever the trade-offs of maximizing the energy intake 
and minimizing the energy expenditure and ecological risks are considered mechanistically 
(Scharf 2016). Note that according to the DEB theory, feeding costs are already payed from 
food intake directly, which implies a reduction of the assimilation efficiency, and costs 
from routine movements are covered by maintenance (Kooijman 2010). Therefore, 
movement costs are implicitly considered herein. However, space use dynamics and 
optimal movement decisions may be limited in certain contexts at the expense of a higher 
energy expenditure due to movement costs. Non-monotonic relationships with U should be 
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explored in future applications whenever, for example, experimental data or empirical 
patterns are available (see section I.3.4. for an example based on a hump-shaped response, 
Spiegel et al. 2013b; Scharf 2016). 

Table.I.1. State variables, parameters and dynamic equations of the behavioural-bioenergetics model. Standard-
DEB formulae are from Ledder (2014). Specific formulae for the behavioural-bioenergetics model* and dimensionless 
version‡ have been developed in this work. 

Symbol Interpretation (description) Dimension 
State variables 
𝑊 = 𝛤𝐿3 Structure (corporeal material of the organism) 

L structural length (L) 
ML2 T-2 

𝐸 = 𝑈𝛤𝐿3 Reserve (stored energy for future allocation to other components 
or processes) 
U reserve energy density (reserve energy per unit of energy in 
structure) 

ML2 T-2 
 
- 

H Maturity (energy required to prepare reproduction) ML2 T-2 
R Reproduction (energy used for reproduction) ML2 T-2 
Dynamic equations† 
𝑑𝐸

𝑑𝑡
= 𝐽�̇� − 𝐽�̇� 

Reserve dynamics 
(eqn.T1.1) 

ML2 T-3 

 
𝑑𝑊

𝑑𝑡
= 𝑦(𝜅𝐽�̇� − 𝐽�̇�) 

Structure dynamics 
(eqn.T1.2) 

ML2 T-3 

 
𝑑𝐻

𝑑𝑡
= (1 − 𝜅)𝐽�̇� − 𝐽�̇�  (𝐻 < 𝐻𝑃) 

Maturity dynamics 
(eqn.T1.3) 

ML2 T-3 

 
𝑑𝑅

𝑑𝑡
= (1 − 𝜅)𝐽�̇� − 𝐽�̇�  (𝐻 ≥ 𝐻𝑃) 

Reproductive dynamics  
(eqn.T1.4) 

ML2 T-3 

 
Fluxes 
𝐽�̇� = 𝛤𝐿

2𝑄  
𝑄 = 𝑄𝑚𝒇(𝜺,𝒙) 

Assimilation rate (rate at which energy is assimilated from food) 
Q Assimilation conductance 

ML2 T-3 

 
LT-1 

𝐽�̇� =
�̇�𝑈𝛤𝐿2 + 𝑦𝑈𝐽𝑆
1 + 𝜅𝑦𝑈

 
Mobilization rate (rate at which energy is mobilized from the 
reserve for internal processes) 

ML2 T-3 

 
𝐽�̇� = 𝑘𝛤𝐿

3 Structural maintenance rate (costs required for somatic 
maintenance) 

ML2 T-3 

 
𝐽�̇� = 𝐾𝐻𝐻 Maturation maintenance rate (costs required for maturity 

maintenance) 
ML2 T-3 

 
Parameters 
𝛤 Energy (or moles of carbon atoms) per unit of structure (Γ is 

used to convert quantities measured in energy units into an 
equivalent of structural length (Ledder 2014)) 

ML-1 T-2 

𝜅 𝜅appa (fraction of the mobilized energy that is invested for 
growth and structural maintenance) 

- 

�̇� Energy conductance (note this parameter is expressed as 𝜈 in Ledder 
(2014); we use here the nomenclature in Kooijman (2010)). 

LT-1 

Qm Maximum assimilation conductance LT-1 
y Yield in structure of the fraction of invested resources - 
k Structural maintenance coefficient T-1 

kH Maturity costs coefficient T-1 
Hp Threshold maturity level in the puberty time ML2 T-2 

Link between HR and DEB* 

𝑓(𝜀,𝑥) =
휀𝑥

1 + 휀𝑥
 Functional response 

휀 HR-exploration rate 
x scaled resource levels 

- 
L2T-1 

TL-2 
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휀 =
 휀𝑚

1 +
𝑈
𝑈𝑡ℎ

 Exploration rate 
휀𝑚 maximum HR-exploration rate (behavioural trait) 
𝑈𝑡ℎthreshold level of density of energy at which 휀 is half its 
maximum 

L2 T-1 

L2T-1 

- 
 

𝐻𝑅𝑟 ∝ √
휀

𝛾
 

Radius of the circular HR area 
𝛾 drift force (behavioural trait) 

L 
T-1 

Dimensionless states‡ 

𝑈 =
𝐸

𝛤𝐿3
 Reserve energy density (reserve energy per unit of energy in 

structure)  
(eqn.T1.5) 

- 

𝑙 =
𝑘

𝜅𝑄𝑚
· 𝐿 

Scaled length by its maximum (values range from 0 to 1)  
(eqn.T1.6) 

𝐿𝑚 =
𝜅𝑄𝑚
𝑘

 

- 

ℎ =
𝑘3

𝛤𝜅2𝑄𝑚
3 · 𝐻 

Scaled maturity  
(eqn.T1.7) 

- 

𝑟 =
𝑘3

𝛤𝜅2𝑄𝑚
3 · 𝑅 

Scaled reproduction  
(eqn.T1.8) 

- 

𝜏 = 𝑘 · 𝑡 Scaled time  
(eqn.T1.9) 

- 

Dimensionless dynamic equations‡ 
𝑑𝑈

𝑑𝜏
=
1

𝜅𝑙
 (𝑓 −

�̇�

𝑄𝑚
𝑈) 

Reserve energy density dynamics  
(eqn.T1.10) 

- 

𝑑𝑙

𝑑𝜏
=
𝑦

3

(
�̇�
𝑄𝑚
)𝑈 − 𝑙

1 + 𝑦𝜅𝑈
 

Scaled length dynamics  
(eqn.T1.11) 

- 

𝑑ℎ

𝑑𝜏
=  (1 − 𝜅) 𝑈𝑙2

(
�̇�
𝑄𝑚

+ 𝑦𝜅𝑙)

(1 + 𝑦𝜅𝑈)

− 𝜎ℎ (ℎ < ℎ𝑃) 

Scaled maturity dynamics 
(eqn.T1.12) 
𝜎 =

𝑘𝐻

𝑘
 Dimensionless parameter (maturity and structural 

maintenance coefficient ratio) 

- 

𝑑𝑟

𝑑𝜏
=  (1 − 𝜅)𝑈𝑙2

(
�̇�
𝑄𝑚

+ 𝑦𝜅𝑙)

(1 + 𝑦𝜅𝑈)

− 𝜎ℎ𝑝  (ℎ ≥ ℎ𝑃) 

Scaled reproduction dynamics  
(eqn.T1.13) 

- 

𝑈𝑠𝑡 = 
𝑄𝑚𝑓

�̇�
  

𝑙𝑠𝑡 =
�̇�

𝑄𝑚
𝑈𝑠𝑡 = 𝑓 

Steady dimensionless reserve energy density, Ust (eqn.T1.14), 
and length, lst (eqn.T1.15), states when scaled dimensionless 
dynamic equations equal 0 (eqn.T1.10) and (eqn.T1.11)  

- 

- 

 

I.2.4. A dimensionless version of the DEB model      

Aiming to explore the general performance of the model, I propose a scaled version 
to work with dimensionless and comparable internal state variables. Scaled versions of 
models are helpful to interpret their dynamics and properties in a more general way, by 
promoting generality and a better understanding of the processes involved (Muller 2000; 
Ledder 2014; Jusup et al. 2017) in front of the fully parameterized DEB models. In the 
proposal developed here, I aim to analyze the responsiveness of the behavioural-
bioenergetics model to different levels of the behavioral (searching rate, 휀m) and 
physiological (energy conductance,�̇�) traits that I hypothesize are connecting the HR 
performance and the emergence of inter-individual variability in the LHs. Then, I propose 
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to define dimensionless and scaled state variables and time for the purpose of this work as 
follows:  

𝑈 =
𝐸

𝛤𝐿3
                 (eqn. T1.5),                                                  𝑙 =

𝑘

𝜅𝑄𝑚
· 𝐿           (eqn. T1.6),    

ℎ =
𝑘3

𝛤𝜅2𝑄𝑚
3 · 𝐻   (eqn. T1.7),                                                  𝑟 =

𝑘3

𝛤𝜅2𝑄𝑚
3 · 𝑅    (eqn. T1.8),  

 𝜏 = 𝑘 · 𝑡                 (eqn.T1.9)  

where U refers to the dimensionless density of energy and the lowercase letters refer to the 
scaled state variables length l (dimensionless); maturity h (or reproduction, r, when a 
threshold level of maturity, hp, is reached, dimensionless); and time, 𝜏 (dimensionless).  

Note that l is scaled by its maximum (the maximum length can be derived from the 
growth equation; when dW/dt is in its steady state, i.e., dW/dt equals 0; and the functional 
response is in its maximum, i.e.,  f=1; the maximum expected length would be 𝐿𝑚 =

𝜅𝑄𝑚

𝑘
, 

Table.I.1).  

By replacing the unscaled variables by the scaled ones and deriving again the 
differential equations, the dynamics of the internal state variables (scaled and 
dimensionless) are given by:  

𝑑𝑈

𝑑𝜏
=

1

𝜅𝑙
 (𝑓 −

�̇�

𝑄𝑚
𝑈)        (eqn.T1.10) 

𝑑𝑙

𝑑𝜏
=
𝑦

3

(
�̇�

𝑄𝑚
)𝑈−𝑙

1+𝑦𝜅𝑈
        (eqn.T1.11) 

𝑑ℎ

𝑑𝜏
= (1 − 𝜅) 𝑈𝑙2

(
�̇�

𝑄𝑚
+𝑦𝜅𝑙)

(1+𝑦𝜅𝑈)
− 𝜎ℎ (ℎ < ℎ𝑃)         (eqn.T1.12) 

𝑑𝑟

𝑑𝜏
= (1 − 𝜅)𝑈𝑙2

(
�̇�

𝑄𝑚
+𝑦𝜅𝑙)

(1+𝑦𝜅𝑈)
− 𝜎ℎ  (ℎ ≥ ℎ𝑃)          (eqn.T1.13) 

Appearing a new-scaled parameter given by:  

𝜎 =
𝑘𝐻

𝑘
              (In (eqn.T1.12) and (eqn.T1.13)) 

These equations apply for at both constant and time-varying food levels. At constant 
food levels, the stationary states of the scaled dynamics are given by:  

𝑑𝑈

𝑑𝜏
= 0;       𝑈𝑠𝑡 = 

𝑄𝑚𝑓

�̇�
       (eqn.T1.14) 

𝑑𝑙

𝑑𝜏
= 0;      𝑙𝑠𝑡 =

�̇�

𝑄𝑚
𝑈𝑠𝑡 = 𝑓      (eqn.T1.15) 

where Ust and lst refer to the steady states of reserve density and scaled length respectively.   
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Box.I.1. A mechanistic theory for personality-dependent movement behaviour based on DEB: 
assumptions, hypotheses and predictions. Naming assumptions and predictions of a novel model helps 
in the challenge of looking for empirical evidence of the underlying theory. It is common to neglect the 
evaluation of assumptions of models (whether conceptual or theoretical) before testing their predictions 
when studying the relationships between behavioural and physiological traits variability and LHs (Mathot 
& Dingemanse 2015; Sih et al. 2015; Mathot & Frankenhuis 2018; Niemelä & Dingemanse 2018). Aiming 
to overcome this weakness and to guide future research through such a challenges, we specify the core 
assumptions, hypotheses and predictions of our behavioural-bioenergetics model.  
Core assumption of the model* 
[A1] Between- and within-individual differences across time and ecological contexts exists for life 
histories and physiological and behavioural traits. 
Testable hypothesis 
[H1] Inter-individual variability in physiological traits mediate the emergence of between- and within-
individual differences in LH dynamics through mass/energy fluxes. 
[H2] Inter-individual variability in movement-related behavioural traits mediate the emergence of different 
life histories through mass/energy fluxes at the individual-level. 
[H3] Movement-related behaviour directly links to internal states through the intake rate and 
accommodates energy needs through a feedback link with the dynamics of the internal energy, which 
connects the individual internal energy needs with the environmental foraging opportunities. 
[H3a] Within-individual variability in HR includes two sources of variation: internal state-dependent 
ontogenetic patterns and the effects of environmental variation at the individual-level (i.e., plasticity). 
[H3b] Physiological traits links mechanistically to HR size dynamics through the dynamic of the energy-
related internal state.  
[H3c] Mechanistic relationships between physiological and behavioural traits lead to between-individual 
variability in HR size. 
[H3d] Physiological traits mediate the within-individual variability in HR size responsiveness to 
environmental fluctuating changes.   
Predictions: 
[P1] mobile-behavioural and fast-physiological types lead to faster growth and earlier sexual maturation. 
[P2] Changes in the individual realized HR size depend on the amount of environmental resources in the 
ecological context. 
[P3] Under limiting, unpredictable or fluctuating resource densities: 
- HR size increases.//- Correlation between inter-individual variability in HR behaviour, LH traits and 

physiological features (e.g., metabolic rates) are more conspicuous. 
- Environmental-related effects on HR plasticity, LH and fitness are more evident. 
- Slower growers and/or mobile individuals show higher fitness. 
[P4] Individual resilience to environmental fluctuations decreases with faster mobilization rates.  
[P5] Responses at the within-individual level are expected from both, ontogenetic dynamics or 
environmental fluctuations, but they will be apparent at different temporal scales. 
* Model vs simulation assumptions. Note that simulation assumptions have been conducted to explore 
the model performance but are not core assumptions of the model itself. To limit the model complexity 
we consider that: 
 Resources are homogeneously distributed and stationary (i.e., no density-dependence resource 

dynamics occur). 
 Individuals move independently one from others and no social interactions (e.g., competitiveness, 

agonistic interactions, and mating) are considered.  
 Variation among BTs in habitat quality and/or ecological risks is not considered. 
 Variation among BTs in movement costs are negligible for the total lifetime budget. Energetic-

related BTs costs are proportional to the energy gain and discounted implicitly from feeding rate.  
Note also that ecological trade-offs are excluded in simulations, no optimization of the strategies is 
analysed and no other causes of mortality than the risk of starvation are considered. Further exploration of 
the model should overcome these assumptions and assess its performance when they are not met, 
considering the complexity of the ecological contexts and including trade-offs others than starvation within 
eco-evolutionary frameworks, which is one potential utility of this theory (Chapter V). 
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I.2.5. Numerical simulations: the mobile-resident and the fast-slow axis of 
variation 

Three sets of numerical simulations were completed to illustrate some relevant 
properties of the behavioural-bioenergetics model. Aiming to promote generality and a 
better understanding of the processes involved, simulations were run using the scaled 
version of the model (section I.2.4.; Table.I.1). In particular, the simulations focused on two 
well-contrasted archetypes defining the opposite extremes of a HR behaviour-related 
gradient (through the searching rate) and a second gradient concerning metabolic processes 
(through the energy mobilization rate).  

For the HR behaviour-related gradient, I defined the resident-mobile BTs, where a 
resident animal tends to remain closer to its HR centre, and a mobile animal can exploit 
larger HR areas (as introduced in Harrison et al. 2015). I specifically focused on the 
variability of the parameter εm, which is individual-specific and underlies consistent, 
context-independent, between-individual differences in HR behaviour. Therefore, 
contrasting values of εm could give rise to different movement-BTs. To make the numerical 
simulations more realistic, empirical values for the between-individual variability of HR 
obtained using acoustic telemetry for the case of pearly razorfish (Xyrichtys novacula) were 
considered, for which estimates of 𝛾 and HRr were obtained for 21 fish (Alós et al. 2016a). 
Provided that both parameters seemed to be gamma-distributed (see Appendix I.A.), I 
estimated the parameters of those empirical distributions using the function fitdistr() from 
the library MASS (Ripley et al. 2017) of the R environment (https://www.r-project.org/). 
By assuming a fixed 𝛾, I defined the resident-mobile BTs by the 25% and 75% quantiles 
of the distribution of the squared root of 휀, after scaling them by the median. For simplicity, 
I assumed that the costs related to different movement-BTs are proportional to the energetic 
gain (i.e., costs are considered implicitly discounted from the energetics gains derived from 
each strategy) and does not depend on differences in the routine movement (i.e., which is 
paid from maintenance). However, this is not a reasonable assumption whenever addressing 
the optimization of strategies in different contexts. Then, explicit consideration of energy 
cost should be required as these costs may make a difference in the optimality of different 
strategies; see discussion and future directions for further details (I address this issue within 
an optimality extension of the model in Chapter V). 

Second, I explored the pair fast-slow metabolic gradient. In such a case, I focused 
on the parameter �̇�. All else being equal, larger values of �̇� imply larger metabolic rates 
and growth rates, earlier maturation and a higher cumulative reproductive output (Nisbet 
et al. 2012), which is translated into fast LHs (Stearns 1992), as opposed to the slow ones 
that will emerge with lower �̇�. Accordingly, �̇� was fixed to 0.04 cm/d (fast) and 0.02 cm/d 
(slow), as these values are within the empirical range reported at the Add-my-Pet collection 
(AmP database). 

Aiming to capture the model responsiveness to different environments, I 
characterized three different scenarios with a stationary level of food resources: i) a food-
saturated environment (x = 50 s/m2), ii) another with a medium level of food resources (x 
= 5 s/m2) and iii) a food-scarce environment (x = 2 s/m2). Finally, seasonal variability was 

https://www.r-project.org/
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simulated by a fluctuation around a mean value xm with an amplitude xa and a period p 
given by (Muller, 2000): 

 𝑥(τ) = 𝑥𝑚 + 𝑥𝑎 𝑐𝑜𝑠(
2𝜋𝑡

𝑝⁄ )         
           eqn.I.9  

where the above three levels of resource density were considered for xm, while fluctuation 
around the mean, xa, was given by xm/3 and p was fixed at 2.5 scaled time steps 𝜏.  

Using the set of parameters described above, I ran numerical simulations to explore 
the ontogenetic trajectories of several state variables (scaled length, reserve density and 
scaled reproductive output) and the realized 휀 emerging from the scaled model (Table.I.1). 
The coupled system of differential equations were numerically solved using the ode 
function of the deSolve library (Soetaert, Petzoldt & Setzer 2017) in the R package 
(https://www.r-project.org/). In the context of DEB, an individual will die when U cannot 
cover the somatic maintenance costs (Muller 2000; Kooijman 2010). Therefore, I 
considered death to occur when at the time of a decrease in scaled length (Ledder 2014). 
The R script used for running simulations is available as supplementary material (see 
Appendix I.A).   

I.3.  Emerging LHs from the mechanistic links between HR behaviour and DEB 

I.3.1. Comparing mobile and resident animals 

In accordance with initial expectations, mobile animals consistently displayed 
higher growth rates, a larger scaled length and greater reproductive output than resident 
animals. More interestingly, the strength of the effects of moving with different 휀 was more 
conspicuous in scenarios with low resources (Figure.I.2). Despite being resource-density 
dependent, assimilation is limited to an intrinsic-physiological maximum Qm. In food-
saturated environments, the assimilation rate will be close to this maximum, regardless of 
how much area the animals cover because f (eqn.I.7) approaches one, increasing either the 
resource level or the explored HR area. Accordingly, the growth and reproduction 
outcomes of different 휀 became more evident in scenarios with a moderate or low resource 
density. Hence, animals with higher 휀 or living in resource-rich environments grew faster 
and allocated more energy to reproduction across their lifetime (Figure.I.2.c). Therefore, 
interestingly from an ecological perspective, the lower the resource density is, the more 
important the movement strategy will become.  

I.3.2. Comparing metabolically fast and slow animals 

Metabolically fast animals showed a higher growth rate (Figure.I.3.a), which in turn 
implied a larger length-at-age and faster maturation. All else being equal, given a maturity 
threshold, sexual maturation (puberty) occurred at a fixed size (e.g., l = 0.2487 at hp = 
0.003) but at different times depending on the energy mobilization rate, food density and 
individual movement (Figure.I.3). Consequently, the cumulative reproductive output across 
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the lifetime of a fast-type was higher (Figure.I.3.b), provided no other mortality causes 
occurred early in life (e.g., predation or starvation; see next section).  

 
Figure.I.2. Expected LH-trajectories for HR-behavioural resident- and mobile-types. a) Simulated discrete one-
week-long HR-trajectories (eqn.I.1) (time steps of 15 min). Dynamics of the b) scaled-length, and c) scaled-reproduction 
output in scenarios with low, medium and high levels of food resources. 

 
Figure.I.3. Expected LH-trajectories and HR-performance for metabolically slow- and fast-types. Dynamics of the 
a) scaled-length, b) scaled-reproduction output and c) scaled-휀 in scenarios with low, medium and high levels of food 
resources. 

Regarding HR behaviour, several relevant patterns emerged from the dichotomy of 
fast-slow PTs (Figure.I.4). A high �̇� actually implies a quick energy mobilization and, 
consequently, a low level of U (i.e., lower steady reserve energy density Ust, Table.I.1), thus 
impelling the animal to increase 휀 and consequently, to explore larger HR areas, allowing 
the exploitation of greater resources. When comparing different scenarios, the effect of 
having a higher �̇� (leading to larger 휀 with respect to the slow-type) will be larger in food-
scarce environments. Consequently, HR sizes differed less between different environments 
when the mobilization rate was high; and, all else being equal, the scarcity of food led to a 
larger HR.  
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Figure.I.4.a) Steady states of energy density and scaled length and b) steady scaled-휀 for a range of energy conductance 
values (from 0.01 to 0.08 cm/d) in scenarios with low, medium and high levels of food resources. Grey lines: path 
representations for the extreme scaled-휀 (blue stars). 

 

I.3.3. Responsiveness to changing resource densities and state-dependent space use  

The higher growth rate characterizing metabolically fast animals (Figure.I.3) implies 
a larger length-at-age and, consequently, higher maintenance cost, which in turn has 
consequences for the responsiveness to fluctuating environments. As shown in Figure.I.4, 
increasing �̇� implies lower U. Increasing 휀 in a way that the assimilation rate approaches 
its maximum can compensate for this quick mobilization to obtain enough energy to cover 
higher maintenance costs. However, this increase in 휀 is not always sufficient given that it 
is bounded by an intrinsic-behavioural maximum 휀m.  

Consequently, metabolically fast animals were more prone to die earlier in life when 
a decrease in resource density occurred. Conversely, a slow-type animal was more resilient 
to the same variations in resource dynamics (Figure.I.5). Interestingly, assuming the absence 
of any other mortality causes (e.g., predation; see discussion for more details), the 
cumulated reproductive output across all the lifespan of such a slow-growing animal was 
larger despite delayed sexual maturation, with respect to the fast-type. However, if we 
assume variability in BTs between individuals within the same metabolically related type 
(Figure.I.6), mobile animals, characterized by a higher intrinsic-behavioural maximum 휀m, 

show higher fitness with respect to the resident ones in those environments. Additionally, 
under severe starvation conditions, energy allocated to reproduction (1-𝜅) could have been 
redirected to cover maintenance requirements (Pecquerie, Petitgas & Kooijman 2009), 
which requires more complex development of the model proposed herein. 
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Figure.I.5. Expected LH-trajectories and HR-performance for metabolically slow- and fast-types in fluctuating 
environments. Dynamics of the dimensionless state variables, functional response and the emergent scaled-휀 in scenarios 
with low, medium and high levels of food resources, where fluctuation is given by 1/3 around the average value with a 
period set up to 2.5 scaled time steps, 𝜏. Lines end at individual death (when the energy density cannot compensate for 
the structural maintenance costs). 

 

Overall, HR behaviour reflected temporal resource-variability given the links 
between environmental and internal states introduced by the assimilation rate and the state-
decency regulation of 휀. Accordingly, temporal fluctuations in HR plasticity were more 
evident in food-scarce environments (Figure.I.5.d, Figure.I.6.d), but less in food-saturated 
environments, where in addition, the functional response was less affected by resource 
variability (Figure.I.5.e). Furthermore, both fast (Figure.I.5) and mobile (Figure.I.6) animals 
showed less differences in LHs between different resource-level scenarios that the opposite 
types, slow and resident respectively.  
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Figure.I.6. Expected LH-trajectories and HR-performance for HR-behavioural resident- and mobile-types in 
fluctuating environments. Dynamics of the dimensionless state variables, functional response and the emergent scaled-
휀 in scenarios with low, medium and high levels of food resources, where fluctuation is given by 1/3 around the average 
value with a period set up to 2.5 scaled time steps, 𝜏. Lines end at individual death (when the energy density cannot 
compensate for the structural maintenance costs). 

I.3.4. Exploring an alternative representation of the interplay between HR 
behaviour and the internal energy state: a hump-shaped response 

I proposed HR behaviour to be connected with the internal bioenergetics 
functioning through the functional response f(휀,x) of the assimilation conductance Q 
(eqn.I.7), and with a state-dependency of 휀 with the reserve energy density U (eqn.I.8), where 
휀 was modulated by dynamics of U in a monotonic relationship. However, other non-
monotonic relationships with U can exist depending on the particularities of the case study. 
Empirical support has been found to a hump-shaped movement pattern in front of food 
deprivation, as an optimal response that optimizes the movement pattern to increase food 
intake while minimizing the risk of physiological collapse from starvation (Spiegel et al. 
2013; Scharf 2016).  

A hump-shaped pattern of space use depending on U can be given by a Ricker 
function (Bolker 2007) as:    
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휀 = 𝑎 · 휀𝑚𝑎𝑥  (
𝑈

𝑈𝑡ℎ
) 𝑒

−𝑏(
𝑈

𝑈𝑡ℎ
)
       

eqn.I.10 

where a and b  are constants that determine the amplitude and width of the hump 
respectively (Rall et al. 2011). Uth is an energy density threshold determining the energy 
density ratio shaping the responsiveness of 휀 to U. Figure.I.7 and Figure.I.8 show the results 
of our simulations with a HR behaviour parametrized by eqn.I.10. Parameters for the hump-
shaped pattern were arbitrarily set to a=4, Uth=0.8 and b=1.5. 

 
Figure.I.7. a) Steady states of energy density and scaled length and b) steady scaled-휀 for a range of energy conductance 
values (from 0.01 to 0.08 cm/d) in scenarios with low (x = 2 s/m2), medium (x = 5 s/m2) and high (x = 50 s/m2) levels of 
food resources. Grey lines: path representations for the extreme scaled-휀 (blue stars). Scaled model parameters were 
arbitrary set at 𝜅=0.8, y=0.8, Qm=0.02 cm/d, 휀m=1.105 m2/s, 𝜎=1.5 and hp=0.003. 

Comparison between Figure.I.7.a and Figure.I.7.b reveals that low levels of activity 
are expected when the energy density is high enough to cover the needs of the individual. 
This would minimize other ecological risks of mortality (but notice that other ecological 
risks are not explicitly modelled but indirectly included through the hump-shaped response 
in eqn.I.10). A reduction of the energy density is observed if the internal demand of energy 
from the reserve is increased (higher �̇�) (Figure.I.7.a). According to the model results, higher 
�̇� and, consequently, the decrease in reserve energy density, modifies the animal behaviour 
by increasing its activity (휀 increases) (Figure.I.7.b), which would facilitate assimilation 
conductance to increase and approach its maximum. This behavioural responsiveness to 
the internal state dynamics attempts to compensate the reserve mobilization in order to 
obtain enough energy to cover higher maintenance costs. Instead, further increase of �̇�, and 
a corresponding reduction of U, derives into a decreasing of the activity level. Energy-
related constraints or other ecological-related factors (indirectly included through the 
hump-shaped response), may underlie this reduction of activity levels when low-density 
energy occurs. Interestingly, space use patterns between different environmental contexts 
revert with respect to those found when reserve density was higher. This response could be 
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expected when the cost of moving to look for food might be higher than the energy 
recompense of this behaviour in scarce-food environments.  

 

  
Figure.I.8. Expected LH-trajectories and HR-performance for metabolically slow- and fast-types in fluctuating 
environments. Dynamics of the dimensionless state variables, functional response and the emergent scaled-휀 in scenarios 
with low (x = 2 s/m2), medium (x = 5 s/m2) and high (x = 50 s/m2) levels of food, where fluctuation is given by 1/3 around 
the average value with a period set up to 2.5 scaled time steps, 𝜏. Scaled model parameters were set at 𝜅=0.8, y=0.8, 
Qm=0.02cm/d, 휀m=1.105 m2/s, 𝜎=1.5 and hp=0.003. Parameters for the hump-shaped pattern were set at a=4, Uth=0.8 and 
b=1.5. Each colour corresponds to different energy conductance: slow-type (�̇�= 0.02 cm/d, in blue) and fast-type (�̇�= 0.04 
cm/d, in black). Lines end at individual death (when energy cannot compensate for the structural maintenance costs).  

 

Animals with fast metabolism (fast-type) showed high growth rates (Figure.I.8.b), 
with large length-at-age and fast maturation rates (Figure.I.8.c). Consequently, their 
cumulative reproductive output across the lifetime was also high (Figure.I.8.d) provided that 
no other mortality factors existed in their early life. Conversely, animals with slow 
metabolisms (slow-type), displayed low growth rates, were more resilient to variations in 
resources (Figure.I.8), and their cumulated reproductive output across all the lifespan was 
larger than in the fast-type, despite delayed sexual maturation.   

High �̇� implies a fast mobilization of the reserve energy U and, consequently, a low 
level of U (i.e., lower steady reserve energy density, Figure.I.8.a), thus impelling the animal 
to increase 휀. However, when U was too low (close to or lower than the threshold, Uth), 
activity could not be increased due to energy or other ecological-related constrains 



CHAPTER I: Connecting behaviour with life history traits  

45 
 

(eqn.I.10). When resources were limited, the fast-type individual showed activity levels 
lower than those characterized by the slow-type. In fact, Figure.I.8.f shows that activity levels 
for fast-type animals were higher than the slow-type only in rich to medium resource levels. 
Note here that different values of Uth and environmental resources levels will result on 
different trends.  

I.4.  Main insights from the behavioural-bioenergetics model and potential 
improvements 

The behavioural-bioenergetics model predicts that animals increase their HR area 
in environments with lower food resources and adjust their performance to environmental 
fluctuations. Furthermore, metabolically fast animals increase their HR area to cope with 
higher energy needs but the environment-related HR plasticity is less evident in comparison 
to slow animals. However, fast animals are more vulnerable to changing environments due 
to their higher energy requirements with respect to the actually available resources (Muller 
2000; Ricklefs & Wikelski 2002). Food density has empirically supported effects on 
movement, foraging and energy dynamics (Shepard et al. 2013; van Gils et al. 2015; 
Rizzuto, Carbone & Pawar 2017). Lower food densities require animals to forage over 
larger areas to acquire a given amount of energy (South 1999; Tamburello et al. 2015; 
Grant, Weir & Steingrímsson 2017). Additionally, the seasonal-varying and spatial-
heterogeneous distribution of food may translate into space use variation when compared 
with constant and homogeneous food levels (Scott et al. 2017; Gallagher et al. 2017). 
Moreover, responsiveness to resource abundance can differ between PTs and BTs, as it has 
been reported empirically (e.g., aggressive lizards (i.e., fast individuals) were less 
responsive to habitat quality and local food abundance (Spiegel et al. 2015)) and predicted 
by our model (Figure.I.5 and Figure.I.6). Growth rate correlates with activity (e.g., Martin-
Smith & Armstrong 2002) and higher energy requirements lead to an increase of movement 
(e.g. Strople et al. 2018). In addition to food, temperature is another forcing variable that 
deserves attention in future research. Temperature modulates all metabolic rates (Nisbet et 
al. 2012; Agüera et al. 2015) and, consequently, the dynamics of internal state variables. 
In ectothermic organisms, this relationship is more evident (Pecquerie et al. 2009; Scott et 
al. 2017). Thereby, temperature effects on metabolic processes should be scaled up to 
animal behaviour (Gibert et al. 2016; Holtmann et al. 2017a). The combined effects of 
variability in food resources and temperature on movement behavioural plasticity have 
been previously reported in nature (e.g., Börger et al. 2006; Teal et al. 2012; Nakayama et 
al. 2016, 2018; Strople et al. 2018), and the model can easily accommodate temperature 
dependencies as well.  

HR size and space use patterns emerge from a complex network of interactions 
between different factors (internal and external) and scales (temporal and spatial). Here, I 
only focused on the roles of the internal energy needs in shaping HR behaviour at the 
individual-level. Such an explicit dependence revealed reciprocal interactions between the 
internal state of the individual, the external availability of resources and movement-BTs. 
Here, I assumed a monotonic functional response for the dependence of HR behaviour on 
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the internal energy-related state (eqn.I.8), and costs of movements were implicitly 
considered as a fixed part of maintenance (Kooijman 2010). However, when available 
energy reaches some minimum value, the response could be a movement reduction, which 
is against the monotonic increase predicted by the model in eqn.I.8; but agrees with the 
predicted patterns where a hump-shaped functional form was explored in eqn.I.10. 
Therefore, other plausible functional forms may better (or differently) explain this 
connection. For instance, empirical support has been found for a hump-shaped movement 
pattern over food deprivation (Spiegel et al. 2013; Scharf 2016), as a conservative response 
that minimizes the risk of physiological collapse near starvation. The selected functional 
response will certainly influence the predictions obtained, depending, for instance, on the 
environmental factors we are testing. Importantly, once the basis of the obtained predictions 
is understood, we will be able to explore new predictions when changing the assumptions 
of the model (Box.I.1) or by including other functional forms relating HR behaviour with 
bioenergetic constraints (e.g., movement costs) and ecological factors. 

Other multiple, diverse, behavioural and ecological factors independent of (or in 
addition to) energy requirements can lead to consistent between-individual differences in 
HR behaviour and mediate in its dynamics. The behavioural-bioenergetics model could be 
extended to any behaviour (others than movement-related BTs, i.e., exploration or activity) 
playing a role in food acquisition (e.g., aggressiveness or boldness, Andersen et al. 2017) 
or mediating social agonistic interactions with conspecifics (Moorcroft et al. 2006; Spiegel 
et al. 2016), and that may be associated with consistent space use differences. For instance, 
empirical work (in lizards, spider and fish) suggest that more aggressive individuals might 
be spending more time for social agonistic interactions that may affect their overall space 
use (Wilson & McLaughlin 2007; Pruitt & Riechert 2012; Spiegel et al. 2015). Moreover, 
consistent between-individual differences in habitat preference (Leclerc et al. 2016; 
Holtmann et al. 2017b) and the way an individual faces risks of predation (Bonnot et al. 
2015) can lead to consistent differences in HR behaviour among BTs. Additionally, careful 
attention must be paid to density-dependent space use behaviour that may mediate 
competition for resources (Travis, Murrell & Dytham 1999; Matthysen 2005). Abundance 
may affect prey availability and competitiveness for resources, but it may enhance social 
interactions as well, such as those described above. A potentially fruitful avenue of future 
improvement of the model is to provide an extension to more complex behavioural 
interactions, density-dependent processes and habitat characteristics (e.g., landscape 
heterogeneity, environmental disturbances) shaping the dynamics of HR behaviour3. 

Foraging behaviour is known to switch between intensive and extensive modes of 
search (Bartumeus et al. 2014; van Gils et al. 2015; Spiegel et al. 2017) to more complex 
movement patterns (Börger et al. 2006, 2008) than the circular one arising from the BRW 
considered here. Several mechanisms may underpin the establishment of HR space use 
patterns (and the statistical properties of the models describing them) that ultimately 
determine the searching efficiency (e.g., Visser 2007; Bartumeus et al. 2008a, b, 2014). For 

                                                           
3 Note: Chapter II of this thesis aims to explore empirically the existence of any relationship between 
personality-related BTs and food intake. 
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example, the responsiveness to conspecifics and landscape heterogeneities (Moorcroft & 
Lewis 1999; Moorcroft et al. 2006; Mueller & Fagan 2008) or the memory in area restricted 
searches (Van Moorter et al. 2009; Fronhofer, Hovestadt & Poethke 2013). Within my 
proposed model, disentangling 휀 and 𝛾 will allow one to explore different dimensions of 
the HR behaviour. Here, I only focused in the interplay of 휀 with LHs. However, 𝛾 
parameter may play through different mechanisms an important role in shaping HR and 
LHs as well. For instance, the tendency to keep closer to the HR centre may affect the 
probability of finding food or predators and 𝛾 dynamics may co-vary with external factors 
such as predators or conspecific densities (Spiegel et al. 2015)4. Furthermore, the quality 
of the habitat can be related to the variability in scaled resource density x in eqn.I.7, and it 
can relate to certain BTs through different functional responses as well. Thus, future 
developments should increase the complexity of HR models and include other drivers in 
addition to energetic requirements.   

I.4.1. Testable predictions at the individual level: strengthening links between 
theoreticians and empiricists 

Overall, empirical support for the associations among BTs, PTs and LH traits 
theoretically predicted by the POLS hypothesis are weak and ambiguous (Royauté et al. 
2018; Niemelä & Dingemanse 2018). The existence of correlational patterns between space 
use and risk-related behaviours with physiological or LH traits, or between HR size and 
environmental conditions are successfully predicted by the behavioural-bioenergetics 
model developed here (empirical evidences supporting the assumptions, hypotheses and 
predictions of the behavioural-bioenergetics model (Box.I.1) are listed in Table.I.2). 
However, most of the model’s predictions are not linear and are environmentally 
dependent; thus, the existence of simple, linear correlations between BTs, PTs and LH is 
an oversimplified, naïve expectation. Additionally, the use of suboptimal proxies to 
intrinsic variables or physiological measurements or inappropriate choice of LH metrics 
could be also behind the weak empirical support for some POLS predictions (Niemelä & 
Dingemanse 2018; Araya-Ajoy et al. 2018).  

Certainly, to provide evidence supporting the behavioural state-dependences 
defined by the behavioural-bioenergetics model that I have developed and proposed here 
(Figure.I.1) is challenging but it could be feasible with a combination of properly designed 
laboratory-based assays and the recent development of animal biotelemetry. Thus, I 
propose to connect (Figure.I.9) the experimental approaches of DEB theory (Kooijman et 
al. 2008), personality-related behavioural ecology (Réale et al. 2007; Nakagawa & 
Schielzeth 2010; Sih et al. 2012) and movement tracking ecology (Hussey et al. 2015; Kays 
et al. 2015; Lennox et al. 2017a). First, repeated measurements for intrinsic states, 
physiological variables and behavioural traits at the individual-level along the lifetime 
should be produced (Mathot & Frankenhuis 2018). Moreover, most physiological variables 
are inherently difficult to observe and measure. Thus, proper, well-sustained methods 
                                                           
4 Note: Chapter V of this thesis aims to explore further these hypotheses by means of extending the proposed 
behavioural-bioenergetics model to state-dependence dynamic optimization. 
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should be selected (Sousa, Domingos & Kooijman 2008; Nisbet et al. 2012). Parameters, 
state variables (i.e., energy, structure, maturation and reproduction) and processes in DEB 
theory cannot be directly observed (Kooijman et al. 2008; Sousa et al. 2008; Jusup et al. 
2017). Nevertheless, some shortcuts have been proposed (see Table 11.1 in Kooijman 
2010), and, recently, the procedures for estimating DEB parameters have been largely 
improved (Marques et al. 2018). Moreover, estimating the full range of DEB parameters 
from empirical data is not always required, and many bioenergetics parameters can be 
extrapolated from one species to another (Kooijman et al. 2008), or even from the 
population level to the individual level. Once DEB parameters are available, environmental 
forcing variables can be used to reconstruct the feeding history of a given individual or, in 
the opposite way, growth data can be used to reconstruct environmental forcing variables 
(Pecquerie et al. 2009, 2012). Eventually, from feeding trajectories, movement-related 
behaviour can be indirectly reconstructed. Some recent empirical work is already moving 
in this direction to better understand salmon migrations (Strople et al. 2018).  

 
Figure.I.9. To design proper experiments and fieldwork to test explicitly personality-dependent movement 
syndromes remains an open challenge. Combining individual biological and physiological long-term repeated data 
from free-ranging animals and laboratory-controlled experiments will allow the reconstruction of feeding histories in the 
wild, extrapolation of field data into bioenergetics processes, understanding of environmental effects in the repeatability 
of traits and internal state dynamics and, eventually, providing support to the processes that favour or hinder the 
development of personality-dependent movement syndromes (numbers represent a feasible sequence of steps; see main 
text for more details). 

Aiming to relate individual metabolic functioning to BTs, experiments at controlled 
laboratory conditions should combine monitoring of long-term growth trajectories, 
cumulative reproduction, personality assays and feeding-related behaviour. However, 
although experimental arenas provide a good opportunity to assess metabolic-related 
parameters and animal behaviour in controlled environments, they may not be 
representative of how animals spatially behave in the wild (e.g., Klefoth et al. 2012; 
Zavorka et al. 2015; Laskowski et al. 2016). In general, captivity experiments represent a 
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tiny fraction of the spatially unconstrained behaviour in the wild and provide a very short-
term representation of the behavioural performance in relation to the LH variation. 
Fortunately, several biotelemetry devices (Hussey et al. 2015; Kays et al. 2015), bio-
loggers, accelerometers and sensors (Cooke et al. 2008; Hays et al. 2016; McGowan et al. 
2017) are currently available for simultaneously measuring spatial behavioural traits 
(Hussey et al. 2015) along with environmental-forcing variables, such as temperature, in 
free-living animals for long-term periods. Taken together, these novelties provide powerful 
tools to study the physiology of free-ranging animals while their  positions are known 
(Jeanniard-du-Dot et al. 2017; Brownscombe, Cooke & Danylchuk 2017; Grémillet et al. 
2018) and to link behaviours with energy intake or expenditure (Härtel et al. 2011; Nathan 
et al. 2012; Louzao et al. 2014).  

Combining long-term data from free-ranging animals along with laboratory-
controlled experiments in different manipulated environments will enable us the 
reconstruction of feeding histories and to understand the role of environmental effects in 
the behavioural predictability and plasticity at the individual-level. Accordingly, a feasible 
sequence of steps to provide empirical support for this behavioural-bioenergetics model 
could be as follows (Figure.I.9): i) to estimate bioenergetics parameters by linking 
measurable variables with non-observable state variable (i.e., internal states or 
physiological processes); ii) to develop methods for extrapolating the patterns and 
processes from the laboratory to field conditions; iii) to describe (repeated-measurements) 
and validate the links between feeding-related behaviour and intake rate with DEB 
processes; iv) to manipulate forcing variables for testing the links between behavioural 
traits and internal state dynamics in different conditions; v) to monitor in the wild the 
movement and the internal measurable variables previously calibrated (step ii) in the lab; 
vi) to reconstruct the feeding histories and the growth/energy dynamics from field data; 
and, finally, vii) to assess the interconnecting links between the physiological and 
behavioural patterns of variability. 

I.4.2. Future directions within an optimality approach (from Chapter I to Chapter V) 

Within an eco-evolutionary perspective, the behavioural-bioenergetics model may 
help in understanding whether (and when) different mechanisms lead to the same 
observable pattern, or different patterns arise from the same mechanism depending on 
ecological factors (i.e., equifinality vs multifinality, as introduced by Mathot & 
Frankenhuis 2018), which remains a cornerstone objective within POLS theory. However, 
the emergence of context-specific optimal strategies (e.g., current vs future reproduction, 
Houston & McNamara 1999; Ricklefs & Wikelski 2002) should be assessed by using 
optimization theory (see Chapter V). This procedure will require explicit attention to 
different causes of context-related mortality (e.g., predation, harvesting activities) and 
energy-related constraints that compromise survival (Both et al. 2005; Biro et al. 2006; 
Holt & Jørgensen 2015; Jørgensen et al. 2016). Therefore, the eco-evolutionary outcomes 
of the proposed behavioural-bioenergetics model’s predictions should be considered with 
caution. First, movement costs are certainly important in terms of optimizing strategies 
where a trade-off between energy assimilation and energy expenses due to the movement 
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for finding food play together in the final energetically balance at the individual-level 
(Shepard et al. 2013; Louzao et al. 2014; Wilson et al. 2015b), thus they should be 
explicitly considered. Second, trade-offs of different combinations of BTs and PTs should 
be assessed within a broader ecological scenario and not only from the bioenergetics rules 
(Dall & Griffith 2014), since the emerging trends may become relevant in nature under 
specific selection pressures (Jørgensen & Holt 2013; Jørgensen et al. 2016; Killen et al. 
2016a) and in some cases risk-averse strategies may evolve (Harel et al. 2016; Teckentrup 
et al. 2018). For example, HR size may determine the encounter rate with predators (van 
Gils et al. 2015; Vander Vennen et al. 2016) or anthropogenic threats (Alós et al. 2016b) 
(e.g., Chapter IV), and many LH traits related with vulnerability to be killed may correlate 
(Biro & Stamps 2008; Polverino et al. 2016; Nakayama et al. 2017; Chapter V).   
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Table.I.2. Overview of some empirical, qualitative or theoretical conclusions from different works that provide partial evidences either in support or against the assumptions, hypotheses and 
predictions addressed in the behavioural-bioenergetics theoretical framework.  

Assumption, 
hypothesis or 
prediction  
In Box.I.1.  

Type of 
work and 
case species 

Pace Life  
traits Intrinsic variables Extrinsic 

variables 

HR- or movement-
related 
behavioural 
variables 

Main observations Ref. 

[P1] Weak 
support 
 

Fieldwork 
Bird species 

- Metabolic rate - Migrating 
movement 

Higher metabolic rate in migrating (temperate) 
populations vs lower metabolic rate in 
resident/sedentary (tropical) populations 

Wikelski et 
al. 2003 
 

[A1] In 
support 
[P5]Weak 
support 
 

Fieldwork 
Mammal 
species 
 
 

- Age and sex Distribution of 
habitats, special 
heterogeneity 

HR size Most of the variability in HR size was due to inter-
individual variability (but not associated with age 
nor sex). The effects varied between timescales and 
the distribution of habitats. // The time scale is an 
important factor to detect different patterns of 
variability.  

Börger et al. 
2006a 

[P1] Weak 
support 
 

Fieldwork 
Laboratory 
Bird species 

- Reproductive 
parameters:  
net success,  
fledgling size and 
condition (repeated 
measures during 4 
years) 

Territory quality Exploratory 
behaviour in a 
novel environment 

Slow-exploring females had a higher nest success 
and largest fledgling. // Fast-exploring males 
occupied better quality habitats and fast-fast pairs 
produced offspring in best condition. // Opposite 
pairs (slow-slow and fast-fast exploring individuals) 
produced more recruiting offspring, which suggests 
that the foraging strategy may compensate for the 
lower quality of territories in slow-explorers pairs.  

Both et al. 
2005 
 

[H3a] Weak 
support 
[P2] Weak 
support 
[P3] Weak 
support 
[P5] Weak 
support 

Modelling - Age Value of resources HR size Positive correlation between age and quality of the 
habitat predicts shrinking HR size during the 
lifespan. // Large resource heterogeneity may be 
behind HR size instability. 

Tao et al. 
2016  

[H3] Weak 
support 
 

Meta-
analysis 

- Metabolic rate, 
hormone levels, 
body weight and 
structural length 

- Aggressiveness, 
exploration and 
pro-activity 

Intrinsic state explained significant variation in 
behaviour among-individuals. // Intrinsic state and 
behaviour are on average integrated among 
individuals. 

Niemelä & 
Dingemanse 
2018   

[A1] In 
support 
 

Fieldwork 
Marine fish 

- - - HR radius and 
exploration rate 

Tagged individuals revealed repeatable HR-
behavioural traits (spatial extent or radius and 
intensity or exploration rate), thus demonstrating the 
existence of movement-BTs. 

Alós et al. 
2016  
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[H2] In 
support 
[P1] In support 
[P3] In support 
 

Fieldwork 
Freshwater 
fish 

Growth rate Sex Food density HR location and 
portion of time 
spent in that 
location. 
Dominance 

Positive relationships between rates of movement 
and growth of both sexes.// High degree of 
unpredictability in food supply results in correlation 
between growth and movement. 

Martin-Smith 
& Armstrong 
2002  

[A1] In 
support 
[P1] Against 

Laboratory 
Freshwater 
fish 

- Metabolic rate - Activity and 
boldness 

Strong evidence for consistent among-individual 
differences in activity and risk-taking behaviour. 
Negative correlation between activity and risk-
taking behaviour with body length. No correlation 
with routine metabolic rate and body condition. 

Polverino et 
al. 2016  

[A1] In 
support 
[P3] Weak 
support 
[P5] Weak 
support 
 

Review  
Laboratory 
Fish 

- Standard metabolic 
rate (SMR), 
maximum 
metabolic rate 
(MMR) and 
aerobic scope (AS) 

Different 
conditions of food 
availability, 
temperature, 
oxygen availability 

Activity, dispersal, 
boldness 

Evidence of inter-individual repeatable differences 
in SMR, MMR and AS.// Repeatability in metabolic 
rate declines with changes in environmental 
conditions or the physiological state, or with an 
increase of the period between measurements. // 
Correlations among SMR, MMR and AS across 
individuals have been found but with different 
directions. // Some works show positive correlations 
between measures of resting metabolic rate, SMR 
and boldness or activity level among individuals. // 
The environment may affect the degree of co-
variation between metabolic traits and behaviour. 

Metcalfe et 
al. 2016  

[A1] In 
support 
[H2] Weak 
support 
[H3] Weak 
support 
[P1] In support 

Fieldwork 
Freshwater 
fish 

Juvenile growth 
rate, 
reproductive 
effort and age 
at the onset of 
maturation. 

Condition factor,  
body length 

Environmental 
isotopes in diet 

Movement traits, 
Prey selection 

Strong repeatability in movement traits across 
months. // Correlation tests revealed a link between 
movement traits, prey selection and LH traits in the 
wild. // Juvenile higher growth rate correlated with 
higher activity. // Higher reproductive effort and 
sooner maturation correlated with higher switches 
between active and inactive mode. 

Nakayama et 
al. 2017  



 

 

 

 

CHAPTER II5 
 

 

Linking personality traits with feeding behaviour after 

encountering the prey: looking for empirical patterns 

 

 

  

                                                           
5 Animal care and all experimental procedures were authorized by those responsible for the Ethics 
Committee for Animal Experimentation of the University of the Balearic Islands (CEEA-UIB), through a 
permit (ref. CEEA/60/0916) to the FENOFISH Project (ref. CTM2015-69126-C2-1-R) funded by the 
Spanish Ministry ofScience and Competitiveness; and were carried out in strict accordance with the 
recommendations from Directive 2010/175 63/UE, adhering to 176 Spanish law (RD53/2013, BOE n. 34 
February 8th 2013). The study did not involve endangered or protected species. All efforts were made to 
minimize fish handling and harm. 
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II.1. INTRODUCTION 

Behind the concept of animal personality (Dall et al. 2004; Dingemanse & Wolf 
2010, 2013), two phenomenon are clearly recognizable. First, the existence of between-
individual differences in behavioural traits that are consistent on time and ecological 
context generates contrasting behavioural types (BTs) along several behavioural axes 
(Réale et al. 2007; Sih et al. 2012). Second, several behavioural traits are often correlated 
across different contexts, shaping what it is known as behavioural syndromes (Sih et al. 
2004; Conrad et al. 2011).  In Chapter I, I explored how personality-dependent 
movement BTs may affect the encounter rate with prey (i.e., food) and, therefore, may 
play a role in the energy/mass balance of the individual. However, assuming that specific 
BTs are correlated with life history (LH) productivity (Stamps 2007; Biro & Stamps 
2008), personality-related traits like boldness or aggressiveness could also affect food-
intake (Okuyama 2008; Mas-Muñoz et al. 2011). How the interplay between different 
BTs relate with the food intake (therefore, with energy gain) is a relevant question, yet 
not solved (Figure.0.1).  

The quantification of consistent behavioural patterns describing BTs at the 
individual level requires the study of the variability in different behavioural traits 
(typically framed into the five axes of personality; Réale et al. 2007). This 
quantification is addressed by means of repeated measurements of the behavioural 
performance of the same individual. Accordingly, the use of experimental tests in 
controlled conditions has been generalized as the best way to test repeatability in 
behavioural traits (Dingemanse & Dochtermann 2013; Carter et al. 2013). The advantage 
of working under controlled environments is that  sources of variability can be minimized 
and repeated measures of the same individual are possible (although see Niemelä & 
Dingemanse 2014). Many empirical studies have been developed to study animal 
behaviour along the five axes or personality (i.e., exploration, aggressiveness, boldness, 
sociability and activity). In these studies, several metrics are used to quantify behavioural 
performance and eventually score behaviourally the individuals (Table.II.1). Briefly, 
shyness-boldness continuum is measured as the reaction to any risky situation (Carter 
et al. 2013), while exploration-avoidance is considered to be the reaction to a new 
situation (Walsh & Cummins 1976; Adriaenssens & Johnsson 2013). Activity refers 
to the movement in safe and familiar environments (Conrad et al. 2011). Finally, 
sociability refers to the general reaction to conspecifics while aggressiveness refers 
to agonistic reactions toward conspecifics (Balzarini et al. 2014; Cattelan et al. 2017). 
Proper proxies of the five axes defininy personality BTs (Harrison et al. 2015; Alós 
et al. 2016a) as well as other BTs (Alós, Martorell-Barceló & Campos-Candela 2017; 
Martorell-Barceló, Campos-Candela & Alós 2018; Monk & Arlinghaus 2018) can be 
measured in the field by using tracking devices (Kays et al. 2015) or camera sampling 
(Straw et al. 2011). However, laboratory experiments allow a full control of any 
confounding environmental variable that may potentially affect BTs’ outcomes 
(Carter et al. 2013). In addition, laboratory experiments facilitate to collect many 
measures of the same individual. 
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In contrast to BTs, functional response models commonly describe feeding and 
food intake performance of the individual (Baker et al. 2010). In particular, functional 
response models describe the relationship between the feeding rate of a forager and its 
prey density (Solomon 1949; Holling 1959) and are important in terms of describing prey-
predator population and community dynamics (Jeschke, Kopp & Tollrian 2002; Okuyama 
2008; Maury & Poggiale 2013). The most frequently used functional response is the type 
II functional response (Holling 1959). This specific case of functional response describes 
the feeding behaviour in terms of the attack rate (a) and the handling time (h) and the prey 
density (N) (Holling 1959).  

Many external factors as the quality and diversity of the food or the existence of 
conspecific competition affect functional responses and lead to context-related 
differences (Jeschke et al. 2002; Kratina et al. 2009; Okuyama 2009; Edwards et al. 
2010). Additionally, focusing on foraging species-specificities, different factors may 
affect the form of the functional response. For instance, different scaling relationships 
between encounter rates and body size may exist for species with different search patterns 
(Pawar et al. 2012). In addition, many additional features may be incorporated into 
functional responses, as the probability of attack, the success in the attack rate, hunger 
and satiation, spatial and temporal heterogeneity or stochasticity, etc. (see e.g., Jeschke et 
al. (2002a) for an extended revision). However, intra-specific variability in the functional 
response as well as their correlation with BTs and personality traits has received less 
attention (but see Schröder et al. 2016), particularly whether BTs play a role in shaping 
functional responses. However, these models have the potential of improving our 
understanding of the personality-dependent foragers’ feeding interactions with prey at the 
individual level. These interactions will directly affect the net energy intake rate and 
eventually will affect several individual internal processes (Pethybridge et al. 2013). 
However, further attention to the variability at the inter-individual level is required. 
Moreover, appropriate and more complex forms to the functional responses should be 
further explored in order to include such behavioural-related factors (Jeschke et al. 2002), 
especially for those factors related with consistent behavioural traits.   

The recent technological advances in animal video-based tracking (Dell et al. 
2014) may benefit both the study of BTs and functional response. In such a context, 
automatic video-recording in controlled arenas is becoming a widespread method for 
scoring behaviour (Ozbilgin & Glass 2004; Papadakis et al. 2012; Papadakis, 
Glaropoulos & Kentouri 2014; Laskowski et al. 2016). Moreover, unsupervised 
tracking, either in recorded video-data or even at real-time video monitoring, is being 
increasingly used to better quantify long-term behavioural patterns (Papadakis et al. 
2012, 2014) without the need of visualizing tones of footage. Unsupervised tracking 
of moving targets over a video sequence has been addressed from different fields 
(Burghardt, Calic & Thomas 2004; Trucco & Plakas 2006; Dankert et al. 2009; Kabra 
et al. 2012; de Chaumont et al. 2012; Kühl & Burghardt 2013). Concerning the 
specific case of fish tracking, several techniques have been proposed (Delcourt et al. 
2011; Dell et al. 2014 for a review). All these technical tools could provide the data 
required for fitting the functional response models that describe the relationships 
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between feeding rate and food density. A widespread experimental design consists in 
performing feeding trials with a range of prey densities during a fixed time period and 
counting the remaining prey after this fixed time period (Kratina et al. 2009; Murray et 
al. 2013; Schröder et al. 2016). Typically, two components of the foraging behaviour can 
be estimated: the handling time h and the searching rate or attack rate a. Moreover, 
supplemebtary behavioural tests are required to explore the interplay between BTs and 
feeding rate (Mas-Muñoz et al. 2011; Schröder et al. 2016). 

Here, I aim to disentangle the relationships between BTs and food intake to test 
whether a personality-dependent feeding behaviour exists. How individuals explore their 
environment has an strong impact on encountering food, as suggested by the movement 
model of HR explored in Chapter I. Personality traits like boldness or aggressiveness may 
be important drivers of intake success after encountering food. Here I hypothesise that 
bolder and/or more aggressive BTs could be more efficient capturing and ingesting prey. 
The work developed in this Chapter aims to explore the potential relationship between 
behavioural traits and feeding behaviour at the individual-level for a marine sedentary 
species, painted comber, Serranus scriba (Linnaeus, 1758). The objectives for this work 
are, therefore, i) to characterize the feeding behaviour of S. scriba at the individual level 
and ii) to explore whether co-variation patterns between feeding behaviour and 
personality traits exist at the individual level.  

Table.II.1. Set of metrics used to characterize each behavioural axis. 
Behavioural trait Metric Description References 
Activity level % time proportion of time spent 

active 
(Adriaenssens & 
Johnsson 2013) 
(Biro 2012) 

 average velocity (cm/s) Length of the 
trajectory/1200 s 

(Adriaenssens & 
Johnsson 2013) 

 CV velocity Coefficient of variance of 
velocity as a measure of 
changes in activity 
through time 

(Adriaenssens & 
Johnsson 2013) 

 max velocity (cm/s) Maximum recorded 
velocity 

(Adriaenssens & 
Johnsson 2013) 

 total distance travelled 
(m/day) 
 

summation of the 
Euclidean distances 
between all two 
consecutives positions 

(Polverino et al. 2016; 
Alós et al. 2016) 

Sociability Mean nearest neighbour 
distance (MNND) 

Levels of aggregation: To 
determine the level of 
aggregation of the group. 

(Marchesan et al. 2005) 
 

  Levels of aggregation: 
mean distance from the 
nearest conspecific over 
1-min intervals. 

(Killen et al. 2016b) 

 Social vector (Si) Based on attraction to 
conspecifics: social vector 
for each individual, i, by 
taking into account the 
position of neighbours. 

(Berdahl et al. 2013) 

 David’s score Hierarchy (De Vries, Stevens & 
Vervaecke 2006) 



CHAPTER II: Connecting personality with intake rate  

57 
 

Exploration % time spent in the 
middle or close to the 
novel object 

proportion of time 
covering a novel arena 
(more than 5 cm from the 
sides of the tank) or 
exploring a novel object 
(within a radius of 5 cm) 

(Adriaenssens & 
Johnsson 2013) 
(Polverino et al. 2016) 

 Distance moved in the 
middle (cm) or close to 
the novel object 

Distance moved covering 
a novel arena (more than 
5 cm from the sides of the 
tank) or exploring a novel 
object (within a radius of 
5 cm) 

(Adriaenssens & 
Johnsson 2013) 

Aggressiveness % time Proportion of time spent 
within 5 cm of the mirror 

(Adriaenssens & 
Johnsson 2013) 

 Distance moved close to 
the mirror (cm) 

Total distance moved 
within 5 cm of the mirror 
(cm) 

(Adriaenssens & 
Johnsson 2013) 

 Total time accelerating 
close to the mirror (s) 

Summed time observed 
with positive acceleration 
within 5 cm of the mirror 

(Adriaenssens & 
Johnsson 2013) 

Boldness Latency time time elapsed to emerge 
from shelter after the 
predator was transferred 
to the tank 

(Biro 2012) 
 

 % time Proportion of time spent 
in three differentiated 
areas: inside, middle and 
farther away from shelter. 

(Adriaenssens & 
Johnsson 2013) 
(Vainikka, Tammela & 
Hyvärinen 2016) 
(Polverino et al. 2016) 
(Biro and Sampson, 2015) 

 instantaneous speed 
(cm/s) 

linear speed towards a 
new food item 

 

 Intake rate (food 
items/trial) 

Number of food items 
eaten with presence of a 
predator 

 

 

II.2. MATERIAL AND METHODS 

To reach the objectives of this work, two blocks of experiments have been 
developed here. The first one focused on characterizing BTs through individual 
behavioural scoring of exploration, aggressiveness and boldness. In the second work-
block, I addressed empirically the feeding behaviour aiming to fit the parameters 
describing the functional response at the individual level. The experimental set-ups for 
the feeding tests focused on a short time scale, assuming that the predator has already 
encountered the prey (Figure.0.1 in Introduction). Finally, I aim to focus on the inter-
individual (personality-related) variability in such a behavioural traits and feeding 
behaviour and explore whether co-variation patterns exist between them. 

II.2.1. Experimental settings 

II.2.1.1. Model species 

The model species, S. scriba, is a simultaneous hermaphrodite serranid widely 
distributed in the Mediterranean Sea (Alos et al. 2010). The species shows territorial and 
non-gregarious behaviour. It is a sedentary species and the adult dispersal is restricted to 
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few square kilometres (March et al. 2010). It is a visual forager, often trying to capture 
mobile preys (Viladiu et al. 1999). The species is heavily exploited by the local 
recreational angling fishery (Alós et al. 2014). Further, evidences on the existence of 
selection differentials on exploration rates and activity have been found for S. scriba 
(Alós, Palmer & Arlinghaus 2012b; Alós et al. 2015b). Behavioural experiments were 
conducted with adult fish (total body length 14.2 ± 1.8 cm; mean mass 44.7 ± 17.7 g; 
mean ± S.D) that were split in groups of five individuals of approximately the same size. 

II.2.1.2. Capture, manipulation and tagging procedure 

Fish were collected on March 21 and June 01, 2017, in Porto Petro, SE of Mallorca 
Island. Two different sampling methods (angling and artisanal trawl fishing) were used 
to reduce the behavioural bias that different fishing gears may produce trough behavioural 
selectivity (e.g., Alós et al. 2012, 2015). Fish were caught from 8 up to 20 m depth. The 
number of individuals captured using each fishing gear were: 17 fish from angling 
(captured on June) and 67 from trawling (captured on March and June). From each group, 
15 and 50 fish respectively were tested in behavioural experiments but data from only 63 
fish was finally analysed. Frome those 63 fish, 61 fish were submitted to the feeding tests. 
After capture, fish were transferred by groups of 10 individuals to different tanks (1200 
litres; density of 8.3 fish/m3) for accommodation and fed ad libitum.  

Experiments were performed from April 19 to July 13, 2017. Note that the time 
since capture until the fish were submitted to behavioural tests was certainly different 
among individual fish due to logistic constraints. Therefore, the time since capture has 
been accounted for when analysing the data (see section II.2.2.1.). 24-h before submitting 
fish to the behavioural tests, fish were individually double tagged with T-tags (i.e., double 
tagging) for individual identification during behavioural tests. For that, fish were 
anaesthetised with MS222 (0.7g/10 l) following (March et al. 2010). Tagging was done 
by means of a hollow-needle tagging-gun (Dell 1968). Length and weight measures were 
taken at this time. Manipulation time never exceeded 1 minute. Fish were identified with 
two coloured T-tags (red (R) or green (G) tags) according to the combinations: R, RR, 
RG, G and GG (Figure.II.1.).   

After tagging, fish were placed in 200 litres cylindrical tanks to recover from 
anaesthesia, ensure there were not a refusal to the external marks, decrease the levels of 
stress and enhance the accommodation to the T-tags (hereafter recovering tank). Overall, 
the transport, tagging and release into tank procedure took about 30 min. All tanks (i.e., 
accommodation, recovering and experimental tanks and feeding aquaria) were provided 
with open circuit filtering system and illuminated in natural conditions (with the 
exception of the experimental tank, see below). Temperature water was the same as that 
of the sea at the time of the experiments performance. Temperature ranged from 15.5 to 
28.6 ºC. 
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Figure.II.1. Individuals with the five colour combinations for T-tags. For every pair of images, on the left, the raw 
image of an individual specimen captured in the scene; and on the right, the same capture after applying removing the 
blue component 𝑩𝑛 of the image 𝑰𝑛 by applying the preliminary version of the software designed in this Chapter for 
auto-tracking. Specimens are T-tagged as: a) RR, b) RG, c) R-, d) G- and e) GG. (R for red and G for green).  

II.2.1.3. BEHAVIOURAL TESTS 

Experimental tank 

To carry out the behavioural tests, fish (in groups of five) were transferred from 
the recovering tank into, hereafter, the experimental tank, with dimensions 3m x 2m 
(length x with) and 30 cm water depth, what made a density of 0.83 individuals/m2; or 
2.7 individuals/m3. The experimental tank was divided in three areas (Figure.II.2.): two 
shelter areas in opposite sides (2m wide x 0.5m long) and a central arena (2m wide x 3m 
long) where stimulus for each of the behavioural tests were offered. Shelters consisted of 
stone blocks and artificial plastic plants to provide a safe area for the fish.  

Due to the evidences that the behavioural performance of fish may be affected by 
environmental light conditions (e.g., Marchesan et al. 2005; Berdahl et al. 2013), the 
experimental tank was illuminated aiming to recreate the natural light conditions of the 
habitat of the case-species (i.e., 8-20m depth). Additionally, lighting conditions had to 
cover certain requirements of a homogeneous illumination in all the extension of the tank 
for the application of an auto-tracking algortihm. The experimental light atmosphere 
was provided by a light system (LED strip lights) with three-modes on/off switching 
that automatically let the transition from 6500ºK white daylight to 460nm blue sunset 
light to darkness. A diurnal-nocturnal sequence of illumination was projected onto the 
water (i.e., a day: night light cycle). Diurnal conditions ranged from 7am to 7pm (white 
light was switched on an hour after the blue one and was switched off an hour before to 
ensure a progressive illumination of the tank with conditions similar to the sunrise and 
sunset ones). Transitions from darkness to illumination, and opposite, were progressive. 
The tank was isolated from the rest of the laboratory with black curtains to avoid 
changes in the illumination conditions that could affect the quality of recordings. 
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Camera and electronic equipment  

An Axis P1428-E IP camera 
captured the arena images from a 
zenithal position (nearly 2m above 
the water surface) and sent them to a 
computer in order to be processed. 
The Axis P1428-E camera is compact 
and outdoor-ready and provides up to 
8.3 MP/4K HD resolution at 10 
frames per second. A computer with 
an Intel®.i7 CPU with 6 cores and 
12 threads, 32GB of RAM and 2TB 
of hard disk was connected to the 
camera and a tracking algorithm 
developed in Python 3.5 using Opencv 
3.0 was run on Ubuntu 16.04 OS in 
real-time (see details in Marti-Puig et 
al. 2018a). The time that was 
required to process a frame was 
always less than 90ms. The control of 
the camera and the lights was remote. 

Experiments description 

A series of behavioural tests 
for testing variability in exploration, 
aggressiveness and boldness 
behavioural axes was conducted. 
Aiming to have repeated measures 
of the same individual across 
contexts and days, each behavioural 
test was repeated three times (for 
exploration) or four times (for 
aggressiveness and boldness) during 
four consecutive days, in 24h intervals, for each group of 5 fish each one. Tests were 
carried out in a fixed order aiming to keep the behavioural tests that could affect or 
influence the behavioural performance afterwards (e.g., when feeding can happen) in 
the last position to reduce potential carry-over effects (Dingemanse & Dochtermann 
2013). All behavioural tests lasted 30 min long and were performed with 30-40 min 
of no-stimulus nor perturbation in between. After each group trial (i.e., 5 days), the 
tank was dried and cleaned before the starting of the next group.  

Exploration tests were firstly conducted at the beginning of each experimental 
day, starting from 15:00 to 16:00 pm. Trials were done four times in 24h intervals for each 
individual group (n= 13 groups). The first day fish were transferred from recovering tank 

 

 

Figure.II.2. Experimental tank: from up to down, 
design of the experimental tank where behavioural tests 
were carried on and snapshots from recorded videos 
during the exploration, aggressiveness and boldness 
behavioural tests.  

 

 



CHAPTER II: Connecting personality with intake rate  

61 
 

to the experimental one. The exploration test consisted in measuring the time taken to 
explore a novel arena and the space use patterns (e.g., open-field tests in Walsh & 
Cummins 1976; Adriaenssens & Johnsson 2013), by using the ad-hoc auto-tracking 
algorithm (developed in Marti-Puig et al. (2018); but see results). In the next days, 
different novel objects were located at the centre of the arena consisting in a green glass 
bottle (day 2), a jar (day 3) and a metal structure with ropes (day 4). An example of 
exploration test can be seen here: https://youtu.be/ygpYxXV6JOA.  

Aggressiveness tests were conducted in second place, after the exploration tests. 
For testing aggressiveness, a mirror test was used (Johnsson, Parkkonen & Förlin 2003). 
The individual tendency to interact with the mirror is used as a proxy of aggressiveness. 
Six mirrors forming a hexagonal structure were placed in the middle of the tank. Tests 
started 30-40 min after the end of the exploration tests, between 16:30 and 17:30 pm 
approximately. An example of aggressiveness test can be seen here: 
https://youtu.be/Y7CXQb3h6uk.  

Finally, boldness assays were carried out in the last place, 30-40 min after the end 
of the aggressiveness test, starting from 18:00 to 19:00h approximately. For boldness, to 
emulate a risky environment, a live predator (European conger, Conger conger; Linnaeus 
1758) was located in the centre of the experimental tank within a cage which had attached 
around it 10 food items (pieces of shrimp). An example of boldness test can be seen here: 
https://youtu.be/sgzlW1oTOc8. Different behavioural events were recorded during 
behavioural tests (Table.II. 2, Figure.II.3). 

In addition to the three behavioural tests, the movement of the fish was 
continuously recorded for 6 h (day light period) aiming to get long-term data to 
extract metrics for activity, sociability and space use, by applying the auto-tracking 
algorithm developed in Marti-Puig et al. (2018). Overall, along 56 different days, 13 
groups were tested four or five consecutive days each one (i.e., each behavioural trial 
was done three or four times in 24h intervals). Therefore, 65 fish were tested but only 
data of 63 fish was considered for analysis (2 fish were discarded due to abnormal 
behaviour). A total of 167 behavioural tests were done recording up 336 hours of 
video of which 83.5 hours were saved for further analysis and validation of the results 
obtained by the auto-tracking algorithm. The initial purpose of this experimental 
design was to obtain behavioural data automatically from auto-tracking. However, 
several issues appeared (see results). Therefore, individual metrics were obtained 
manually from supervised analysis of the recorded footage (i.e., 83.5 h). All the 
recorded material will be further analysed by the preliminary software developed in 
Marti-Puig et al. (2018), tested and applied to the data recorded in this work, after 
overcoming the limitations found in the current algorithm and developing further 
improvements, to examine activity, sociability and space use-related metrics.  

 

https://youtu.be/Y7CXQb3h6uk
https://youtu.be/sgzlW1oTOc8
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Figure.II.3. Behavioural events recorded during the behavioural tests: “VC” refers to visual contact (whenever the 
main body axis of the individual was faced to the stimulus in the tank). “C” refers to contact (whenever the distance of 
the individual to the object was equal or lower to its size); and “I” refers to ingestion of the food item attached to the 
predator’s cage. The time at each event and the duration of the even were recorded as well.  

Aiming to simplify analysis and avoid co-linearity issues, I performed a pre-
exploration of the data to assess whether correlation between recorded behavioural events 
(VC, C and I, Table.II. 2) existed. By using cor.test function in R (R Core Team, 2018) to 
calculate the Pearson's product moment correlation coefficient, significant correlation 
was found between different type of events.  

For aggressiveness, VC and C behavioural events were positive correlated for 
count metric (t = 9.9146, df = 268, p-value < 2.2e-16) and proportion of time (t = 10.716, 
df = 268, p-value < 2.2e-16). For boldness, VC and C behavioural events, and C and I 
behavioural events were positive correlated for count (t = 5.3637, df = 259, p-value = 
1.807e-07; t = 13.923, df = 259, p-value < 2.2e-16 respectively), proportion (t = 6.7712, 
df = 259, p-value = 8.525e-11; t = 11.827, df = 259, p-value < 2.2e-16 respectively) and 
time at first event (t = 5.9507, df = 95, p-value = 4.449e-08; t = 12.12, df = 49, p-value = 
2.341e-16). VC and I also were positive correlated for time at first event metric (t = 
3.6732, df = 52, p-value = 0.0005663).  

Finally, for exploration, C and VC were positive correlated for count metric (t = 
10.821, df = 277, p-value < 2.2e-16) and proportion (t = 5.0586, df = 277, p-value = 
7.698e-07). Only for the metric time at first event, correlation was not significant between 
events in aggressiveness and exploration tests. Therefore, for simplicity and convenience, 
all correlated events were grouped in a single category for the three behavioural axes 
explored: exploration (Figure.II.5), aggressiveness (Figure.II.6) and boldness (Figure.II.7).  
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Figure.II. 4.Conceptual diagram of the sequence of behavioural and feeding tests. Briefly, a given group of n=5 
fish was submitted to three behavioural tests during 4 consecutive days (in the behavioural experimental tank described 
in section II.2.1.3); then, on the fifth day they were transferred to individual aquaria for feeding tests, starting 24h after 
the transfer. Each individual fish (id in the figure) was tested for feeding behaviour along 10 consecutive days (ensuring 
they were offered twice each level of tested prey densities, ni in the figure). With the exception of the first week, every 
five days in feeding tests fish were within a day.group in which two different fish.group from behavioural tests were 
included. Then, overall, each individual fish was assigned within a fish.group (groups in behavioural tests) and at least 
to two day.group (groups in feeding tests).  

II.2.1.4. FEEDING TESTS 

Feeding tests were carried out in 90 litres aquaria fitted with open circuit filtering 
system and illuminated trough natural conditions. A natural stone was located in a corner 
of each aquaria as a shelter. The basic feeding test consisted in placing one individual fish 
into an aquarium without visual contact among the other aquaria. After 24h of 
accommodation, a number of prey (small live shrimps) was offered to the target fish. Prey 
were introduced in the middle of the aquaria and different behavioural events (visually 
assessed; Table.II. 2) were recorded for a period of 10 min. Remaining food items were 
siphoned out after trials were completed and weighted again.  For a given fish, the number 
of initially available preys per feeding trial ranged between 1 and 10, but the most 
frequent density treatments were: 2, 4, 6, 8 and 10 preys equivalent to 22, 44, 66.7, 88.9 
and 111 prey/m3, respectively. A trial series lasted 5 days in which the order of the food 
densities in each series was randomly assigned across days. After the completion of the 
first series, a second trial series was performed in the next 5 days. Within these ten 
consecutive days it was ensured that every single fish experienced at least two times each 
prey density in different days (Figure.II. 4.). In between trials, fish did not receive food for 
at least 12 h but not more than 24 h.  

The number of tests per fish ranged between 5 and 25 but the median and mode 
was 10 (at least two replicates by prey density for every fish were done and 21 fish could 
be tested more than twice). One ingle fish was discarded because it saw signals of 
infection that might affect its behavioural performance. The number of fish tested per day 
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ranged between 4 and 10 (i.e., the modal number was 10 as only a maximum of 10 tests 
were possible to be carried out per day). The total number of feeding tests completed was 
721 along 82 different days. Water temperature was recorded for each feeding test. 

Table.II. 2. Description of the behavioural events recorded during each behavioural test and 
behavioural metrics describing the events. 

Behavioural events for Exploration 

#C. Contact: the fish jumps onto the object with some part of the body or it is at a distance to the object 
less than the length of its body. 
#VC. Visual Contact: the fish directs the movement or the body towards the object. 
Behavioural events for Aggressiveness 
#C. Contact: the fish jumps onto the mirror with some part of the body. 
#VC. Visual Contact: the fish directs the movement or the body towards the mirror. 
Behavioural events for Boldness 
#C. Contact: the fish is at a distance to the predator cage less than the length of its body. 
#I. Ingestion: the fish ingests the bait hanging on the predator's cage. 
#VC. Visual Contact: the fish directs the movement or the body towards the predator. 
Common metrics to describe behavioural events 
Count: the total number of recorded events during each 30 min-long behavioural test.  
Time at first (sec): time at which the first event occurred.  
Proportion of time: proportion of accumulated time that the individual was showing every individual 
event during each 30min-long behavioural test.  

Behavioural events for Feeding 
#1. Successful attack: the fish attacks successfully a prey and eats it. 
#0. Unsuccessful attack: the fish shows a failed capture attempt that includes either prey drops (i.e., a 
prey was dropped from the fish’s mouth) or any lunge attempt that failed to capture the prey. 
# VC. Visual contact: Notice that any interaction with the prey needs a previous visual contact on it. 
Here, a VC was considered as an event when no successful attack followed the VC interaction or 
whenever the VC was more than a second.  
Common metrics to describe feeding events 
Time at event (sec): moment within the 600 seconds long censoring time at which different behavioural 
events occurred. 
Duration: duration (in seconds) of every single event when it occurred.  

 

II.2.2. Modelling behavioural variation and functional response 

II.2.2.1. Models for BEHAVIOURAL METRICS 

Modelling normally distributed behavioural metrics (NdM) 
The proportion of time (arcsine-transformation of its square root) and the time at 

first event that an individual i within the group j was performing a given event in the day 
k, were assumed to be normally distributed (hereafter, I refer to these metrics as Normally 
distributed Metrics, NdM) with mean Uijk and a residual variance equal to the inverse of 
tolerance, 𝑡𝑜𝑙𝑟𝑒𝑠𝑖𝑑.  

𝑁𝑑𝑀𝑖,𝑗,𝑘~𝑁𝑜𝑚𝑎𝑙(𝑈𝑖,𝑗,𝑘, 𝑡𝑜𝑙𝑟𝑒𝑠𝑖𝑑)  
           eqn.II.1  

The mean value 𝑈𝑖,𝑗,𝑘 for a single NdM, was considered the result of a linear 
combination of the additive effects of the random factors fish.group, day (i.e. between 
day variance within a group corresponds to the effect of the random factor replicate) and 
the individual fish to the grand mean 𝜇 (i.e., value of average individual response): 
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 𝑈𝑖𝑗𝑘 = 𝜇 + 𝐹𝑖𝑠ℎ𝑖 + 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑗 + 𝐷𝑎𝑦𝑘  

 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑗 ~ 𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑔𝑟𝑜𝑢𝑝)  

 𝐷𝑎𝑦𝑘~ 𝑠𝑙𝑜𝑝𝑒𝑇 ∗ 𝑇 +  𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑑𝑎𝑦)  
 𝐹𝑖𝑠ℎ𝑖 ~ 𝑠𝑙𝑜𝑝𝑒𝐿 ∗ 𝐿 + 𝑠𝑙𝑜𝑝𝑒𝐶𝐶 +  𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖  
 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖~ 𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑓𝑖𝑠ℎ)  
           eqn.II.2 

where 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑗 refers to the effect of the fish.group, which was assumed to be 
normally distributed; 𝐷𝑎𝑦𝑘 refers to the effect of the day that includes a linear dependence 
(𝑠𝑙𝑜𝑝𝑒𝑇) on temperature (𝑇) and a residual variance normally distributed (𝜎2𝑑𝑎𝑦). 
Finally, 𝐹𝑖𝑠ℎ𝑖 refers to the random effect of the individual fish id (i.e., each individual’s 
unique average response) and includes a linear dependence (𝑠𝑙𝑜𝑝𝑒𝐿) on size (𝐿), a linear 
dependence (𝑠𝑙𝑜𝑝𝑒𝐶) on the total time at captivity (𝐶) and a residual variability normally 
distributed (hereafter the individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖). Therefore, 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 would be 
interpreted as the random component of the individual fish effect after subtracting the 
linear effect of size and total time at captivity. Note that tolerance (tol) equals the inverse 
of the variance for each factor.   

Therefore, 𝜎2𝑓𝑖𝑠ℎ will refer to the between-individual fish variance; i.e., the 
variance across random intercepts of individuals. The residual variance, 𝜎2𝑟𝑒𝑠𝑖𝑑, will be 
interpreted as the within-individual variance (Dingemanse & Dochtermann 2013). These 
two components of the variance at the individual-level will be used to calculate 
repeatability scores (eqn.II.5).  

Modelling Poisson-distributed metrics (PdM) 
The Count metric (i.e., total number of events, Table.II. 2) for every behavioural 

event was assumed to be Poisson-distributed around a mean value 𝜆 (hereafter I refer to 
this metric as Poisson distributed Metric, PdM), given by:  

𝑃𝑑𝑀𝑖𝑗𝑘~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖𝑗𝑘)  
           eqn.II.3  

The log-transformed value of 𝜆𝑖𝑗𝑘 was assumed to be normally distributed around 
a grand mean 𝜇 offset by the duration of the behavioural test, plus the additive effects of 
the random factors fish.group, day (i.e. between day variance within a group corresponds 
to the effect of the random factor replicate), individual and a residual variability 𝜇𝑟𝑒𝑠𝑖𝑑 
normally distributed. Therefore, 𝜆𝑖𝑗𝑘 (at the log scale) was considered the result of the 
linear combination of these factors as follows: 

log(𝜆𝑖𝑗𝑘) = 𝜇 + log(𝑑𝑜𝑓𝑓𝑠𝑒𝑡) + 𝐹𝑖𝑠ℎ𝑖 + 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑗 + 𝐷𝑎𝑦𝑘 + 𝜇𝑟𝑒𝑠𝑖𝑑

 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑗 ~ 𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝) 

𝐷𝑎𝑦𝑘  ~ 𝑠𝑙𝑜𝑝𝑒𝑇𝑇 +  𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑑𝑎𝑦) 
𝐹𝑖𝑠ℎ𝑖 ~ 𝑠𝑙𝑜𝑝𝑒𝐿𝐿 + 𝑠𝑙𝑜𝑝𝑒𝐶𝐶 +  𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖   
𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖~ 𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑓𝑖𝑠ℎ)  
𝜇𝑟𝑒𝑠𝑖𝑑  ~ 𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑡𝑜𝑙𝑟𝑒𝑠𝑖𝑑)  

           eqn.II.4  
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where the effect of each random factor followed a normal distribution (the same additive 
effects as in eqn.II.2 meet here) and tolerance equals the inverse of the variance for such 
a normal distributions.  

Repeatability 
The repeatability score (R) represents the phenotypic variation that is attributable 

to individual heterogeneity and is used to detect the existence of behavioural types or 
animal personalities (Bell, Hankison & Laskowski 2009; Nakagawa & Schielzeth 2010). 
I calculated repeatability after controlling for any potentially cofounding effects 
(Dingemanse & Dochtermann 2013), i.e. adjusted-repeatability (adjusted-R). The 
repeatability offers insights into the components contributing to variability in the data, by 
describing the relative partitioning of variance into within- and between-group sources of 
variance. Adjusted-R was estimated differently depending on the assumed distribution for 
the behavioural metric assessed (i.e., NdM or PdM). 

Adjusted-R for NdM (i.e. proportion of time and time at first event metrics, 
Table.II. 2) was calculated as the quotient between the between-individual fish variance 
(𝜎2𝑓𝑖𝑠ℎ) and the sum of between-individual variance and within-individual (or residual) 
fish variance (𝜎2𝑟𝑒𝑠𝑖𝑑), following Dingemanse & Dochtermann (2013), which is given by:  

 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 =
𝜎2𝑓𝑖𝑠ℎ

𝜎2𝑓𝑖𝑠ℎ+𝜎
2
𝑟𝑒𝑠𝑖𝑑

  

           eqn.II.5 
where 𝜎2𝑟𝑒𝑠𝑖𝑑 includes all sources of measurement error, environmental variance and, 
from a biological side, average within-individual plasticity towards any stimulus that is 
statistically unaccounted (Dingemanse & Dochtermann 2013). Note here that an arcsine-
transformation for the squared root of the proportion metric was applied (forcing its 
distribution to fit a normal one) and repeatability was calculated from the data on the 
transformed scale and not on the original one. Given that repeatability is a quotient of 
variances, it is assumed that estimates should not change significantly with the 
transformed scale; however, this is still an open debate (see for more details Nakagawa 
& Schielzeth 2010). 

Adjusted-R for PdM (i.e., count metrics for total number of events, Table.II. 2) was 
calculated following the additive over-dispersion models for count data described by 
Nakagawa & Schielzeth (2010) as:  

 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 =
𝑒
(𝜇+

𝜎2𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝+𝜎
2
𝑑𝑎𝑦+𝜎

2
𝑓𝑖𝑠ℎ+𝜎

2
𝑟𝑒𝑠𝑖𝑑

2
)

((𝑒
𝜎2𝑓𝑖𝑠ℎ)−1)

(

 
 
𝑒
(𝜇+

𝜎2𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝+𝜎
2
𝑑𝑎𝑦+𝜎

2
𝑓𝑖𝑠ℎ+𝜎

2
𝑟𝑒𝑠𝑖𝑑

2
)

((𝑒
𝜎2𝑓𝑖𝑠ℎ+𝜎

2
𝑟𝑒𝑠𝑖𝑑)−1)

)

 
 
+1

  

           eqn.II.6 

Note that to calculate the adjusted-R for PdM the intercept of the model, 𝜇, should 
be included.  
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Parameter estimation for behavioural scoring and repeatability 
To calculate 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 and the adjusted-R for each behavioural metric, the 

parameters of the models in eqn.II.2 and eqn.II.4 were estimated from the empirical data 
(Figure.II.5, Figure.II.6 and Figure.II.7) through a Bayesian implementation using the jags 
function from the R2jags package (Su & Yajima 2015). A normal prior distribution with 
mean 0 and tolerance 10-10 was set for the intercept µ and the slopes slopeT, slopeC and 
slopeL. A gamma distributed prior with shape 0.001 and rate 0.001 was set for tolerance 
in all models. For each dataset, three Markov Chain Monte Carlo (MCMC) simulations 
were run. 11100 iterations were iteratively generated, discarded the first 1000 iterations 
(burning period), and one out three of the remaining iterations were kept to prevent 
autocorrelation (thinning strategy). The convergence of the MCMC chains was assessed 
by visual inspection of the chains and was tested using the Gelman-Rubin statistic 
(Plummer et al. 2006), by calculating �̂� or the “potential scale reduction factor” (Gelman 
& Shirley 2011). A threshold value for �̂� between 0.9 and 1.1 was assumed to suggest 
convergence (Gelman et al. 2013). Mean and the Bayesian credibility intervals (BCI 2.5% 
and 97.5%) of the model parameters and adjusted-R were drawn from the remaining 
posterior distribution.  

BCI for all adjusted-R values were interpreted to detect the presence of 
behavioural types. In addition, the significance of the adjusted-R was calculated via 
randomized bootstrapping. Given the complexity of our model, where different random 
factors were involved, I first constructed randomized datasets by keeping all fixed 
variables in their average level, and then individual fish were equivalent and randomly 
shuffled between groups. After obtaining simulated values for each metric, individual fish 
were randomly shuffled within groups. Then, the model was fitted again and the adjusted-
R was estimated for the shuffled metrics. The adjusted-R obtained from this bootstrapping 
would be the one expected under the hypothesis of no-repeatability at the individual level. 
Then, I compared both the estimated adjusted-R from Bayesian predictions and the 
adjusted-R obtained by bootstrapping where repeatability was expected to be 0 and 
analysed whether the differences were significant by comparing the estimated BCI for 
each trait.  

II.2.2.2. Models for FEEDING METRICS 

Both phenomenological and mechanistic models have been implemented to the 
empirical data generated in feeding experiments to test the working hypothesis (Bolker 
2008).  

Mechanistic models of food intake 
Concerning mechanistic models, I first considered the conventional functional 

response type II (Holling 1959) given by: 

𝐹 =
𝑎𝑁

1+𝑎ℎ𝑁
  

                  eqn.II.7   
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where F is the feeding rate (number of items per unit of time, items/T); a is usually known 
as the attack rate that can also be biologically interpreted as the area explored (or area 
within which a prey is vulnerable) by unit of time (L2/T); N is the prey density (items/L2) 
and h is the handling time (T/item), which can be biologically interpreted as the time-
period within which a fish that has just captured a prey cannot capture a new one. Two 
alternative parametrizations of this general functional response described in eqn.II.7 have 
been considered here.  

In the first parametrization, the total censored time (i.e., 600 sec) was divided in 
consecutive time slots t of 1 and 5 sec long (i.e., 600 and 120 time-slots respectively), 
within which the actually observed number of preys consumed 𝑁𝑡was assumed to follow 
a binomial distribution given by: 

𝑁𝑡~𝐵𝑖𝑛(𝑝𝑡, 𝑁𝑎𝑡)  
           eqn.II.8a  
where 𝑝𝑡 is the probability of eating a prey when the number of available prey at the time-
slot t is 𝑁𝑎𝑡 (i.e., the available prey number 𝑁 in eqn.II.7 equals 𝑁𝑎𝑡 of eqn.II.8a). 
Therefore, such a probability 𝑝𝑡 is given according to Bolker (2008) by: 

𝑝𝑡 =
𝑎

1+ 𝑎 𝑁𝑎𝑡ℎ
   

               eqn.II.8b 

being both the attack rate a (exploration rate) and the handling time h constant at the 
individual fish level.  

In the second parametrization, I extended the version in eqn.II.8b and explored the 
dependence of a and h on the number of preys consumed 𝑁𝑡 in a given time-slot t as 
follows: 

𝑎𝑡 = 𝑎𝑚𝑎𝑥𝑒
−𝑐·𝑁𝑡          

           eqn.II.9a  
ℎ𝑡 = ℎ𝑚𝑎𝑥(1 − 𝑒

−𝑐·𝑁𝑡)   
              eqn.II.9b 

being here, 𝑎𝑚𝑎𝑥 and  ℎ𝑚𝑎𝑥 the individual descriptors of feeding behaviour.  

For both approximations, eqn.II.8 and eqn.II.9; hierarchical normally-distributed 
effects at the log-scale were assumed for 𝑎 and ℎ in eqn.II.8b and for 𝑎𝑚𝑎𝑥 and ℎ𝑚𝑎𝑥 in 
eqn.II.9 at fish and day levels. These hierarchical effects at fish and day levels are fully 
detailed below for the case of phenomenological models (eqn.II.13 and eqn.II.14 
respectively). Briefly, random effects at the fish level included a linear dependency on 
fish size (eqn.II.13); and random effects at the day level included a linear dependency on 
temperature (eqn.II.14).  

 Decreasing available prey number may affect the feeding rate. Here, in eqn.II.8, 
the available prey number 𝑁𝑎𝑡at each time-slot t was assumed constant and did not varied 
within it even the fish ate a prey. Note, however, that the depletion effect was in some 
way considered by updating the actual available prey 𝑁𝑎𝑡 along the 600 or 120 time-slots 
of 1 and 5 sec respectively. Bolker (2008) and Li et al. (2018) have proposed and further 
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developed mechanistic models to take into account the effects of this depletion 
phenomenon. Here, I particularly focus on the analytical solution provided by Rosenbaum 
& Rall (2018) given by: 

𝑁𝑇 = 𝑁𝑎 −
𝑊(𝑎ℎ𝑁𝑎𝑒

𝑎(ℎ𝑁𝑎−𝑇𝑃))

𝑎ℎ
   

           eqn.II.10  

where T is the censored time (here 600 sec), P is the number of predators (here 1) and W 
is the Lambert function (Bolker 2008).  

Phenomenological models 
Concerning phenomenological models, following the same reasoning as in 

eqn.II.8a, the actually observed number of preys consumed (𝑁𝑖,𝑗, where i refers to fish and 
j for day) by the fish i (𝐹𝑖𝑠ℎ𝑖) in the day j (𝐷𝑎𝑦𝑗) at the end of a given feeding test was 
assumed to follow a Binomial distribution given by:  

𝑁𝑖,𝑗~𝐵𝑖𝑛(𝑝𝑖,𝑗, 𝑁𝑎;𝑖,𝑗)  
           eqn.II.11  

In this case, the probability 𝑝𝑖,𝑗 that an individual fish i in the day j eats a prey 
when the available number of prey for this fish and day is 𝑁𝑎;𝑖,𝑗, was considered to be the 
result of a linear combination of the following factors (at the logit scale): 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖,𝑗) = 𝐺𝑟𝑎𝑛𝑑𝑀𝑒𝑎𝑛 + 𝐹𝑖𝑠ℎ𝑖 + 𝐷𝑎𝑦𝑗 + 𝑠𝑙𝑜𝑝𝑒. 𝑁𝑎 ∗ log(𝑁𝑎;𝑖,𝑗) + 𝜇𝑟𝑒𝑠𝑖𝑑 
           eqn.II.12 

where the effects of the 𝐹𝑖𝑠ℎ𝑖, 𝐷𝑎𝑦𝑗, 𝑁𝑎;𝑖,𝑗 and 𝜇𝑟𝑒𝑠𝑖𝑑 were summed to the 𝐺𝑟𝑎𝑛𝑑𝑀𝑒𝑎𝑛; 
being 𝑠𝑙𝑜𝑝𝑒. 𝑁𝑎 the fixed effect of the initial prey density 𝑁𝑎. The 𝜇𝑟𝑒𝑠𝑖𝑑 is a random 
residual effect normal distributed, 𝜇𝑟𝑒𝑠𝑖𝑑~𝑁(0, 𝜎2𝑟𝑒𝑠𝑖𝑑).  

Note that several logistic constrains precluded a fully randomized experimental 
design for feeding tests (Figure.II. 4.). Fish were clustered by groups of five (fish.group) 
and submitted to behavioural tests for exploration, aggressiveness and boldness 
behaviours. Then, aiming to minimize the time in between experimental sets, fish were 
tested for feeding behaviour during the next 10 days after the behavioural tests. Given 
that at least two replicates of prey density (random distributed) were done for every 
individual fish along these 10 consecutive days, the factor day was clustered into 14 
groups of approximatively 5 consecutive days each (day.groups), within which the same 
fish (from two different fish.groups) were tested (Figure.II. 4.). Therefore, the same fish 
(i.e., within a fish.group) was tested at least in two different day.groups. Attending to these 
experimental settings, the additive effect of 𝐹𝑖𝑠ℎ𝑖 level was decomposed into:  

𝐹𝑖𝑠ℎ𝑖 = 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 + 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑖 + 𝑠𝑙𝑜𝑝𝑒𝐹𝑖𝑠ℎ𝑆𝑖𝑧𝑒 ∗ 𝐹𝑖𝑠ℎ𝑆𝑖𝑧𝑒𝑖  
           eqn.II.13 

where 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 and 𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑖 are random effects normally distributed with 0 mean 
and fish-specific (i.e., 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖~𝑁(0, 𝜎2𝐹𝑖𝑠ℎ,𝑖)) or group-specific variance (i.e., 
𝐹𝑖𝑠ℎ. 𝐺𝑟𝑜𝑢𝑝𝑖~𝑁(0, 𝜎

2
𝐹𝑖𝑠ℎ.𝐺𝑟𝑜𝑢𝑝;𝑖)) respectively. Finally, a common slope (𝑠𝑙𝑜𝑝𝑒𝐹𝑖𝑠ℎ𝑆𝑖𝑧𝑒) 

describes a linear dependence on fish size. On the other hand, the additive effect of the 
𝐷𝑎𝑦𝑗 level was decomposed into:  
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𝐷𝑎𝑦𝑗 = 𝐷𝑎𝑦. 𝑆𝑐𝑜𝑟𝑒𝑗 + 𝐷𝑎𝑦. 𝐺𝑟𝑜𝑢𝑝𝑗 + 𝑠𝑙𝑜𝑝𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ∗ 𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒𝑗  
           eqn.II.14  

where 𝐷𝑎𝑦. 𝑆𝐶𝑂𝑅𝐸𝑗 and 𝐷𝑎𝑦. 𝐺𝑟𝑜𝑢𝑝𝑗 are random effects normally distributed with 0 mean 
and day-specific (i.e., 𝐷𝑎𝑦. 𝑆𝑐𝑜𝑟𝑒𝑗~𝑁(0, 𝜎2𝐷𝑎𝑦,𝑗)) or group-specific variance (i.e., 
𝐷𝑎𝑦. 𝐺𝑟𝑜𝑢𝑝𝑗~𝑁(0, 𝜎

2
𝐷𝑎𝑦.𝐺𝑟𝑜𝑢𝑝;𝑗)) respectively. Note that 𝐷𝑎𝑦. 𝐺𝑟𝑜𝑢𝑝𝑗 is considered a 

common effect shared by all the days within the same day.group (Figure.II. 4.). Finally, a 
common slope (𝑠𝑙𝑜𝑝𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒) describes the linear dependence on day 
temperature.  

For completeness, three additional models with the very same hierarchical 
structure as in eqn.II.12 to eqn.II.14 were considered for modelling i) the time passed until 
the first prey was consumed, ii) the time passed until the first two preys were consumed 
and iii) the time passed between the first and second consumed prey. For all these three 
cases, the corresponding time at event of fish i at day j (Ti,j) was assumed to have an 
exponential distribution given by:  

𝑇𝑖,𝑗 ∼ 𝑑𝑒𝑥𝑝(𝑟𝑎𝑡𝑒𝑖,𝑗)   

           eqn.II.15 

Ti,j  in eqn.II.15 was linked with eqn.II.12 to eqn.II.14 by means of log(1/ratei,j). The 
observation time was censored to 600 seconds in the experiments, thus the tests in which 
no event was observed were properly considered. 

Adjusted-R for the logit transformation the probability 𝑝𝑖,𝑗 (i.e., probability with 
a poison distribution) was calculated following the additive over-dispersion models for 
binomial distributed data described by Nakagawa & Schielzeth (2010) at the logit-scale 
as:  

 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅𝑙𝑜𝑔𝑖𝑡 =
𝜎2𝑓𝑖𝑠ℎ

𝜎2𝑓𝑖𝑠ℎ+𝜎
2
𝑟𝑒𝑠𝑖𝑑+𝜋

2
3⁄
  

           eqn.II.16 

Note that to calculate the adjusted-R for a binomial distributed metric the logit 
transformation is considered. 

Parameter estimation for feeding scoring and repeatability 
The parameters of all the models for feeding behavioural metrics (excepting the 

case of the model in eqn.II.10) have been estimated using a Bayesian approach 
implemented in a custom R scrip (https://www.r-project.org/) that runs JAGS 
(http://mcmc-jags.sourceforge.net/) for moving MCMC chains. Three independent chains 
were run and the convergence of the MCMC chains was assessed by visual inspection 
and tested using the Gelman-Rubin statistic (Plummer et al. 2006), by calculating �̂� (the 
“potential scale reduction factor”; Gelman & Shirley 2011). A threshold value for 
�̂� between 0.9 and 1.1 was assumed to suggest convergence (Gelman et al. 2013). 

Virtually flat priors were used as follows: zero mean and a huge variance for the 
normal distribution of the GrandMean and all the three slopes (i.e., 𝑠𝑙𝑜𝑝𝑒. 𝑁𝑎 ,
𝑠𝑙𝑜𝑝𝑒𝐹𝑖𝑠ℎ𝑆𝑖𝑧𝑒 and 𝑠𝑙𝑜𝑝𝑒𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒), and rate=0.01 and scale=0.01 for the gamma 
distributions of the standard deviations of all the four random effects considered (i.e., 
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𝜎𝐹𝑖𝑠ℎ,𝑖, 𝜎𝐹𝑖𝑠ℎ.𝐺𝑟𝑜𝑢𝑝;𝑖, 𝜎𝐷𝑎𝑦,𝑗 and 𝜎𝐷𝑎𝑦.𝐺𝑟𝑜𝑢𝑝;𝑗, in eqn.II.12 to eqn.II.14). In all cases, 
posterior distribution was estimated by at least 30.000 valid iterations after appropriate 
burning and thinning (one of 50 iteration were kept). 

For the case of eqn.II.10 (Rosenbaum & Rall 2018), a likelihood-based algorithm 
for estimating the parameters is provided by the R libraries bbmle and emdbook (Bolker 
2017). The current implementation of the model did not allow to fit the parameters of the 
complex experimental design performed in this work and, therefore, 61 independent 
analyses (at fish level) were completed. In addition, for each one of these 61 analyses, all 
the tests were polled irrespective of its day-level specificities (e.g., temperature or Na). 

II.2.2.3. Covariation across behavioural and feeding traits  

To detect whether behavioural syndromes may exist or not, I performed pair 
correlation tests among the behavioural 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 obtained for each behavioural axis. 
Particularly, I focused on the individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 for the count metric (𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 
in eqn.II.4). Correlation values were calculated between pairs of individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 
for two different behavioural axis randomly sampled from the predicted values from 
Bayesian analysis. This approach is equivalent to explore the among-individual 
correlations among paired traits, which certainly describes the existence of behavioural 
syndromes, in contrast to within-individual correlations (Dingemanse & Dochtermann 
2013; Biro & Stamps 2015). I repeated this random sampling 10 000 and calculated the 
0.25, 0.5 and 0.75 quantiles of the distribution of the 10 000 correlation coefficients 
obtained. To assess whether the correlation coefficients were statistically significant, 
10 000 correlation coefficients after bootstrapping were calculated again (i.e., following 
the same procedure as before, randomly Bayesian estimates for 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 were 
calculated after shuffling fish identities). In that way, the expected 0.25, 0.5 and 0.75 
quantiles for correlation under the null hypothesis of no-correlation were calculated. 

Aiming to explore whether any correlation between individual feeding behaviour 
and other individual behavioural traits exists, I performed pair-wise correlation tests 
between the 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 obtained for feeding behaviour in eqn.II.13 (for the feeding 
metric number of prey consumed, Ni,j, eqn.II.11) and the individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 for 
aggressiveness, exploration and boldness; following the same procedure explained above. 
I used the estimated 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 for Ni,j, because Ni,j was the metric with better Bayesian 
convergence for feeding (see results section II.3.2). 
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II.3. RESULTS 

II.3.1. Behavioural individuality 

The raw phenotypic variance (Figure.II.5, Figure.II.6 and Figure.II.7) was 
decomposed successfully into between- and within- individual variance for all metrics 
within each behavioural axis explored (Table.II.3). All parameters of the proposed models 
were successfully estimated from data and MCMC chains converged for all of the cases 
(0.9 < �̂� < 1.1; Table.II.3). Exploration behaviour (Figure.II.5) showed the highest 
between-individuals and between-days variance, followed by aggressiveness and 
boldness, in the total number of events showed by fish during the censored time (counts 
for the events VC, C and/or I). Contrasting, variance between groups and variance at the 
within individual level was the lowest. The total number of interactions directed to a 
mirror and the proportion of time interacting with it, as proxies of aggressiveness 
(Figure.II.6), showed a high variance between groups and at the between and within 
individual (or residual variance) levels. For boldness (Figure.II.7), variance between days 
and at the between-individual level was low for the total number of evets. However, and 
interestingly, these patterns of variance were slightly different when focusing on other 
metrics. Even though the total number of interactions (counts for the events VC, C and I) 
in a boldness test showed low between-individual variance; the proportion of time 
performing these events was more variable between individuals, groups and also within 
the same individuals. Exploration showed again the greatest variability between days for 
the proportion of time an individual was exploring a novel object, while, in contrast with 
the count metric, the proportion of time exploring a new object showed the lowest 
between-groups, between-individuals and even within-individuals variances with respect 
the other behaviours.  

Overall, no significant effects (the confidence intervals for slopes included zero) 
of temperature, total time at captivity and fish body size were found for counts and the 
proportion of time metrics for any of the tested behaviours (Table.II.3), with the exception 
of the metric time at first event for aggressiveness and boldness that showed a positive 
effect (i.e., the more time at captivity the higher the time at first event was). Note, 
however, that several issues appeared in the estimated data related with the metric time at 
first event. Variance values for this metric were extremely high (also, for the grand mean); 
which suggest that, even when MCMC properly converged, the distribution used could 
not be the proper one and another distribution may explain better the variability in the 
raw data. In the model used for results shown, the metric time at first event was assumed 
to be normally distributed (i.e., NdM). Exponential and gamma distributions were also 
explored for it, but no successful convergence was obtained.  
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Figure.II.5. Density population plots (left column), daily individual values (middle column) and individual 
density plots (violin plots in right column) for three different exploration-related behavioural metrics. Up to 
down: total number of events (VC and/or C), proportion of time performing any type of event (% of time within the 
experimental period that the individual performed either VC and/or C) and time at first event obtained in 63 individuals 
of Serranus scriba in lab experimental tests.  

 
Figure.II.6. Density population plots (left column), daily individual values (middle column) and individual 
density plots (violin plots in right column) for three different aggressiveness-related behavioural metrics. Up to 
down: total number of events (VC and/or C), proportion of time performing any type of event (% of time within the 
experimental period that the individual performed either VC and/or C) and time at first event obtained in 63 individuals 
of Serranus scriba in lab experimental tests.  
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Figure.II.7.  Density population plots (left column), daily individual values (middle column) and individual 
density plots (violin plots in right column) for three different boldness-related behavioural metrics. Up to down: 
total number of events (VC, C and/or I), proportion of time performing any type of event (% of time within the 
experimental period that the individual performed either VC, C and/or I) and time at first event obtained in 63 
individuals of Serranus scriba in lab experimental tests. 

When focusing only on the individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸  (i.e., whose statistical 
distribution is described by the between-individual variance), a high correlation between 
the three behavioural metrics (Figure.II.8) was detected within a given behavioural axis. 
This correlation suggests that any metric can be used as a good proxy for describing 
exploration, aggressiveness or boldness behaviours. In all cases, count was highly 
positive correlated with proportion, while time at first event was correlated negatively 
with both counts and proportion.  
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Figure.II.8. Correlation between predicted 𝑭𝒊𝒔𝒉. 𝑺𝑪𝑶𝑹𝑬𝒊 based on different metrics (count, time at first event 
and proportion) for aggressiveness, boldness and exploration. The mean value and 0.025 and 0.975 quantiles 
(between brackets) of the estimated correlation coefficients obtained after sampling 1000 times the Bayesian predicted 
𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 are showed.  

Interestingly, and within the objectives of this chapter, repeatability was 
significantly different to the repeatability score expected under the null hypothesis of no-
repeatability (p<0.01, in blue in Table.II.3) for aggressiveness (Figure.II.6), boldness 
(Figure.II.7) and exploration (Figure.II.5) for both proportion and count metrics. Contrary, 
the estimated repeatability scores (posterior median) for time at first event for 
aggressiveness, boldness and exploration had a 0.21, 0.29 and 0.13 of probability of being 
obtained under the null hypothesis of no-repeatability respectively (in orange in 
Table.II.3). However, given the huge variability above-mentioned for time at first event 
(Table.II.3), and the fact that repeatability was no significant, I discarded the data for this 
metric for further analysis. Moreover, repeatability for proportion data was high and 
similar to the values obtained for count data. However, even though this similarity, the 
arcsine transformation of the squared root of the proportion data, used to force its 
distribution to a normal one, could have introduced any important bias in the estimate. 
This is actually one of the main issues of transformed data when calculating repeatability 
(Nakagawa & Schielzeth 2010). From now on, given the high correlation between 
different metrics (Figure.II.8),  the clearly significant repeatability for count metric, which 
was calculated following (Nakagawa & Schielzeth 2010), and the fact that no 
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transformation was applied to this metric, I use only count data for further analyses in this 
chapter. In that way, the potential bias that data transformation could imply (e.g., as 
commented for repeatability in Nakagawa & Schielzeth (2010)) would be prevented.   

Table.II.3 Bayesian Credibility Intervals (BCIs) for the estimated models’ parameters for NdM (eqn.II.2) and 
PdM (eqn.II.4) Inferior- (i-BCI) and upper- (u-BCI) BCIs refer to the 0.025 and 0.975 quantiles respectively. 
 Aggressiveness Boldness Exploration 
 i-BCI median u-BCI i-BCI median u-BCI i-BCI median u-BCI 
Counts 
Grand Mean 0.519 1.210 1.855 1.363 1.799 2.178 -0.993 0.0312 0.933 
𝑠𝑙𝑜𝑝𝑒𝑇𝑇 -0.475 -0.086 0.279 -0.381 -0.161 0.075 -0.502 0.156 0.785 
𝑠𝑙𝑜𝑝𝑒𝐿𝐿 -0.384 -0.211 -0.029 -0.167 -0.034 0.115 -0.211 -0.025 0.158 
𝑠𝑙𝑜𝑝𝑒𝐶𝐶 -0.061 -0.022 0.018 -0.047 -0.023 0.001 -0.078 -0.012 0.051 
𝜎2𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝 0.297 1.101 3.486 0.0324 0.2921 1.132 0.007 0.167 3.34 
𝜎2𝑑𝑎𝑦 0.268 0.560 1.126 0.0657 0.186 0.408 4.603 7.965 14.62 
𝜎2𝑓𝑖𝑠ℎ 0.243 0.500 0.942 0.192 0.3688 0.6767 0.418 0.702 1.231 
𝜎2𝑟𝑒𝑠𝑖𝑑 0.349 0.525 0.775 0.3002 0.4252 0.5965 0.077 0.154 0.277 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 0.185 0.348 0.518 0.194 0.344 0.504 0.573 0.743 0.866 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 
bootstrapping 0.007 0.019 0.059 0.0113 0.0225 0.0700 0.007 0.028 0.090 
Prob.   < 0.01   < 0.01   0.09 
First          
Grand Mean 537.7 809.0 1086.8 427.5 579.9 740.1 1269.6 1812.2 2435.8 
𝑠𝑙𝑜𝑝𝑒𝑇𝑇 -84.86 88.00 285.87 -47.84 63.970 178.66 -594.5 -169.6 234.0 
𝑠𝑙𝑜𝑝𝑒𝐿𝐿 -50.39 66.12 178.37 -65.83 16.675 93.016 -85.18 8.35 102.7 
𝑠𝑙𝑜𝑝𝑒𝐶𝐶 0.472 17.681 37.911 1.2605 12.468 24.330 -39.75 2.467 42.72 
𝜎2𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝 0.042 92834 639550 0.0154 96.159 95677 0.0125 29.67 303096 
𝜎2𝑑𝑎𝑦 93608 210727 416255 67409 130445 239255 2434324 3995302 6923987 
𝜎2𝑓𝑖𝑠ℎ 64073 168214 351806 60625 120899 216672 89381 159741 283791 
𝜎2𝑟𝑒𝑠𝑖𝑑 264903 342063 455721 186214 235436 305619 104817 140489 190578 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 0.139 0.330 0.518 0.1939 0.3409 0.49877 0.361 0.536 0.692 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 
bootstrapping 0.000 0.003 0.063 0.000 0.00178 0.06853 0.000 0.004 0.151 
Prob.   0.21   0.29   0.13 
Proportion          
Grand Mean 0.061 0.109 0.158 0.1156 0.1667 0.2196 0.0504 0.0934 0.139 
𝑠𝑙𝑜𝑝𝑒𝑇𝑇 -0.031 -0.005 0.018 -0.051 -0.0251 -0.0004 -0.002 0.001 0.026 
𝑠𝑙𝑜𝑝𝑒𝐿𝐿 -0.027 -0.016 -0.005 -0.029 -0.0146 -0.0004 -0.016 -0.006 0.004 
𝑠𝑙𝑜𝑝𝑒𝐶𝐶 -0.004 -0.001 0.001 -0.005 -0.0026 0.000 -0.003 0.000 0.002 
𝜎2𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝 0.0025 0.0059 0.0171 0.0024 0.0062 0.0190 0.0017 0.004 0.012 
𝜎2𝑑𝑎𝑦 0.0014 0.0024 0.0041 0.0013 0.0027 0.0039 0.0035 0.0055 0.009 
𝜎2𝑓𝑖𝑠ℎ 0.0014 0.0022 0.0037 0.0025 0.0040 0.0066 0.0012 0.0018 0.003 
𝜎2𝑟𝑒𝑠𝑖𝑑 0.0029 0.0036 0.0044 0.0037 0.0046 0.0058 0.002 0.003 0.003 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 0.2656 0.385 0.517 0.3287 0.4632 0.6002 0.283 0.402 0.537 
𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑⎼𝑅 
bootstrapping 0.134 0.176 0.229 0.1219 0.1591 0.2198 0.156 0.188 0.241 
Prob.   < 0.01   < 0.01   < 0.01 

Values in bold were considered significant. 
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II.3.2. Feeding behaviour descriptors 

None of the Bayesian mechanistic models considered in the analyses for feeding 
behaviour (from eqn.II.8a to eqn.II.9b) converged properly. Additionally, the mechanistic 
model described in eqn.II.10 converged for only 8 out of 61 fish. Conversely, all the 
phenomenological models converged properly. The model for the number of prey eaten 
by individual fish at a given day at the end of a given feeding test (Ni,j in eqn.II.11) was 
the one that showed the best convergence. From now on, I will focus in detail on the 
results obtained from this model (i.e., for Ni,j in eqn.II.11) provided also that individual 
𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 for the other metrics (time at event 𝑇𝑖,𝑗 in eqn.II.15) were highly correlated 
with the 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 for Ni,j (see below, Figure.II.12). For the latter model (Ni,j eqn.II.11), 
all parameters have been successfully estimated given the data and that MCMC chains 
nicely converged (0.9 < �̂� < 1.1, Table.II.4).  

 Table.II.4. Bayesian Credibility Intervals (BCIs) for the model parameters in eqn.II.11. 
The inferior- (i-BCI) and upper- (u-BCI) BCIs refer to the 0.025 and 0.975 quantiles respectively.  

 i-BCI median u-BCI �̂� 

Grand Mean 3.062 4.021 4.926 1.001 
slope.Na -1.726 -1.423 -1.141 1.002 
slopeFishSize 0.099 0.231 0.367 1.002 
slopeTemperature -0.052 0.09 0.248 1.001 
𝜎2𝑓𝑖𝑠ℎ 0.437 0.618 0.851 1.004 

𝜎2𝑓𝑖𝑠ℎ.𝑔𝑟𝑜𝑢𝑝 0.487 0.967 1.710 1.003 

𝜎2𝑑𝑎𝑦 0.365 0.560 0.773 1.008 
𝜎2𝑑𝑎𝑦.𝑔𝑟𝑜𝑢𝑝 0.301 0.630 1.170 1.001 
𝜎2𝑟𝑒𝑠𝑖𝑑 0.598 0.799 0.976 1.001 
R_logit 0.095 0.132 0.173 1.004 
R_logit 
bootstrapping  

0.000 0.001 0.045 prob < 0.01 
 

Values in bold were considered significant 

 

With increasing prey number, the actual number of prey consumed showed a slight 
trend to saturation (Figure.II.9.a), as expected from a functional response type II (Holling 
1959). This trend was properly predicted by the Bayesian implementation of the model 
for Ni,j (eqn.II.11). The predicted patterns of the number of prey consumed when a different 
number of prey was available (Figure.II.9.b) reproduced almost unbiasedly the actually 
observed values in most of the cases, what is certainly noticeable provided that the raw 
data was particularly noisy. However, predictions at the extremes committed an 
overestimation when zero prey were actually consumed and an underestimation when 9 
o 10 prey were actually consumed (Figure.II.9.c). 
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Slopes denoting the effects of fish size and number of available prey were all 
clearly different from zero (Table.II.4), thus strongly suggesting that the probability of 
consuming prey pi,j could be at least partially explained by them. Temperature also 
showed a slight deviation from zero. The larger the fish was and the higher the 
temperature was, the more prey were expected to be consumed after 600 seconds 
(Figure.II.10). Conversely, the larger the number of available prey was, the smaller 
proportion of prey consumed would be (Figure.II.9). This pattern was in agreement with 
the existence of an upper limit over which no more prey would be consumed irrespective 
of the number of available prey, as it is predicted by the functional response type II 
(Holling 1959).  

 

 
Figure.II.9. a) Boxplots for the observed number of prey consumed Nij at different number of available prey Na, b) 
boxplots for the predicted number of prey consumed Nij at different number of available prey Na and c) observed vs 
predicted values for number of prey consumed Nij for the 721 tests completed. 

 

 
Figure.II.10. Expected number of prey consumed at different temperatures (a) and fish sizes (b). a) Temperature 
effects in the predicted number of prey consumed fish a fish with average size; b) size-related effects on the predicted 
number of prey consumed for a fish experiencing the average temperature. Ten values are plotted within the observed 
range of these variables; colours from blue to red indicate gradient from low to high values of either temperature or 
fish size within the observed range). Each panel represent the specific effects of the variable of interest while effects 
from other variables are constant on their average estimated value. 
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Focusing on describing the variability at the fish-level, which is the main goal of 
this Chapter, the number of expected prey consumed at the average temperature, and after 
removing the effects of fish size (Figure.II.11.a); showed between-individual differences 
that were more evident at higher number of available prey. Being all the other effects the 
same, the expected median consumption rate in 600 seconds when 10 prey were available 
was 6.5 prey, but the 95% credibility interval moved from 4.2 preys until 8.1 preys. 
Individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 (eqn.II.13, Figure.II.11.b) represented the effects only attributable 
to each individual fish (i.e., between individual variability in feeding behaviour).  

 
Figure.II.11 a) Fish specific differences in the expected number of prey consumed (as in Figure.II.10, the specific 
effect of each individual fish is shown while effects from other variables are constant on their average estimated value). 
b) Individual fish scores predicted from the model (note these values are used to test whether co-variation patterns with 
other behavioural traits exist, Figure.II.13). 

Convergence for the three time-to-event metrics was not as good as for the case 
of number of prey consumed (results above), which may be related to the exponential 
distribution in  eqn.II.15. However, the 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 estimated for the three time-to-event 
metrics correlated negative and significantly in all cases with those obtained for the total 
number of prey consumed (Figure.II.12). Accordingly, only the scores depicted in 
Figure.II.11.b will be kept as fish specific descriptors of feeding behaviour for further 
analyses.  

 
Figure.II.12. Correlation between specific 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 obtained for number of prey consumed (Ni,j, eqn.II.11) 
and the the metric time at event (Ti,j, eqn.II.15): a) time at which first prey was consumed, b) time at which the second 
prey was consumed, and c) time at which the third prey was consumed. 
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II.3.3. Behavioural syndromes 

Individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 (i.e., whose variance corresponds to the between-
individual variability) for aggressiveness, boldness and exploration were highly 
correlated (Figure.II.13.a, Table.II 5). Individuals that were more aggressive were bolder and 
more explorative. Moreover, these patterns of covariation were significantly different 
from zero (Figure.II.13.a, Table.II 5). However, behavioural traits did not show a significant 
pattern of covariation with feeding behaviour. Even though, for aggressiveness a slight 
deviation to the right with respect to the media zero was observed, and the opposite trend 
for exploration (Figure.II.13.b, Table.II 5).  

a)  b)  
Figure.II.13. a) Pairs correlation between aggressiveness, boldness and exploration behavioural individual 
𝑭𝒊𝒔𝒉. 𝑺𝑪𝑶𝑹𝑬𝒊 estimated by Bayesian analysis. b) Pairs correlation between aggressiveness, boldness and 
exploration with feeding-related behavioural individual 𝑭𝒊𝒔𝒉. 𝑺𝑪𝑶𝑹𝑬𝒊 estimated by Bayesian analysis. Estimates 
for behavioural 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 were based on the metric Count, eqn.II.4; estimates for feeding behavioural 
𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖  were obtained from eqn.II.11). In the second column of each panel, density plots comparing the 
distribution of the correlation coefficients obtained by randomly sampling 100 000 times the estimated values from 
Bayesian analysis (in blue) and by bootstrapping for the case of the null hypothesis of no-correlation (in red) are shown. 
Values for the 0.25, 0.5 and 0.75 quantiles of these distributions are shown in Table.II 5. 
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Table.II 5 Values for the 0.25, 0.5 and 0.75 quantiles of the correlation coefficient between aggressiveness, 
boldness and exploration and for the null hypothesis of no-correlation. (Correlation values were obtained by 
sampling randomly Bayesian estimates for individual 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 (obtained for Count metric for each behaviour 
and for Nij, eqn.II.11 for feeding) and after bootstrapping for the null hypothesis of no-correlation, with 1 000 000 
iterations). 
 q 0.25 q 0.5 q 0.75 

Aggressiveness & Boldness 0.306 0.373 0.436 
Aggressiveness & Exploration 0.382 0.445 0.504 
Boldness & Exploration   0.418 0.479 0.536 
Null hypothesis: No correlation for Behaviour -0.086 0 0.086 
Aggressiveness & Feeding -0.019 0.057 0.127 
Boldness & Feeding -0.039 0.031 0.102 
Exploration & Feeding -0.135 -0.070 0.006 
Null hypothesis: No correlation for Feeding -0.089 0 0.089 

 

II.3.4. Space use from tracking algorithm, ongoing steps 

A total of 280 6h-long trajectories were obtained automatically during the 
recording of the experiments. Interestingly, a preliminary exploration of the raw data 
showed a huge variability between groups and fish individuals within some of the groups 
(Figure.II. 14). Unfortunately, I was not able to consider this data for further analysis 
because during its validation with the saved recorded material, important technical 
failures were found that forced me to dismiss the data and put the effort into improving 
technically the tracking algorithm. Two main problems were detected. First, and the most 
important, ID transfers during the course of the video occurred when there were crosses 
between fish that shared one of the colours in their marks. This failure in the auto-tracking 
algorithm directly invalidated the entire dataset obtained. It was not possible to know 
whether the information assigned to an individual would always be the one that 
corresponded to it or the identity had been changed with another individual in some point 
during the 6h-long time censored. Second, false detections were sometimes committed in 
different points of the tank where there was no individual, involving permutations of 
trajectories between individuals with different T-tags or distortions of the real trajectories 
correctly recorded in the periods before or after the appearance of a false detection. 
Therefore, I could not analyse the data in detail for space use behaviour, activity and 
sociability and postponed it until solving these issues in the algorithm tracking (ongoing 
work; see as an example https://youtu.be/i5U9Fg3KY-A).  
  

https://youtu.be/i5U9Fg3KY-A
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a) b)   

c) d)  

Figure.II. 14. Example 
of the raw data obtained 
from applying the auto-
tracking algorithm 
developed in Marti-Puig 
et al. 2018. Trajectories 
represent the position of 
three different individuals 
along four consecutive 
days (a, b, c and d squared 
panels). Within each day, 
the first panel (up left) 
represents all the positions 
in the 2D scenario. The 
second panel (up right) 
represents the histograms 
of positions along the 
longest axis of the tank. 
Third and fourth panels 
(in the middle row) 
represent the position in 
the axis x and y 
respectively in front of the 
time (computed as 
number of frames); in the 
last row the speed for 
each axis is computed 
(i.e., the average distance 
travelled in each axis) 
over the time (computed 
as number of frames).   
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II.4. DISCUSSION 

The aim of the work developed in this Chapter was to provide a link between 
behaviour and food intake to be integrated within the behavioural-bioenergetics model 
developed in Chapter I. The starting point here was based on the assumption that while 
personality-dependent movement mediates encounters with food/energy, other 
personality-related traits influence the encounter outcome and, consequently, the feeding 
success and the eventual food/energy intake rate that directly translates into the 
assimilation rate fueling dynamic energy budget. Therefore, pre-encounter and post-
encounter behaviours are determinant in the net food/energy intake of the individual, 
where the latter relate to fine-scale behaviour inducing the actual feeding success. 
Therefore, personality traits like aggressiveness, boldness or exploration are assumed to 
affect the success in food intake and lead to personality-dependent differences in feeding 
behaviour.  

Results from the experimental work developed here confirmed the existence of 
both personality traits and clear cutting-edge behavioural types regarding aggressiveness, 
exploration and boldness, behavioural syndromes, and consistent individual differences 
in feeding behaviours. However, the experimental work failed in providing significant 
empirical support for the covariation among personality-related and feeding-related 
behavioural traits. Therefore, the results obtained here do not support the initial working 
hypothesis. Then, food intake and energy assimilation may be only based on personality-
dependent movement behaviour that leads the encounter with food, rather than fine scale 
behavioural traits. The latter hypothesis could meet at least for the case studied here; a 
HR behaving fish preying for low-mobile prey. This finding agrees with the, still very 
limited, reported results on the topic (e.g., Schröder et al. 2016). However, I wouldn’t 
discard the initial hypothesis yet. The slight covariation trends showed in Figure.II.13 
could suggest the existence of some covariation pattern that I was not able to properly 
detect with these experimental sets. Further work improving experimental set-ups and 
based on mechanistic approaches, but also expanding the study to other species and 
predator-prey systems, should be considered before fully discarding a personality-
dependent feeding behavioural syndrome. 

Fish personality is a topic that have gained interest due to the large amount of 
ecological and evolutionary implications that have been proposed during the last two 
decades (Conrad et al. 2011; Mittelbach et al. 2014). Despite this fact, the number of 
studies demonstrating clear cutting-edge behavioural types using standardized 
experimental settings in the five major axes of animal personality in marine fish is still 
limited (but see Alós et al. 2017; Villegas-Ríos et al. 2017; Wong et al. 2017; and a review 
in Conrad et al. 2011). This small number of studies available may be related with the 
difficulties of keeping marine fish in small aquaria and with the low reliability of the 
available algorithms for automatic tracking (see section II.3.4.). In fact, the development 
and application of algorithms for monitoring individuals under experimental 
conditions should be considered an essential tool to improve behavioural monitoring 
of marine fish in confined conditions (Dell et al. 2014). The experimental settings in 
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this work have been particularly useful to reveal the major challenges to design auto-
tracking algorithms. First, i) individuals could appear and disappear from the scene 
because they were allowed to spend long periods of time in a shelter; ii) fish identity 
must be preserved along days by means of identifying a combination of colours in 
external tags; and iii) the tank must be continuously monitored during all the day-
light period. Moreover, iv) the experimental arena was very large with respect to the 
fish body size and the sizes of the coloured tags needed to keep individual identity. 
These huge differences in scale forced to deal with high resolution images in order to 
represent tags with enough number of pixels, but still the detection of the coloured 
marks was challenging. Finally, v) the constrained conditions for lightening of the 
scenario for the wellbeing of the fish had a strong blue component that hinders to 
discriminate fish from background and distorts colours. In addition, the lightening 
setting could produce reflections or might not be always uniform. Even some of these 
challenges were overcome in this work (e.g., red and green fluorescent colours for 
tags could be followed despite the small number of pixels they occupied with respect 
the arena and fish identities were properly recovered most of the time), the auto-
tracking algorithm still failed in some cases in keeping fish identity when crosses and 
occlusions were produced. Therefore, data from auto-tracking and metrics informing 
of the space-use variability at the individual level were not explored. However, the 
example in https://youtu.be/i5U9Fg3KY-A demonstrates the great progresses achieved 
here. Moreover, I believe that by improving the algorithm (ongoing work) this work 
would greatly benefit and provide further insight on the individual component of 
behavioural variability, on how space-use may relate with other behavioural traits, 
and contribute to a better and more integrative assessment of the behavioural features 
of fish (pre- and post-encounter behaviour) in long-lasting lab conditions.  

Despite the limitations found during the auto-tracking algorithm development, I 
still was able to monitor conventional and widely used metrics for aggressiveness, 
boldness and exploration, to assess the repeatability of behavioral variation, and to 
demonstrate the existence of behavioral syndromes. Here, up to 63 individuals were 
sampled for behavioural tests, with three (for exploration) or four (for aggressiveness and 
boldness) replicates for each individual. Behavioural variance was decomposed into 
within- and between-individuals variances while controlling for any potential 
confounding factors. Adjusted repeatability scores ranged from 0.348 [0.185-0.518] to 
0.743 [0.573-0.866]. Repeatability scores were consistently higher for exploration 
(Table.II.3), suggesting a larger predictability in individual behavior for this trait. All 
repeatability scores were consistent regardless the type of behavioral metric selected 
(count, first and proportion). Given that the estimated repeatability scores were different 
to the expected values from bootstrapping, it can be safely concluded that aggressiveness, 
boldness and exploration form part of the behavioral architecture of S. scriba  as 
personality traits as previously suggested by Alós et al. (2014, 2015b). 

The repeatability scores obtained for S. scriba are within those reported across 
taxa by Bell et al. (2009) who summarized all repeatability scores attained from different 
empirical studies. Although a wide variety of behaviors were reported, the average 

https://youtu.be/i5U9Fg3KY-A


CHAPTER II: Linking behavioural traits with intake rate 
 

85 
 

repeatability across all estimates was 0.37. The repeatability scores estimated for S. scriba 
are similar, for example, to those obtained for the marine fish Amphiprion mccullochi 
(exploration = 0.32 and aggressiveness = 0.5). Interestingly, results showed that 
aggressiveness is negatively affected by the size of the individual. Larger individuals 
presented lower aggressiveness scores, which justifies the inclusion of this variable in the 
estimation procedure. In addition to the adjusted scores of repeatability, personality traits 
like boldness, aggressiveness and exploration usually co-vary resulting in behavioral 
syndromes (Sih et al. 2015), which are certainly widespread in fishes (Conrad et al. 2011). 
The results reported here have shown that more aggressive individuals were bolder and 
more explorative, and that these patterns of covariation were significantly different from 
zero. These behavioral syndromes (whereby the fish most aggressive are the more 
explorative and bold ones) are widely observed across fish taxa (Conrad et al. 2011) and 
their ecological relevance rely in conferring great reproductive and mating success to 
these individuals. For example, Huntingford (1967) revealed in Gasterosteus aculeatus 
that boldness in non-reproductive males is positively associated with aggression during 
the breeding season. Interestingly, comparisons of the bold-aggressive syndrome between 
populations of G. aculeatus have shown that the correlation is most apparent in 
populations that coexist with predators  (Dingemanse et al. 2007). Here, the experimental 
fish came directly from the wild. Therefore, it would be expected that predation risk is 
shaping the bold-aggressive syndrome in S. scriba, which may be additionally modulated 
by a more explorative tendency. To properly disentangle the existence of behavioral 
syndromes, one have to compute the among-individuals paired correlations among traits. 
According to Dingemanse & Dochtermann (2013), for values of repeatability over 0.5 or 
lower values but with four or more replicates by individual, it is possible to reach an 
accuracy of 10% and a power of 0.8 for detecting behavioural syndromes. With the 
experimental settings of this work, the estimated repeatability values were over 0.34, 
which suggests that the results presented here have enough statistical power according to 
Dingemanse & Dochtermann (2013). Therefore, the existence of a general bold-
aggressive-exploratory syndrome is evidenced in wild fish populations of S. scriba. 

The ecological and evolutionary consequences of bold-aggressive-exploratory 
syndrome in S. scriba should be further considered. Some relationships between 
personality related traits with fitness have been suggested (Alós et al 2014, 2015). Here, 
within the conceptual framework of this PhD thesis (Figure.0.1), I aimed to deepen into 
the personality consequences for food intake. Food intake and the consequent energy 
assimilation is a key component in animal functioning when considering energy/mass 
fluxes and balances as proposed in Chapter I. Food intake is a complex phenomenon 
involving many different processes (see the general foraging behavioural scheme by Hart 
(1997)). It starts with the onset of searching for prey and ends with prey consumption. 
Detection, recognition, approach, pursuit, attack, handling and consumption are 
behavioural components determining the intake success after encountering the prey 
(Killen 2011). The functional response Holling type II constitutes  the most common 
model used to mechanistically explain the food intake dynamics (Holling 1959).  
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Only the phenomenological models could be properly fitted in this work. As a 
result, an individual score for feeding behaviour was assigned to each tested fish and the 
relationships of the feeding score with other behavioural traits has been explored. 
However, the model parameters obtained in such a phenomenological approximation 
were not explicative of the mechanisms underpinning the observed variability in feeding 
behaviour, nor insightful about the particularities of the feeding behaviour itself. In fact, 
the estimated feeding scores did not reveal a correlation with the bold-aggressive-
exploratory syndrome observed in S. scriba. The empirical work developed here, 
therefore, failed in supporting the starting working hypothesis of the existence of a 
personality-dependent feeding behaviour in the case-species (Figure.0.1). Nevertheless, 
despite the lack of evidence for a personality-dependent feeding behaviour, and 
accordingly with theoretical expectations, several relevant characteristics of feeding 
behaviour for S. scriba could be detailed. The phenomenological exploration of the raw 
data can corroborate, firstly, that a positive temperature-dependent effect exists on the 
feeding rate, which was an expected outcome for ectotherm animals (Killen 2011). 
Secondly, size-dependent effects on the feeding rate were evident too, which is in 
agreement with the fact that physiological size constrains feeding rate (the bigger the 
individual is, the more food can eat by unit of time). Thirdly, feeding rate showed an 
asymptotic maximum when prey density increased. Density of prey had a slightly 
negative effect on the proportion of prey eaten with respect the available number. Other 
phenomenological models to explore handling time have revealed also a negative effect 
of prey density on it (Okuyama 2012). Both patterns agree with the general expectation 
for a functional response type II (Holling 1959).  

Contrary to phenomenological models, mechanistic models aim to shed light on 
the mechanisms underpinning foraging behaviour, what would have helped in 
disentangling how personality may or not connect with feeding. By considering more 
mechanistic linkages between foraging behaviour, successful attack rate, prey density and 
behavioural traits (which were the main factors explored in the different approaches 
addressed) would help in understanding the connection between different individual 
behavioural features and the energy gain. These mechanisms would eventually underpin 
part of the between-individual differences in LHs. On the one hand, conventional 
functional responses focus on modelling the searching behaviour through the parameter 
a (also called attack rate) in eqn.II.7. I modelled this behavioural trait in Chapter I 
through the dynamics of the movement paramter 휀. In this Chapter, it was suggested that 
personality may lead to differences in encounter rate. For instance, explorative behavior 
is expected to increase food encounter (Alós  et al. 2012). On the other hand, after 
encountering the prey, fish personality could make a difference in the feeding success 
too. In Chapter II, I focused on the post-encounter behaviour of the predator in front of 
different prey densities. Particularly, Chapter II focused on whether inter-individual 
differences in the success of attacking preys existed once the food has been encountered 
and whether these differences correlated with different personality traits (e.g., 
aggressiveness, boldness or even exploration). Therefore, from these experimental 
settings, information on what individuals were more or less successful at finding food 
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cannot be obtained (i.e., individuals were assumed to encounter the food immediately 
since the food entered the aquarium). Unfortunately, results in Chapter II were not as 
insightful as I was expecting for feeding behaviour. I was not able to fit the mechanistic 
models proposed, neither to estimate the conventional parameters for the functional 
response type II (a and h). At this point, I cannot support the hypothesis of personality-
dependent feeding behaviour in the case-study species, but further work considering other 
mechanistic approaches may provide insights into the hypothesised relationship (although 
see Schroeder et al 2016). Several issues can be discussed in this respect.  

An important caveat for further fitting mechanistic models of functional response 
to feeding data of marine fishes is the consideration of the proper experimental duration 
of the trial. Experiment duration can affect parameter estimation for functional responses 
(Li et al. 2018). Here, I performed short-term feeding experiments to get a short-term 
functional response. Contrasting, in long-term experiments, time may be also allocated to 
non-feeding activities (see Mills 1982; Henson & Hallam 1995). Working on a short-time 
scale, instantaneous satiation would reflect the constraint of gut size vs the integrated 
satiation at longer time-scales that would reflect the constraint of digestion rate (Essington 
et al., 2000). From the experiments carried out in this work, the largest number of attacks 
and responsiveness to prey occurred within the first minute. Moreover, as the foraging 
experiments run for a maximum of 10 minutes and with a maximum of 10 prey items, 
there was little opportunity for individual fish to be satiated. Indeed, some fish ate the 
maximum number of available prey (i.e., 10 preys within the 10 minutes). Focusing on 
this short time-scale, I aimed to fit a functional response type II, with the expectation of 
detecting inter-individual differences in any of the paramters and related them with 
differences in behavioural responses focused on the prey. However, MCMC convergence 
failed in most of the cases. Increasing the range of prey density and enlarging the duration 
of the experimental trials could help in reach an asymptote in the relationship between 
prey density and feeding rate and improve the fitting of the model for the functional 
response type II. 

The existence of an upper limit for the predation rate at high prey densities has 
usually been attributed to either handling time or satiation, factors that may be related 
(Jeschke et al. 2002). In most empirical studies, handling time is usually assumed to be 
constant, however it may change with food density, food quality and with satiation 
(Cooper & Anderson 2006). These changes would affect the functional response through 
different mechanisms. For instance, through an indirect effect on encounter rates 
(Okuyama 2009). Reduced handling time likely maximizes number of prey captured after 
encounter before the remaining prey could escape (Cooper & Anderson 2006). In 
addition, handling time may be quite variable for a given prey depending on prey features 
at the individual-level that may lead to variability in the efficiency of different handling 
methods, such as the orientation of prey during swallowing (Cooper & Anderson 2006). 
All these relationships between forager and prey trough handling, satiation, encounter 
rate and quality or density of foragers and prey (or other external factors) together may 
underlie inter-individual differences in feeding rates through interwoven mechanisms. 
Moreover, personality traits could be mediating in these connections and could maintain 
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inter-individual differences trough different processes. For instance, the time wasted in 
unsuccessful attacks can be also included in the handling time (Jeschke et al. 2002) and 
this success rate could be related with some behavioural traits as aggressiveness or 
boldness (Monk & Arlinghaus 2017). However, further work focused on validating these 
hypotheses is needed. 

Additionally, different time-scales are involved in the process of eating and in the 
internal state-dependencies. In Chapter I, I focused on the effects that the internal level 
of energy could have on the space-use behaviour of the individual when focusing on 
foraging behaviour. In this framework, internal energy of reserve could be playing a 
‘memory role’ about the environments recently visited (Higginson et al. 2018). At a 
shorter time scale, the dynamics of the gut content (Lika & Papandroulakis 2005) and 
therefore the hunger level (Nielsen 1999; Scharf 2016) may be affecting the foraging 
behaviour. Several attempts of modelling explicitly the effects of hunger as a trigger of 
the searching behaviour (i.e., as a source of motivation for search) or as a modulator of 
handling time (Jeschke et al. 2002) have been explored to incorporate more detailed 
models for the functional response. This is one of the future directions for improving the 
theoretical framework developed in Chapter I. Moreover, habitat structure may also affect 
foraging behaviour and thus the functional response (Baker 2009). In complex 
environments, we could better assess inter-individual differences in the time until the first 
encounter and in the intake rate in a log-time period. In experimental areas, the presence 
of boundaries may affect both the predator attack behaviour and the prey scape behaviour. 
For example, in the experimental aquaria, some preys aggregated on edges while others 
did not, which created variable spatial distributions within the aquarium between trials. 
This heterogeneity may have affected the ad-hoc analysis for fitting the mechanistic 
model, as I did not account for this context-related effects leading to spatial heterogeneity. 

At this point, the work developed throughout this Chapter demonstrates that 
consistent individual differences in personality traits exist for S. scriba that form a bold-
aggressive-exploratory syndrome. However, the ecological consequences of such 
behavioural syndromes are not related to an increase in feeding success when the 
individual is confronted to prey. Finally, further exploration of the functional response 
and feeding behaviour at the individual level should be addressed by accounting for 
longer time-periods and higher prey densities. A shift of perspective from the short-term 
scale used to a longer time-scale may allow to properly fitting the functional response, 
which may be more insightful in ecological terms. For that, several improvements would 
be required in the experimental design namely: i) to recreate a more ecologically realistic 
environment-e.g., bigger aquarium with more environmental heterogeneity; ii) to increase 
the time period monitored (e.g., daily scale) and to automatize the recordinf of 
behavioural metrics (e.g., automatic high precision tracking devices along with 
accelerometers); and iii) to increase the range of prey density to test.  
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III.1. INTRODUCTION 

How to accurately and precisely measure animal density (i.e., the number of 
animals per unit area) is a long-standing but not fully resolved question (Dénes, Silveira 
& Beissinger 2015). With the recent technological achievements in wildlife video 
recording, managers and ecologists have gained powerful tools for improving terrestrial 
and aquatic wildlife surveys, which typically target animal distribution, abundance or 
behaviour (Burton et al. 2015). For example, unmanned aerial vehicles (UAVs) are 
currently used for a wide range of wildlife monitoring applications (Linchant et al. 2015), 
covering birds (Vas et al. 2015) to terrestrial and aquatic mammals (Martin et al. 2012; 
Hodgson et al. 2016). In aquatic systems, the recent miniaturization and cost reduction of 
underwater video recording devices and the installation of cabled video observatories 
have broadened the remote, long-term and high-frequency monitoring of fish and their 
environments (Aguzzi et al., 2015; Matabos et al. 2015). An additional advantage of 
camera devices is the minimization of wildlife disturbance (Assis et al. 2013; Vas et al. 
2015) and researcher risk linked to surveying under difficult conditions and in hard-to-
reach populations or areas (Martin et al. 2012; Hodgson et al. 2016; Goebel et al. 2015). 
Overall, changing from conventional survey methods (e.g., physical mark-and-recapture 
surveys, visual censuses, trammel-net surveys, etc.) to camera-based wildlife assessment 
may represent a paradigm change in the current technological era. For example, photo-
identification (Moya et al. 2015) may become the input for spatial capture-recapture 
models (Chandler & Royle 2013). Concerning marine wildlife assessment, conventional 
methods (e.g., underwater visual census) are currently being complemented with data 
from underwater cameras (see Mallet and Pelletier (2014) for a review).  

The technological advances in wildlife imaging have opened at least two new 
challenges and opportunities: developing novel algorithms for data mining and automated 
image interpretation (Aguzzi et al. 2015, Boom et al. 2014, Díaz-Gil et al. 2017;  
reviewed in Dell et al. 2014) and fostering theoretical links between the patterns depicted 
by cameras and absolute animal density. Here, I focus on this second challenge because 
there continues to be debate on which method and camera metric should be preferred. 
Most of the proposed methods can be classified into two broad categories: empirical 
approaches that aim to correlate a given camera metric with independent estimates of 
density (e.g., Pelletier et al. 2011; Bacheler et al. 2013; Schobernd et al. 2014; Campbell 
et al. 2015) and theoretical approaches that exploit different model-derived expectations 
regarding how animals move and thus how they are expected to intercept a camera (e.g., 
Rowcliffe et al. 2008; Keeping & Pelletier 2014; Boschetti & Vanderklift 2015; Lucas et 
al. 2015).  

Most of the theoretical contributions are based on the encounter concept, which 
is defined as any non-instantaneous event during which an animal is continuously 
detected by a camera. The encounter rate (i.e., the number of encounters per unit time) 
depends not only on the animal density but also on the way the animal moves (Hutchinson 
& Waser 2007; Rowcliffe et al. 2008; Glennie, Buckland & Thomas 2015). This 
dependency imposes severe difficulties in practice. For example, the definition and 
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measurement of speed is an elusive topic (e.g., average measures of foraging, maximum, 
critical or cruising speed by telemetry, forced swim tests, camera traps or GPS telemetry, 
among others), and accurate and standardized data on animal speed are relatively scarce. 
This scarcity is particularly apparent among aquatic animals (Boschetti & Vanderklift 
2015), although see Hussey et al. (2015) for improvements. 

Fortunately, the speed dependency of encounters may be circumvented using an 
alternative metric: the association (Hutchinson & Waser 2007), which is defined as the 
number of ongoing occurrences within a given area and at a given instant. In terms of a 
camera survey, this metric may be translated as the number of animals counted within a 
given area in a given frame. According to Hutchinson & Waser (2007), the absolute 
animal density can be properly estimated from the averaged counts across n independent 
frames divided by the area actually surveyed by the camera, under the assumption that 
animal density is stationary at a given temporal and spatial scale. This unexpectedly 
simple postulate may seem quite counter-intuitive for most ecologists and managers when 
considering the pros and cons of implementing a camera-based wildlife monitoring 
program because most methods are typically concerned with counting the same individual 
more than once (Ward-Paige, Mills Flemming & Lotze 2010; Campbell et al. 2015). This 
assessment is reinforced by the fact that many animals remain within a given area or home 
range (hereafter HR) most of the time, which is usually smaller than the extent of suitable 
habitat (Börger et al. 2008; Kie et al. 2010; Owen-Smith & Martin 2015; Tao et al. 2016). 
Certainly, in these cases, the probability of counting the same animal in several frames is 
non-negligible. This property is actually exploited in spatial capture-recapture models 
that explicitly require the detection of the same individual more than once and in more 
than one site (Chandler & Royle 2013).   

In order to reconcile such skepticism, this work aims to demonstrate that animal 
density can be effectively estimated from animal counts averaged across several frames 
of a video survey if the probability density function of finding an animal in a given 
location is stationary, which is exactly the case for animals displaying home range (HR) 
behaviour. To achieve this objective, I first introduce the movement model that describes 
a HR pattern of space occupancy with radial symmetry described in Chapter I. Second, I 
generalize the Hutchinson-Waser’s postulate for any movement model leading to a HR 
pattern of space occupancy. Finally, several computer simulation experiments consisting 
of moving animals according to realistic (empirically estimated) movement parameters 
in an arena of known density are implemented, which allowed to assess the reliability of 
the method for obtaining accurate and precise density estimates after a sensible sampling 
effort (i.e., number of cameras and deployment time). Sensibility analyses are completed 
using six well-contrasted animal archetypes that were selected across taxa according to a 
number of variables that beforehand were presumed to affect the accuracy and precision 
of absolute density estimates from video surveys (body mass, size of the HR, speed and 
density). The limits of the method and the suitability of the implicit assumptions are 
discussed. This Chapter will provide a concrete example on how the movement model of 
HR behaviour developed in Chapter I may be applied whithin an ecological context. 
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III.2. MATERIALS AND METHODS 

III.2.1. HR space occupancy pattern as described by a Langevin process 

Here I have considered the BRW model described in Chapter I. Nevertheless, the 
derivation of the expected number of animals counted in a given frame (see below) is 
general for any movement model that results in a HR pattern. The numerical 
approximation of eqn.III.1 (Chapter I) to the real trajectory sampled with a finite time 
step, ∆t, can be described according to Alós et al. (2016) by: 

𝑟n+1 = 𝑟c + е
−γ∆t(𝑟n − 𝑟c) + �⃗⃗�n      

           eqn.III.1  

where 𝑟n denotes the position of the animal at time 𝑡n = 𝑛∆𝑡 (n being an integer), 𝑟c is 
the position of the center of the HR, 𝛾 is the central harmonic constant force attracting the 
animal toward 𝑟c (eqn.I.1), and �⃗⃗�n is a stochastic term, normally distributed with zero 
mean and standard deviation in each dimension approximated according to Palmer et al. 
(2011) by: 

 𝜎 = √
𝜀(1−е−2γ∆t)

2𝛾
   

           eqn.III.2 

where ε is the variance of  𝜉 ⃗⃗⃗ in eqn.I.1 (Chapter I). 

Parameters 𝛾 and ε may be seem difficult to interpret on the biological side; 
however, two biologically interpretable parameters (radius and speed) can be derived 
from BRW model in eqn.I.1. In its stationary state, after a time-period large enough to 
reach an asymptote in the cumulative space explored, the stationary spatial pattern that 
emerges from this model is a circular HR with radius 𝐻𝑅𝑟 (i.e., area within which an 
animal has a 95% probability of being found when a large period of time is considered). 
As I showed in eqn.I.2 (Chapter I),  𝐻𝑅𝑟  can be approximated according to  Palmer et 
al. (2011) by: 

 𝐻𝑅𝑟 = √−
𝜀

𝛾
ln(1 − 0.95) ∝

𝜀

𝛾
  

           eqn.III.3 
Similarly, speed can be defined as the square root of the averaged squared distance 

travelled from n to n+1: 

𝑣 =
1

∆𝑡
 √< |𝑟n+1 − 𝑟n|2 >=

1

∆𝑡
√휀

1−е−2γ∆t

𝛾
  

           eqn.III.4 
Note, however, that eqn.III.1 will be a reasonable discrete approximation of the 

space use pattern whenever the product 𝛾·Δt is small enough (e.g., 0.1). In that case, 

𝑠𝑝𝑒𝑒𝑑 =
𝛾

0.1
√휀

1−e−0.2

𝛾
= √휀𝛾

1−e−0.2

0.12
 ≈ √휀𝛾  

           eqn.III.5 



CHAPTER III: Estimating density of animals with home range 
 

93 
 

III.2.2. Derivation of Hutchinson-Waser’s postulate for any animal displaying 
HR behaviour 

The Hutchinson-Waser’s postulate is derived according to the following 
assumptions:     

(i) A given camera detects (detection probability = 1) any animal within an area 
measured with negligible error (detection area).  

(ii) Animals move independently from one another.  
(iii) Animals display a HR space occupancy pattern, and the HR centres are 

randomly and homogeneously distributed.  

The third assumption is particularly relevant. Note that strictly speaking, animal 
density is time-varying when it is naively (i.e., wrongly) defined as the number of 
individuals counted in a given area and at a given moment because animals move, and 
some of them may be continuously entering or exiting the area considered. However, 
when animals display HR behaviour, a stationary probability density function, 𝑃st (𝑟| 𝑟c), 
of finding the animal at the position 𝑟 exists, provided that the HR centre is located at 𝑟c 
(Dubkov & Spagnolo 2007). This fact implies that under assumption (iii), animal density 
(hereinafter, the density of the HR centres) is stationary at the spatial and temporal scales 
of the measurement period. In fact, the existence of 𝑃st is independent of the nature of the 
stochastic term, 𝜉(𝑡), in eqn.I.1 and guarantees that the underlying dynamic system is 
ergodic. Ergodicity ensures the equivalence of constructing 𝑃st either by recording over 
infinite time the positions of a single animal or by averaging over space the positions of 
infinite (identical, in terms of HR size, HR centre and exploration rate) animals. 

When assumptions (i) and (ii) are met and 𝑃st exists, the probability 𝜋(𝑟c) that the 
camera (located at the origin for the sake of simplicity) detects an animal having its HR 
centre at 𝑟c is given by the probability density that the individual is located at 
𝑟, conditional to the probability that the HR centre of this individual is at 𝑟c , (𝑃st (𝑟| 𝑟c)), 
times the probability density of detection of the individual located at 𝑟, 𝑃d(𝑟), integrated 
over the detection area, Z, of the camera: 

𝜋(𝑟c⃗⃗⃗) = ∫ 𝑃d(𝑟)𝑃st(𝑟|𝑟c)d𝑟
 

Z
   

           eqn.III.6 
Thus, the number of animals per frame that the camera detects is given by a 

Poisson distribution with mean: 

< 𝑁obs > =   ∫ 𝐷(𝑟c)𝜋(𝑟c)∞
d𝑟c  

           eqn.III.7 

where 𝐷(𝑟c) denotes the density of the HR centres and the surface integral over 𝑟c extends 
to the whole space. In the specific case of a homogeneous distribution (assumption iii), 
and since 𝑃st(𝑟| 𝑟c) = 𝑃𝑠𝑡(𝑟 − 𝑟c), the integral over 𝑟c yields 1, hence, 

< 𝑁obs > = 𝐷 ∫ ∫ 𝑃d(𝑟) 𝑃st(𝑟| 𝑟c) d𝑟
 

Z∞
d𝑟c = 𝐷∫ 𝑃d(𝑟) d𝑟 ⃗⃗⃗ = 𝐷𝑍

 

Z
    

           eqn.III.8 
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where Z is the detection area of the camera where 𝑃d(𝑟) is one. Thus, the observed 
number of counts in a given frame of the camera will be Poisson-distributed with 
characteristic parameter= < 𝑁obs > . 

This derivation can be extended to the case where multiple cameras are deployed 
to allow between-camera variability to accommodate some environmental variations or 
patchiness (i.e., the sites where cameras are deployed may display environmental 
differences, which may translate into differences in animal densities). In that case, the 
observed number of counts in frame i of camera j (𝑁ij) is assumed to be Poisson-
distributed around a mean of 𝜆j. At an upper level, the log-transformed values of 𝜆j are 
assumed to be normally distributed around a general mean of µ with a standard deviation 
of sd (i.e., cameras are considered as a random factor):  

𝑁ij ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆j)         
 log(𝜆j) =  𝜇 + 𝛿j 
 𝛿j ~ 𝑁𝑜𝑟𝑚𝑎𝑙 (0, 𝑠𝑑) 
 𝐷 = 𝑒μ/𝜋𝐿2 
           eqn.III.9 
where D is the density of the HR centres, L is the radius of the detection area of the 
camera, and 𝑠𝑑 is the standard deviation of the between-camera differences (𝛿j). 
Therefore, the averaged density across cameras and its variance can be derived from the 
model parameters.   

III.2.3. Reliability and applicability of the method across taxa 

Computer simulation experiments have been conducted to explore the reliability 
and sensitivity of the proposed derivation (in terms of accuracy and precision), and its 
usefulness and limitations (in terms of applicability to realistic scenarios). Conventional 
sensibility analysis implies to explore the effects of any combination of the involved 
variables. Here, provided the large number of variables potentially involved in affecting 
the quality of density estimates and the fact that most of them are correlated (see below), 
instead of exploring the full universe of combinations of the range of possible values for 
each of the considered variables, only a few number of them representing well-
differentiated animal archetypes were selected. Archetypes were defined aiming to 
identify the key biological features of a given animal that may affect the quality of the 
estimates. Therefore, the pattern depicted in the results section should be interpreted as 
general guide since the archetypes are only defined by the selected variables and other 
species-specific characteristics are ignored (see more discussion below). 

III.2.3.1. Selecting different animal archetypes   

A comprehensive search was conducted using Google Scholar and Web of 
Science to compile species of any taxa for which data on four variables that beforehand 
were presumed to affect the quality of density estimates (density, body mass, speed and 
HR size) were available. Different combinations of keywords (HR, biomass, density, 
abundance, movement, speed and velocity) were used. The list of any reference resulting 
from this primary search was in turn checked to identify additional data. Finally, when 
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information for one of the four variables was lacking for a given species, an additional 
search was completed with the species name as a keyword. Whenever possible, details of 
the method used to measure speed and density were recorded since they include different 
sources of bias, although I use the reported data irrespective of the method. 

To select well-differentiated archetypes, a principal component analysis (PCA) 
was conducted to density, body mass, speed and HR size using the rda function as 
implemented in the vegan package (Oksanen et al. 2016) of the R software. All variables 
were log-transformed and scaled to have unit variance prior to the PCA.  

III.2.3.2. Simulation settings 

Invariant settings were preferred to facilitate the archetype comparisons. 
Accordingly, the radius of the circular area within which any animal is detected (camera 
radius) was defined in a way that, on average, m animals per frame are counted:  

𝑐𝑎𝑚𝑒𝑟𝑎 𝑟𝑎𝑑𝑖𝑢𝑠 =  √
𝑚

𝜋 𝐷
    

           eqn.III.10  
where D is the actual animal density of a given archetype. 

A virtual camera was set at the centre of a squared scenario with side defined as: 

𝑠𝑖𝑑𝑒 =  2 𝑐𝑎𝑚𝑒𝑟𝑎 𝑟𝑎𝑑𝑖𝑢𝑠 + 2 𝑅𝑎𝑑𝑖𝑢𝑠    
           eqn.III.11 
where Radius is the radius of the HR. The rationale of defining such a buffer (2*Radius) 
is that an animal with its HR centre outside the scenario considered (and thus not included 
in the simulation settings) has a negligible probability of being detected by the camera. 
The number of animals to be moved within such a scenario is given by side2·D. 

The HR centres of the simulated animals were randomly distributed within the 
virtual scenario (arena), and each animal was moved according to eqn.III.1. The 
movement parameters 𝛾 and ε were estimated (eqn.III.3 and eqn.III.4) using the data 
compiled as described above. Product ∆t·𝛾 was set to 0.1 to ensure negligible error related 
to the discretization of the movement equation (eqn.III.1). Note that this causes the time 
step, ∆t, to be scale invariant. Ten cameras were set in each simulation experiment. The 
positions of all simulated animals were actualized at each of 300 time steps. The number 
of animals within the area detected by the camera was recorded every 5 time steps from 
the 5th through the 300th time step (i.e., up to 60 frames per simulation experiment). 
Temporal autocorrelation in the counts of the same camera was tested with the acf 
function in the R program (http://www.r-project.org/). Up to 15 independent simulation 
experiments (i.e., a new set of animals was created and moved in a new scenario) were 
replicated for each archetype. For each of these 90 experiments, the obtained dataset was 
a matrix of 60 rows (i.e., count of animals detected per frame in 60 frames) and 10 
columns (cameras). 
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III.2.3.3. Estimating animal density 

Animal density was estimated by a Bayesian implementation of eqn.III.9 using the 
jags function from the R2jags package (Su & Yajima 2015). A uniform prior between -
30 and 30 was set for µ, which translates into densities between 9.3×10-14 and 1.1×1013. 
A gamma-distributed prior with shape = 0.001 and rate = 0.001 were set for tolerance, 
which is the squared inverse of sd (eqn.III.9). For each dataset, five Markov chain Monte 
Carlo (MCMC) simulations were run. 12,000 posterior samples were drawn, discarded 
the initial 2,000 iterations (burning period), and one out of 50 of the remaining iterations 
were kept to prevent autocorrelation (thinning strategy). The convergence of the MCMC 
chains was assessed by visual inspection of the chains and was tested using the Gelman-
Rubin statistic (Plummer et al. 2006). A threshold value of 1.1 or less was assumed to 
suggest convergence (Gelman et al. 2013).  

III.2.3.4. Accuracy and precision of density estimates  

Generally, the usefulness and applicability of any method depends on the effort 
needed to achieve a target accuracy and precision. Here, the effort can be expressed as 
the number of cameras and/or the deployment time. Accordingly, each of the 90 simulated 
datasets (i.e., the count of animals detected per frame in 60 frames of 10 cameras) was 
submitted to 60 analyses (i.e., the ith analysis included the first frame to the ith frame). 
Therefore, a total number of 5,400 analyses was completed (6 archetypes, 15 independent 
simulations and 60 analyses per simulation). 

Accuracy refers to how close an estimated parameter is to the true value. Here, it 
was defined as the scaled root mean squared error (SRMSE; Walther & Moore, 2005): 

𝑆𝑅𝑀𝑆𝐸 =
1

𝐷
√
1

𝑛
∑ (𝐸j −𝐷)

2n
j=1  ,  

           eqn.III.12 
where D was the true density, 𝐸jwas the median of the Bayesian posterior distribution, 
and n was the number of replicates (n = 15). 

Precision refers to the variability around the parameter estimate. Here, it was 
defined by the coefficient of variation (CV), which provides a scaled measure of precision, 
thus allowing a mean-independent comparison between archetypes (Walther & Moore 
2005): 

𝐶𝑉 =
100∙𝑆𝐷

�̅�
 ,  

           eqn.III.13 
where SD refers to the standard deviation, and �̅� refers to the mean of the medians of the 
posterior distributions of the 15 replicated simulation experiments.  

Finally, coverage was assessed by the percentage of analyses for which the 95% 
Bayesian credibility interval (BCI) of the posterior distribution of the density estimate 
included the true value. A custom script in R was used for the full implementation 
(Appendix III.A.). Furthermore, an additional simulation experiment was completed for 
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assessing accuracy and precision when density is not spatially homogeneous (assumption 
iii) but patchy (see Appendix III.B.). 

III.3. RESULTS 

III.3.1. Selected archetypes and simulation experiments 

Nearly a thousand references (n = 980) provided data for at least two of the 
variables that beforehand were presumed to affect  the quality of density estimates 
(density, body mass, speed and HR size), but data for all these variables were available 
for only 41 species  (see Data Repository at Campos-Candela et al. (2017)). The 
correlation patterns between these variables were remarkable (Figure.III.1);  further, the 
first two PCA axes explained 90% of the total variability (Figure.III.2) and revealed two 
independent patterns: PC1 (explaining 64.0% of the variance) was well correlated with 
density, HR size and biomass, and PC2 (explaining 25.6% of the variance) was well 
correlated with speed. 

 
Figure.III.1 Bivariate correlations between densities, body mass, speed and HR size. 

Based on these two independent axes, six well-contrasted archetypes were 
selected by visual inspection. The features of the archetypes were assigned from a 
freshwater fish (Campostoma anomalum; Rafinesque, 1820), a marine fish (Chaetodon 
baronessa; Cuvier 1829), a marine mammal (Monodon monoceros; Linnaeus, 1758), a 
bird species (Brachyramphus marmoratus; Gmelin, 1789), a terrestrial mammal (Alces 
alces; Linnaeus, 1758) and a terrestrial reptile (Testudo graeca; Linnaeus, 1758). 
Hereafter we refer them as freshwater fish-based (F/F-arch), marine fish-based (M/F-
arch), marine mammal-based (M/M-arch), seabird-based (M/B-arch), terrestrial 
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mammal-based (T/M-arch) and terrestrial reptile-based (T/R-arch) archetypes, 
respectively.  

 
Figure.III.2 Bi-plot of the principal component analysis (PCA) performed with four variables: HR size (km2), 
speed (m/s), biomass (g) and density (animals/km2). Variables are plotted as vectors, and the angle between them can 
be interpreted as the bivariate correlation in the multivariate space. The first two PCA components explained 89.6% of 
the total variance. The dataset was composed of 43 species: birds (n = 6), freshwater (n = 8) and marine (n = 12) fish, 
marine (n = 3) and terrestrial (n = 10) mammals and marine (n = 3) and terrestrial (n = 1) reptiles. Figures correspond 
to selected archetypes for simulation analyses. 

The movement parameters for a BRW (𝛾, ε, and ∆t in eqn.III.1) of these archetypes 
were estimated (eqn.III.3 and eqn.III.4) from the values of speed and HR size reported in 
Table.III.1. Reliable values of camera radius (in relation to body mass) were obtained, 
ranging from 0.36 m to 630.8 m with m = 0.5 (eqn.III.10). However, in the specific case 
of the M/F-arch, the archetype with the smallest HR size, we fixed the mean number of 
counts per camera up to 1.5 to increase the number of animals to be simulated (Table.III.1). 

Table.III.1 Input data, simulation features and estimated movement parameters for the selected archetypes. 
S/G-arch refers to the code for each archetype including the system (S) in which animals live: marine (M), freshwater 
(F) or terrestrial (T); and the group (G) animals belong: birds (B), fish (F), mammals (M) and reptiles (R). BM: biomass 
(g), HR: area of the HR (km2), D: density (animals/km2) and S: speed (m/s) were obtained from the literature (Campos-
Candela et al. 2017). Simulation features: DR: detection radius of the camera (m); SEA: size of the scenario (km2); N: 
number of simulated animals; and P: minimum ∆t steps between consecutive frames to avoid temporal autocorrelation. 
The movement parameters (𝛾, ε and ∆t) were estimated from HR and S. 
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III.3.2. Assessing the success of density estimates 

After completing 5,400 analyses of the data from 90 simulation experiments, more 
than 90% of the BCIs included the true value irrespective of the sampling effort and 
archetype, suggesting the proper retrieving of the density (Figure.III.3, Table.III.2).  

 
Figure.III.3. Estimated density with increasing sampling effort (number of frames analysed by 10 cameras). 
Mean values (black points) and 95% BCIs of the medians from 15 posterior distributions of the density estimates. The 
red line corresponds to the true value, and the blue line indicates bias. Vertical axes are not scaled.  

The general statement that accuracy and precision improve with an increase in 
sampling effort was supported in five out of the six archetypes (Figure.III.3), but their 
densities were slightly underestimated. In those five cases, the averaged estimates of 
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animal density did not show any substantial improvement after 1000-1500 frames. 
However, provided that the frame rate was archetype-specific, such a threshold implied 
different deployment times (Table.III.2). For example, for M/M-arch, accuracy improved 
81% from low (50 frames, 14 hours of deployment time) to moderate sampling effort 
(1500 frames, 17 days) but only 15% from moderate to high sampling effort (3000 frames, 
35 days). The figures for precision were similar (86% and 16%, respectively, Table.III.2).  

 
Table.III.2 Accuracy (SRMSE), precision (CV%) and coverage (proportion of 95% BCIs including the true 
density value) for the selected archetypes. Accuracy and precision are referred to as the medians of the Bayesian 
posterior distributions. Three levels of sampling effort (number of frames obtained in total by ten cameras) are shown. 
Sampling time refers to the archetype-specific time-period needed by a camera to obtain the number of frames 
indicated. Archetypes are ordered by accuracy. 

  Number 
of frames 

Sampling time 
(hours) 

Accuracy: 
SRMSE 

Precision: 
CV% 

Coverage 

M/M-arch      

  50 14.14 0.195 20.5 1± 0 
  1500 424.25 0.044 2.87 1± 0 
  3000 848.51 0.037 2.40 0.87± 0.35 

M/B-arch      
  50 0.10 0.180 18.8 1± 0 
  1500 2.88 0.052 4.93 0.93± 0.26 
  3000 5.77 0.043 3.40 0.87± 0.35 

T/R-arch      
  50 217.78 0.206 18.1 0.93± 0.26 
  1500 6,533.35 0.056 5.75 1± 0 
  3000 13,066.70 0.048 4.90 1± 0 

T/M-arch      
  50 258.26 0.208 20.8 1± 0 
  1500 7,747.81 0.058 5.92 0.93± 0.26 
  3000 15,495.63 0.058 5.88 0.93± 0.26 

F/F-arch      
  50 0.02 0.275 28.9 0.80±0.41 
  1500 0.54 0.079 7.78 0.80±0.41 
  3000 1.09 0.062 5.90 0.93± 0.26 

M/F-arch      
  50 0.04 0.256 22.0 0.87± 0.35 
  1500 1.24 0.270 28.4 0.87± 0.35 
  3000 2.48 0.264 27.5 0.80±0.41 

 
 
When 10 cameras were deployed, the number of frames needed to reach a 

threshold of 10% accuracy ranged between 100 and 350 frames (Figure.III.4.a), which 
corresponded to deployment times ranging from 5 min to 75 days for each of the cameras, 
and depending on the archetype (Figure.III.4.b). After ranking the archetypes based on 
increasing deployment times, for F/F-arch, 9.3% accuracy and 10% precision were 
reached after 5 min 24 sec (250 frames); for M/B-arch, 9.6% accuracy and 9.7% precision 
were reached after 28.8 min (250 frames); for M/M-arch, 9.0% accuracy and 9.3% 
precision were reached after 28 hours 17 min (100 frames); for T/R-arch, 6.4% accuracy 
and 6.6% precision were reached after 54 days 10 hours 42 min (300 frames); for T/M-
arch, 8.6% accuracy and 8.4% precision were reached after 75 days 7 hours 48 min (350 
frames). When a high effort level was considered (i.e., 3000 frames or from 1 hour for 
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F/F-arch up to 1.7 years to T/M-arch), the SRMSE was under 6.5% for all species, with 
the exception of the M/F-arch. 

 

 
Figure.III.4. Log-transformed scaled root mean squared error (SRMSE) of density estimates and linear fit lines 
with increasing sampling effort: frames analysed by 10 cameras (panel a) and deployment time for each camera 
(panel b). Black dotted and continuous lines correspond to threshold values of 10% and 5% of the SRMSE, respectively. 

 
Accuracy and precision improved at different rates depending on the archetype 

because they crucially depended on how well the stationary distribution was reached at a 
given temporal scale. The more time a species took in exploring a relevant fraction of its 
HR, the more sampling time was needed to reach a target quality for the density estimates. 
A greater sampling effort was needed either when animals moved slowly (e.g., T/R-arch) 
or HR sizes were large in relation to the exploration rate (e.g., M/M-arch and T/M-arch) 
(Figure.III.4.b). 

The case of the M/F-arch broke this general pattern. This species never reached a 
10% error threshold for accuracy nor improved accuracy and precision after increasing 
the sampling effort (Figure.III.4, Table.III.2). Likewise, the BCI of the posterior distribution 
was skewed in all cases (approximately 20% of the BCIs were below the true value; 
Table.III.2). A plausible explanation for such a bias is discussed below. 
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Finally, it is noteworthy that the Bayesian approach proposed here is still precise 
and accurate even in the cases of spatial patchiness, whenever cameras are deployed 
beyond a distance ensuring the absence of spatial autocorrelation (Appendix III.B.). 

III.4. DISCUSSION 

A generalization of the Hutchinson-Waser’s postulate has been proposed here to 
estimate animal densities using terrestrial or underwater cameras (i.e., counts per frame) 
in species behaving according to the widely observed spatial behaviour that lead to the 
establishment of a HR area. The accuracy and precision reached for the density estimates 
after an affordable sampling effort provide further insight into the potential and 
comprehensiveness of the method. The results of the simulation experiments suggested 
that it would be sufficient to count animals in a few hundred frames adequately spaced in 
time to provide density estimates with SRMSEs smaller than 10%. In contrast, the optimal 
time the cameras should be deployed (i.e., the optimal rate at which the frames should be 
counted) is species-dependent. For ten cameras, less than an hour of sampling (i.e., 
approximately 250 frames) was necessary for fish and bird-based archetypes, but more 
than 24 hours (i.e., between 100-350 frames) was needed for archetypes with larger HR 
areas, for which the time to cover the full HR area may range from a fortnight to more 
than one year (Table.III.2). The best estimates in terms of both accuracy and precision 
were obtained for animals with high densities, small HRs in relation to the exploration 
rate and large body mass.  

Overall, the results from the Bayesian implementation of the model demonstrate 
that density can be precisely and accurately estimated after an affordable sampling effort, 
but generally, the faster the animal covers its HR area, the less sampling time is needed. 
Nevertheless, some of the archetype-specific results should be interpreted with caution. 
For instance, in the case of the M/B-arch, density was accurately estimated after a very 
short survey time, which is related with its large speed and relatively small HR 
(Table.III.1). The speed value used in the simulation experiments has a relevant impact in 
the time needed for exploring a relevant fraction of the HR, thus a better reconstruction 
of the stationary probability can be obtained with smaller sampling effort for faster 
animals. However, speed definition is elusive and its magnitude is neither easily nor 
precisely estimated. Therefore, the patterns depicted in Figure.III.3 and Figure.III.4 are 
suggesting a general guidance but species-specificities may modify the predicted effort 
needed for attaining a desired accuracy and precision. Hence, the relationship between 
the optimal sampling design (i.e., the optimal number of cameras, number of frames per 
camera and deployment time) and the space occupancy pattern of the animal may be 
complex. Therefore, it is strongly recommended to complete a pilot study (i.e., case-
specific simulation experiments) including both, species-specificities and case-related 
constraints (e.g., budget available or technological limitations of the cameras) to assess 
whether the optimal settings are fulfilling or not the objectives in terms of expected 
accuracy and precision. For this purpose, R code in Appendix III.A. can be easily adapted. 
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It should be noted, that a slightly systematic underestimation of the true density 
was detected in all simulations (Figure.III.3). This bias may actually be an outcome of the 
simulation features instead of a methodological limitation. During the simulations, the 
virtual populations are bounded in the virtual scenario by the effective sampling area 
(eqn.III.11), and simulated animals could therefore move from inside the area to outside 
but not vice versa, leading to the aforementioned bias. 

In spite of these uncertainties, the method proposed here has several advantages 
when comparing with increasingly popular video survey methods based on distilling 
metrics as N-max (i.e., maximum number of animals in a given frame) as a proxy of 
abundance (Schobernd et al. 2014). From the conceptual side, the method proposed here 
provides an estimate for the absolute density, in contrast to the relative density provided 
by those alternative methods. In addition, animals must be only counted in a subsample 
of frames while for N-max a full video must be analysed, which may represent a relevant 
difference in the time needed for processing the videos. Metrics as N-max are justified by 
the fact that they guaranties that the same animal is not recounted. Counting the same 
animal twice or even more times is a problem for non-instantaneous estimation methods 
developed for video surveys (Ward-Paige et al. 2010; Campbell et al. 2015). However, 
recounting does not imply any bias for the method proposed here. When animals move 
according to a HR space occupancy pattern, there exists a stationary probability density 
function of finding a given animal at a given position. Although we have focused on the 
particular case of the BRW (Börger et al. 2008), the same rationale may be extended to 
any other potential field and form of the stochastic term that renders a confined pattern of 
space use. Contrasting, mark-recapture methods, which are based on a completely 
different rationale, incorporate repeated identification of the same individuals (e.g., 
Efford 2004; Royle & Young 2008). Spatial explicit capture-recapture models aim to 
estimate the detection probability of any given animal, and that detectability can be 
disentangled from demographic processes (e.g. emigration/mortality and 
immigration/birth) given the history of captures (i.e., detections) of any given animal 
(Chandler & Royle 2013). Certainly, our approach focuses in estimating animal density 
only. However, demographic rates could still be estimable by nesting the method 
proposed here into frameworks like those developed by fisheries assessment (Hilborn & 
Walters 1992). 

Another advantage of the method proposed here is that animal density can be 
estimated in a single visit to the sampled area. Simulation experiments were performed 
with a subsample of evenly distributed frames, being a convenience choice to facilitate 
the evaluation of temporal autocorrelation between frames. However, it may be any 
random subsample of the frames, after previously ensuring a safe between-frame period 
with temporal independence. Therefore, data from conventional camera trapping (i.e., 
camera is activated when an animal is present) can be easily adapted to this method. The 
benefit of motion-triggered camera surveys is that sampling time can be extended over 
longer periods of time and the resulting data can be broken down in smaller sampling 
units for analysis (Burton et al. 2015). Hence, the number of “0” data will be high but 
expected and with enough time the stationary probability density function of HR centres 
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will be recovered. Certainly, other approaches can also obtain data from a single visit to 
the sampled location. For example, abundance can be inferred from occupancy models, 
which are primarily concerned with distribution (i.e., presence/absence), but in those 
cases individuals must be identified (recounting is a severe concern for the method; Royle 
2004; Guillera-Arroita 2017), and repeat surveys within the single visit are required 
(Marques et al. 2017).  

Another advantage of the proposed method is that, neither stringent assumptions 
nor precise data on movement features are needed to estimate densities (but to define the 
optimal sampling settings some rough idea is required, Appendix III.A.). When using 
wildlife video recording methods, specific models that relate animal density with 
encounter rates have been widely considered: the random encounter model (REM), 
derived from ideal gas models (Hutchinson & Waser 2007), and a closely related 
approach based on the Formozov-Malyshev-Pereleshin (FMP) formula (Stephens et al. 
2006; Keeping & Pelletier 2014), for which animal speed is assumed to be known 
(Rowcliffe et al. 2008; Cusack et al. 2015). A drawback of the REM and FMP is the non-
instantaneous nature of encounters, which account for the speed-related bias (Ward-Paige 
et al. 2010). Also, based on the encounter rates (i.e., detections are equivalent to 
encounters), distance sampling methods record distances from the observation point 
(typically line transects) to any detected animal (Buckland et al. 2001) and claim 
reasonable accuracy only if animals move at less than half the speed of the observer 
(Ward-Paige et al. 2010). Thus, in general, encounter-related methods are highly 
dependent on the assumptions on how animals move (Rowcliffe et al. 2008; Keeping & 
Pelletier 2014; Glennie et al. 2015; Cusack et al. 2015). Different alternatives for 
circumventing this problem have been proposed (Hutchinson & Waser 2007; Ward-Paige 
et al. 2010; Lucas et al. 2015). In some cases (e.g., line transects and camera traps), the 
encounter rate has been directly assumed to be a proxy for animal abundance (Marsden 
et al. 2016); in others, some assumptions are made regarding the movement pattern 
(Boschetti & Vanderklift 2015). In contrast, the raw input for the method proposed here 
consists of instantaneous observations (e.g., frames from a video survey) that are not 
directly affected by speed (Hutchinson & Waser 2007). Nevertheless, accuracy and 
precision depend indirectly on movement features when sampling effort is constant. As 
stated before, HR behaviour is the result of a dynamic process in space and time (Börger 
et al. 2008); thus, species-specific sampling times are needed to successfully fit the 
stationary probability density function of finding an animal at a given position. 

Some limitations of the method proposed here are related with departures from 
the implicit assumptions. Concerning the first assumption (i.e., the probability of 
detection is one), density estimation can be biased when imperfect detectability is not 
accounted for. When detection probability is known with high precision, robust density 
estimates will be obtained after changing λ (averaged counts) by pλ in eqn.III.9 (i.e., Nij ~ 
Poisson (p·λj)), where p is the detection probability. However when p is known with some 
uncertainty, such uncertainty should be properly propagated, which deserves further 
derivations out of the scope of this contribution (Follana-Berná, et al., submitted). 
Imperfect detectability may be related with technical limitations of the camera (e.g., 
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resolution in pixels, detection zone, trigger speed, etc.), object properties (e.g., animal 
size, crypsis) or environmental heterogeneity. In practice, the combination of all those 
factors will define a case-specific optimal sampling area (Rovero et al. 2013) and 
preliminary trials are highly advisable to fit the technical limitations of the camera, the 
species specificities and the area actually surveyed (e.g., Martin et al. 2012). For example, 
it is expected that bigger animals could be efficiently detected and sampled using a bigger 
detection area of the camera. Similarly, common sense suggests maximizing the area 
surveyed at lower densities. On the other hand, partial detectability due to environmental 
factors (e.g., plant cover or 3D environmental heterogeneity, turbidity of waters (Hannah 
& Blume 2016) or fog, etc.) could be solved by incorporating covariate effects on a 
detection probability function (Dénes et al. 2015). Those covariate effects has been 
successfully implemented in other approaches (MacKenzie et al. 2002; Fewster et al. 
2009; Joseph et al. 2009). Concerning the second assumption (i.e., animals move 
independently from one another), when animals do not move independently (e.g., shoals 
or herds), density estimates should be referred to groups and not directly to individuals. 
Other complex and overspread behaviours as territoriality implies that animal movement 
depends on the density of conspecifics, thus further derivation of appropriate probability 
density functions (Potts & Lewis 2014) should be needed in those cases. 

Patchiness represents a genuine violation of the third assumption (i.e., the HR 
centres are randomly but homogeneously distributed). However, the mixed model 
proposed (eqn.III.9) would be able to address patchy distributions whenever a large 
number of cameras is deployed at appropriate between-cameras distance. A pilot study 
could solve the problem of finding the optimal distance between cameras to minimize 
spatial autocorrelation in patchy scenarios (Appendix III.B.). Similarly, animal density 
may change along an environmental gradient (e.g., depth-related distributional range), 
but incorporating environmental covariates into the model is straightforward, as well. 
Nevertheless, all these particular cases deserve further attention.  

The case of the M/F-arch demonstrates one of the potential limitations of the 
model in relation to the third assumption. This archetype aimed to represent species with 
both small HR size and low density. The distribution of counts per frame showed striking 
differences between cameras: some cameras overlapped with the HR of one (or a few) 
animal(s), which will be detected most of the time, while others watched an area without 
HR centres. This fact is worsened when the detection area of the camera is relatively 
small, which was the case for the M/F-arch (7.6 times its HR size; Table.III.1). Therefore, 
although the HR centres were homogeneously distributed at a broad spatial scale, they 
were not at the scale of the detection area of the cameras. In contrast, F/F-arch aimed to 
represent species with small HR size (similar to M/F-arch) but that were very abundant 
(405 times the density of M/F-arch; Table.III.1). In this case, although the detection area 
was smaller, each camera was able to detect several animals, the stationary probability 
density function was properly reconstructed, and the density estimates were accurate and 
precise. Therefore, the case of the M/F-arch  is not actually a modelling problem but may 
represent an inappropriate sampling design, which could be improved by either increasing 
the number of cameras and eventually decreasing the deployment time or increasing the 
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detection area of the camera whenever technically possible. Again, this type of problem 
would be easily detected with a pilot experiment (Appendix III.A.). 

Finally,  it is well known that movement parameters vary between individuals of 
the same population (Alós et al. 2012b, 2016a), and within individuals with time (i.e., 
age) due to changes in territory quality (Tao et al. 2016). The rationale of the method 
relies on the possibility of reconstructing the stationary probability density function by 
averaging over space the positions of identical animals in terms of movement features; 
thus, the outcomes of between-individual variability in movement characteristics should 
be also considered in the future. 

In summary, absolute density may be accurately estimated for a great number of 
animals across taxa displaying HR behaviour from counting animals in frames adequately 
spaced in time, and after an affordable case-specific sampling effort, in a video recording 
survey. Notwithstanding the comprehensiveness of the method proposed here, a call of 
caution is necessary regarding the potential drawbacks listed above, and its merits and 
generality should be further explored. 
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IV.1. INTRODUCTION 

Individual fish often behave in a way that distinguishes them from other members 
of their species of the same sex and age (Sih et al. 2004; Réale et al. 2007). Consistent 
behavioural differences over time in behavioural traits, such as boldness, aggressiveness, 
exploration, sociability or activity, are referred to as fish personalities (Conrad et al. 
2011). Fish personalities can lead to systematic variation in spatial movement dynamics 
of individual fish (e.g., more active fish explore a larger space per unit time), which may 
affect LH traits (as it was explored in Chapter I) and a range of ecological processes such 
as dispersal or interaction strength among individuals and among predators prey 
(Harrison et al. 2015; Spiegel et al. 2017). Consistent and systematic variation in space 
use can also affect encounters among fish and fishers and promote changes in catchability 
(Alós et al. 2012b). Empirical evidence demonstrating the existence of consistent 
variation in spatial behavioural traits in the wild has increased in recent years facilitated 
by the development of fine-scale acoustic telemetry (e.g., Olsen et al. 2012; Alós et al. 
2016b; Nakayama et al. 2016; Villegas-Ríos et al. 2017; Monk & Arlinghaus 2018), 
demonstrating that the pattern seems to be widespread across fish taxa including those 
exploited by fisheries (Arlinghaus et al. 2017a; b; Monk & Arlinghaus 2018). For 
simplifying the interpretation of this consistent variation in spatial behavioural traits, this 
work focus on two contrasting spatial behavioural types (SBT): mobile-SBT and resident-
SBT (as defined in Chapter I). There is ample evidence that spatial behavioural traits in 
fish populations range between these extreme forms of space use (Radinger & Wolter 
2014; Villegas-Ríos et al. 2017). 

SBTs affect a range of ecological processes (Spiegel et al. 2017), which may have 
important management implications (Grüss et al. 2011; Nash, Graham & Bellwood 2013; 
Ward et al. 2016; McGowan et al. 2017). For instance, biogeographical processes such 
as dispersal and range expansion or population connectivity patterns crucially depend on 
decisions made by mobile-SBTs (Cote et al. 2010; Radinger & Wolter 2014; Canestrelli 
et al. 2016). Mobile-SBTs are also more likely to disperse after introduction, thus 
enhancing invasion success (Rehage, Cote & Sih 2016). Additionally, the ecological 
context define the patterns of personality-dependent dispersal (or other personality-
dependent space use patterns) and the selection patterns selecting for optimal strategies. 
Therefore, SBTs would vary in fitness depending on ecological contexts (I delve into this 
topic in Chapter V). For example, dispersal may be associated with asocial personalities 
at high densities but this personality-dependent dispersal syndrome would be negated 
with predation risk (Cote et al. 2010, 2013). As another example, mobile-SBTs have been 
shown to have a lower fitness than resident-SBTs in exploited environments (Olsen & 
Moland 2011; Wiig et al. 2013; Alós et al. 2016b), while offering similar fitness in 
unexploited conditions (Kobler et al. 2009). Such patterns are therefore context and 
spatial-scale dependent (Parsons et al. 2011). Within these selective contexts, fisheries 
constitute an external factor determining the fitness of different SBTs through 
behavioural-related selectivity (Uusi-Heikkilä et al. 2008) or, in another words, 
vulnerability to fishing can be conceptualized as an internal state where behaviour and 
personality play an important role (Januchowski-Hartley, Cinner & Graham 2014; 
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Lennox et al. 2017b). Because fisheries are widespread across the globe, harvesting may 
systematically remove a particular SBT causing an evolutionary trend in the behavioural 
component of the populations. For instance, when removing consistently the more mobile 
components of fish populations (e.g., angling), fisheries would be causing a “timidity 
syndrome”, which implies a forcing shift favouring fish to evolve or develop behaviours 
that reduce their exposure to fishing gears (Arlinghaus et al. 2017a; b). Additionally, such 
reduction in the exposure to fishing gears might reduce the value of stock assessments as 
well, which depends on catch-per-unit-effort (CPUE) and, consequently, reduce angler 
and fisher yield and satisfaction over time. Altogether may have important consequences 
in both the management and the utility of the fisheries, but little research on this topic 
exists so far in relation to SBTs (Alós et al. 2016b; Arlinghaus et al. 2017c).  

Catchability represents the efficiency of harvesting, constituting a key link for 
managers and fishers to know about the status of fish stocks (Arreguín-Sánchez 1996; 
Hunt et al. 2011; Villegas-Ríos et al. 2017). Density-independent catchability leads to 
proportionality of fish abundance (N) and CPUE (hereinafter the CPUE-N relationship). 
However, if catchability is density-dependent (for which there is substantial evidence in 
certain fisheries; Peterman & Steer 1981; Harley, Myers & Dunn 2001; Burgess et al. 
2017), the CPUE-N relationship will be non-linear. Two outcomes are then possible: 1) 
hyperstability or 2) hyperdepletion of catch rates (Hilborn & Walters 1992). While 
hyperstability of the CPUE reflects the idea of a faster decline of N with respect to the 
CPUE leading to the illusion of plenty 
(Erisman et al. 2011), the hyperdepletion 
of the fish stocks reflects a faster decline 
of the CPUE than N, leading to the false 
impression of increasingly empty oceans 
(Alós et al. 2015b). The simplest model 
representation for the CPUE-N 
relationship is of the form CPUE= qNβ, 
where q is an estimate of the catchability 
coefficient, N is the true fish abundance 
and β is the shape parameter of the 
CPUE-N relationship (Hilborn & Walters 
1992). Assuming q as constant on 
average (for which there is some 
evidence, Pierce & Tomcko 2003), 
changing β switches the CPUE-N 
relationship from hyperstability to 
hyperdepletion. When β=1, CPUE 
linearly tracks N, when β<1, hyperstable 
catch rate develops; and when β>1, 
hyperdepletion happens (Figure.IV.1). 
Meta-analysis and empirical studies in 
selected fisheries (e.g., in recreational 

 
Figure.IV.1. The CPUE-N relationship has been 
described as possibly non-linear by a power function 
with parameter β. Hyper-stability of the catch rates is 
generated when CPUEs remains high over time although 
N is declining and produces a non-linear relationship 
with β<1. By contrast, hyperdepletion of the fish stocks 
is generated when CPUE declines faster than N 
producing a non-linear relationship with β>1. Here, it is 
hypothesized that a quicker removal of mobile-SBTs 
(vulnerable individuals), and consequently a lower 
vulnerability of resident-SBTs, would lead to a greater 
hyperdepletion of fish stock (green) whenever 
behavioural diversity is present in the exploited 
population and behavioural selectivity occurs. 
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fisheries, Post et al., 2003; Ward et al., 2013; Maggs et al., 2016) have suggested 
hyperstability to be more widespread than hyperdepletion (Harley et al. 2001; Burgess et 
al. 2017).  

Understanding the processes leading to either hyperdepletion or hyperstability is 
important to improve models of fish stock assessment and to interpret time series in CPUE 
(Post et al., 2002; Erisman et al., 2011; Burgess et al., 2017). However, beyond a range 
of phenomenological statistical models, there are few studies describing the detailed 
mechanisms and processes behind non-linearity in the CPUE-N relationship (but see 
Ward et al., 2013). The few that exist have shown that for example high predictability of 
spawning aggregations in groupers, tunas or carangids may maintain CPUE stable over 
time, while N is actually decreasing, generating hyperstable CPUE (e.g., Hamilton et al., 
2016; Maggs et al., 2016; Tidd et al., 2017). In addition, effort sorting due to the less 
skilled fishers exiting the fishery earlier can explain hyperstability in CPUE in some 
recreational fisheries (Ward, Askey & Post 2013; van Poorten & Walters 2015; Palmer et 
al. 2017). However, although hyperdepletion may be common in exploited systems with 
passive fishing gears (Arlinghaus et al., 2017), much less work is available regarding the 
processes behind it. These few empirical studies that exist show that fish behaviour plays 
a key role in the process of hyperdepletion (Alós et al. 2016a). In fact, the behaviour of 
fish species should be strongly involved in both hyperstable and hyperdepleted CPUEs, 
but how within species behavioural differences affects outcomes is largely unknown, 
particularly regarding the existence of SBTs that affect and mediate encounters with 
fishers. 

This work starts from the hypothesis that SBTs mechanistically explain 
hyperdepletion of catch rates when catchability is driven by encounters among fish and 
fishers (Alós et al. 2012b). The central argument in this Chapter is based on the recent 
evidence suggesting that mobile-SBTs (characterized by larger foraging areas and larger 
exploration rates) are more vulnerable to many fishing gear types, particularly 
recreational gear using hook-and-line and other passive gear (Alós et al. 2016b; Lennox 
et al. 2017b; Monk & Arlinghaus 2018). Although encounters between fish and fishers 
do not always predict harvest when artificial bait is used (where, as it was explored in 
Chapter II for feeding behaviour, other behavioural traits become more important in the 
capture process post-encountering the gear, e.g., Andersen et al. 2017, Monk & 
Arlinghaus 2017, 2018), encounters are among the most important components of the 
vulnerability of most fishes (Lennox et al. 2017b). According to the recent empirical work 
in Alós et al. (2016b), a selection against mobile-SBTs (i.e., those fish with the larger 
radius of the HR and exploration rate) is assumed, and that selective removal of highly 
vulnerable mobile-SBTs can lead a faster decline of the CPUE than N, mechanistically 
explaining hyperdepletion of fish stocks. To test this hypothesis, it is developed a spatially 
explicit agent-based simulation where fish and fishers (agents) spatially interact in a 
simulated prototypical coastal fishery in a range of different fishing effort scenarios. The 
model predictions were contrasted with an empirical experiment based on fishing catches 
and underwater camera sampling in a coastal site in the Mediterranean Sea, collectively 
suggesting that behaviour-selective harvesting foster hyperdepletion in the assessed 
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coastal fishery. Overall, this Chapter of the Thesis provides a concrete managerial 
example of the SBTs described in Chapter I. 

IV.2. MATERIALS AND METHODS 

A spatially explicit agent-based simulation was developed, aiming to simulate a 
fish population and a fleet of mobile fishery boats that spatially interact in a 2-D landscape 
during a prototypical fishing season (Figure.IV.2). Exploitation was measured by means 
of the number of encounters between fish and fishers (Alós et al., 2012). Then, the 
realized CPUE and N was quantified in two scenarios characterized by either presence or 
absence of SBTs. The simulation was built to recreate a prototypical bottom fishery 
targeting a non-migratory fish species that performs a spatially-confined behaviour (i.e., 
home range behaviour, HR according to Chapter I) whose centres of activity are patchily 
distributed (due to, for example, fragmented habitat) resulting in a behavioural-related 
ecological landscape. The fishery is exploited by a fleet of mobile boats, which covers an 
area higher than an individual HR area while fishing. The simulation was initially 
parameterized based on empirical data from a popular recreational fishery located in 
Mallorca Island (Spain) targeting pearly razorfish, Xyrichtys novacula. The pearly 
razorfish is a small omnivorous labrid (common length around 20 cm) that do not form 
schools, inhabit most of the soft habitats of temperate areas and is highly exploited in the 
NW Mediterranean by recreational fisheries (see more details in Alós et al., 2016b). 
However, general patterns from simulation will be generalizable to any other system 
displaying the main properties described above: i) non-migratory HR behaving fish 
species; ii) patchy distribution of the individual centres of activity or centres of HR; and 
iii) harvesting by a mobile fleet of boats covering an area longer than an individual HR 
area.  

The spatially explicit agent-based simulation was implemented and run in R (R 
Core Team, 2018). First, two scenarios, with and without the existence of SBTs in the 
fish stock were initially simulated. Second, the simulations were ran for a total of 32 
scenarios characterized by different fishing efforts and different proportion of both 
mobile- and resident-SBTs aiming to disentangle the relative weigh of these variables in 
the emerging patterns (this second set of simulations was used for sensitivity analyses, 
see section IV.2.4.). 

IV.2.1. Movement of the fish and spatial behavioural types  

Unlike standard dispersal models that generate standard diffusion across space, 
many fish species use a confined area and form stable HR areas (Alós et al., 2016a; 
Campos-Candela et al., 2018). As introduced already in Chapter I and III, the idea behind 
the HR movement is that an individual moves within a harmonic potential field following 
random stimuli (random walk) but with a general tendency to remain around a central 
residence area (Boerger et al., 2008). In such a case, an additional behavioural rule might 
maintain the individual attracted to a specific core site (Smouse et al., 2010; Benhamou, 
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2014), which can be described by an Ornstein–Uhlenbeck (OU) process (Alós et al., 
2016a). For more details, I refer the reader to the Chapter III, section III.2.1.  

 
Figure.IV.2. Properties of the spatially explicit agent-based simulation. a) The 2-D landscape simulated was 
composed by seawater and land where the centre of activity (i.e., HR centres, in blue crosses) of 2,000 individuals 
where distributed forming a patchy landscape. b) Example of trajectory (positions every minute) of one fish in four 
different days. Red dots represent the first and the last positions in the active diurnal phase. c) Trajectory of one fisher 
in four different days. Red dots represent the positions were the fisher was fishing while green dots represents the 
positions were the fisher was searching according to the two-state movement pattern (section IV.2.2.).  

For simulations, a virtual 2-D scenario was created with open boundaries (12.14 
km2 of seawater where 6.4 km2 was sand, the preferred habitat of the fish, Figure.IV.2). 
First, the centres of activity of 2,000 individual fish were randomly distributed (agents, 
initial N of the population = 2,000 individuals, initial density = 312 individuals per km2) 
within the suited habitat of the pearly razorfish (i.e., sandy area in the 2-D scenario). By 
distributing the centres of activity within the preferred habitat of the pearly razorfish, a 
realistic patchy distribution of individual fish and overall fish densities in line with the 
species’ ecology and estimates using underwater video-recording (Figure.IV.2, 
unpublished data) was created. 15 full fishing days since the opening of the fishery were 
assumed (i.e., after a previous seasonal closure). The agent-based simulation was 
discretised on time (by 1 min), had 21,600 time-steps (n), and a position (latitude and 
longitude) of each fish was mechanistically generated according to the spatial behaviour 
variation described above. Each of the centres of activity was attributed to one fish id that 
was monitored (for survival) every minute during the fishing season. 
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To test the hypothesis of the present work, two scenarios were initially simulated: 
with and without the existence of SBT. Accordingly, in the first scenario (with-SBT), a 
value of each behavioural parameter radius and exploration rate (as both are independent, 
Alós et al. 2016b) was randomly assigned to each of the virtual simulated fish. Values for 
the parameters were drawn from distributions measured in reality in pearly razorfish 
(range for radius: 67-470 m and 𝛾: 0.0005-0.025 min-1, Alós et al., 2016a) using the 
function sample of the R-package. In the second scenario (no-SBT), the absence of 
between-individual differences in spatial behavioural traits was simulated by assigning 
the same average radius and exploration to all fish in the fish population (radius: 204.6 
m and k: 0.006min-1, mean values of the real population, Alós et al., 2016a).  

Repeatability score (R) measures the consistency of between-individual 
differences in spatial behaviours (Nakagawa & Schielzeth 2010). As result of fixing a set 
of movement parameters to generate the trajectory of each individual fish in the model-
based approach, the emerging R was relatively high (~0.9, see results and Figure.IV.3) 
according to the literature (Bell et al. 2013). To overcome this limitation and explore how 
R may affect the obtained findings, a range of simulations considering different 
distribution of SBTs (see sensitivity analysis section) was performed. Therefore, by 
changing inter-individual variability changes in R were forced to happen, which ranged 
from R~0.0 (no-SBT scenario), to R~0.5, which was according to the range observed for 
R in the wild reported by Bell et al. (2013). The aims of the simulations exercises were 
not to reproduce the exact behavioural diversity in the wild, as the data used is limited; 
but to reproduce the existence of variability in spatial behavioural traits and the existence 
of SBTs. 

Once a set of radius and exploration values was assigned to each fish, a Markovian 
chain of states (active during day-time/resting during night-time, typical for pearly 
razorfish, Alós et al. 2017) was generated for the whole fishing season simulated 
according to sunrise (7:15 AM) and sunset (20:00 PM) cycle. Finally, a position to all 
time-steps in the active movement state was generated using the movement model and 
individual parameters during the fishing season (Figure.IV.2). At the resting state (night-
time), the individual remained in the same position, and was assumed invulnerable to 
fishing, as pearly razorfish remain buried in sand during the night. Therefore, the fishery 
only operated during daytime (see next section).   

IV.2.2. Movement of the fleet of boats 

A fleet of mobile fishing boats, representing recreational boats fishing with natural 
bait, as it is typical for pearly razorfish, were simulated to exploit the population of fish. 
It was considered a fishing pressure scenario of 2 boats per day km2, which is equivalent 
to a fleet of 25 fishing boats exploiting the fishery. The whole fleet exploited the fishery 
every day during the whole fishing season (15 days). Similarly, to fish, a position of the 
fisher was generated every time-step (1 min) according to a fisher two-state movement 
model. Individual boat fisher’s trajectories are usually composed of two movement states: 
searching and fishing (Vermard et al., 2010; Walker and Bez, 2010). At the fishing-state, 
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boats drifted following the surface current (generated by hydrodynamics and local winds), 
while at the searching-state boats showed an active movement. Here, the fishers 
performed a classical search pattern according to this two movement-states model 
(Figure.IV.2), and similar to the fish, a position of the fisher was generated every time-step 
(1 min). Each of the two states for fishers’ movement was associated with a different 
random walk movement model (Codling et al. 2008), a Biased Random Walk (BRW) for 
fishing-state and a Correlated Biased Random Walk (CBRW) for searching-state to 
properly reproduce the spatial dynamics of the fleet.  

At the fishing-state, for simplicity, the angle of the trajectory in the BRW was 
biased according to the surface current in the area plus an additional noise (the mean 
velocity and standard deviation (s.d.) of drift was 1 and 0.5 m min-1, respectively). To add 
realism to the simulation, it was used the actual observed angle of the surface current for 
each time-step n obtained from an oceanographic buoy located in the study area by the 
Balearic Islands Coastal Observing and Forecasting System (www-socib.es, Tintoré et 
al., 2013). At the searching-state, the CBRW described by Langrock et al. (2014) was 
used to model group dynamics of animal movement. CBRW is composed by a mixture 
of a BRW and a Correlated Random Walk (CRW). In the BRW component of the 
searching-state, the bias was imposed by a social information factor generating a tendency 
to move towards other boats that were fishing (i.e., social information by watching other 
boats). Added to this, the CRW component of the searching-state was characterized by a 
turning angle drawn from a von Mises distribution with mean = 0 and concentration = 5 
rad (the mean velocity and s.d. of searching was 150 and 130 m min-1, respectively). The 
peculiarity of the CBRW developed by Langrock et al. (2014) is the existence of the η 
parameter, which specifies the weight of the BRW component (movement towards the 
centre of other fisher boats) with respect to the CRW (diffusion) component. Here, η=0.7 
was considered, which generated behaviour of the fishers mainly based towards a CRW 
but with a small tendency to remain close to other fisher boats following empirical 
observations of fisher behaviour (Alós, unpublished data).  

To describe the daily movement of every fisher, a bi-variate time-series (time-
steps separated by 1 min; to be synchronized with the fish movement) for each fisher, 
composed by step lengths (in m) and turning angles (in rad); was generated. These 
temporal series were drawn by a state-dependent process at moment n (unobserved in a 
real situation; the hidden Markov chain) using two distributions of the step lengths and 
turning angles described above (one per each state; fishing vs. searching). The transition 
among the two states was generated by a 2 × 2 transition probability matrix 𝛤 = (𝛾𝑖𝑗), 
where 𝛾𝑖𝑗 was the probability of the fisher switching from the current state (at time-step 
n) to the future state (at time-step n+1). Here, it was assumed that the fisher spend most 
of the time fishing to obtain similar fisher spatial behaviour than those observed in the 
real fishery (Figure.IV.2). 

The initial location in the fishery of each fisher was randomly generated in the 
2D-scenario, the daily arrival followed a distribution according to the real data (fishers 
arrived at the fishery at different moments, always in daytime and focused in the 
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morning), and the first state of the day was searching. For simplicity, no between-fishers 
variability in the movement was considered. 

IV.2.3. Exploitation model and estimation of the realized CPUE-N relationship  

The resulting trajectories of every individual fish and fisher were coupled. 
Individual simulated fish were monitored for survival, by quantifying encounters between 
fish and fishers, every time step (1 min) during 15 full fishing days in the two simulated 
scenarios (Figure.IV.2). Aiming to represent a purely encounter-based harvesting process 
with depletion, a successful encounter was defined when i) the distance between fish and 
fisher was smaller than 5 m (a reasonable distance of visual contact between the fish and 
the gear) in a given time-step n, ii) the fish was in a vulnerable state (i.e., active-state), 
iii) the fish was not encountered before by another fisher (simulating harvest with 
depletion), and iv) the fisher was in fishing-state. Whenever these four conditions met, 
the fish id was considered captured and harvested.  

For every simulated day during the fishing season, we quantified the realized 
average CPUE (defined as the number of fish caught per boat per day), the daily N (non-
harvested fish from the original population remaining that day) and characterized the 
survived individuals (non-harvested individuals of the exploited population) in terms of 
their spatial behavioural parameters (radius and exploration). For the purpose of this 
work I considered the parameter related to the catchability coefficient constant (q= 1.0, 
meaning all fish were equally vulnerable at the beginning) and focused the analysis on 
the shape parameter of the power curve, β (Figure.IV.1). The β was estimated from the 
realized daily mean CPUE and N data generated in both simulated scenarios (SBT and 
no-SBT) by using a Bayesian approach with the jags function from the R2jags library of 
the R package (Plummer et al., 2006). Non-informative priors were described by a 
uniform prior distribution of the parameter β between 0 and 20. Three Markov Chain 
Monte Carlo (MCMC) models were run. 1000,000 posterior samples were drawn, 
discarded the first 10,000 iterations (burning period) and only one out 90 of the remaining 
iterations were kept to prevent autocorrelation (thinning strategy). The convergence of 
the MCMC chains of the parameter β was assessed by visual inspection of the chains. The 
posterior distribution of the parameter β was characterized by the mean and the 2.5% 
Bayesian Credibility Interval (BCI). When the BCI of the posterior distribution did not 
overlap at all, differences in β between the two simulated scenarios were assumed 
significant. 

Additionally, the distribution of the spatial behavioural parameters (radius and 
exploration) in the exploited population was estimated to calculate the selection gradient 
according to Matsumura et al. (2012) as a measure of selection commonly used in 
traditional quantitative genetics (Falconer and Mackay, 1996). Selection gradient values 
were mean-standardized to generate a normalized measure of the selection strength 
(Matsumura et al., 2012) and their 95% confidential intervals were computed by 
bootstrapping (1,000 iterations) the results of the agent-based simulations using the boot 
function of the R-package. 
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IV.2.4. Sensitivity analysis of the spatially explicit agent-based simulation 

Aiming to explore how different variables affect the findings of the spatially 
explicit agent-based model and whether results are able to generalize to other fisheries or 
not, a range of simulations with the purpose of providing a sensitivity analysis was 
performed. For convenience and simplicity, in front of the complexity, time-consuming 
and computational requirements for performing a proper sensitivity analysis for every 
single parameter in the spatially explicit agent-based model, I focused on the major 
variables that beforehand were expected to affect significantly the CPUE-N relationship: 
fish abundance, fishers’ pressure and behavioural variability within the population.  

Therefore, several sets of simulations were performed by combining two opposite 
levels for abundance of fish (low and high as n=1,000 and n=2,000 fish), number of 
fishers (low and high pressure as n=25 and n=100 fishing boats) and duration of the 
fishing season (short and long as n=15 and n=30 days). Additionally, not only the 
existence of SBTs within an exploited population but also its relative proportion may 
affect the obtained CPUE-N relationship. To explore how the proportion of SBTs in the 
simulated scenarios (and therefore different values for the Repeatability scores) may 
affect the obtained findings, I explored within each set of simulations the performance of 
the model with different proportion of mobile and resident-SBTs: i) all individuals equal 
(no-SBT), ii) 25% resident-SBTs, iii) 50% resident-SBTs and iv) 75% resident-SBTs.  

Note that when changing inter-individual variability R scores are expected to 
change. Therefore, when all individuals equal yielded, R score is approximately 0.0, and 
when individuals 50% yielded, an R-score of ~0.5 is expected (i.e., 50% of the variance 
in behaviour can be explained by between-individual differences). Therefore, these four 
scenarios represented four different levels of between-individual variability, which 
translated into different repeatability scores: i) R~0.0, ii) R~0.25, iii) R~0.5 and iv) 
R~0.25, respectively. In total, 32 scenarios were simulated and the posterior distribution 
of the parameter β was determined using the approach described above. 

IV.2.5. Contrasting model results with real data 

Tthe predictions obtained from simulations were contrasted with empirical data 
from an experiment carried out in 2014 where daily CPUE and N of the pearly razorfish 
were simultaneously recorded in a fishery for several days after the opening of the fishing 
season (see the details of the fishery in Alós et al., 2016b). Between13-8 sampling sites 
were randomly selected within the fishery and an underwater baited camera (UBC) was 
deployed in each site during different days after the opening of the fishery (0 or just before 
the opening, 3, 10, 17, and 23 days after the opening of the fishery). The UBC were 
programmed to record a minimum of 28 minutes (see Alós et al., 2016b for details). Once 
the sampling season finished, videos were analyzed individually to obtain the N-max, a 
quantitative measure of relative abundance usually used in UBC sampling, which is 
defined as the maximum number of individuals observed in a single frame during the 
overall video analyzed (Dunlop et al., 2015). It is a reliable method specifically when the 
abundance of individuals is low (N-max scores lower than 10 individuals) and allows 
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controlling for the potentially repeated count of the same organisms entering and leaving 
the focal field of the camera (Ward-Paige et al. 2010; Campbell et al. 2015). Although 
we should be aware that UBC may produce biased samples of N, as I further discussed in 
Chapter III (Campos-Candela et al., 2018), UBC are fishery-independent and can generate 
proper absolute abundance estimates of some shallow water fish only when the N-max-N 
relationship is known (Dunlop et al. 2015). To provide a measure of the CPUE, an on-
site creel survey was performed to measure the number of fish captured by the 
recreational boat anglers in the same area where the cameras were deployed. In total 39 
surveys were performed distributed over five different days (opening day, 6, 13, 14 and 
19 days after the opening of the fishery). The surveys were carried out from a research 
vessel by intercepting recreational fishing boats when they were leaving the fishery at the 
end of the trip. The effort was standardized to number of fish caught per angler per boat. 
Then, the daily values of CPUE and N were couple and the parameter β was estimated 
using the same Bayesian approach described above. 

IV.3. RESULTS 

In the spatially explicit agent-based simulations, the predefined SBTs properly 
reproduced the existence of such SBTs (Figure.IV.3), and therefore included the 
behavioural axis from mobile- to resident-SBTs. The emerging repeatability score (R) in 
the first scenario was relatively high (~0.9, see Figure.IV.3) according to the literature (Bell 
et al. 2013), as result of fixing a set of movement parameters to generate the trajectory of 
each individual fish in the agent-based model approach. 

 
Figure.IV.3. Simulated spatial behavioural diversity of fish: a) Histogram and density plots showing the distribution 
in the realized daily home range (defined here as the Minimum Convex Polygon of 100% of the fish positions in a 
given day) and daily travelled distance (defined here as the accumulated Euclidean distance between all fish positions 
in a given day). b) Daily home range (HR) and travelled distance (TD, each colour represent a fish Id) across 15 days 
of simulated exploitation. c) Violin plots showing the within- and among-individual variability in the daily home range 
and travelled distance (the mean individual value is shown by a dot). The consistent among-individuals variability 
across time describes the existence of mobile-SBTs (individuals with large HR and travelled distances means) and 
resident-SBTs. This spatial behavioural diversity was generated according to the empirical data revealed using acoustic 
tracking found in Alós et al. (2016b) for pearly razorfish. The Repeatability score obtained was ~0.9.  
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The simulated exploitation of the fishery resulted in a decrease in the CPUE over 
time in both simulated scenarios (SBT and no-SBT), but the decrease in the mean CPUE 
was much stronger when considering the presence of SBTs (Figure.IV.4 a, b). The 
comparison of the scaled values of CPUE and N across the exploitation time revealed a 
faster decrease of the CPUE than N in the scenario where SBTs where considered 
(Figure.IV.4b). The estimation of the parameter β of the CPUE-N relationship suggested 
hyperdepletion of the simulated fish stock in both scenarios (no-SBT, β = 2.3[1.7-3], 
Table.IV.1 and Figure.IV.4), but the strength of the hyperdepletion was significantly 
stronger when SBT were considered (SBT, β = 4.96[3.7-6.7], Table.IV.1 and Figure.IV.4). 
The estimation of the mean-standardized selection gradients revealed significant and 
negative selection in both spatial behavioural traits (radius and exploration rate, 
Figure.IV.4 f, g) as the exploited population was drifting to individuals with increasingly 
smaller HR and increasingly lower exploration rates (resident-SBT, Table.IV.1 and 
Figure.IV.4 f, g).  

Both, the existence of SBT and the higher vulnerability of the mobile-SBT 
mechanistically explained the stronger hyperdepletion of the fish stock when behavioural 
diversity in the fish population was simulated. Our results were consistent in a range of 
simulation scenarios as they showed a mismatch between CPUE and N (β>1) for all cases 
and neither the abundance of fish nor days of exploitation generated a difference in such 
a main finding (Figure.IV.5). However, several interesting patterns appear in Figure.IV.5, 
which deserve further attention. First, the proportion of SBT notably affected the strength 
of the mismatch between CPUE and N, and taken as reference the scenario with no SBT 
(i.e., 0 proportion of resident-SBT), β increased significantly as the proportion of resident-
SBT, and therefore non-vulnerable fraction of the population, increased (hyperdepletion 
became stronger with proportion of resident-SBT in the population) (Figure.IV.5). This 
pattern suggests that not only the existence of SBT but also their proportion affects stock 
assessment.  

Second, greater number of fishers reduced the mismatch between CPUE and N as 
β decreased in scenarios with high fishers’ number with respect those with less fishers. 
Finally, the parameter β of the CPUE-N relationship in the real fishery was estimated as 
8.5[4.02-18.2] suggesting an even stronger hyperdepletion in the real fishery relative to 
the one predicted by the model in the SBT-scenario (Figure.IV.6). However, these 
differences were not significant because of the overlapping of the BCIs of the data from 
the real fishery and the simulation with SBT.  
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Figure.IV.4. Results of the agent-based simulation considering the scenarios with-
SBT or no-SBT. a) Violin plots describing the daily variability in the CPUE (as 
number of fish per fisher per day) across the exploitation season. Black dots represent 
the mean. b) Scaled values of the CPUE and abundance (number of surviving fish) 
across the exploitation season. A non-linear smoothing fit was applied to the data 
showing the confidential interval in grey. c) CPUE-N relationship (scaled values) in 
both simulations and d) projection of the estimated β using the non-linear catchability 
model. e) Mean-standardized selection gradients resulting from the 1,000 iterations of 
our simulation considering SBT in the two components of the confined spatial HR-
related behaviour (the HR size, as radius in m, and the exploration rate, in min-1). The 
plot shows the density (in blue), the values (in grey) and their distribution as a box-
plot. The red dashed line represents the scenario of no selection. (f and g) Distributions 
of the HR size and exploration rate within the original and the exploited population 
(i.e., survivors at the exploited season) resulted from our simulation considering SBT, 
respectively. 

IV.4. DISCUSSION 

The existence of consistent between-individual differences in spatial behavioural 
traits over ecological contexts and time (i.e., SBTs) have been repeatedly documented 
across wild fish populations (Spiegel et al., 2017). The spatially explicit agent-based 
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simulations developed here documented how SBTs can promote dynamics in catchability 
that lead to hyperdepleted catch rates in a wide range of simulation scenarios, which 
additionally received empirical support from our field-data. Results showed how SBTs 
shape the relationship (β) between CPUE and N and produce stronger hyperdepletion than 
in a scenario were all individuals are considered equal (no-SBT) in terms of their spatial 
behaviour. Moreover, results showed that the relative proportion of SBT impact 
importantly the CPUE-N relationship.  

 
Figure.IV.5. Posterior means (dot) of the parameter β and 2.5% Bayesian Credibility Intervals (BCI) of the 
CPUE-N relationship resulted from 32 simulations carried out to explore the effects of fish abundance, number 
of fishers and number of exploitation days in four different scenarios characterized by different proportion of 
resident-SBT. Scenarios ranged from 0% of resident-SBT, which can be interpreted as a scenario without SBT, to 
75% of resident-SBT (i.e., 25% of mobile-SBT). Note that the general image of the four panels is similar and BCI 
generally overlap within each panel. When comparing between exploitation days, overlapping suggests low effects of 
this factor in the mismatch CPUE-N. However, when comparing between fish abundances, differences were greater 
showed at low number of fishers. Greater number of fishers always showed a decrease in the estimated β. Moreover, 
increasing the proportion of resident-SBT (non-vulnerable individuals) consistently increase the estimated β suggesting 
an increase in the mismatch between CPUE and N through hyperdepletion, especially in the scenarios with greater 
fishing effort (i.e., number of fisher exploiting the fishery = 100). 

 
Figure.IV.6. CPUE and abundance data (in scaled values) obtained in the real fishery of the pearly razorfish. 
The plot shows the mean abundance estimated using baited underwater videos cameras (in blue) and the distribution 
of CPUE estimated (violin plots, in red) using a creel survey in red measured several days after the opening of the 
fishing season. The variability in the CPUE data is shown as a violin plot. 
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The absence of either hyperdepletion or hyperstability (i.e., β=1) implies that 
CPUE is proportional to the true N of a fish population. In another words (following the 
same reasoning that in Chapter III), CPUE is recovering the stationary distribution of 
centres of HR (i.e., true density of fish performing HR behaviour). As it was introduced 
in Chapter III, HR behaviour has the property of being stationary in time and space at 
least for a given time and spatial scale (Palmer et al. 2011; Campos-Candela et al. 2018). 
However, these results from simulation exercises should be interpreted with caution. 
CPUE, as a proxy of abundance, may have important bias difficult to overcome in the 
field, even for animals covering the space through a HR behaviour and in a fisheries 
without behavioural-related selection (Dunlop et al. 2015). β approximates 1 only when 
the number of fishers is high and variability of SBTs does not exist (therefore no 
behavioural-related selection occurs). This observation agrees with the main results from 
Campos-Candela et al. (2018) and Chapter III: if we consider fishers as samplers, they 
will recover the true density of fish whenever they sample enough area to recover the 
stationary distribution of centres of HR (see Chapter III for more details behind this 
reasoning). Moreover, based on the results for camera sapling in Chapter III, if fishery 
would not have implied sustraction of fish and therefore changes in desnsity, increasing 
the time fishing (or sampling) would have improved the density estimates or, in other 
words, would have proximate β parameter to one. Here, however, increasing the fishing 
time (sampling period) do not improve density estimates. Another interesting result from 
simulations is that the number of fishers and the proportion of resident-SBT in the 
population have the most significant effect on the β value, but the density of was not 
affecting significnatly to the β value. Interestingly, and within the objectives of this study, 
results demonstrated that the existence of SBTs affects consistelty the CPUE-N 
relationship, and it becomes greater with increasing the proportion of the resident-SBT 
fraction in the population (the fraction of the population undersampled, non-vulnerable) 
and when the sampling effort is low (less fishers).  

However, results from the model should be interpreted cautiously because the 
potential effects of other different variables should be further explored. Results 
demosntrated that SBTs impact the CPUE-N relationship. Additional exploration of such 
a behaviuoural variability should be addresed in the future, for instance, to explore 
whether different proportion of within-individual and between-individual variability in 
behavioural traits may affect the observed patterns. Also, the movement models used here 
met the requirements for the target fishery in the study, but other movement models for 
both fish and fishers and also density-dependent and social-mediated interactions could 
change some of the present results, and its considerations would help to broaden the 
applicability of this proposal. 

If the stock assessment of the simulated fishery were solely based on raw CPUE 
data, this would have generated the wrong impression of a nearly empty fishery through 
a hyperdepletion process after few days of fishing. This situation could be happening in 
the sampled fishery of razorfish, where β was even higher than values predicted in 
Figure.IV.5. Different reasons could explain this observation: the fishers’ sample size was 
smaller than in simulations or the actual non-vulnerable resident-SBT proportion of the 
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wild population was higher than 75%. From the results shown, ona can propose that in 
situations where SBTs exist and encounters mainly drive exploitation (such as in pearly 
razorfish fisheries), CPUE will decline faster than abundance and thus CPUE time series 
may indicate less fish in the sea than there really exists. Consequently, hyperdepletion 
may decouple the intimate feedback among fishers and fish, which may be widespread in 
certain passive (hook-and-line, traps) fisheries like the considered here (e.g., recreational 
angling fisheries with natural bait). Eventually, several management-related effects may 
arise from this hyperdepletion phenomenon. For instance, a decrease in the utility of the 
fishery, dissatisfied anglers and conflicts between managers and users (Januchowski-
Hartley et al. 2014) may appear when this false perception of overexploitation is 
established (van Poorten et al., 2011). 

In contrast to these findings, recent meta-analysis suggests that most fisheries 
worldwide exhibit evidence of hyperstable CPUEs (Harley et al., 2001; Burgess et al., 
2017). Only a small number of studies have found evidence of hyperdepleted fish stocks, 
mostly focused on passive gear like hooks and lures where the odd of capture depends on 
the active decision of the fish like in our case study. For instance, Alós et al. (2015a) 
demonstrated a mismatch between CPUE and N based on learning hook-avoidance and 
selection of bold and aggressive individuals in recreationally exploited coastal fish 
populations. Tsuboi et al. (2015) also provided evidence that heavy historic fishing 
pressure on a freshwater salmonid had led to a reduction on general vulnerability to 
capture inducing hyperdepleted mismatches between CPUE and N. Moland et al. (2013) 
and Kleiven et al. (2012) both reported strong declines in CPUE and consistent low 
capture probability for European lobster, Homarus gammarus, when using passive traps.  
Similar evidence exists for the freshwater fish largemouth bass, Micropterus salmoides 
(Sutter et al., 2012). Further, hook avoidance learning in catch-and-release fisheries can 
lead to a disjoint of N and CPUEs (Klefoth et al., 2013; van Poorten et al., 2016), 
eventually leading to hyperdepletion as some fish may die due to hooking mortality 
(Arlinghaus et al., 2007). Therefore, although hyperstable catch rates have been reported 
to be far more widespread than hyperdepleted catch rates, the situation seems to be 
dependent on the species and the type of gear, whether it is passive or active and whether 
the bait is natural or artificial. In species that are not aggregating (aggregations are one of 
the most important predictor of hyperstable catch rates, Erisman et al., 2011) and when 
the encounters are dependent on behavioural traits and imply high probability of capture 
and harvest, hyperdepletion should be widespread according to the results of the model 
and empirical findings. 

Hyperdepletion in catch rates may be predominantly explained by between-
individual differences in behaviour or SBTs. In this work, hyperdepletion emerged from 
simple rules leading to encounters between fish and fishers, but because variability in the 
movement existed (i.e., SBT) a differential selection occurred to different SBTs. Then, a 
fraction of the biomass was vulnerable to be harvested while another fraction remained 
largely invulnerable to the fishing gear partially ensuring the survival of a fraction of the 
stock. In fact, decreasing the proportion of vulnerable mobile-SBTs produced stronger 
and more evident hyperdepletion of the fish stock. This effect could be stronger if we 
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consider other fish personality traits such as boldness (Andersen et al. 2017) or 
aggressiveness that have been linked to a higher vulnerability to fishing (Biro and Post, 
2008; Klefoth et al., 2013; Monk and Arlinghaus, 2017), which may increase the strength 
of the observed patterns by improving differences in the individual vulnerability to be 
harvested once the encounter has been done. This fact has two major direct implications 
for fisheries management. First, the fraction of biomass harder to catch (invulnerable) 
could confer resilience to the population, although this hypothesis requires further 
attention in a more complex way and within a population dynamic model. In fact, the 
existence of mobile- and resident-SBTs not only plays a role in the ecosystem functioning 
(Spiegel et al., 2017), but may guarantee the conservation of a reproducing biomass 
invulnerable to fishing over time (the resident-SBT, Alós et al., 2015a; Alós et al., 2016b). 
However, the selective properties of harvesting on behavioural traits should also 
indirectly contribute to a reduction of the productivity of the fishery (Alós et al. 2014). 
As the behavioural-bioenergetics theoretical model in Chapter I demostrates, behavioural 
traits such as exploration are usually positively correlated with productivity LH traits such 
as growth rates at individual level (Biro and Post 2008). Therefore, total biomass 
recovering rate of the stock could be reduced through such a selection. Total fecundity 
(as a measure of fitness) of the remaining survivor fraction, even being higher in exploited 
environments because they survive, would be lower than the potential fecundity of the 
removed fraction; and changes in the life-history traits of the population could evolve 
with time (Law 2007; Biro & Post 2008; Heino, Díaz Pauli & Dieckmann 2015). 
Although this could not be the general rule (e.g. Cardinale al et al. 2017), stocks that are 
traditionally considered depleted may be suffering from such as phenomenon, which 
deserves further attention.  

Additionally, in a broader management and ecological frame, one can speculate 
that the alteration of the behavioural features of the surviving portion of the adult 
population could induce both top-down and bottom-up effects, whenever the exploited 
species plays a significant role in the food web (Ward et al. 2016). For instance, we can 
expect these chain effects in the case of the pearly razorfish that plays a key role in the 
food web of the soft bottom habitats in temperate areas (Alós et al. 2012). Second, 
knowledge of the mechanism underpinning hyperdepletion in catch rates provides an 
opportunity to improve the assessments of the stocks that are solely based on CPUE data. 
By coupling the study of the spatial behavioural diversity (i.e., knowing the fraction of 
the vulnerable and non-vulnerable individuals), we may provide less biased estimates of 
N to be incorporated in classical population dynamic models based on CPUE data and the 
estimation of the shape (β) of the CPUE-N relationship. Therefore, this work provides a 
wake-up call on how fish spatial behaviour may affect stock fisheries assessments and 
management (Crossin et al., 2017).  

Results from a coupled theoretical and empirical approaches demonstrated that  
hyperdepletion can emerge (or be increased) from SBTs. The number of fishing 
experiments demonstrating either hyperstability or hyperdepletion of CPUEs is limited, 
mainly due to the difficulties of obtaining a reliable estimate of true abundance at the 
same time and site where CPUE data is collected. Most works have used fishery-
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independent methods like entrapment, trawl surveys or systematic underwater visual 
census to approximate N (e.g., Erisman et al., 2011; Robinson et al., 2015; Hamilton et 
al., 2016), but certainly a perfect experiment where the actual N is known with accuracy 
and precission is so far not available. The approach developed in this Chapter, took the 
advantages offered by the recent advance of underwater video recording systems and 
developed methods to estimate absolute densities, which supported the hypothesis that 
the hyperdepletion was revealed in a fish stock where SBT have been widely identified 
(Alós et al., 2016b). However, the data-set still had limitations (e.g., there is no replication 
of the fishing experiment, the sample size is limited and N-max is a metric for relative 
abundance). The results can thus not be easily generalized. In fact, the BCI fot the 
estimated β was quite large. In addition, the field method UBC and the use of a metric for 
measuring relative N (fraction vulnerable and non-vulnerable together) may imply some 
methodological and behavioural-related bias as well, which can be overestimating the 
true density in the field (Dunlop et al. 2016). Such a bias may be avoided by using un-
baited underwater video recording methods to estimate behavioural-independent metrics 
for absolute N, even to recover the absolute density (Campos-Candela et al., 2018). 
Further empirical experiments are still required to provide a broader support to the 
theoretical and empirical predictions from this work. The use of underwater video 
recording while simultaneously measuring CPUE may help in providing more 
comprehensive data. This further work should also consider other fisheries, including 
those performed with passive gear (e.g., purse seining or trawling). 

Notwithstanding the limitations of this work, the actual hyperdepletion observed 
in the real fish stock was found to be even stronger than the one found in silico, suggesting 
that other mechanisms may play a role and affect catchability independent of encounters 
with the gear. For instance, among the factors outlined above, learning to avoid capture 
(hook-avoidance, Klefoth et al., 2013; Wegener et al. 2018) is an important contributor 
to altered behaviours levels in fish and could partially explain the differences between the 
shape of the CPUE-N relationship from the model and the empirical data. The rapid 
acquisition of gear avoidance behaviour, through individual or social learning, has been 
widely reported across exploited fish species (Raat, 1985; Askey et al., 2006; Klefoth et 
al., 2013; Alós et al., 2015b), and it may play an important role in the fast decline of the 
CPUE as an additive effect to the imposed by SBT. Additionally, the existence of 
structurally complex habitats or other environmental factors avoiding the fishing gears to 
efficiently operate could also produce a fraction of the stock unavailable to the gear and 
contribute to the fast decline of CPUE as suggested in the fishery of the squid, Loligo 
gahi (Roa-Ureta, 2012). However, the pearly razorfish inhabit large or relatively large 
extensions of homogeneous sandy and soft habitats (Katsanevakis, 2005), which discards 
this hypothesis for our case-study. An additional sampling using fishing gear in different 
types of habitats to evaluate learning and gear recognition (i.e., by exposing fishing gear 
to fish in a video recording setup, Alós et al., 2015a) while simultaneously measuring 
CPUE-N relationships would help in disentangling the role of hook-avoidance and habitat 
effects in further empirical assessments. 
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Finally, one general prediction for the CPUE-N relationship in recreational 
fisheries is fishing effort sorting due to the less skilled fishers (in the case considered 
here, skipper-boat drivers) exiting the fishery earlier, in turn leading to higher-skilled 
anglers maintaining high hyperstable CPUE even at low fish densities (Ward et al., 2013; 
van Poorten et al., 2016). In the agent-based simulation, neither variability in the fishers’ 
movement characteristics (which may include different optimal search patterns to 
improve encounter with fish, Alós et al., 2012) nor the variability in fishing skills were 
include. Both factors could collectively explain hyperstable catch rates in fisheries (van 
Poorten et al., 2016). However, from the empirical data, there was no evidence of effort 
sorting in the pearly razorfish fishery, instead, all fishers started giving up when the catch 
rates drop after a few days (Alós et al., 2016b). The strong decrease in the fishing pressure 
after two or three weeks since the opening of the fishing season is probably caused by a 
decrease in the utility of this specific fishery (which is a consumptive fishery and CPUE 
are the main driver of satisfaction). Actually, the pearly razorfish fishery is a low-skilled 
fishery based on natural bait which probably means that the angler-skill effect is smaller 
than in other fisheries where specialization skills may produce larger CPUEs (Ward et 
al., 2013; van Poorten et al., 2016). However, at a broader scale or at the whole fishery 
system the results may change because the patterns of hyperstability or hyperdepeletion 
may be scale-dependent. For instance, the rapid exit behaviour of most pearly razorfish 
anglers to other fisheries may maintain relatively high CPUEs in other stocks by 
exploiting the fraction of mobile-SBT in several sites. These reflexions highlight the need 
of developing more complex social-ecological agent-based simulations, not only 
considering one particular fishery (e.g., including other types of fisheries like those 
performed in spawning aggregations or isolated or semi-isolated populations) but also 
considering a landscape of angler-linked fisheries. In addition, the agent-based model is 
based on an exploited population. Further work should evaluate what are the emergent 
patterns in the CPUE-N relationship when pristine or non-exploited populations are 
considered. In such populations, behavioural variability as well as naïveté of fish (Alós 
et al. 2015b) should be enhanced and the mismatch between N and CPUE could be 
broader enhanced. Briefly, the theoretical and empirical work developed here 
demonstrates that SBTs play an important role in driving spatially explicit dynamics at 
local scale, and opens a broad framework of possibilities to deepen the understanding of 
population fishery-related dynamics where behaviour plays a role, which will imply 
advances for better decision-making in fisheries management. 
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V.1. INTRODUCTION  
 
The way an individual moves and uses the space affects survival, reproduction 

and other aspects of fitness (Powell & Mitchell 2012). However, as it is in the cases of 
natural mortality, survival or reproduction (Jørgensen & Holt 2013), HR may be another 
arising consequence of the LH optimal strategy (Mitchell & Powell 2012; Tao et al. 2016; 
Scholz et al. 2017). HR structure, which includes not onlt the area used but the geometry 
of movement paths, can arise from the interplay between internal individual condition 
(e.g., internal state variables as growth, length or energy of reserve) and the characteristics 
and dynamics of the external environment, as suggested by the movement ecology 
framework (Nathan et al. 2008). Moreover, movement behaviour and space use patterns 
tend to show consistent inter-individual variability which usually allows to discriminate 
between well differentiated spatial behavioural types, SBTs (Nilsson et al. 2014; Harrison 
et al. 2015; Spiegel et al. 2017). On one side, these consistent inter-individual differences 
in behaviour are most commonly viewed as the raw material on which natural selection 
acts (Adriaenssens & Johnsson 2013); but, conversely, it can also be the result of the 
selection itself (Careau & Garland 2012). Actually, variation in behaviour may be 
maintained within a population because it represents different adaptive solutions to 
complex and dynamic environments (Patrick, Charmantier & Weimerskirch 2013; Dall 
& Griffith 2014; Mittelbach et al. 2014). However, the costs and benefits structuring the 
HRs of animals have received few attention (Mitchell & Powell 2012), and explicit 
mechanisms shaping the space use in interaction with LH have been poorly explored in 
selective scenarios. 

In spite of a general agreement on the existence of some connection between space 
use and fitness, to date, understanding exactly how space use affects survival, 
reproduction and other aspects of fitness is still an elusive question, probably because 
survival and reproduction are not exclusively dependent on the cumulative effects of 
movements (Powell & Mitchell 2012). Behavioural ecology has largely focused on  how 
differences in the individual’s internal state may affect behavioural decision-making 
(Houston & McNamara 1999; Clark & Mangel 2000). Within the field of behavioural 
ecology, optimality analysis is an appropriate tool for understanding long-term 
behavioural emergence. For optimality analysis, it is assumed that evolutionary forces 
lead animals to optimize their behavioural performance according with different pre-
defined trade-offs (or pay-off functions). Behavioural consequences for bioenergetics and 
survivor are computed as part of a common currency of fitness (Graham 1984; Jørgensen 
et al. 2016). Therefore, physiology, behaviour and LH theory interplay in behavioural 
ecology (Jørgensen et al. 2016), which agrees with the conceptual foundation of POLS 
(Réale et al. 2010) and its extension to HR behaviour developed in Chapter I. 

Based on the principles of the foraging theory (Graham 1984), many works relate 
HR properties with the bioenergetics of the individual by assuming that foraging has a 
principal role (McNab 1963; Börger et al. 2006; Mitchell & Powell 2012), which shapes 
and structures the HR with respect to the spatiotemporal variation in external factors (e.g., 
energy landscapes; Shepard et al. 2013). For instance, it is expected that growth will 
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increase with increasing foraging activity (Martin-Smith & Armstrong 2002; Mas-Muñoz 
et al. 2011; Závorka et al. 2015), which is in turn dependent on the individual’s space use 
interacting with habitat features (Bestley et al. 2013; Owen-Smith & Martin 2015; Ofstad 
et al. 2016). Animals with fast growth may enhance future fitness through the benefits of 
large body size being attained more quickly, reducing predation mortality and enhancing 
the reproductive output and their survival as consequence (Arnott, Chiba & Conover 
2006). However, increased foraging activity leads to foraging-related costs (Giacomini et 
al. 2013; Brodie et al. 2016). In addition bigger sizes have to be balanced against elevated 
maintenance structural costs (Arnott et al. 2006). Moreover, and probably more 
important, benefits from higher activity and wider space use range have to be balanced 
against increasing environmental-dependent survival costs (e.g., trade-off between the 
energetic landscape and the landscape of fear; Gallagher et al. 2017; Teckentrup et al. 
2018), which may be especially relevant at smaller body sizes (Giacomini et al. 2013; 
Maury & Poggiale 2013).  

The behavioural-bioenergetics theoretical model I developed in Chapter I 
(Campos-Candela et al. 2018, submitted) extends the movement ecology paradigm 
(Nathan et al. 2008) and the personality-dependent spatial ecology framework (Spiegel 
et al. 2017) to LH theory (Stearns 1992) through mechanistic links with DEB theory 
(Kooijman 2010). This behavioural-bioenergetics framework offers an unique 
opportunity to explore the arising dynamics from the interplay between behaviour, 
internal bioenergetics and external environment, which may allow a shift from the 
conceptual foundation of POLS theory (Réale et al. 2010) to a mechanistic framework 
where explicit links can be translated into more explicit predictions. Here, I present an 
analytical exploration of this behavioural-bioenergetics theoretical model with the 
objective of predicting different HR features on the basis of animal’s internal state 
dynamics and environmental variability. For this purpose, dynamic programming is an 
optimality analysis tool that may overcome the limitations of conceptual and descriptive 
models (Mangel & Clark 1988). Predictions from my analytical model in Chapter I may 
help in understanding the mechanistic links connecting HR behaviour with internal 
bioenergetics underpinning the behavioural and LH strategies expected in the context of 
POLS theory (Réale et al. 2010; Mathot & Frankenhuis 2018). Here, moving a step ahead, 
I explore them within Dynamic Optimization. My approach follows the same reasoning 
proposed in other previous works dealing with adaptive behaviour and based on state-
dependent energy allocation models (Jørgensen & Fiksen 2010; Jørgensen & Holt 2013; 
Holt & Jorgensen 2014). 

In particular, the main objectives for this Chapter were first to find the optimal 
behavioural and LH strategies along the ontogeny of the individual that rise from given 
energetic landscapes and landscapes of fear, for HR searching rate 휀, HR drift force 𝛾, 
and energy conductance �̇�. Second, whether (how and when) optimal strategies may vary 
at the inter-individual level. Third, whether (how and when) some co-variation patterns 
emerge at the individual level within the eco-evolutionary context. Overall, I aim to 
explore the possibilities that dynamic programming offers us to generate new insights 
into the influence of environmental variables on the optimal animal behaviour (Mangel 
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& Clark 1988), which eventually would lead us to generate new hypothesis and suggest 
new ways of testing them through thoroughly experimental designs. Finally, I discuss the 
weaknesses and strengths of the extended model and propose future research lines of 
work.  

V.2. MATERIAL AND METHODS 

Throughout this section, I extend the behavioural-bioenergetics model developed 
in Chapter I to a state-dependent Dynamic Optimization model aiming to explore from 
an optimality perspective what would be the optimal behavioural and LH strategies in 
different ecological contexts. For this purpose, first, I introduce the properties of the HR 
behaviour that will connect energy acquisition with mortality risk. Second, I shift from 
the scaled version of the behavioural-bioenergetics theoretical model proposed in Chapter 
I to an unscaled version (parameterized for a marine fish species), and introduce explicit 
connections between behaviour and pay-off functions. Third and finally, I describe the 
optimization procedure applied to the model based on dynamic programming to predict 
optimal dynamic state-dependent strategies.  

V.2.1. Home range behaviour and ecological trade-offs 

V.2.1.1. HR behaviour as a stationary probability function of space use  

HR behaviour that leads the establishment of a HR area can be mathematically 
described in several ways (Worton 1987). Here, for convenience and simplicity, I 
considered the Biased Random Walk (BRW) as described in Chapter I and III. 

As it was introduced in Chapter III, when animals display HR behaviour, a 
stationary probability density function, 𝑃st (𝑟, 𝑟c), of finding the animal at the position 𝑟 
exists (Figure.V.1.) provided that the centre of the HR is located at 𝑟c (Dubkov & Spagnolo 
2007). The stationary probability density for the position of a fish that has the centre of 
the HR in 𝑟𝑐 is given by: 

𝑃st(𝑟|𝑟𝑐) =
𝛾

𝜀
𝑒𝑥𝑝−(

𝛾

𝜀
 (𝑟−𝑟𝑐)

2)       
eqn.V.1 

The spatial pattern that emerges from this model is a circular HR with radius 𝐻𝑅𝑟 
(Table.V.1), which was already introduced in both Chapters I and III. Moreover, the 
average speed (v, Table.V.1) can be defined as the square root of the averaged squared 
distance travelled from 𝑡 to 𝑡 + 1 (Chapter III, eqn.III.5).  

Note, that patterns emerging from eqn.III.5 describing speed (v, Table.V.1) are 
dependent on the time scale, and therefore insights from it will be dependent on the time 
scale too. However, as it was pointed out in Chapter III, this equation will be a reasonable 
discrete approximation of the average speed characterizing the space use pattern 
whenever the product 𝛾 · ∆t is small enough (e.g., 0.1). On the other hand, and 
interestingly for the purposes of this study, stationary probabilities (eqn.V.1) and the 
emergent stationary space use pattern (𝐻𝑅𝑟, Table.V.1) are dependent on the individual-
specific parameters 휀 and γ. 
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Figure.V.1. Stationary properties from a Biased Random Walk (BRW) applied to HR behaviour. Circular HR 
area and stationary probability density of the squared distances (d2) with respect the HR centre, 𝑑2 = (𝑟 − 𝑟𝑐)2, 
obtained from simulations with different combination of 휀 and 𝛾 parameters. The stationary circular pattern is 
proportional to the ratio the ratio 휀/𝛾. Simulations were done with 100 000 time steps of 1 minute long. Note that the 
x-axis in histograms are different.  

V.2.1.2. Spatially-explicit predation-food trade-offs of HR behaviour 

Different ecological or physiological constraints may underpin the fact that 
animals move within a bounded HR area (Börger et al. 2008). Based on the principles of 
foraging theory (Graham 1984), and assuming a prevalent connection between foraging 
behaviour and space use patterns, I propose that increasing the distance to the HR centre 
may play a trade-off game with both the probability of finding food (energetic landscape) 
and the probability of being predated (landscape of fear) (Figure.V.2). Importantly, note 
that hereafter I am referring to a central place forager (i.e., an animal that goes from and 
returns to a specific point, foraging within a bounded area). For simplicity, I describe this 
relationship with a negative exponential functional form dependent on two 𝜆 parameters 
(one for food and another for predation risk), given by:   

𝑝𝑠𝑎𝑓𝑒𝑡𝑦(𝑟) = 𝑒𝑥𝑝
−𝑟/𝜆𝑝𝑟𝑒𝑑   𝑝𝑟𝑖𝑠𝑘(𝑟) = 1 − 𝑝𝑠𝑎𝑓𝑒𝑡𝑦(𝑟)  

eqn.V.2  

𝑝𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟) = 𝑒𝑥𝑝
−𝑟/𝜆𝑓𝑜𝑜𝑑   𝑝𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(𝑟) = 1 − 𝑝𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟)   

eqn.V.3 

where 𝜆𝑝𝑟𝑒𝑑 and 𝜆𝑓𝑜𝑜𝑑  can be interpreted as an environmental-related variable shaping 
both the probability of perceiving safety vs risk ecological context and the probability of 
leading depletion vs finding new food (Figure.V.2), and related with the density of 
predators and food respectively as: 

𝜆𝑝𝑟𝑒𝑑 =
1

𝜌𝑝𝑟𝑒𝑑·𝑐𝑝𝑟𝑒𝑑
  𝜆𝑓𝑜𝑜𝑑 =

1

𝜌𝑓𝑜𝑜𝑑·𝑐𝑓𝑜𝑜𝑑
 

           eqn.V.4 



CHAPTER V: Dynamic Optimization 
 

132 
 

where 𝑐𝑝𝑟𝑒𝑑 and 𝑐𝑓𝑜𝑜𝑑 are two constants shaping these relationships. Either high 
predation, 𝜌𝑝𝑟𝑒𝑑, or food density, 𝜌𝑓𝑜𝑜𝑑, densities will led 𝜆𝑝𝑟𝑒𝑑 and 𝜆𝑓𝑜𝑜𝑑 to be close to 
0 and, consequently, the probability of being under risk or finding unexploited food 
resources will be close to 1, respectively (Figure.V.2). Different ecological factors can be 
behind this reasoning such a refuge rank, food availability or competition with 
conspecifics (Spiegel et al. 2015; Teckentrup et al. 2018). Spiegel et al. (2015) reported 
empirically similar relationships to the one proposed in Figure.V.2, for sleepy lizards’ 
(Tiliqua rugosa) space use. On the one hand, the parameter 𝜆food may correlate with 
conspecific density, among others factors affecting food availability. Therefore, higher 
𝜆food can be related with higher conspecific densities and greater competitiveness for 
resources close to the centre of the HR (Figure.V.2.b). In the case of 𝜆pred, it may correlate 
not only with predator density but also with environmental heterogeneity or complexity 
of the landscape that may describe a refuge availability gradient (e.g., refuge rank in 
Spiegel et al. 2015).  

It could be expected that the more complex the environment is (where complexity 
can be described by different values for 𝑐𝑝𝑟𝑒𝑑 and 𝑐𝑓𝑜𝑜𝑑 in eqn.V.4), the higher 𝜆pred will be 
and the less probability of being under risky will exist at any distance away from the HR 
centre (Figure.V.2.a). By combining food and predation, a riskier behaviour (which implies 
to explore further distance to the HR centre and therefore an increase of predation risk, 
Figure.V.2.a) will allow the individual to explore un- or less exploited areas by reducing 
competitiveness (Figure.V.2.b). Overall, following a reasoning based on optimal foraging 
theory (Graham 1984), given a value of 𝜆 (assuming 𝜆𝑝𝑟𝑒𝑑 = 𝜆𝑓𝑜𝑜𝑑), an increase of the 
distance to the centre of the HR would be expected whenever the availability of resources 
increases without compromising overly the survivor. 

 
Figure.V.2. a) Probability of being safe (or probability of being under risk in its opposite) and b) probability of 
competition or overexploitation of an environmental resource as food (or probability of finding unexploited food 
resources in its opposite), obtained from the exponential relationship define in eqn.V.2 and eqn.V.3 for different values 
of 𝜆 ranging from 0 to 500. Dotted lines in red and green correspond to 𝜆=40 and thick continuous line to 𝜆=500; dashed 
line correspond to 𝜆=100, the value used for simulations in our optimization model (Table.V.7). In panel a), red arrow 
indicates a decreasing tendency of the probability of being under risk with increasing 𝜆; and grey arrow indicates the 
increasing tendency of being safe with increasing 𝜆. In panel b), green arrow indicates the decreasing trend of the 
probability of finding unexploited food resources with increasing 𝜆; and grey arrow indicates the increasing trend 
of competing for food with increasing 𝜆. 
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V.2.1.3. The ecological role of the stationary probability function of space use 

For a HR behaving individual, there exists a stationary probability of being in a 
position 𝑟 given its centre of HR is in 𝑟𝑐 (i.e., 𝑃st(𝑟|𝑟𝑐), eqn.V.1). Considering the stationary 
probability of being in a position 𝑟 and the probability of either finding food (eqn.V.3) or 
predators (eqn.V.2) in such a given position, 𝑝𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(𝑟) or 𝑝𝑟𝑖𝑠𝑘(𝑟) respectively, we can 
define the probability of being under risk or finding new food in a position 𝑟 given (|) that 
the individual is already in this position (�⃗�|�⃗�𝐶), as:  

𝑃𝑠𝑎𝑓𝑒𝑡𝑦(𝑟|𝑟𝐶) = 𝑃𝑠𝑎𝑓𝑒𝑡𝑦(𝑟) · 𝑃𝑠𝑡(𝑟|𝑟𝐶)  =  2√
𝛾

𝜋·𝜀
 𝑒𝑥𝑝

−(
𝛾

𝜀
 (𝑟−𝑟𝑐)

2+
�⃗⃗⃗�

𝜆𝑝𝑟𝑒𝑑
)
     

𝑝𝑟𝑖𝑠𝑘(𝑟|𝑟𝐶) = 1 − 𝑃𝑠𝑎𝑓𝑒𝑡𝑦(𝑟|𝑟𝐶)         
 eqn.V.5 

𝑃𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟|𝑟𝐶) = 𝑃𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟) · 𝑃𝑠𝑡(𝑟|𝑟𝐶)  =  2√
𝛾

𝜋·𝜀
 𝑒𝑥𝑝

−(
𝛾

𝜀
 (𝑟−𝑟𝑐)

2+
�⃗⃗⃗�

𝜆𝑓𝑜𝑜𝑑
)
   

𝑝𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(𝑟|𝑟𝐶) = 1 − 𝑃𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟|𝑟𝐶)        
 eqn.V.6 

Finally, assuming a time-period longer enough to reach an asymptote in the space 
explored, we can define the stationary probability of being under risk 𝑃st𝑟𝑖sk(휀/𝛾) or 
finding new food 𝑝𝑠𝑡𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(휀/𝛾) for an individual as a function of the HR-related 
movement parameters ε and 𝛾 can be defined as: 

𝑃st𝑟𝑖sk(휀/𝛾) = 1 −  2√
𝛾

𝜋𝜀
∫ 𝑃𝑠𝑎𝑓𝑒𝑡𝑦(𝑟|𝑟𝐶)𝑑𝑟 = 1 − 𝑒𝑥𝑝

(
𝜀

4𝛾λ𝑝𝑟𝑒𝑑
2)

𝑒𝑟𝑐𝑓 (
√𝜀 𝛾⁄

2λ𝑝𝑟𝑒𝑑
)

∞

0
         

           eqn.V.7 

𝑝𝑠𝑡𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(휀/𝛾) = 1 − 2√
𝛾

𝜋𝜀
∫ 𝑃𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟|𝑟𝐶)𝑑𝑟 = 1 − 𝑒𝑥𝑝

(
𝜀

4𝛾𝜆𝑓𝑜𝑜𝑑
2)

𝑒𝑟𝑐𝑓 (
√𝜀 𝛾⁄

2·𝜆𝑓𝑜𝑜𝑑
)

∞

0
  

           eqn.V.8 

Hereafter, for simplicity, I am assuming that 𝜆𝑝𝑟𝑒𝑑 = 𝜆𝑓𝑜𝑜𝑑. Therefore, for a 
given combination of HR parameters, the stationary probability of being under risk will 
be equivalent to the stationary probability of finding new food or unexploited resources. 
An increase in the HR area leads to an increase in the stationary probability of being under 
risk (Figure.V.3 from up to down), with the counterpart of an increase in the probability of 
finding unexploited resources. On the other hand, an increase in 𝜆 (Figure.V.3 from left to 
right) leads to an increase in safety with the counterpart of an increase in the probability 
of food depletion. 
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Figure.V.3. Stationary probability of being under risk for two combinations of 휀 and 𝜆 parameters.   
Lines in black: stationary probability density for the animal position with respect the HR centre (eqn.V.1). 
Red: probability of being under risk with distance to the HR centre (eqn.V.2). Grey: stationary probability 
of being under risk (eqn.V.7). Green: stationary probability of being safe that equals the stationary 
probability of finding new food if 𝜆predation and 𝜆food are the same (eqn.V.8). For all the cases, the parameter 
𝛾 was fixed at 0.03 min-1. 

V.2.2. Mechanistic behavioural-bioenergetics model description 

V.2.2.1. Linking individual behaviour and LH through mass/energy fluxes  

The mechanistic behavioural-bioenergetics model developed in Chapter I 
extended the movement ecology (Nathan et al. 2008) and the personality-dependent 
spatial ecology (Spiegel et al. 2017) frameworks to LH theory (Stearns 1992) through 
explicit links with the DEB theory (Kooijman 2010). DEB theory addresses 
mechanistically the major mass/energy fluxes of living organisms and predicts the 
changes of a set of internal state variables that include structure (V), energy of reserve 
(E), maturity (H) and reproduction (R) at the individual level (van der Meer 2006; Ledder 
2014). The dynamic of these state variables is founded in thermodynamic and generic 
biochemical principles (Jusup et al. 2017). The basic equations of the standard-DEB 
model were introduced in Chapter I (section I.2.2.). Note however that Chapter I uses a 
scaled-version. Instead, here, a standard-DEB model, fully parametrized, version for the 
case-species S. scriba is used (Table.V.1). Moreover, the parameter 𝞒 representing the 
density of energy (or moles of carbon atoms) contained in a unit volume of structure 
(proposed by Ledder (2014) to avoid the dependence on the choice of currency) will be 
not used here. Instead, the variable Structure (W= 𝞒 L3, in Chapter I, and equivalent to 
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the structural volume, V= L3) and Energy of reserve (E) are used here in Chapter V. I 
provide the description of the internal state variables, the observable variables and all 
standard-DEB model equations used throughout this Chapter in Table.V.1. 

Table.V.1. Formulae used in the proposed model. Parameters of the standard-DEB model formulae (Kooijman 
2010) were used for the species Serranus scriba (AmP database). 

Equations Description 
and units Interpretation and parameters 

Mechanistic basis of the HR establishment 
𝑑𝑟

𝑑𝑡
= −𝛾(𝑟(𝑡) − 𝑟𝑐) + √휀𝜉(𝑡)         HR model  

(eqn.I.1 in Chapter I) 
𝑟(𝑡)  particle displacement in each 
time step 
휀 (𝑚2𝑚𝑖𝑛−1) exploration rate 
𝛾 (𝑚𝑖𝑛−1) drift force strength (𝑘𝐻𝑅 
in Fig.V.6-9) 

𝑃st(𝑟|𝑟𝑐) =
𝛾

휀
𝑒𝑥𝑝

−(
𝛾
𝜀
 (𝑟−𝑟𝑐)

2) Probability density 
function  
(eqn.V.1) 

Probability density function for 
the position of a fish in 𝑟  given the 
centre of the HR in 𝑟𝐶 

𝐻𝑅𝑟  = √−
휀

𝛾
ln(1 − 0.95) ∝ √

휀

𝛾
 

𝐻𝑅𝑟, HR radius   

𝑣 =
1

∆𝑡
 √< |𝑟𝑡+1 − 𝑟𝑡|

2 >=
1

∆𝑡
√휀
1 − е−2𝛾∆𝑡

𝛾
   

𝑣, Linear speed from a 
HR-movement model. 

𝑟t particle position in time step t 
𝑟t+1particle position in time step 
t+1 

HR behavioural-related foraging strategy and encounter rate 
𝑝𝑠𝑎𝑓𝑒𝑡𝑦(𝑟) = 𝑒𝑥𝑝

−𝑟/𝜆𝑝𝑟𝑒𝑑  
𝑝𝑟𝑖𝑠𝑘(𝑟) = 1 − 𝑝𝑠𝑎𝑓𝑒𝑡𝑦(𝑟)  
λ𝑝𝑟𝑒𝑑 =

1

𝜌𝑝𝑟𝑒𝑑·𝑐𝑝𝑟𝑒𝑑
  

Probability of safety or 
being under risk of 
predation with distance to 
the HR centre (eqn.V.2  
and eqn.V.4 in the main 
text) 

λ𝑝𝑟𝑒𝑑  Parameter defining the 
strength of the exponential 
relationship between the 
distances with respect the centre 
of the HR and the probability of 
being under risk. 
𝜌𝑝𝑟𝑒𝑑 predator density/ or level 
of predators 
𝑐𝑝𝑟𝑒𝑑 constant relating λ𝑝𝑟𝑒𝑑 
with predators density (pred m-2) 

𝑝𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟) = 𝑒𝑥𝑝
−𝑟/𝜆𝑓𝑜𝑜𝑑  

𝑝𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(𝑟) = 1 − 𝑝𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛(𝑟)  
λ𝑓𝑜𝑜𝑑 =

1

𝜌𝑓𝑜𝑜𝑑·𝑐𝑓𝑜𝑜𝑑
  

Probability of finding or 
not new food with 
distance to the HR centre 
(eqn.V.3 and eqn.V.4 in 
the main text) 

λ𝑓𝑜𝑜𝑑 Parameter defining the 
strength of the exponential 
relationship between the 
distances with respect the centre 
of the HR and the probability of 
finding food. 
𝜌𝑓𝑜𝑜𝑑 scaled food density 
(min/m2) 
𝑐𝑓𝑜𝑜𝑑 constant relating λ𝑓𝑜𝑜𝑑 
with predators density (min m-2) 

𝑃st𝑟𝑖sk(휀/𝛾) =  1 − 𝑒𝑥𝑝
(

𝜀

4·𝑘·λ𝑝𝑟𝑒𝑑
2)
·

𝑒𝑟𝑐𝑓 (
√𝜀 𝑘⁄

2·λ𝑝𝑟𝑒𝑑
)  

Stationary probability of 
being under risk of 
predation  
(eqn.V.7) 

 

𝑝𝑠𝑡𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(휀/𝛾) = 1 −

 𝑒𝑥𝑝
(

𝜀

4·𝑘·λ𝑓𝑜𝑜𝑑
2)

· 𝑒𝑟𝑐𝑓 (
√𝜀 𝑘⁄

2·λ𝑓𝑜𝑜𝑑
)  

Stationary probability of 
finding new food  
(eqn.V.8) 

 

𝐸𝑅 = 𝜌𝑓𝑜𝑜𝑑 · 𝑝𝑠𝑡𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(휀/𝛾) · 𝑣 ·

𝜋 · 𝑟𝑑
2  

Encounter rate of food 
items  
(eqn.V.9) 

𝜋 · 𝑟𝑑
2area of food detection (m2) 

𝑓 =
𝐸𝑅

1+ℎ·𝐸𝑅
  Functional response 

(eqn.V.10) 
h: the handling time (sec-1) 

State variables 
𝑉 = 𝐿3 Structure (cm3) Corporeal material of the 

organism 
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L: structural length 
𝐸 Reserve (J) stored energy for future allocation 

to other components or processes 
Scaled E 
Scaled E = [E]/[Em] 
 

Scaled energy of reserve  
(-) 
 

Proportion of stored energy with 
respect the maximum capacity of 
storage, [Em], i.e., the maximum 
energy of reserve per unit of 
volume (J cm-3), [E], energy or 
reserve per unit of volume. 

H Maturity (J) Energy required to reorganization 
processes, regulation systems and 
prepare reproduction  

R Reproduction (J) Energy used for reproduction 
Observables variables 

𝐹𝑒𝑐 =
𝜅𝑅 · 𝑅

𝑈𝑜
 

Fecundity as number of 
eggs 

𝜅𝑅: reproduction efficiency, 
fraction of reproduction energy 
fixed in eggs (-) 
𝑈𝑜: Energy content in a single 
egg 

𝐿𝑤 =
𝑉1/3

𝛿
= 𝐿/𝛿 

Physical length (cm) 𝛿: shape coefficient that relates 
physical length with structural 
length (-) 

𝑊𝑣 =  𝑑𝑣 · 𝑉 Dry weight of structure 
(g) 

𝑑𝑣: specific density of structure (g 
cm-3) 

𝑊𝐸 = 
𝑤𝐸
𝜇𝐸
· 𝐸 Dry weight of reserve (g) 𝑤𝐸: specific weight of water free 

structure (g mol-1) 
𝜇𝐸: chemical potential of reserve 
(J mol-1) 

𝑊𝑅 =  
𝑤𝐸
𝜇𝐸
· 𝑅 Dry weight of 

reproduction buffer (g) 
 

𝑊 = 𝑊𝑣 +𝑊𝐸 +𝑊𝑅 Total dry weight (g)  
Fluxes 
𝐽�̇� = 𝑘𝑥𝑓𝐿

2{𝐽�̇�𝑚} Assimilation rate (J d-1) Rate at which energy is 
assimilated from food. 
{𝐽�̇�𝑚}: Maximum assimilation 
flux per unit of structural area.  
𝑘𝑥: assimilation efficiency 

𝐽�̇� = [E]
�̇�[𝐸𝐺]𝐿2 + 𝐽�̇�
[EG] + 𝜅[𝐸]

 
Mobilization rate Rate at which energy is mobilized 

from the reserve for somatic, 
maturity and reproduction uses 
[E]: energy per unit of volume  
(J cm-3) 
�̇�: Energy conductance (cm d-1) 
[EG]: specific cost for structure  
(J cm-3) 
𝜅: fraction of the mobilized 
energy invested for growth and 
structural maintenance. 

𝐽�̇� = [�̇�𝑀]𝐿
3 Structural maintenance 

rate (eqn.V.17 in the main 
text) 

Costs required for somatic 
maintenance. 
[�̇�𝑀]: volume specific somatic 
maintenance (J cm-3 d-1) 

𝐽�̇� = �̇�𝐻𝐻 Maturation maintenance 
rate 

Costs required for maturity 
maintenance 
�̇�𝐻: maturity cost coefficient (d-1) 

Dynamic equations 
𝑑𝐸

𝑑𝑡
= 𝐽�̇� − 𝐽�̇� 

Reserve dynamics or rate 
of change of reserve. 

 

𝑑𝑉

𝑑𝑡
= 𝑦(𝜅𝐽�̇� −

𝐽�̇�
[𝐸𝐺]

) 
Length dynamics or 
growth rate 

𝑦: yield in structure (-) 

𝑑𝐻

𝑑𝑡
= (1 − 𝜅)𝐽�̇� − 𝐽�̇�  (𝐻 < 𝐻𝑃) 

Maturity dynamics Hp: threshold maturity level in the 
puberty time (J) 

𝑑𝑅

𝑑𝑡
= (1 − 𝜅)𝐽�̇� − 𝐽�̇� (𝐻 ≥ 𝐻𝑃) 

Reproductive dynamics  
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Mortality and Survivor functions 
𝑀𝑠𝑖𝑧𝑒(𝐿) = 𝑐𝑡𝑒𝑠𝑖𝑧𝑒 · 𝐿

−𝑑 Size-dependent mortality 
(eqn.V.11 in the main 
text) 

𝑐𝑡𝑒𝑠𝑖𝑧𝑒: size-related mortality 
constant (d-1) 
d: length exponential relationship 

𝑀𝑝𝑟𝑒𝑑(휀/𝛾, 𝐿) = 𝑃st_𝑟𝑖sk(휀/𝛾) ·

𝜌𝑝𝑟𝑒𝑑 · 𝑐𝑡𝑒𝑝𝑟𝑒𝑑 · 𝑀𝑠𝑖𝑧𝑒(𝐿)  

Mortality due to foraging 
strategy 
(eqn.V.12 in the main 
text) 

𝑐𝑡𝑒𝑝𝑟𝑒𝑑 : predation mortality 
constant (d-1) 
 

𝑀𝑟𝑒𝑝𝑟(𝐺𝑆𝐼)

=  (
 𝑊𝑔𝑜𝑛𝑎𝑑

𝑊𝑔𝑜𝑛𝑎𝑑 + 𝑊𝑡𝑜𝑡𝑎𝑙
⁄ )

0.75

· 𝑐𝑡𝑒𝑟𝑒𝑝𝑟 

Mortality due to 
reproduction (eqn.V.13  in 
the main text) 

𝑐𝑡𝑒𝑟𝑒𝑝𝑟: reproduction mortality 
constant (d-1) 

𝑀𝑓𝑖𝑥𝑒𝑑 = 0.01 𝑦
−1 Fixed mortality  

𝑍 (
휀

𝛾
, 𝐿, 𝐺𝑆𝐼; 𝑡)

=  𝑀𝑠𝑖𝑧𝑒(𝐿; 𝑡) + 𝑀𝑝𝑟𝑒𝑑 (
휀

𝛾
, 𝐿; 𝑡)𝑀𝑟𝑒𝑝𝑟(𝐺𝑆𝐼; 𝑡)

+ 𝑀𝑓𝑖𝑥𝑒𝑑 

Total Mortality (eqn.V.14 
in the main text) 

 

𝑆(𝑡) = {
0, 𝑖𝑓   𝐿(𝑡) < 𝐿(𝑡 − 1)

𝑒−∫ 𝑍(𝑡)𝑑𝑡
𝑡+1

𝑡 , 𝑖𝑓   𝐿(𝑡) ≥ 𝐿(𝑡 − 1)
 

 

Survivor (eqn.V.15 in the 
main text) 

 

𝐸𝑅𝐿𝑇 (𝑡) =  ∫ 𝐹𝑒𝑐(𝑡) 𝑆(𝑡) 𝑑𝑡
∞

𝑡
  Expected reproduction life 

time (eqn.V.16 in the main 
text) 

 

Following the original notation from Kooijman (2010): squared brackets [ ] indicate quantities represented per unit 
of volume, curly brackets {} indicate quantities represented as per unit surface-area of the structural volume, and 
points over letters ̇  indicate a rate (i.e., a dimension per time).  

 

V.2.2.2. Linking stationary probabilities with energy intake  

I defined here the individual encounter rate (ER) of food in time as the product of 
the food density (𝜌𝑓𝑜𝑜𝑑), the exploration rate and the stationary probability of finding food 
given the individual-specific features of the HR behaviour (𝑝𝑠𝑡𝑛𝑒𝑤.𝑓𝑜𝑜𝑑(휀/𝛾), eqn.V.8) as:  

𝐸𝑅 = 𝜌𝑓𝑜𝑜𝑑 · 𝑝𝑠𝑡𝑛𝑒𝑤.𝑓𝑜𝑜𝑑
(휀/𝛾) · 𝑣 · 𝜋 · 𝑟𝑑

2      
eqn.V.9 

where the individual exploration rate was defined as the product of the lineal speed9 𝑣 (as 
defined in Chapter III, Table.V.1), given the individual HR-features, and the individual 
area of detection, 𝜋 · 𝑟𝑑2, where 𝑟𝑑 is the detection radius of the individual within which 
fish can detects the food (Visser 2007). The ER of food will determine the food intake 
rate. Here, I included it in a Holling type II functional (Holling 1959) response as follows:  

𝑓 =
𝐸𝑅

1+ℎ 𝐸𝑅
          

 eqn.V.10 

where h is the handling time (T-1). Finally, the functional response informs on how much 
the individual approximates the energy assimilation rate to its maximum. In DEB theory, 
the assimilation flux describes the rate of assimilating energy from the environment to 
fuel all internal processes, and it its defined in terms of its species-specific maximum 
{𝐽�̇�𝑚}, (Table.V.1). 

                                                           
9 Note that 𝑣 refers to linear speed (LT-1) while �̇� is the DEB parameter that refers to energy conductance 
(L T-1).  
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V.2.2.3. Modelling mortality rate depending on stationary probabilities 

Overall, the assumed trade-offs included for optimization are related to key 
ecological processes affecting the establishment and dynamics of HR behaviour 
(Teckentrup et al. 2018). The trade-offs considered here involve the probability of finding 
food (i.e., changes in the access to available resources) versus the probability of being 
under risk of predation. For this purpose, I split mortality in four components that 
correspond to behavioural and morphological features of the organism. Together they 
summarize the assumed trade-offs that organisms may face in life through behavioural 
decisions. Following Jørgensen & Holt (2013), total mortality (Z) was split into four 
components: predation, movement, reproduction and fixed.  

First, I considered a size-dependent predation component of the total natural 
mortality where mortality rate decreases with size (Jørgensen & Holt 2013) as follows: 

𝑀𝑠𝑖𝑧𝑒(𝐿) = 𝑐𝑡𝑒𝑠𝑖𝑧𝑒 · 𝐿
−𝑑        

eqn.V.11 

where d, a negative exponential relationship with size, was fixed up to 0.75 (Jørgensen & 
Holt 2013). Values for all parameters are showed in Table.V.7. Further, the scaling of 
predation mortality influences the size-dependent scaling of several other components of 
mortality (Jørgensen & Holt 2013; Jørgensen et al. 2016).  

Second, a behavioural or HR-related component for mortality (derived from the 
foraging strategy and therefore dependent on the 휀 and 𝛾 parameters) was defined as 
dependent on the level of risk accepted in relation to foraging (Jørgensen & Holt 2013). 
Here, I assumed this behavioural-related component for mortality to be proportional to 
the size-dependent predation component (eqn.V.11) and the environmental level of risk of 
predation (dependent of the density of predators 𝜌

𝑝𝑟𝑒𝑑
) as follows: 

𝑀𝑝𝑟𝑒𝑑(휀/𝛾, 𝐿) = 𝑃st_𝑟𝑖sk(휀/𝛾) · 𝜌𝑝𝑟𝑒𝑑 · 𝑐𝑡𝑒𝑝𝑟𝑒𝑑 · 𝑀𝑠𝑖𝑧𝑒(𝐿)    
eqn.V.12 

Third, based on Holt & Jørgensen (2014), I assumed that mortality related to 
reproduction increases with reproductive investment (Mrepr) as a function of gonad-
somatic index (GSI; the ratio between the weight of the gonad 𝑊𝑔𝑜𝑛𝑎𝑑  and the total weight 
of the individual 𝑊𝑡𝑜𝑡𝑎𝑙 multiplied by a factor 100). This assumption implies that fish with 
mature gonads will pay an extra cost in terms of survivor. The biological process may be, 
for example, that large gonad decrease swimming performance when escaping from 
predators (e.g., Ghalambor et al. 2004). Therefore, the cost of reproduction was described 
by:  

𝑀𝑟𝑒𝑝𝑟(𝐺𝑆𝐼) =  (
 𝑊𝑔𝑜𝑛𝑎𝑑

𝑊𝑔𝑜𝑛𝑎𝑑 + 𝑊𝑡𝑜𝑡𝑎𝑙
⁄ )

0.75

· 𝑐𝑡𝑒𝑟𝑒𝑝𝑟   

eqn.V.13 

Finally, a fixed baseline of mortality was fixed to 0.01y-1 (Holt & Jorgensen 2014). 
Then, total annual mortality rate (Z) was described as the sum of all its components:  

𝑍 (
𝜀

𝛾
, 𝐿, 𝐺𝑆𝐼) =  𝑀𝑠𝑖𝑧𝑒(𝐿) + 𝑀𝑝𝑟𝑒𝑑 (

𝜀

𝛾
, 𝐿)+ 𝑀𝑟𝑒𝑝𝑟(𝐺𝑆𝐼) + 𝑀𝑓𝑖𝑥𝑒𝑑   

eqn.V.14 
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Following (Jørgensen & Holt 2013), the annual survival probability 𝑆(𝑡) in year t 
is given by: 

𝑆(𝑡) = {
0, 𝑖𝑓   𝐿(𝑡) < 𝐿(𝑡 − 1)

𝑒−∫ 𝑍(𝑡)𝑑𝑡
𝑡+1
𝑡 , 𝑖𝑓   𝐿(𝑡) ≥ 𝐿(𝑡 − 1)

 

eqn.V.15 

where the probability of survival to year t, S(t), will equal 0 whenever a decrease in size 
(L) happens (i.e., L(t)<L(t-1)). In the context of the standard DEB model, an individual 
will die when the energy or reserve cannot cover the somatic maintenance costs (Muller 
2000; Kooijman 2010). Nevertheless, other rules for starvation have been modelled 
increasing the complexity of the standard DEB models (e.g., the use of reserve allocated 
to reproduction, Pecquerie et al. 2009, or the use of energy from the structure leading to 
shrinking processes, Tolla et al. 2007). The consideration of these specific rules is beyond 
the scope of this Chapter. Therefore, I considered death to occur when an individual 
decreases in length (Ledder 2014).  

For life history optimization, fitness is calculated in terms of the total “expected 
reproductive lifetime" (ERLT). Thus ERLT from t to the final time or animal life-span 
time LT (Ledder 2014), is given by:  

𝐸𝑅𝐿𝑇 (𝑡) =  ∫ 𝐹𝑒𝑐(𝑡) 𝑆(𝑡) 𝑑𝑡
𝐿𝑇

𝑡
        

eqn.V.16 

where 𝐹𝑒𝑐(𝑡) is the fecundity at the time t and 𝑆(𝑡) is the probability of survival at t. 

V.2.2.4. Movement cost in DEB 

In bioenergetics models, the standard metabolic rate is defined as the metabolism 
of an inactive fish that is not ingesting food (Arnott et al. 2006). On the other hand, 
activity is defined as the proportional increase in respiration rate in “active” vs “resting” 
animals (Clark, Sandblom & Jutfelt 2013; Brodie et al. 2016; Jeanniard-du-Dot et al. 
2017), namely scope for activity (Arnott et al. 2006). Active metabolism is widely used 
to characterize the metabolic energy costs of mechanical work (Nisbet et al. 2012). Then, 
activity can be estimated by a nonlinear function of oxygen consumption against sustained 
swimming speed (Svendsen, Bushnell & Steffensen 2016). However, other physiological 
processes as feeding rate may co-vary with swimming speed as well (Brodie et al. 2016). 
In fish, activity can be estimated from the mechanical power requirements (Gerry & 
Ellerby 2014). However, locomotor systems are still a black box from an energetic 
perspective (Gerry & Ellerby 2014). For instance, the average power needed to generate 
the thrust that propels the fish to a given speed in a turbulent flow (and its variation in 
time) is poorly known. However, even in the few cases where power is known, there are 
still difficulties to determine how this power relates to the rate of metabolic (chemical) 
energy consumption. Several approximate estimates are obtained by measuring 
respiration at endurable levels of exercise. A more detailed discussion within the context 
of DEB can be found in Nisbet et al. (2012).  
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In DEB theory, standard metabolic rate and active metabolic rate are associated to 
the following combination of DEB-related processes: overheads of growth + somatic 
maintenance + maturity maintenance + development or overheads of reproduction – 
excretion during growth and dissipation processes (Nisbet et al. 2012). Thus, activity 
cannot directly be related to any specific component of the standard DEB model. Instead, 
a proxy can be used for the purposes of this work. On sound mechanical grounds, the 
energy costs of swimming is proportional to 𝐿2𝑣2 (Kooijman 2010). If travel time is 
independent of size, we can assume that cost of swimming is proportional to structure 
(i.e., L3), whenever speed follows the allometric relationships with size 𝑣 ∝ 𝐿1/2 
(Kooijman 2010). Following this reasoning, many current applications that use DEB’s 
model assume that mechanical work (a component of activity) is either small and hence 
can be neglected, or simply it is considered as another component of maintenance costs 
(Kooijman 2010; Jusup et al. 2011; Nisbet et al. 2012). Supporting this idea, in the most 
detailed DEB-based discussion up to date, Jusup et al. (2011) captured well the feed 
conversion ratio (ratio of dry feed weight to wet fish weight gain) in a tuna species when 
including costs of movement (swimming) in the somatic maintenance flux. Validity and 
limitations of this assumption are discussed deeper in Nisbet et al. (2012).  

Based on these works, I here assume that a small and fixed proportion of the 
maintenance costs are due to cover the energy requirements of mechanical work (and 
hence, the cost for activity or routine movement that may be related to the HR movement). 
For this purpose, I fixed beforehand that a 0.15 of the maintenance flux 𝐽�̇� will be the 
energy flux for paying movement costs, while the rest (0.85·𝐽�̇�) will be the fraction of 
the maintenance flux for the structure maintenance.  

𝐽�̇� = �̇�𝑀𝐿
3           

𝐽�̇� = 0.85 �̇�𝑀𝐿
3 − 𝐿2𝑣2𝑐𝑡𝑒𝑚𝑣𝑡         

𝐿2𝑣2𝑐𝑡𝑒𝑚𝑣𝑡  ≈   0.15 𝐽�̇� ≈ 0.15 �̇�𝑀𝐿
3        

eqn.V.17 

Aiming to parametrize these equations, I performed preliminary simulations for a 
range of linear speeds and default fixed parameters values for DEB equations (Table.V.6). 
In the simulation, movement strategies were constant during the full lifespan of the 
individual (i.e., the same linear speed along the lifespan) and costs of movement were 
assumed to be implicitly accounted in the maintenance flux (i.e., costs of movement ~ 
L3). Then, from the output of these simulations, I used 𝐽�̇� to calculate the 𝑐𝑡𝑒𝑚𝑣𝑡 value in 
eqn.V.17.b by assuming that costs of movement were the 0.15 fraction of the 
𝐽�̇� (eqn.V.17.c).  

V.2.2.5. The role of energy conductance �̇� in the Dynamic Energy Budget 
theory 

Energy conductance �̇� is considered an “intensive” parameter that affects directly 
the rate of energy mobilization (𝐽�̇� , Table.V.1). Consequently, it affects growth rate and 
potentially other rates as maturation rate. “Intensive” parameters refer to the parameters 
that characterize processes occurring at cellular level and are roughly constant and 
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independent of the maximum size of the species (Jusup et al. 2017). Contrary, “extensive” 
parameters depend on maximum size in predictable ways and other intensive parameters 
(e.g., see below the case of [Em]). In the steady state (when size and reserves do not 
growth anymore; and eqns. dE/dt and dV/dt equal 0, Table.V.1), the maximum reserve 
density [Em] (i.e., maximum energy of reserve by unit of structural volume) depends 
inversely on �̇�. [Em] is an ecologically important parameter (here, an “extensive” one) 
because it indicates how well an organism withstands starvation. In DEB theory 
(Kooijman 2010), [Em] is an emergent property that varies with species size and �̇�:  

[𝐸𝑚] =
{�̇�𝐴}

�̇�
         

           eqn.V.18 

At the inter-species level [Em] shows a scaling relationships with size. Therefore, 
[𝐸𝑚] ∝ 𝐿𝑚 as {𝐽�̇�} ∝ 𝐿𝑚 in {𝐽�̇�} = 𝐿𝑚

[�̇�𝑀]

𝜅
 (Kooijman 2010). Focusing at among-species 

level, larger species should generally have a higher reserve density and better tolerance 
to starvation than smaller species. However, at the individual level, inter-individual 
variability in [𝐸𝑚], {�̇�𝐴} and/or �̇� may exist as well (Kooijman 2010; Jusup et al. 2017), 
with different implications in different environmental contexts (some expectations are 
shown in Table.V.2).  

Overall, changes in �̇� will imply changes in growth, maturation and reproduction 
rates, as far as it implies a faster mobilization rate. Remember that in the steady state, a 
decrease in the maximum reserve density implies smaller starvation resilience (see results 
for metabolically fast-type animals in Chapter I). On the other hand, behaviour can 
accommodate these changes in �̇�. For example; increasing the intake rate through 
behavioural responses can overcome the depleting effect of an increase in �̇� on the reserve 
density. I hypothesise that different combinations of �̇� levels with different levels of the 
internal state energy of reserve can coevolve in different environmental scenarios of food 
availability and predation-related risk (Table.V.2).    
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Table.V.2. Expected predictions for the model: Combination of external environmental conditions (food and 
predation levels) within which different optimal state-dependent strategies for energy conductance �̇� and HR searching 
rate 휀 with internal energy of reserve; and HR drift force 𝛾 with body size, are expected to evolve.  

Strategy 
State Energy conductance �̇� 

Energy of Reserve High �̇� Low �̇� 
Low Reserve 
*Low internal 
energy of reserve 
can be the result of 
either a high 
mobilization or a 
low assimilation. 

Stable food conditions/ risk of starvation 
High risk of mortality  
LH: Fast growth  
We expect higher �̇� along with low internal 
reserves to evolve in scenarios with low but 
stable resources level when a high risk of 
mortality exists (e.g., due to predation), then 
the high �̇� allows a fast growth to overcome 
predation pressure at expenses of reducing 
the internal energy levels.  

Stable food conditions/ safe from 
starvation 
Safe from predation. 
LH: Slow growth  
We expect a low �̇� along with low reserves 
to evolve in scenarios that are save from 
starvation (medium, high levels of 
resources) and there is no risk of predation 
(secure environments), then a slower 
growth and longer live are a better strategy. 

High Reserve Stable food conditions/ safe from 
starvation/ food richness  
High predation. 
LH: Fast growth  
We expect higher �̇� along with high internal 
reserves to evolve in food rich environments 
(then internal energy can be maintained in 
high levels thanks to a fast assimilation that 
overcome the fast mobilization) where high 
predation exists (higher �̇� implies faster 
growth and that will help in avoiding 
predation). 

Risk of starvation. 
Safe from predation. 
LH: Slow growth 
We expect low �̇� along with high internal 
reserves to evolve in scenarios with high 
risk of starvation but safe from predation, 
then a slow growth is optimal because it 
helps to reduce the risk of starvation, 
keeping smaller sizes and keeping higher 
reserves for overcoming the environmental 
uncertainties. 

Strategy 
State 

휀 parameter in HR:  
Searching rate increases the encounter rate of food items in foraging processes. 

Energy of Reserve High 휀 Low 휀 
Low Reserve 
*Low internal 
energy of reserve 
can be the result of 
either a high 
mobilization or a 
low assimilation. 

Low resources/risk of starvation 
Risk of predation 
Fast searching rate 
We expect low internal energy of reserve and 
low 휀 to evolve together in environments 
where food is scarce and then, energy 
assimilated is low, but individuals take riskier 
behaviour to increase intake, even the 
environment is not safe from predation.  

Low resources but safe from starvation 
High predation 
Slow searching rate 
We expect low 휀 and low internal energy of 
reserve to evolve in environments with 
scarcity of resources and high risk of 
predation. The assimilated energy is 
limited by the un-risky behaviour that 
decreases the access to resources.     

High Reserve Risk of starvation 
Safe from predation 
Fast searching rate 
High 휀 and reserve will evolve together in 
environments safe from predation. Food 
resources are high but changing. Therefore, 
high reserves are required to be able to 
overcome risk of starvation and 휀 should be 
high to keep high reserves. 

High resources 
High predation 
Slow searching rate 
We expect high reserves and low 휀 to 
evolve in contexts where a risky strategy is 
needless.  

Strategy 
State 

𝛾 parameter in HR (drift force): 
Higher drift forces imply a smaller HR area and greater re-exploration of the same areas.  

Body size High 𝛾  Small HR Low 𝛾  Big HR 
Small size Low resources 

High predation 
High predation risk prevent the animal to 
show a risk-prone behaviour.  

Low resources 
Low predation 
It contributes to increase the HR area and 
the success of finding new items of food 
(risk-averse behaviour can be relaxed with 
lower predation risk).   

Big size High resources 
High predation 
As individuals grow bigger, their feeding 
strategies will be more cautious. 

High resources 
Low predation 
Risk-averse behaviour relaxes when 
predation risk is low. 
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V.2.3. Dynamic Optimization  

Dynamic Optimization is a method intended to estimate the optimal strategies 
when multiple decisions have to be made over time. It has been successfully applied to 
solve optimization problems in many research fields other than Biology but it is specially 
suited for understanding optimal behavioral strategies in animals (Mangel & Clark 1988). 
The term “dynamic” emphasizes that the optimal decision (the terms in bold italics are 
defined in Box.V.1) made at a given moment depends on both, the internal state of the 
animal and the environmental settings. Therefore, optimal strategies would be state-
dependent. Moreover, this term emphasizes the fact that the outcomes of any given 
decision will change the current internal state, which in turn may affect the optimal 
configuration of LH traits and behavioral decisions as well. The story of decisions related 
with LH and behavior experienced along the lifespan defines the strategy of the animal, 
which is assumed to be optimal from an eco-evolutionary perspective (Mangel & Clark 
1988). From the behavioral side, it implies that i) the animal have “some way” of making 
the optimal decision in front of any behavioral dilemma and ii) any optimal behavioral 
decision implies a fitness increase, confers some adaptive advantage and, thus, will be 
selectively retained at the evolutionary scale (Mangel & Clark 1988). 

Dynamic Optimization has been used in this Chapter for i) finding the optimal 
strategy in a marine coastal fish species (painted comber, S. scriba) related to three 
decision variables (HR searching rate, HR drift force and energy conductance; Chapter 
I); ii) exploring whether and how external forcing variables (specifically, food 
availability and predator density) affect the optimal strategy; iii) whether (how and when) 
optimal strategies may vary at the between-individual level; and iv) whether (how and 
when) some co-variation patterns may arise. Overall, in this chapter, I aim to explore the 
opportunities that Dynamic Optimization offers to reach these objectives. 

The complexity and subtleties of Dynamic Optimization are certainly remarkable. 
Thus, a detailed description of the specific method used may be imperative for conferring 
scientific reliability to the results reported here. Therefore, first, I will introduce in  section 
V.2.3.1. the foundations of state-dependent Dynamic Optimization and in section V.2.3.2. 
the rationale behind Backwards Optimization and Forwards Simulation through 
numerically developing a simple example. The next two sections are devoted to describe 
in depth the technical details related with state-dependent Dynamic Optimization (section 
V.2.3.3.) and its application and particularities of the case study here (section V.2.3.4.). 
Note that these three sections (from V.2.3.2 to V.2.3.4.) can be safely skipped for the 
readers not specially interested on these technicalities or for those with a good background 
on them. Finally, the multivariate methods used for exploring and describing the results 
obtained are reported in section V.2.3.5. The FORTRAN codes specifically developed 
for optimizing the behavioural-bioenergetics model is included in Appendix V.A. and 
Appendix V.B.   
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V.2.3.1. The basic foundations of Dynamic Optimization 

Let us take a simplified example. Imagine the naïve situation of an animal whose 
survival probability is only enhanced when it encounters food after moving actively away 
from its shelter but, contrary, it will starve if it remains at the shelter. Additionally, the 
animal may be predated when moving out the shelter. In this example, the optimal 
decision for a well-fed individual would be to remain at the shelter keeping safe from 
predation, but the same individual will need to refuel its energy level at some moment, 
and then the optimal decision will be to face the danger of being predated and move out 
the shelter to look for food. Therefore, the optimal decision would be state-dependent and 
change (i.e., dynamic) along the lifespan. 

 
Box.V.1: Glossary of terms used in Dynamic Optimization 
Decision variables (u): Behavioural variables discretized in mutually exclusive behavioural actions 
(e.g., "to move" versus "not to move") among which the individual has to choose (or decide). 
Decision variables can be expanded to more than one variable. Moreover, the decision variables do 
not necessarily need to be behavioural. For example, in the behavioural-bioenergetics model, the two 
of the decision variables are related with movement behaviour but the third one is related with 
physiology. 
 
Reward variable (F): Variable being maximized by Dynamic Optimization; therefore, a common 
currency that allows comparing the optimality of different actions for a decision variable. The nature 
of the reward is case-specific. For example, it uses to be net profit in economic problems. In the 
simple numeric example presented at section0, the reward is survival probability but in the 
behavioural-bioenergetics model is fitness (accumulated fecundity along all the life span). 
 
State variables (X): Variable used to describe a dynamic system. Knowing the set of values of the 
state variables plus the values of the external forcing variables affecting the system at a given moment 
is enough to determine the value of the reward variable at the next time step. Note that time is a 
discrete variable in the Dynamic Optimization version implemented here. Note also that state 
variables are continuous in most dynamic systems, however they are a priori discretized by the 
Dynamic Optimization version implemented here. 
 
External forcing variables: Environmental-related variables (e.g., predation risk or food levels) 
affecting the dynamic system. 
 
Optimal decision (𝜋∗): Discrete action within the feasible exclusive behavioural actions of a decision 
variable that maximizes the reward variable.  
 
Optimal strategy: Dynamic Optimization finds the story of discrete values of the decision variables 
than maximizes the value of the reward variable at any moment along the lifespan (i.e., the story of 
optimal decisions), or in another words, the rule specifying the dependence of behaviour (decision 
variables) on the internal state (state variables), organism’s environment (external forcing variables) 
and time. 

 

The goal addressed by Dynamic Optimization is to estimate what had to be the 
most plausible story of past decisions that maximizes the reward variable (e.g., survival 
probability in the example above). The key assumption of Dynamic Optimization is that 
the pending decision at a given moment would depend only on the current value of the 
state variable considered but whatever happened before will not directly affect it. Past 
decisions would affect future decisions only because of their consequences in the 
dynamics on the state variable, but not because of the decisions themselves (Kokko 
2007). Therefore, the optimal decision at a given moment would be the one that 
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maximizes the reward variable from now onward: "It does not matter how you got to 
your current state, just look the best way forward from there. [...] The best actions from 
now on can depend on the current state, but they do not depend on how one entered the 
current state” (Kokko 2007). 

Based on this assumption, the optimal strategy that maximizes the accumulated 
fecundity along the lifespan (as a surrogate of fitness) has been estimated for three 
decision variables (HR searching rate 휀, HR drift force 𝛾 and energy conductance �̇�) of 
the behavioral-bioenergetics model described in Chapter I. For Dynamic Optimization, I 
have combined Backward Optimization and Forward Simulation following Mangel & 
Clark (1988) and Houston & McNamara (1999). First, the optimal decision concerning 
the decision variables that maximizes the reward variable (accumulated fitness along the 
lifespan) for any given combination of the three state variables considered (Energy, 
Length and Maturity level) and a given combination of external forcing variables has 
been estimated at any age from 20 years to zero using Backward Optimization. 
Concerning the external forcing variables, three scenarios of food density, with two 
levels of uncertainty, and four scenarios of predation intensity have been considered, thus 
24 independent optimization assays have been completed. Second, the optimal strategy 
in each scenario has been estimated using a Forward Simulation from age zero to 10 years. 
Briefly, the optimal ontogenetic trajectories for the state variables, the reward variable, 
the decision variables and many other derived variables describing LH traits have been 
estimated for 100 fish at each one of the 24 scenarios considered (i.e., 100 fish * 10 years 
* 24 scenarios =24,000 values has been estimated for the variables monitored). These fish 
are assumed to behave optimally according with the optimal decisions inferred from 
backward optimization. 

V.2.3.2. Introducing Dynamic Optimization with a simple example (notes 
from Mangel & Clark 1988) 10 

Taking the simplified example from the section above again, a given animal will 
have to make multiple decisions (u) over time (t). The decision variable is a discrete 
variable with only two possible values: "to move" (u1) or "not to move" (u2) away from 
the shelter. For this example, the internal energetic level is the only state variable 
considered, X. Moreover, the survival probability is the reward variable that must be 
maximized at any moment along the lifespan (the animal will die either when it is 
predated or when its energy level is zero). Let us assume that the probabilities of finding 
food and being predated, as well as the associated energetic gain and cost of the two 
values of the decision variable are known and constant (Table.V.3). Note that we assume 
that the energetic cost of “moving” and “not moving” is the same, which is in line with 
Chapter I. Similarly, the energetic gain is the same, conditional to the probability of 
actually finding food, which is certainly different depending on the movement-related 
                                                           

10 This section describes technical details of Dynamic Optimization and can be safely skipped for the readers 
not specially interested on them. Specifically, this section introduces the rationale behind Backwards Optimization and 
Forwards Simulation through numerically developing the simple example introduced in above. 
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decision variable. The decision value “to move” will lead to an increase of the probability 
of finding food at expenses of an increase in the risk of mortality, while “not to move” 
shows a decrease in mortality risk at expenses of finding less food.  

 
Table.V.3. Wins and losses for different behavioural decision values. Trade-offs are computed in terms of 
probability of being predated 𝑃𝑝𝑟𝑒𝑑, energy costs 𝐸𝑐𝑜𝑠𝑡𝑠, which would imply a change in internal state; probability of 
finding food 𝑃𝑓𝑜𝑜𝑑 and energy gain whenever food is encountered 𝐸𝑔𝑎𝑖𝑛, which would imply a change in internal 
state. 

Decision variable u values 𝑷𝒑𝒓𝒆𝒅 𝑬𝒄𝒐𝒔𝒕𝒔 𝑷𝒇𝒐𝒐𝒅 𝑬𝒈𝒂𝒊𝒏 
“To move” (u1) 0.02 -1 0.8 2 
“Not to move” (u2) 0.002 -1 0.2 2 

     
 

Backwards Optimization 

According to the principle of optimality (Bellman 1954), an efficient way to find 
an optimal decision is by reasoning backwards in time (Marescot et al. 2013). Backwards 
Optimization defines a priori a number of possible discrete values for the state variable. 
In the example considered, the internal state variable X is discretized in 11 different 
values of energy x ranging from 0 to 10 units of energy (Table.V.4). Moreover, Backwards 
Optimization defines a finite horizon time T from which the story of optimal decision is 
inferred by iterating backwards. Along this procedure, it is assumed that the last action 
taken at the horizon time T is optimal and that the animal reached this optimal solution 
by choosing “what to do” in every remaining time step within the interval [0,T]. In this 
example, T = 20 years. At the last year (t = T; first backward step), the reward variable 
F(X,t,T) is evaluated for all the possible discrete values of the state variable X considered 
(X, energy level; the capital letter denotes the vector of the 11 elements; lowercase letter, 
x, will denote only one value of the vector). I will assume that the animal will be alive 
when x>0. Then, the terminal (t=T) value of the reward variable (survival probability, in 
this example) will be simply 1 when x>0 and zero otherwise (Table.V.4).  

Moving backwards one-step (t=T-1), the reward value for all the possible state 
levels x is evaluated again. Focusing on the example in this section (Table.V.3), the 
individual’s state from t to t+1 (i.e. x’(t+1)) given (|) the animal takes decision u is 
expected to be: 

𝑥′(𝑡 + 1|𝑢) = 𝑥(𝑡) + 𝐸𝑔𝑎𝑖𝑛 − 𝐸𝑐𝑜𝑠𝑡 ,   

The animal will reach this new state if it survives from t to t+1, what will happen 
with probability 1-𝑃𝑝𝑟𝑒𝑑 (Table.V.3). Therefore, 

𝑆(𝑡, 𝑡 + 1|u) = 1 − 𝑃𝑝𝑟𝑒𝑑|𝑢 

However, the actual values will depend on the individual decision taken at time t. 
Focusing on the case of x(t)=1, there are four possible cases: 

1) If the animal takes the decision “to move” and finds food (Table.V.3):  
𝑥(𝑡 + 1|"𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 + 2 − 1 = 2 with probability 𝑃𝑓𝑜𝑜𝑑=0.8 (i.e., it founds food) 

2) If the animal takes the decision “to move” but fails to find food (Table.V.3):  
𝑥(𝑡 + 1|"𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 + 0 − 1 = 0 with probability 𝑃𝑓𝑜𝑜𝑑=1-0.8 (i.e., no food found) 
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3) If the animal takes the decision “not to move” but finds food (Table.V.3): 
𝑥(𝑡 + 1|"𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 + 2 − 1 = 2 with probability 𝑃𝑓𝑜𝑜𝑑=0.2 (i.e., it founds food) 

4) If the animal takes the decision “not to move” and fails to find food (Table.V.3): 
𝑥(𝑡 + 1|"𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 + 0 − 1 = 0 with probability 𝑃𝑓𝑜𝑜𝑑=1-0.2  (i.e., no food found) 

The animal will reach these new states if it survives, what will depend also on 
the decision taken (Table.V.3): 

𝑆(𝑡, 𝑡 + 1|"𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 − 0.02  
𝑆(𝑡, 𝑡 + 1|"𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 − 0.002 

Therefore, the reward value for each of these feasible decisions after accounting 
for the survival probability (S, related with the probability of finding predators 𝑃𝑝𝑟𝑒𝑑) and 
the probability of finding food (𝑃𝑓𝑜𝑜𝑑) will be:  

1) If the animal takes the decision “to move”: 
𝐹(𝑥 = 1, 𝑡 = 𝑇 − 1, 𝑇|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒") =  
= 𝑆(𝑥 = 1, 𝑡|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")𝑃𝑓𝑜𝑜𝑑(𝑥 = 1, 𝑡|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")(𝐹(x = 2, t + 1, 𝑇)) +   
+𝑆(𝑥 = 1, 𝑡|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")(1 − 𝑃𝑓𝑜𝑜𝑑(𝑥 = 1, 𝑡|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒"))(𝐹(x = 0, t + 1, 𝑇))  
   
2) If the animal takes the decision “not to move”: 
𝐹(𝑥 = 1, 𝑡 = 𝑇 − 1, 𝑇|𝑢 = "𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒") =  
= 𝑆(𝑥 = 1, 𝑡|𝑢 = "𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒")𝑃𝑓𝑜𝑜𝑑(𝑥 = 1, 𝑡|𝑢 = "𝑛𝑜 𝑡𝑜 𝑚𝑜𝑣𝑒")(𝐹(x = 2, t + 1, 𝑇)) +  
+𝑆(𝑥 = 1, 𝑡|𝑢 = "𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒")(1 − 𝑃𝑓𝑜𝑜𝑑(𝑥 = 1, 𝑡|𝑢 = "𝑛𝑜𝑡 𝑡𝑜 𝑚𝑜𝑣𝑒"))(𝐹(x = 0, t + 1, 𝑇)) 
 
Solving numerically, in the case of x=1, t=T-1:  

F(x=1,t=T-1,T|u="to move")= (1-0.02)·0.8·1 + (1-0.02)·0.2·0 = 0.784 

F(x=1,t=T-1,T|u="not to move")=  (1-0.002)·0.2·1 + (1-0.002)·0.8·0 = 0.199 

Therefore, the optimal decision, 𝜋∗, will be "to move" because it ensures the 
maximum value for the reward variable F. The maximum reward value obtained for x=1 
at time t=T-1 is updated in Table.V.4. Then we continue with the loop of internal states, 
assessing all possible combinations of states and decisions values.  

For instance, in the case of x=10 and t=T-1, the numerical solution will be: 

F(x=10,t=T-1,T|u="to move")= (1-0.02)·0.8·1 + (1-0.02)·0.2·1 = 0.980 

F(x=10,t=T-1,T|u="not to move")=  (1-0.002)·0.2·1 + (1-0.002)·0.8·1 = 0.998 

Now, the optimal decision, 𝜋∗, will be "not to move" because it ensures the 
maximum value for the reward variable F. Note however, that in that case, the state 
variable x cannot increase when the fish finds food because it is already at its maximum 
value (x=10). This fact is an implicit limitation of the discrete nature of the state variables 
imposed by the Dynamic Optimization procedure implemented here. The reward values 
obtained for time t=T-1 are updated in Table.V.4.  

After completing the entire column for t=T-1 for all possible internal states in 
Table.V.4, we move another time-step backward, and we will follow the same reasoning. 
Let us see another example for completeness.  

Solving numerically the case of x=5 at t=T-2: 
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 F(x=5,t=T-2,T|u="to move")= (1-0.02)·0.8·0.998 + (1-0.02)·0.2·0.998 = 0.978 

F(x=5,t=T-2,T|u="not to move")=  (1-0.002)·0.2·0.998 + (1-0.002)·0.8·0.998 = 0.996 

Therefore, the optimal decision, 𝜋∗, will be "not to move". Note here that I have 
highlighted in bold the values for the reward value from t+1 onward (i.e., if t=T-2; t+1=T-
1), which correspond to the maximum reward values in the Table.V.4 (column t=T-1) in 
the previous loop.  

According to the numerical example above, the general procedure for estimating 
the optimal decision at any moment consists on two steps. First, the value of the reward 
variable at t must be estimated for any possible value of the decision variable:  

𝐹(𝑥, 𝑡, 𝑇|𝑢) = ∑𝑆(𝑥, 𝑡|𝑢)(𝐹(𝑥′, 𝑡 + 1, 𝑇))     
eqn.V.19 

where u is every one of the discrete values for the decision variable, which in the simple 
example above are “to move” and “not to move”; and x’ denotes all the possible values 
for the state variable X at t+1 when the decision u is made at t. Second, the optimal 
decision 𝜋∗ for an individual with internal state x at time t will be the one that maximizes 
the reward variable F from t onwards: 

𝐹(𝑥, 𝑡, 𝑇|𝜋∗(𝑥, 𝑡)) = max 𝐹(𝑥, 𝑡, 𝑇|𝑢)   
         eqn.V.20 

The F values and the optimal decision 𝜋∗ for any t from t=20 to t=1, and for any 
x in X are detailed in Table.V.4.  

Results in Table.V.4 show some important properties from Backwards 
Optimization. First, reward value increases with internal state values x; second, the 
further away we move from the time horizon (i.e., when the time to go increases), the less 
dependent the optimal strategy is of t and it only depends on the internal state. This is 
called stationarity and happens when the current behaviour of an individual is virtually 
insensitive to the final time horizon and depend essentially only upon the current state 
(Mangel & Clark 1988).  
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Table.V.4. Reward values for our example of an animal choosing between “to move” or “not to move” 
behavioural decisions. Optimal decisions 𝛑∗(𝐱, 𝐭) are shown in colour, in blue “to move”, in grey “not to move”.  
Values are calculated from t = T to t=T-19 backwards. See main text for details. Bold numbers in the Table refer to the 
examples explained in the main text.  

t=T-4 t=T-3 t=T-2 t=T-1 t=T  
𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑇, 𝑇)  
0 0  0 0  0 0  0 0  0 0  
1 0.732431  1 0.733899  1 0.782432  1 0.784  1 1  
2 0.899888  2 0.934224  2 0.936096  2 0.998  2 1  
3 0.962413  3 0.964342  3 0.996004  3 0.998  3 1  
4 0.968335  4 0.994012  4 0.996004  4 0.998  4 1  
5 0.992024  5 0.994012  5 0.996004  5 0.998  5 1  
6 0.992024  6 0.994012  6 0.996004  6 0.998  6 1  
7 0.992024  7 0.994012  7 0.996004  7 0.998  7 1  
8 0.992024  8 0.994012  8 0.996004  8 0.998  8 1  
9 0.992024  9 0.994012  9 0.996004  9 0.998  9 1  
10 0.992024  10 0.994012  10 0.996004  10 0.998  10 1  
 

t=T-9 t=T-8 t=T-7 t=T-6 t=T-5 
𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 
0 0  0 0  0 0  0 0  0 0  
1 0.665302  1 0.682088  1 0.683455  1 0.704101  1 0.705512  
2 0.846902  2 0.8486  2 0.870011  2 0.871754  2 0.898089  
3 0.889382  3 0.909711  3 0.911534  3 0.933682  3 0.935553  
4 0.920422  4 0.922266  4 0.942842  4 0.944732  4 0.966399  
5 0.926881  5 0.94658  5 0.948477  5 0.969185  5 0.971127  
6 0.949776  6 0.95168  6 0.971014  6 0.97296  6 0.99004  
7 0.954329  7 0.97208  7 0.974028  7 0.98806  7 0.99004  
8 0.972537  8 0.974486  8 0.986084  8 0.98806  8 0.99004  
9 0.974458  9 0.984112  9 0.986084  9 0.98806  9 0.99004  
10 0.982143  10 0.984112  10 0.986084  10 0.98806  10 0.99004  
 

t=T-14 t=T-13 t=T-12 t=T-11 t=T-10 
𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 
0 0  0 0  0 0  0 0  0 0  
1 0.632337  1 0.633604  1 0.647599  1 0.648897  1 0.663971  
2 0.789662  2 0.806553  2 0.808169  2 0.82602  2 0.827675  
3 0.847123  3 0.848821  3 0.866866  3 0.868603  3 0.887604  
4 0.860924  4 0.878876  4 0.880638  4 0.899192  4 0.900994  
5 0.88414  5 0.885912  5 0.904299  5 0.906111  5 0.925027  
6 0.889737  6 0.9081  6 0.90983  6 0.928645  6 0.930506  
7 0.911554  7 0.913391  7 0.931953  7 0.933821  7 0.95242  
8 0.916733  8 0.934865  8 0.936787  8 0.954525  8 0.956438  
9 0.93692  9 0.939284  9 0.955878  9 0.958039  9 0.972509  
10 0.940448  10 0.954527  10 0.958684  10 0.970871  10 0.974043  
 

t=T-19 t=T-18 t=T-17 t=T-16 t=T-15 
𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 𝑋 𝐹(𝑥, 𝑡, 𝑇) 𝜋∗ 
0 0  0 0  0 0  0 0  0 0  
1 0.591632  1 0.603926  1 0.605136  1 0.617857  1 0.619095  
2 0.753121  2 0.754633  2 0.770313  2 0.771857  2 0.788083  
3 0.793313  3 0.809632  3 0.811258  3 0.828078  3 0.829738  
4 0.82156  4 0.823221  4 0.840116  4 0.841804  4 0.859202  
5 0.828594  5 0.8455  5 0.847212  5 0.864556  5 0.866295  
6 0.849332  6 0.851075  6 0.868414  6 0.870177  6 0.88795  
7 0.85459  7 0.871957  7 0.873752  7 0.891532  7 0.893346  
8 0.875273  8 0.877212  8 0.894862  8 0.896806  8 0.914794  
9 0.880263  9 0.897308  9 0.899844  9 0.917147  9 0.919633  
10 0.896308  10 0.901286  10 0.916084  10 0.92101  10 0.93575  
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Forward simulation 

Once the matrix of optimal decision has been completed (Table.V.4), it is possible 
to explore forward the optimal strategy of a given animal after knowing the value of the 
state variable (x) at a given time (t). Interestingly, the inherent stochasticity of the system 
(defined in the example above by the survival probability and by the probability of finding 
food) can be easily managed by simply simulating the ontogenetic trajectory of a large 
number of individuals for inferring patterns at the population level. Alternatively, the 
variability for a given individual can be explored by simulating a large number of times 
the same initial value for the state variable. 

In the second case, and following with the numerical example above, the 
procedure for simulating the story of optimal decisions for a fish with x=5 at time t=1 is 
fully detailed from t=1 to t=6 (Table.V.5). According with Table.V.4, the optimal decision 
π*(x=5, t=1) is “to move”, thus it is assumed that the fish will move. However, the value 
of the state variable at the next time step t=2 can take three different values with different 
probabilities. According with Table.V.3, when the animal takes decision value “to move”: 

The probability that the animal dies (i.e., x=0) given its current state (x=5) at time t and that it 
follows the optimal decision u=”to move”, will equal the product of the probability of being at the current 
state and the probability of being predated given the cession taken:  

𝑃(𝑥′ = 0, 𝑡 = 2|𝑥 = 5) = 𝑃(𝑥 = 5, 𝑡 = 1) · (𝑃𝑝𝑟𝑒𝑑|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 · 0.02   

Following the same reasoning, the animal may survive with probability and find food with 
probability:  𝑆(𝑥 = 5, 𝑡 = 1|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒") = 1 − 𝑃𝑝𝑟𝑒𝑑|𝑢 = 1 − 0.02 

Then, if the individual survives and find food it will move to state x’(t=2) =6 with probability: 

 𝑃(𝑥′ = 6, 𝑡 = 2|𝑥 = 5) = 𝑃(𝑥 = 5, 𝑡 = 1)𝑆(𝑥 = 5, 𝑡 = 1|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")(𝑃𝑓𝑜𝑜𝑑|𝑢 =

"to move") = 1 · (1 − 0.02)(0.8) = 0.784   

 Otherwise, if the individual survives but it does no find food, it will move to sate x’(t=2)=4 with 
probability:  

  𝑃(𝑥′ = 4, 𝑡 = 2|𝑥 = 5) = 𝑃(𝑥 = 5, 𝑡 = 1)𝑆(𝑥 = 5, 𝑡 = 1|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")(1 − 𝑃𝑓𝑜𝑜𝑑|𝑢 =

"to move") = 1 · (1 − 0.02)(1 − 0.8) = 0.196 

The probability of getting any other value of the sate variable is zero.  

Then, a probability vector for the possible new states at time t=2 is created, 
P(X,t=2), and will be used for updating the optimal decision for any x at the next time 
step, from t=2 to t=3. Note, however, that a given internal state at a given time step can 
be achieved from different internal states.  

For example, x(t=3) = 5 can be achieved by: 

1) an individual that showed x(t=2) = 6,  moved (the optimal decision for x= 4; Table.V.4) and 
survived but failed in finding food at t=2 with probability: 

𝑃(𝑥′ = 5, 𝑡 = 3|𝑥 = 6) = 𝑃(𝑥 = 6, 𝑡 = 2)𝑆(𝑥 = 6, 𝑡 = 2|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")(1 − 𝑃𝑓𝑜𝑜𝑑|𝑢 =

"to move") = 0.784 · (1 − 0.02)(1 − 0.8) = 0.153; or 

2) an individual that showed x(t=2) = 4, moved (the optimal decision for x=4; Table.V.4), 
survived and found food at t=2 with probability:  

𝑃(𝑥′ = 5, 𝑡 = 3|𝑥 = 4) = 𝑃(𝑥 = 4, 𝑡 = 2)𝑆(𝑥 = 4, 𝑡 = 2|𝑢 = "𝑡𝑜 𝑚𝑜𝑣𝑒")(𝑃𝑓𝑜𝑜𝑑|𝑢 =

"to move") = 0.784 · (1 − 0.02)(0.8) = 0.153.  



CHAPTER V: Dynamic Optimization 
 

151 
 

Therefore, 

P(x=5,t=3) will result from the sum of both probabilities (0.153 + 0.153 = 0.307; Table.V.5).   

The summation of the probabilities of achieving a certain internal state at a given 
time step can be easily generalized by: 

𝑃(𝑥′, 𝑡 + 1) = 𝑊(𝑡)𝑃(𝑥, 𝑡)  
eqn.V.21 

where W is a transition matrix in which row's sums are 1 (Marescot et al. 2013): 

𝑊(𝑡) =

(

 
 

𝑤𝑥=0→𝑥=0 ⋯ 𝑤𝑥=5→𝑥=0 ⋯ 𝑤𝑥=10→𝑥=0
⋮ ⋮ ⋮

𝑤𝑥=0→𝑥=5 ⋯ 𝑤𝑥=5→𝑥=5 ⋯ 𝑤𝑥=10→𝑥=5
⋮ ⋮ ⋮

𝑤𝑥=0→𝑥=10 ⋯ 𝑤𝑥=5→𝑥=10 ⋯ 𝑤𝑥=10→𝑥=10)

 
 

  

eqn.V.22 

The elements of W are defined from the values in Table.V.3 for the example above. 
Then, this equation is iterated forwards in time (Table.V.5) and it will give the distribution 
of optimal strategies for a population or for an individual. 

Table.V.5. Distribution of internal state values and probabilities of choosing different behavioural strategies 
along 5 years following the “optimal rules” estimated backwards (Table.V.4). Note that these results can be also 
interpreted as the fraction of a population showing certain values of internal state and choosing “to move” or 
“not to move” decisions. 

 t=1 t=2 t=3 t=4 t=5 t=6 
X(t) F(x,1) P(x,2) F(x,2) P(x,3) F(x,3) P(x,4) F(x,4) P(x,5) F(x,5) P(x,6) F(x,6) 

0 0 0.02  0.020  8.13-3  0.017  6.03-3  
1 0 0 0 0 0 0 0 0 0  0 
2 0 0 0 0 0 7.45-3 0.0 0 0 3.9-3 0.01 
3 0 0 0 0.038 0.04 0 0 0.018 0.02  0 
4 0 0.196 0.2 0 0 0.09 0.10 0 0 0.056 0.05 
5 1 0 0 0.307 0.32 0 0 0.214 0.23  0 
6 0 0.784 0.8 0 0 0.732 0.78 0 0 0.704 0.78 
7 0 0 0 0.615 0.63 0 0 0.672 0.73  0 
8 0 0 0 0 0 0.123 0.11  0 0.153 0.15 
9 0 0 0 0 0 0 0 0.024 0.03  0 
10 0 0 0 0 0 0 0  0 4.8-3 0.01 

“to move” 1  1  0.37  0.88  0.25  0.84 
“not to move” 0  0  0.63  0.11  0.75  0.19 
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V.2.3.3. The reward variable in terms of total expected reproductive lifetime11  

According with the optimality principle, past decisions would affect future 
decisions only because of their consequences in the dynamics on the state variable, but 
not because of the decisions themselves (Kokko 2007). In the numerical example above, 
the reward variable F was simply defined as survivorship at t (i.e., survival probability), 
and was updated at any given moment t. For example, a fish may have been safely far 
from death until t but it will die (or not) at t depending only on the current value of the 
decision variable, its internal state variable and the external forcing variables. However, 
in an eco-evolutionary context, a reward variable more appropriate than the mere 
survivorship can be defined. The natural choice is the biological fitness. Biological fitness 
is intended to measure the total reproductive value of an individual. Accordingly, it is not 
the fecundity in a given year but the accumulated fecundity along the lifespan the reward 
variable to maximize. In such a case, a fish with large fecundity per year but short lifespan 
could achieve comparable values for the reward variable that a fish with large lifespan 
but smaller fecundity per year. 

Therefore, for the purpose of this work, the reward variable F is defined as the 
total expected reproductive lifetime (ERLT) of the organism, which means the 
accumulated reproductive contribution along the lifetime; given by (Bellman 1954):  

𝐹(𝑥, 𝑡, 𝑇|𝑢) = 𝐹𝑒𝑐(𝑥, 𝑡|𝑢) + 𝑆(𝑥, 𝑡|𝑢)∑[𝐹(𝑋′, 𝑡 + 1, 𝑇)]  
eqn.V.23 

where 𝐹𝑒𝑐(𝑥, 𝑡|𝑢) is the immediate contribution to reproductive success (i.e., fecundity 
or offspring) form t to t+1 given that (|) the individual takes decision u, S is the probability 
of survival from t until time t+1, and  ∑[𝐹(𝑋′, 𝑡 + 1, 𝑇)] represents the sum of the 
expected future reward taking into account all possible next states X’. Note that X’ is the 
vector of possible new states at time t+1 given that the organism survives and takes 
decision u at t. Thus, 𝐹(𝑥, 𝑡, 𝑇|𝑢) is the reward value in terms of fitness of an organism 
in state x at time t that follows decision u and then behaves optimally from time t+1 
onward. 

Following backwards optimization (Figure.V.4), I calculate at each time step the 
reward value from t onward given the individual made decision u with state x, F(x,t,T|u). 
After each iteration, the maximum reward value from t onwards will be updated.  

 

                                                           
11 This section describes technical details of Dynamic Optimization and can be safely skipped for 

the readers not specially interested on them. 
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Figure.V.4. Conceptual representation for the backward iteration in Dynamic Optimization. Starting 
from the horizon time T, the reward value for each internal state x will be given by the terminal reward F(x,T,T). 
One step-back (t=T-1), we will iterate along all internal state variable values x and calculate the reward value 
for all possible behavioural decisions u. The maximum of this reward value and the behavioural decision u that 
leads to this maximum will be saved F(x,t,T|u) will be used in the next backward iteration and the optimal 
decision value 𝜋*(x,t) will be saved for forwards simulation (as it has been explained in detail in section 
V.2.3.2). 

V.2.3.4. Specific technicalities of the case study12 

General settings: state variables, decision variables, external forcing 
variables and reward variable 

In the simple numerical example above, the dynamics of the system was fully 
determined by a single state variable (energy). Conversely, in the behavioural-
bioenergetics model (Chapter I), the system is defined by three state variables for the 
state-dependent dynamic optimization procedure: scaled energy (scaledE), body length 
(L) and maturity level (H), and two forcing environmental variables: food resources 
(Food) and predation intensity. A fourth state variable of the behavioral-bioenergetics 
model (R, reproduction) was used to calculate the reward variable according to eqn.V.23. 
The dynamic of scaledE, L, H and R were determined by the differential equations in the 
behavioural-bioenergetics model (as explained in section 0; Table.V.1) and parameterized 
for a prototypical marine fish species, the painted comber S. scriba (parameters listed in 
Table.V.6). 

This PhD thesis is centered in assessing the eco-evolutionary role of movement 
behavior, metabolic processes and their interaction in shaping LHs at the individual level. 
In line with this objective, three decision variables were considered: two related with HR 
behaviour, HR searching rate 휀 and HR drift force 𝛾; and a third one related with 
metabolic processes, energy conductance �̇�, which describes how fast the reserve energy 
is mobilized to fuel any biological process. All decisions variables will play different 

                                                           
12 This section describes specific technical details of the Dynamic Optimization implemented for finding the 

optimal strategy in a marine coastal fish species (Serranus scriba). As the two previous sections, this section can be 
safely skipped for the readers not specially interested on them. 
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trade-offs in terms of energy gains, losses, and survivor. On the one hand, the movement-
related decision variables would determine the stationary probabilities of finding both 
food and predators (section V.2.1.3.), which eventually determine the energy intake rate 
(section V.2.2.2.) trading off with movement costs (section V.2.2.4.) and behavioural-
related mortality rates (section V.2.2.3.). On the other hand, the metabolic-related 
decision variable would determine how fast energy is mobilized from reserve (section 
V.2.2.5.), which directly affects internal state dynamics (Table.V.1) trading off with the 
ability of avoiding starvation in environments with scarce food levels (section V.2.2.5.; 
and Table.V.2).  

Table.V.6. Parameter values for DEB model (see formulae in Table.V.1). 
Parameter’s description Value Ref. 
Forcing (environmental) variables    
reference temperature at which parameters are estimated (K) T1=293.15 * 
Parameters for DEB model   
temperature of Arrhenius (K) TA=8000 * 
fraction of food density fixed in reserve (-) kx=1 assumption 
maximum assimilation rate (J cm-2 d-1) 𝐽Ȧm=136.094 * 
kappa (fraction of mobilized energy allocated to soma) (-) 𝜅=0.95504 * 
reproduction efficiency (-) 𝜅R=0.475 * 
specific-volume-linked somatic maintenance rate (J cm-3 d-1) �̇�𝑀=26.6469 * 
maturity maintenance rate coefficient (d-1) �̇�𝐻=0.002 * 
volume-specific costs of structure (J cm-3) [EG]=5178.03 * 
maturity threshold at birth (J) Hb=0.007855 * 
maturity threshold at puberty (J) Hp=880.4 * 
Auxiliary and compound parameters   
shape coefficient (-) 𝛿 =0.19213 * 
specific density of structure (g cm-3) dv=0.2 * 
chemical potential of structure (J mol-1) 𝜇V=500000 * 
chemical potential of reserve (J mol-1) 𝜇E =550000 * 
specific weight of water free structure (g mol-1) wV=23.9 * 
specific weight of water free reserve (g mol-1) wE=23.9 * 
total water fraction of the organism (-) cw=5 * 
Note: All references indicated by * come from AmP database for the species Serranus scriba 
(http://www.bio.vu.nl/thb/deb/deblab/add_my_pet/entries_web/Serranus_scriba_par.html) 

 

According to the Dynamic Optimization procedure adopted here, any combination 
of decision variable values should be evaluated for every combination of internal state 
and forcing external variables’ values. Therefore, state variables, external forcing 
variables and decision variables have been discretized (i.e., only a limited number of 
values within a predefined range was considered).  The range of values considered for 휀 
and 𝛾 was based on empirical movement data from S. scriba (March et al., 2010). The 
range for �̇� was based on the reported values for this parameter for fish species in the 
largest collection for DEB-parameters (“Add my Pet” database, AmP). In all three cases, 
ten discrete levels have been considered. All these values are shown in Table.V.7. 
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Concerning the external forcing 
variables, three scenarios of food density 
(𝜌𝑓𝑜𝑜𝑑) and four scenarios of predation 
intensity (𝜌𝑝𝑟𝑒𝑑) have been considered 
(Table.V.7). Predation intensity was 
considered constant for a given scenario. 
Conversely, a stochastic component has 
been added to food levels. For a given 
optimization scenario, the food density in a 
given year varied around an average value 
𝜌𝑓𝑜𝑜𝑑. Variability resulted from a first order 
autocorrelation process (AR1) plus a 
normally distributed term with zero mean 
and a given standard deviation σ. Then:  

𝐹𝑜𝑜𝑑(𝑡 + 1) = 𝜌
𝑓𝑜𝑜𝑑

+

𝑟ℎ𝑜𝐴𝑅1(𝐹𝑜𝑜𝑑(𝑡) − 𝜌𝑓𝑜𝑜𝑑) + 𝑅𝑎𝑛𝑑𝑜𝑚𝑁𝑜𝑖𝑠𝑒  

eqn.V.24 

where RandomNoise is normally distributed 
(RandomNoise~N(0,σ2)). Food variability is 
intended to emulate environmental 
uncertainty, whose standard deviation I will 
refer to as StochScale; while the 
autocorrelation term, rhoAR1, emulates 
environmental predictability (Fawcett et al. 
2014), which I will refer to as AutoCorr. 
Two contrasting scenarios of uncertainty and 
predictability has been considered (σ=0.5 
and rhoAR1= 0.5 versus σ=1 and rhoAR1 =0.9). 
The resulting patterns between food level in 
the current year and the next year 
corresponding to these contrasted scenarios 
are depicted in Figure.V.5. 

Thus, 24 independent optimizations analysis have been completed (i.e., 3 average 
food levels (𝜌𝑓𝑜𝑜𝑑) * 2 stochastic levels (σ, rhoAR1) * 4 predation intensity levels (𝜌𝑝𝑟𝑒𝑑)). 
In all these scenarios, the parameter 𝜆, which modulates the stationary probabilities of 
being under risk or finding food (section V.2.1.2. and V.2.1.3.), was considered constant 
and fixed up to the same value for both food and predation (i.e., λ𝑝𝑟𝑒𝑑=λ𝑓𝑜𝑜𝑑 in eqn.V.7 
and eqn.V.8). 

Table.V.7. Variables values for Optimization. 
Parameter Value 
Range for internal  states variables 
Maturation  Hmax = 880 J 

Hmin = 0 J 
Hlevels=10 

Physical Length Lmax= 35 cm 

Lmin = 3 cm 
Llevels=20 

Scaled energy scaledEmax = 100 

scaledEmin = 0 
scaledElevels=10 

Range for HR-related parameters 
휀 휀max = 500 𝑚2𝑚𝑖𝑛−1 

휀min = 5 𝑚2𝑚𝑖𝑛−1 

휀levels=10 
𝛾 𝛾max = 0.02 𝑚𝑖𝑛−1 

𝛾mim = 0.0005 𝑚𝑖𝑛−1 

𝛾levels=10 
�̇� �̇�max = 0.03 cm d-1 

�̇�min = 0.01 cm d-1 

�̇�levels=10 
Forcing (environmental) variables  
Lambda λ𝑝𝑟𝑒𝑑, λ𝑓𝑜𝑜𝑑: 100 
𝜌𝑝𝑟𝑒𝑑  predators density  
(pred m-2) 

𝜌𝑝𝑟𝑒𝑑:  
{0.02, 0.036,0.06,0.2}  

𝜌𝑓𝑜𝑜𝑑  predators density  
(food m-2) 

𝜌𝑓𝑜𝑜𝑑:  
{0.25, 0.417,1.25}    

Parameters for stochastic transitions 
Food availability levels Foodlevels=10 
 AutoCorr=0.5 
Autocorrelation process StochScale=0.5 
 EffectOfX= 0.7 
Parameters for mortality functions 
Fixed mortality  0.1 y-1 

Predation mortality 
constant  

𝑐𝑡𝑒𝑝𝑟𝑒𝑑=2.5 y-1 

Length exponential 
relationship  

d = 0.75  

Reproduction mortality 
constant  

𝑐𝑡𝑒𝑟𝑒𝑝𝑟= 0.025 y-1 
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Figure.V.5. 3D representation of the probability transition matrix for the external state Food following an auto-
correlated process. Note that results shown in this Chapter refer to the first scenario. StochScale refers to the σ of the 
RandomNoise) and Autocorr refers to the autocorrelation term rhoAR1 in eqn.V.24. 

 
Backward optimization 
For each one of the 24 scenarios considered, the optimization algorithm 

implemented finds the optimal combination of behavioural (휀, 𝛾) and physiological 
parameters (�̇�) for each combination of state variables (Food,E,L,H) that maximizes 
future reproductive value from t onward, i.e., F(Food,E,L,H, t, T) as follows (notation is 
adapted from Houston & McNamara (1999) to fit my particular case):   

𝐹(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡, 𝑇|𝑢𝜀,𝛾,�̇�)

=  max𝜀,𝛾,�̇� (𝑆(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡|𝑢𝜀,𝛾,�̇�)

· (𝐹𝑒𝑐(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡|𝑢𝜀,𝛾,�̇�)

+∑𝑷(𝐹𝑜𝑜𝑑′, 𝒕 + 𝟏|𝐹𝑜𝑜𝑑, 𝒕) 𝐹(𝐹𝑜𝑜𝑑′, 𝐸′, 𝐿′, 𝐻′, 𝑡 + 1, 𝑇|𝜋∗𝜀,𝛾,�̇�))) 

eqn.V.25 
where 𝐹𝑒𝑐(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡|𝑢𝜀,𝛾,�̇�) is the reproductive output at the time step t (between t 
and t+1) given (|) the combination of decisions taken 𝑢𝜀,𝛾,�̇� (i.e., equivalent to 𝐹𝑒𝑐(𝑥, 𝑡|𝑢) 
in the section V.2.3.3.). 𝐹(𝐹𝑜𝑜𝑑′, 𝐸′, 𝐿′, 𝐻′, 𝑡 + 1, 𝑇|𝑢𝜀,𝛾,�̇�) is the fitness value from t+1 for 
the rest of the life (from t onwards, T) given the new states (𝐹𝑜𝑜𝑑′, 𝐸′, 𝐿′, 𝐻′) and assuming 
that the individual follows an optimal strategy (𝜋∗𝜀,𝛾,�̇�) for t onwards. This future 
expected reproductive output or fitness value is summed over all possible future 
environmental new states (𝐹𝑜𝑜𝑑′) given the environmental state in which the individual 
is at time step t, 𝑃(𝐹𝑜𝑜𝑑′, 𝑡 + 1|𝑋, 𝑡). Everything is discounted by survival probability 
given the combination of states 𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻 and behavioural strategies 𝑢𝜀,𝛾,�̇� taken at 
time step t, 𝑆(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡| 𝑢𝜀,𝛾,�̇�).  

To accommodate uncertainty in dynamic programming (Bellman 1954), the 
consequences of performing the action 𝑢𝜀,𝛾,�̇� with the current state (𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡)  at 
time t  are summed over the probability of experiencing all possible environments Food’ 
at time t+1 onward, 𝑃(𝐹𝑜𝑜𝑑′(𝑡 + 1|𝐹𝑜𝑜𝑑, 𝑡)), eqn.V.24 (Figure.V.5). That’s to say, the 
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fitness value for t+1 onwards is written as the weighthed sum over of expected future 
fitness, taking into account  the transition probabilities and values for all possible next 
states Food’ (Marescot et al. 2013).  

The optimal strategy will be the one that maximizes the accumulated reproduction 
from t to T of an individual in a given environment (Food and predation) and with a given 
combination of internal states (E,L,H) at time t. Therefore, the optimal combination of 
the three decision variables, 𝜋∗𝜀,𝛾,�̇� would be written as: 

𝜋∗𝜀,𝛾,�̇�(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻) = max𝜀,𝛾,�̇� (F(𝐹𝑜𝑜𝑑, 𝐸, 𝐿, 𝐻, 𝑡|𝑢𝜀,𝛾,�̇�))   
eqn.V.26 

The time interval considered for Backward Optimization has been set from T=20 
years to zero. The time step considered was one year. However, the differential equations 
of the behavioural-bioenergetics-model was numerically solved at a finer temporal scale 
for improving accuracy. A monthly time step has been selected for this porpoise after 
completing a sensitivity analyses. The pseudocode of the optimization algorithm 
developed here is summarized at Figure.V.6. Note that it implies a series of nested loops 
in order to evaluate all possible combinations of state variables and external forcing 
variables, and finding the optimal decision among all possible combination of decision 
variables at each loop iteration. The computation effort needed requires a very efficient 
implementation. Accordingly, a FORTRAN code has been specifically developed 
(Appendix V.A. and Appendix V.B.). 

 
Figure.V.6.  Overview of the loops in the backward iteration for the application of Dynamic Optimization of the 
behavioural-bioenergetics model implemented in FORTRAN code (see Appendix V.A. and for backward iteration 
and Appendix V.B. for forward simulation). 

Forwards simulation 
Once the optimal decision matrix in each of the 24 scenarios considered was 

estimated by Backward Optimization, the optimal strategy was described by Forward 
Simulation. The optimal ontogenetic trajectories from zero to T=10 years for the state 
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variables, the reward variable, the decision variables and for many other derived 
variables describing LH traits were estimated for 100 fish at each one of the 12 scenarios 
considered (i.e., 100 fish * 10 years * 24 scenarios = 24,000 values has been estimated 
for the variables monitored). In forward simulation, the initial values for the state 
variables were the same for all the 1,200 fish simulated (ScaledE(t=0)=0.5; L(t=0)=3 cm 
and H(t=0)=0 J). The initial level of food was always the mean value of the corresponding 
scenario. Note that in the Forward Simulation the only stochastic process was the one 
associated with food density. All response variables and the equations defining their 
dynamics are shown in Table.V.1. 

The response variables monitored in Forward Simulation were the functional 
response, the internal state variables level of energy of reserve, scaled energy, body length 
and fecundity; the fitness-related variables size-dependent mortality, behavioural-
dependent mortality, reproduction-dependent mortality, total mortality, survivor and 
expected reproductive lifetime; the optimal strategies followed along the lifetime for 휀, 𝛾, 
and �̇� and the emergent HR radius. I decided to keep for multivariate analysis (see next 
section) all these LH variables as they are the most commonly considered for exploring 
patterns of correlation with behavioural traits within the POLS hypothesis (Réale et al. 
2007, 2010). However, thereafter, I show here results for only one scenario of 
stochasticity because results were virtually the same. Thus, the final output matrix 
explored for results shown had in total 12,000 rows and 15 columns (variables 
monitored). 

V.2.3.5. Data exploration 

The general patterns depicted by the output matrix obtained from forward 
simulation have been explored by multivariate analyses. For this purpose, I focused on 
the variables functional response, energy of reserve, body length, fecundity, survivor, 휀, 
𝛾, �̇� and the emergent HR radius. A first set of analyses was completed to describe the 
general patterns between state, decision and external forcing variables in all the 12 
scenarios considered. For this analysis, the mean value of each set of 100 fish by year was 
used for setting the response matrix (i.e., 10 average values by year within each of the 12 
scenarios for the variables above-mentioned). The model considered for testing the 
existence of between-scenarios differences and any pattern of correlation was: 

𝑂𝑢𝑡𝑝𝑢𝑡 (𝑟𝑜𝑤𝑠 = 12 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 ∗ 10 𝑦𝑒𝑎𝑟𝑠;  𝑐𝑜𝑙𝑢𝑚𝑛𝑠 = 9 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) =  
= 𝐴𝑔𝑒 + 𝐹𝑜𝑜𝑑 + 𝑃𝑟𝑒𝑑𝑎𝑡𝑖𝑜𝑛 

eqn.V.27 
Moreover, three additional partial redundancy analyses (Legendre & Legendre 

2000; Borcard, Gillet & Legendre 2011) were completed for depicting the effects 
specifically attributable to Age, Food and Predation. In addition to these multivariate 
analyses, the raw output data for each of the 12 scenarios is reported by plotting the 
ontogenetic patterns (from zero to 10 years) of the median and variability (25 and 75% 
percentiles) of each set of 100 fish. All multivariate analyses were completed with the 
rda() function from the Vegan library (Oksanen et al. 2016) of the R environment 
(https://www.r-project.org/).   

https://www.r-project.org/
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V.3. RESULTS FROM A BEHAVIOURAL-BIOENERGETICS MODEL 

V.3.1. Correlation patterns between LH descriptors of optimal ontogenies 

Different ontogenetic strategies arose from Dynamic Optimization under the 12 
ecological contexts considered. Overall, some general trends can be depicted through 
multivariate analysis.  

 

Figure.V.7. Tri-plot of a Redundant 
Analysis (scaling 2). The plot shows 
the first two axes of the RDA.  
The proportion of variation in the 
response variable (in red) that is 
explained by the explicative variables 
(in blue) is 81.2% Response variables 
(in red) are survivor, radius, functional 
response (f), Energy (J), Fecundity, 
Length (cm), 𝛾 (Strategy kHR), 휀 
(Strategy ep), predation-related 
mortality (Mortality_pred) and �̇� 
(Strategy conductance). Explicative 
variables (in blue) are food, age and 
predation.  

 

 

 

The explanatory variables age, food and predation intensity explained 81.2% 
(constrained proportion, i.e., proportion of variation that is redundant with the variation 
in the explanatory matrix) of the variance in response variables. The two first RDA axis 
captured most (67%) of the variance in the LHs and behavioural variables. Along this 
first RDA axis (capturing the 42.6% of the variance), fecundity, length and energy showed 
a strong positive correlation, and all them together showed a strong negative correlation 
with the energy conductance (Figure.V.7). The second RDA axis captured 24.6% of the 
variance in the LHs and behavioural variables, which was strongly associated with 
predation intensity. Along the second RDA component, HR drift force 𝛾 strongly co-
varied negatively with HR radius, predation intensity and survivor, while survivorship 
and HR radius had positive covariance and both together co-varied negatively with age 
and predation intensity.  

By assessing the effect of each explanatory variables separately, age was the one 
that explained most of the variation in the LHs and behavioural variables (35.3%) 
(Figure.V.10). Both predation and food explained alone around a quarter of the total 
variance (23.3% and 22.6% respectively, after controlling for the proportion of variability 
explained by the others) in LHs and behavioural variables (Figure.V.8 and Figure.V.9).  
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Figure.V.8. Partial constrained redundant 
analysis for predation (model: response ~ 
Condition (age + food) + predation).  
The proportion of variation explained by 
predation was 23.3%, the variation explained 
by the other co-variables food and age 
together (conditional correlation) was 58%. 
 

 

 

 

 

 

 

 
Figure.V.9. Partial constrained redundant 
analysis for food (model: response ~ 
Condition (age + predation) + food).  
The proportion of variation explained by food 
was 22.6%, the variation explained by the 
other co-variables predation and age together 
(conditional correlation) was 58.6%. 
 
 
 

 

 

 

 

 

Figure.V.10. Partial constrained redundant 
analysis for age (model: response ~ 
Condition (food + predation) + age).  
The proportion of variation explained by age 
was 35.3%, the variation explained by the other 
co-variables food and predation together 
(conditional correlation) was 45.9%. 
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As theoretically expected by the DEB theory, functional response, structural 
length, internal energy of reserve and yearly fecundity are all positively correlated. These 
response variables together showed a strong covariation with the explanatory variables 
food and year (Figure.V.7, Figure.V.9 and Figure.V.10). HR searching rate 휀 was the decision 
variable showing the strongest negative covariation with food, what agrees with the 
expectation that the higher the food levels are the lower the risk-prone behaviour will be 
(Table.V.2). Moreover, HR searching rate 휀 along with survivor were the two variables 
that showed the strongest negative covariance with predation (휀 is associated with risk-
prone behaviour). 

HR drift force 𝛾 and energy conductance �̇� seemed to be independent, as suggested 
by the orthogonal relationship in Figure.V.7. However, by assessing the contribution of 
environmental explanatory variables in the variance of LHs and behavioural variables 
separately, positive covariation between 𝛾 and �̇� was observed when focusing in the 
specific (partial) effects of predation (Figure.V.8). Energy conductance �̇� and HR drift 
force 𝛾 showed positive correlation while both strongly had a negative relationship with 
HR radius and the internal states energy of reserve, length and fecundity (Figure.V.8). In 
addition, a slightly negative correlation between 𝛾 and �̇� was explained by food levels 
(Figure.V.9).  

All these trends agree with the expectations for the model (Table.V.2). When food 
levels and internal energy are low and risk of predation is high,  �̇�  is expected to increase 
for accelerating growth, along with reinforcing the risk-prone behaviour (휀; Figure.V.3) at 
expenses of increasing 𝛾 to minimize the risk of predation as much as possible whenever 
it does not affect the food intake (𝛾; Figure.V.8). Then, decision variables 휀, 𝛾, and �̇� 
seemed to covariate in certain environmental scenarios but not in others.  

V.3.2. Natural mortality  

Results from our model agreed with the general expectations from theory in the 
sense that an increase in food abundance will reduce the total natural mortality rates and 
that higher availability of food will allow to reach a bigger size earlier on life 
(Figure.V.11.b). Moreover, a risky foraging behaviour is needless, which will decrease 
mortality as well in its predation-related component. On the other hand, low food level 
favours more risk-prone behaviour because predation-related mortality is higher in low 
food environments with respect to those with higher food level, Figure.V.11.a vs 
Figure.V.11.b and Figure.V.11.c vs Figure.V.11.d). This effect was more evident in scenarios 
with higher risk of predation (Figure.V.11.c vs Figure.V.11.d).  

In scenarios that were safe from predation, the differences in size-related and 
predation-related mortality contributed both similarly to the differences in natural 
mortality among different food levels. However, in scenarios with high risk of predation, 
predation-related mortality was the main contributor to natural mortality. Moreover, the 
increase of natural mortality due to predation was even higher in scenarios with low levels 
of resources. In such scenarios, animals have no other chance that to adopt risk-prone 
strategies, characterized by a relaxation in the attraction to the HR centre and a consequent 
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increase in the area explored (e.g., higher 휀, Figure.V.13.a and lower 𝛾 in the first ages of 
the lifetime, Figure.V.13.b, that together implied bigger HR areas, Figure.V.13.d). Such 
strategy would allow the individual to overcome the low availability of resources and 
accelerate growth and reproduction at expenses of increasing the risk of being predated.  

 

 

Figure.V.11. Effects of food levels and predator densities in natural mortality. 
Panels on the right (a, c) show scenarios with low food levels which involves risk of starvation (low food = 0.25 
prey/m2), and panels on the left (b, d) show scenarios with high levels of food and consequently safe from starvation 
(high food =1.25 prey/m2). From up to down the different scenarios show an increase in predation densities. Panels in 
the upper row show scenarios safe from predation (predation density = 0.02 pred/km2) and panels in the bottom row 
shoe scenarios with high risk of predation (predation density = 0.2 pred/km2). In all panels, mortality is broken down 
in four components: a fixed mortality (0.1 y-1), a size-dependent mortality (eqn.V.11), a predation-related mortality 
(which is behavioural-dependent, eqn.V.12) and a reproduction-dependent mortality (eqn.V.13). Dashed horizontal line 
(in red) shows the maximum natural mortality in each scenario.  
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V.3.3. Predicted optimal strategies: internal state dynamics and LH trends 

When food level increases, there was a gradual increase in survival (Figure.V.11) 
and in the expected reproductive lifetime (i.e., the accumulated reproductive contribution 
along the lifetime, ERLT; Figure.V.12.e) because behavioural strategies maintained growth 
(Figure.V.12.c) and fecundity (Figure.V.12.d) close to the maximum possible. Then, 
environmental food resources was the main limiting environmental factor for increasing 
growth and fecundity, while predation risk caused a slight deviation from the maximum 
in high predation contexts, which was much more evident at low levels of resources (e.g., 
growth trajectories, Figure.V.12.c first panel). However, the internal state energy of reserve 
gradually increased with increasing food levels (Figure.V.12.a from right to left), but also 
with decreasing predation risk, especially at high food levels (Figure.V.12.a third panel). 
These trends were consistent in the dynamics of the scaled energy (Table.V.1), which is 
the amount of energy of reserve that the individual holds with respect to the maximum 
that it can reach (Figure.V.12.b). The dynamic of the internal energy of reserve emerges 
from the balance between the optimal energy conductance �̇� (that affects the mobilization 
of the energy from reserve to fuel all physiological processes, Figure.V.13.c) and the 
optimal 휀 strategy (that affects the probability of finding food and, therefore, the rate at 
which energy enters to the reserve, eqn.V.8 and eqn.V.9, Figure.V.13.a). Therefore, both, 
environmental food and predation risk are environmental factors contributing to the 
differences in the final fitness of the individual in terms of the ERLT.  

V.3.3.1. Predicted strategies for energy conductance �̇� 

Higher energy conductance was predicted to be negatively correlated with lower 
internal energy of reserve, smaller size and lower fecundity (Figure.V.7). This negative 
correlation seems to disagree with the expectations from DEB theory (i.e., higher �̇� leads 
to faster energy mobilization, less scaled energy but faster growth, sooner maturity and 
higher fecundity). However, taking into account the environmental context where 
selection may act, �̇� correlated positively with predator density (Figure.V.8) and negatively 
with food levels (Figure.V.9). According to the general expectations for our model 
(Table.V.2), low �̇� is expected to be found at low energy of reserve (Figure.V.12.a) in 
scenarios with low food and predators densities (e.g., Figure.V.13.c at medium food level). 
When food was higher, �̇� was slightly higher with respect the scenario with medium level 
of resources what may be explained by higher need of mobilizing energy to maintain a 
larger body sizes (Figure.V.12.c). High values of �̇� were found at low internal energy in 
scenarios with risk of starvation (low food) and risk of mortality due to predation 
(Figure.V.13.c), what agreed with the expectations in Table.V.2. Overall, in every food-level 
scenario, �̇� was higher at greater risk of predation. Furthermore, �̇� decreased with 
ontogeny (Figure.V.10), and this decrease was greater in high food scenarios, which was 
correlated with increasing body sizes and total energy of reserves (Figure.V.7 and 
Figure.V.12). Then, lower �̇� may infer larger resilience to an organism for facing any 
environmental adversity. 
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V.3.3.2. Predicted strategies for HR behaviour  

High 휀 (Figure.V.13.a) was found to be correlated with low energy of reserve 
(Figure.V.12.a) and smaller body sizes (Figure.V.12.c) in scenarios with low food and risk of 
starvation. Moreover 휀 increased (which implies higher searching rate and risk-prone 
behaviour) during the ontogeny of the individual (Figure.V.10), and stayed lower in any 
context where predator density increased (Figure.V.8) or food abundance was higher 
(Figure.V.9). The environmental factor that most affected the variance in 𝛾 was predation 
risk. At high levels of predation, 𝛾 was consistently high, and it decreased with decreasing 
predation risk. When body size was small, 𝛾 was smaller at low levels of food than at 
medium or high levels of food, whenever the scenario was safe from predation. This 
pattern contributed to increase the HR area and the success of finding new items of food 
because the risk-averse behaviour could be relaxed when predation risk is low.  

Overall, in scenarios with high risk of predation, the emerging HR area was 
always smaller irrespective of the levels of food in the environment; and for a given level 
of risk of predation, the average HR size was always higher at low levels of food with 
respect to food-rich environments. On average, HR areas were larger in environments 
with low food density (where an increase of a risk-prone behaviour may accelerate 
growth). Within a given food level scenario, but being more evident at those with low 
food, HR increased when relaxing predation risk, and decreased during the ontogeny of 
the individual. This trend showed a negative correlation between risk-prone behaviour, 
body size and accelerated growth at first life stages, but then, a decrease of the HR size is 
predicted to be correlated with a decrease of the predation-related mortality. Changes in 
HR size during the ontogeny in very risky scenarios were less evident, as the optimal 
strategies kept the HR size as small as possible (Figure.V.13.d in purple).  
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Figure.V.12.  Predicted lifetime trajectories and internal state dynamics in scenarios with different food and 
predation levels. Lines show the average value and confidence interval (0.25 and 0.75 quantiles) obtained for 100 
individuals. Line colour denotes varying predation levels. ERLT= Expected Reproductive Lifetime (i.e., total 
cumulated fecundity).  
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Figure.V.13. Optimal predicted behavioural and physiological strategies in scenarios with different food and 
predation levels. a) Strategy 휀 (m2/min): behavioural strategy related with the searching rate of the individual during 
foraging, 휀 also defines the establishment of a HR area. b) Strategy 𝛾 (min-1): behavioural strategy related with the 
tendency of exploring new areas, 𝛾 also defines the establishment of a HR area. c) Strategy  𝜈 ̇ (cm/d): energy 
conductance 𝜈 ̇ describes the rate of the energy mobilization from reserves to growth and reproduction processes. d) 
Optimal radius (m) of the HR area emerging from the combination of 휀 and 𝛾 parameters. Lines show the average value 
and confidence interval (0.25 and 0.75 quantiles) obtained for 100 individuals. Line colour denotes varying predation 
levels. 
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V.4. DISCUSSION 

Aiming to shed light on the adaptive value of HR animal behaviour and how 
behavioural and LH strategies may coevolve, I used Dynamic Optimization to find 
evolutionary optimal strategies within different ecological scenarios. Dynamic 
Optimization has been repeatedly and successfully applied for similar objectives (Fiksen 
& Jørgensen 2011; Plumb et al. 2014; Holt & Jørgensen 2015), but the differential 
breakthrough here is that the optimized model connects mechanistically   behaviour with 
the energy/mass fluxes through DEB theory. Thus, different to previous model I used a 
bio-energetic framework based on purely mechanistic links among state and the 
ecological variables in the concepet of space use and foraging.The results reported here 
showed that different optimal state-dependent strategies could arise depending on the 
ecological context. Optimal strategies emerged from processes associated with energy 
intake, predation-risk, energy mobilization, growth, reproduction and movement-related 
behaviour connecting the individual with the environment. The main insights from the 
model agreed with the initial expectations (Table.V.2). The optimal behavioural strategies 
could be summarized following a headline’s style as: i) “keep at home for keeping safe 
from the greatest risk”, but ii) “take risk to avoid starvation”. I therefore propose here a 
novel mechanistic tool connecting space use behaviour with bioenergetics functioning 
and ecological trade-offs to explore the arising patterns emerging at different eco-
evolutionary scenarios. 

V.4.1. Insights from the model: the adaptive value of HR behaviour 

Animals may overcome environmental risks (e.g., starvation and predation) 
through adjusting behavioural strategies in a way that they optimize the trade-off of 
energy gains and losses (Teckentrup et al. 2018). Different ecological or physiological 
constraints underpin the fact that animals move within a bounded area (Börger et al. 2008; 
Teckentrup et al. 2018). HR of animals emerge as a balance between resources benefits 
after discounting travel costs (Powell & Mitchell 2012) and ecological costs (e.g., risk of 
predation, Gallagher et al. 2017). The behavioural-bioenergetics model proposed in this 
PhD thesis covers such dependencies. Additionally, it is well supported that heterogeneity 
in landscape resources is also an environmental cornerstone in shaping HR size and the 
spatial interaction within the habitat (Ford 1983; Börger et al. 2006). Consequently, some 
behavioural plasticity should characterize foraging behaviour when animals experience 
variation in food and risk at several spatial and temporal scales (Holbrook & Schmitt 
1988). 

Expectations from theory suggest that, on the one hand, an increase in HR size 
will occur whenever the accessibility to resources increases without overly compromising 
the survivorship (Graham 1984; Gilliam & Fraser 1987). Then, HR size will theoretically 
decrease as resource availability increases because there is no need to move nor to take 
risk (Ford 1983). On the other hand, increasing predation intensity (i.e., environmental 
threats) will lead to a decrease of riskier movement-related behaviours at the expense of 
a less effective access to food resources. These opposed processes configure a classical 
predation-food trade-off in limiting food scenarios in foraging theory (Graham 1984). 
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However, when resources are low and compromise survivor, riskier movement-related 
behaviours will be expectable despite the risk of predation.  

The optimal strategies in all the scenarios evaluated kept growth rates at the 
maximum possible and mainly constrained by food intake, which is in line on what has 
been proposed in natural environments (Stearns 1989). Everything else being equal, 
increased food availability had a strong effect on optimal LHs leading to faster growth, 
larger adult size and larger fecundity, and a reduction of risk-prone behaviour, leading 
overall to a reduction in natural mortality across all life stages. Importantly, the 
behavioural-bioenergetics model reproduces these dependencies trough mechanistic links 
based on DEB theory. The predictions reported here agree with those emergent from 
Jørgensen & Holt (2013) and Holt & Jorgensen (2014) models. At higher food levels, 
survival would improve as consequence, as less risky behaviours would be needed to 
maintain high growth rates (Jørgensen, Opdal & Fiksen 2014) and bigger structures. 
Overall, when food density increases, animals take less risk through behavioural and 
physiological mechanisms, with the effect of reducing mortality and increasing fitness. 
Thus, referring to HR behaviour, it would be assumed that HR are likely to be smaller in 
habitats with more available food and shelter opportunities (Grüss et al. 2011; Green et 
al. 2015). Additionally, as individuals become bigger, their feeding strategies would be 
expected to be less risky in the case of prey animals and in cases where the size of the 
individual do not reduce to zero natural mortality by predation. In these situations, the 
perceived presence of predators can reduce foraging (Jørgensen et al. 2014). These 
processes may explain the ontogenetic dynamics for HR size of a decrease in the HR size 
with age. Tao et al. (2016) predicted a similar pattern by following a different modelling 
approach, in which the energetic value of food increased with age.  

Through this Chapter, it was assumed that the probability of finding either new 
food or predators would increase by increasing the distance to the centre of the HR, where 
refuge possibilities are expected to be maximum. Interestingly, on the lifetime scale, all 
optimal strategies kept the HR size as the minimum possible being the predation risk the 
factor that mainly constrained it. Overall, increasing abundance of predators had a strong 
effect in increasing natural mortality. To overcome this increase in natural mortality, 
optimal strategies resulted in a faster energy mobilization (physiological strategy) and in 
a reduction of the HR area. Only when predation risk was relaxed, the HR area increased 
to fulfil all the energetic requirements of the individual, particularly in food-scarce 
environments. Some empirical patterns seem to be counterintuitive to these general 
expectations. For instance, foragers take less risk to feed when behaviour may lead to 
increased risk of physiological collapse by starvation. Spiegel et al. (2013) showed this 
response pattern to increasing hunger levels. Similarly, animals in patchy food-distributed 
environments take more risk to feed where the density of food is higher whenever 
sufficiently great differences between visited patches exist (Holbrook & Schmitt 1988). 
However, these empirical trends have been observed on a short-term scale and they may 
be highly conditioned by the previous feeding experiences of the animals (Higginson et 
al. 2018), as hunger level, gut dynamics and the ecological context may be overlooked. 
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In short-term scales, hunger levels may affect animal decision-making by, for instance, 
making individuals more prone to take risks (Gilliam & Fraser 1987; Scharf 2016).  

The 𝜆food  and 𝜆predation parameters were used as proxies of the energetic landscape 
and landscape of fear respectively; and determined the actual stationary probabilities of 
either finding food or predators. However, habitat patchiness shaping the energetic 
landscape may eventually determine the probability of finding food at different distances 
with respect the HR centre. It is assumed that the higher the spatial heterogeneity (or the 
spatial distribution of available refuge) of resources is the more probable a bigger HR size 
will be selected as optimal strategy, which also may depend on the energetically value for 
different visited patches (Ford 1983; Mitchell & Powell 2004). Future developmes of the 
theoretical model proposed here would require to shift from this stationary perspective to 
a one more spatial 2-D explicited to explore patchiness’ effects on the mechanisms 
underpinning the stablisment of a HR area. By knowing the spatial heterogenity of 
distribution of food and predators, it would be relativately challenging to integrate them 
in the Dynamic Optimization model and make it spatilly-explicit but extremely insightful. 

In addition to the energetic landscape, the extent to which animals deplete 
resources within their foraging areas should modify the HR structure (Possingham & 
Houston 1990) when either animal overlap their HR (increased competition when density 
of conspecifics is high; Powell & Mitchell 2012) or when resources replenishment is low 
(Monk & Arlinghaus 2018). Social interactions (e.g., neighbourhood territories/agonistic 
interactions with conspecifics (Morrell & Kokko 2005; Grüss et al. 2011) is an important 
factor affecting space use patterns that I should take explicitly into account in future 
developments of the optimization model. On the one hand, it may affect competitiveness 
for food (Buchmann et al. 2011; Mitchell & Powell 2012; van Gils et al. 2015), and on 
the other hand, mating or spawning requires of aggregations at least in some periods of 
the year (Foley et al. 2010; Koeck et al. 2014). If we interpret 𝜆food parameter as an 
indicator of conspecific density (i.e., affecting statinary probabilities of finding food), 
higher competition will promote animals to increase the HR size (explore areas farther 
away from the center of the HR) to relax such a depression in available resources. 
However, contrary to this expectation, a decrease in HR could happen if costs for 
competing are high (Aronsson et al. 2016), which will require to introduce additional 
trade-offs for social interactions. Moreover, social interactions may shape reproductive 
(e.g., aggressive males may defend more efficiently their territories against other males) 
which ultimately will affect the optimization based on fitness potential shaping space use 
and the realized HR behavior. Overall, considering my “simple” case, for a given value 
of environmental 𝜆food the expectation is that increasing the HR area should lead to an 
increase of the probability of finding unexploited environments. If we assume that SBTs 
exist in the nature describing consistent diffrences in HR behaviour irrespectively of the 
individual plasticity, this would cause a selection towards those individuals with larger 
HR. The current way of modeling resources depletion though 𝜆food is an oversimplified 
solution used for convenience and focused on stationary states of the system at the long 
temporal scale. I assumed that food is replenished immediately after ingestion and only 
between-year variability is explicitly considered. Further application of the behavioural-
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bioenergetics model within the DO context should consider both social interactions and 
different levels of food replacement. Certainly, the model provides a powerful framework 
to explore how these two factors affect individuals’ functioning. 

𝜆predation is the parameter describing the landscape of fear and the stationary 
probability of finding predators or risks. Future development of the model should explore 
the environmental heterogeneity or complexity of the landscape affecting the risk of 
predation. For instance, landscape heterogeneity may offer hiding places or be more 
easily to escape (Laundré et al. 2010); therefore, higher distances from the centre of the 
HR could be expected in much more complex landscapes given that predation risk will 
be relaxed. In addition, as I described for food, patchy predator distributions can be an 
important factor underpinning the mechanisms shaping HR, then, the patchier the 
distribution is, the bigger areas will be needed to increase encounters with preadotors, 
which in an opposite direction of food, may force selection towards certain SBTs. 
Moreover, when risk is inconspicuous, movement would be expected to be much closer 
to a Random Walk, with extremely low 𝛾 values.  

Here, I did not account for annual or seasonal changes in predator abundance (i.e., 
the risk for predation was constant for a given scenario during all the individual lifetime), 
nor for renewal rates of the environmental resources, which eventually may affect the 
proportion of the HR explored during a single foraging bout (Ford 1983; Van Moorter et 
al. 2009). Including these refinements could modify the predictions from Dynamic 
Optimization. For instance, richer results and insights on HR size dynamics can be 
produced by modulating 𝜆food and 𝜆predation with seasonal patterns within the year; or by 
explicitly modelling food depletion and its recovering rate. Overall, responsiveness to 
changes in predation and resources levels can only addressed after considering more 
complex ecological relationships than the simple rules introduced here. Further 
exploration of density-dependent effects (Aronsson et al. 2016), spatial-explicitly 
features of the habitat and species-specific traits should be assessed to gain insight when 
facing theoretical and management-related questions (e.g., reviews in Grüss et al. 2011; 
Green et al. 2015). 

V.4.2. Novel insights related with the particularities of DEB theory 

My work identify DEB theory as a promising tool to fill knowledge gaps in the 
field of spatially explicit eco-evolutionary Dynamic Optimization involving animal 
movement. Vertical or horizontal migrations or any other behaviours related with space 
use (e.g., HR) are driven on the short and long term by evasive responses to unfavourable 
environmental conditions or by attractive responses to favourable conditions. DEB 
models allow to explore mechanistically the effects of food availability and/or warming 
sea temperature on growth, reserves and fecundity (Dueri, Faugeras & Maury 2012a; b). 
Thus, DEB reasoning can be used to determine “backward” the minimum food 
availability required for survival for a given growth rate, the minimum energy stored to 
incialize an annual reproductive migration or the required temperature for the trends 
observed in nature (e.g., temperature thresholds triggering the movement to initialise an 
annual migration). Therefore, feeding histories can be reconstructed following DEB 
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theory reasoning from growth trajectories (Pecquerie et al. 2012), which can shed light 
on the conditions that individuals may reach through behavioural accommodation to 
spatiotemporal fluctuations and explain horizontal (e.g., Strople et al. 2018) or vertical 
(Plumb et al. 2014) migration patterns or space use at species or individual level. 
Specially, DEB theory may mechanistically explain why among-individual differences in 
space use, movement traits or migration timing exists, and why are consistent across time 
and ecological contexts, which deserves more attention in future applications in other 
animals and contexts (Strople et al. 2018). My approach, therefore, opens an immense 
window to gain insight on many different fields of movement ecology. 

To date, the closest approach coupling dynamic optimization for behaviour with 
DEB theory was developed by Plumb et al. (2014) to explore the vertical patterns (depth) 
and habitat choices by lake trout. The forcing variables considered were temperature and 
food, trading-off with predation risk. Plumb et al. (2014) suggested that the probability 
of risk perception or food encounter was a function of depth; and here it is proposed as a 
function of the distance to the centre of the HR. Moreover, in Plumb et al. (2014), 
movement up-down in the column of water depends on the optimal combination of 
forcing variables (food and temperature) after trading off with the risk of predation. Here, 
I propose that the optimal movement strategy is split in two parameters that shape the 
dynamic of the HR size. In addition, DEB parameters in Plumb et al. (2014) model were 
species-specific and constant. Here, I propose that energy conductance can change 
following a state-dependent relationship and change during the lifetime of the individual. 
To the best of my knowledge (with the exception of the recent published work by 
Thygesen et al. (2016)), no previous attempts have been done to connect DEB theory and 
HR space use behaviour in the context of Dynamic Optimization to explore evolving 
behavioural and life history optimal strategies. 

Predictions from any model may be constrained by the assumptions considered 
(Jørgensen & Holt 2013) and the way trade-offs or the parameter values are defined. Here, 
for instance, the external environmental factors food and predation levels shaped natural 
mortality, which for the purpose of this study was split into four components. A size-
dependent mortality was assumed with a scaling exponent of 0.75 with length based on 
the work developed in Jørgensen & Holt (2013), which was based on a flatfish species, 
whose shape and ecology is certainly different from S. scriba. A scaling exponent with 
size of 1.6 has been proposed by Gislason et al. (2010) from a review of empirical 
estimates of the natural mortality based of 70 works for different demersal fish species. 
Alternatively, an exponent of 0.95 was used in Dueri et al. (2012a) for skipjack tuna, 
where natural mortality was represented as the sum of ageing, predation, starvation and 
temperature mortalities following DEB-based reasoning. Nevertheless, natural mortality 
can be also considered an emerging consequence of the optimal behavioural and life 
history strategies of individuals interacting within an ecological context (Jørgensen & 
Holt 2013). Natural mortality predicted from the forward simulation ranged from 0.25 to 
0.48 y-1, which falls within the range reported by Pauly (1980) for grouper species (from 
0.1 to 0.68 y-1); but slightly lower than the value reported for Cephalopholis fulva, the 
closest species to S. scriba among those reported by Pauly’s review (0.55 y-1). However, 
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given that empirical estimates ot the scaling relationships for natural mortality are still 
poor and scarce (Gislason et al. 2010), further exploration of these assumptions and 
parameter’s values should be assessed in thoughtful sensitivity analysis, specially when 
the model is used to compare different management scenarios (e.g., Dueri et al. 2012b). 

Conclusions from Dynamic Optimization are not only highly dependent on the 
parameters explored but also on the variables expected to be able to evolve. Similarly to 
the fact that to define beforehand ecological trade-offs may prevent models from having 
appropriate expectations of “what is going on”. Obviously, traits not assumed evolvable 
in a model will no evolve in its predictions. Interestingly, DEB theory offers a wide 
window of parameters affecting internal state dynamics. In DEB theory, the five most 
common modifications with respect the standard-DEB model that have proven 
effectiveness in explaining existing data are referred to as different types of metabolic 
acceleration (Jusup et al. 2017). Dynamic patterns for different DEB parameters, 𝜅, kx, 
{𝐽�̇�𝑚} and �̇�, underpin the “R”, “X”, “A” and “M” metabolic acceleration respectively. 
The “R” acceleration describes changes of 𝜅 value during particular life stages, which 
determines variation in the proportion of energy allocated for growth vs maturation and 
reproduction (Pecquerie & Lika 2017). The “X” acceleration describes improvement in 
food quality during lifetime that affects in the efficiency of feeding process. The “A” 
acceleration describes the increase of the maximum assimilation rate during certain life 
stages; hence, the reserve capacity becomes higher. Moreover, the “M” acceleration 
describes a simultaneous increase of maximum assimilation rate and energy conductance. 
Therefore, reserve turnover speeds up but reserve density remains unaffected. Hence, 
further exploration of the behavioural-bioenergetics model will require opening the 
window of DEB parameters to consider through Dynamic Optimization. The results 
reported here suggested that energy conductance could change during the lifetime of the 
individual and interact with behavioural responses to the environmental particularities. 
Results from Dynamic Optimization showed roughly a decrease of energy conductance 
during the lifetime of the individual. Further, this decrease was associated with an 
increase in the behavioural strategy 휀, which correlates directly with limiting speed 𝑣 
while foraging determines the encounter rate ER of food resources (eqn.V.9) and therefore 
with the energy intake through the functional response (eqn.V.10). These trends were more 
evident in scenarios with risk of starvation, where riskier strategies (both greater 
conductance and 휀) changed together in the first years of the individual. The emergent 
covariation between �̇� and 휀 has some parallelism with the “M” acceleration in DEB 
theory (Kooijman 2010; Jusup et al. 2017). But here, the increase in assimilation rate is 
mediated by a behavioural response, 휀, instead of by a physiological parameter (e.g., 
{𝐽�̇�𝑚}). 

Moreover, size at maturation has been reported to decrease in risky environments 
and may evolve depending on predation pressures or environmental threats (Dieckmann 
& Heino 2007). However, length at maturity cannot change within the implemented 
Dynamic Optimization model. Maturation is defined as the reachment of an energy 
threshold that determines the shift from the juvelie phase to the adulthood according to 
the DEB jerga (Chapter I; section I.2.2). Changes in energy conductance can speed up or 



CHAPTER V: Dynamic Optimization 
 

173 
 

down the mobilization rate of energy of reserve to all processes (growth, maturation and 
reproduction) but cannot respond to reproduction-related mortality (or other components 
of mortality) in other way than accelerating maturation at expenses of a higher growth 
rate, nor is involved in ultimate lengths o thresholds for maturation. A change in size 
maturation will be possible by modifying 𝜅 or the maturity threshold 𝐻𝑃. For instance, it 
is expected that higher values of 𝜅 in the first life stages of the individual would accelerate 
growth and avoid the risk of predation in the range of vulnerable sizes. A decrease in 𝜅 
after maturation would increase the energy allocated to reproduction. However, here, 
reproduction mortality had a negligible effect on the optimal selected strategies, which 
can be the consequence of either a poor parametrization of Mrepr or incorrect assumptions 
(eqn.V.13). Individual reproductive investment-related trade-offs must be better 
represented in future improvements of the model where other strategies more directly 
related with reproduction and mating behaviour could be assessed. 

V.4.3. Concluding remarks 
My behavioural-bioenergetics model approach demonstrates how different 

ecological contexts could interact and influence optimal behavioural and LH strategies. 
The results reported from the Dynamic Optimization might help in understanding the eco-
evolutionary role and adaptive value of the HR under changing environmental conditions. 
Overall, my behavioural-bioenergetics model may constitute a powerful tool to formulate 
and explore new hypotheses related with the mechanisms connecting HR behaviour, 
internal physiology and ecological environment, which eventually underpin eco-
evolutionary processes. Thus, it would be possible to further explore the future eco-
evolutionary “end-points” to solve “what would happen if” theoretical questions, which 
is especially relevant when comparing different management scenarios.  

Note that here I have presented the outcomes and predictions from an analytical 
model aiming to shed light on the processes connecting behaviour with LH in different 
ecological contexts. The model infers the optimal HR movement behaviour of an 
individual over a time period, but not depict the animal’s day-to-day time budget, nor the 
short-term optimal foraging strategies. For the latter, a shorter time resolution would be 
needed and trade-offs should be redefined at this new temporal resolution scale. However, 
the main weaknesses of this proposal is that few empirical data was incorporated into. 
Incorporating empirical data on food availability, predation risk, space use in time and 
internal metabolism should improve the usefulness of the model in explaining observable 
patterns in the wild. Fortunately, new methods for measuring metabolism rates in fishes 
in the wild (Metcalfe et al. 2016b) while tracking their positions (Hussey et al. 2015; 
Cooke et al. 2016), offer outstanding opportunities for greater integration of 
bioenergetics, behaviour and functional ecology, interpreted in the light of fitness 
(Jørgensen et al. 2016). A step forward for understanding the processes and mechanisms 
shaping the ecological relationship between HR behaviour and LH and, even their eco-
evolutionary trends, would be to explore different empirically supported functions for 
modelling trade-offs (McCormick et al. 2018). 
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Further applications should consider expanding the proposed model to a more 2-
D spatially explicit model, taking the advantage of the mechanistic description of the HR 
model I have used. By including a spatially explicit component in the model to analyze 
how HR integrates behavioral decisions in spatially heterogeneous (or patchy) 
environments (e.g., selecting patches with different levels of resources or facing a patchy 
distribution of predation risk), will shed light on how optimal behavioral decisions 
structures HR in the space. Therefore, exploring how temporally and spatially-structured 
environmental cues (i.e., food and risks) influence behavioural decisions is a required step 
to gain insight on the mechanisms shaping space use patterns (Fawcett et al. 2014), either 
for HR size dynamics (Mitchell & Powell 2004; Moorcroft et al. 2006; Börger et al. 
2006), for the emergence of different area restricted search patterns (Fronhofer et al. 
2013; Spiegel et al. 2017) or for habitat selection (Meyer et al. 2000; Anadón et al. 2012), 
among other space use related behaviors (e.g., annual reproductive migration). In 
addition, more realistic processes explaining the dynamics of HR behaviour can be 
included (e.g., density-dependent effects, other ecological trade-offs, social interactions, 
etc.) and optimal (evolving) behavioural strategies would be found directly from the 
consequences on fitness. 



 

 

 

 

 

 

 

 

 

 

GENERAL DISCUSSION 
 

 

The overarching aim of my PhD thesis was to understand the interplay between 
behavioural and life history (LH) traits that underpin the emergence of consistent 
between-individual differences in different ecological contexts. I particularly focused on 
the movement behaviour that leads to the establishment of a Home Range (HR) area 
(Börger et al. 2008) and the existence of spatial behavioural types (SBTs), as a central 
component of the individual behaviour mediating the efficiency of foraging (Ford 1983; 
Mitchell & Powell 2012; Tao et al. 2016). Moreover, to gain a meaningful insight on the 
behavioural links with internal state dynamics and LHs (Dall et al. 2004; Biro & Stamps 
2008), I assessed the implications that personality-related traits may have in the post-
encounter of a prey because the outcomes of the encounters will affect the energy intake. 
In addition, I intended to exploit some of the statistical properties and the theoretical 
outcomes of the HR behaviour for assessing different questions related to applied issues 
in wildlife conservation and fisheries management: wild camera-based monitoring and 
fish stock assessment. This perspective shows the wide range of fields in which the study 
of HR movement, SBTs and their links with LHs can contribute (Nathan et al. 2008; 
Grüss et al. 2011; Alós, Cabanellas-Reboredo & Lowerre-Barbieri 2012a; Campos-
Candela et al. 2018).  

I feel confident that my PhD thesis provides an unifying theoretical perspective to 
test the adaptive value of POLS (Mathot & Frankenhuis 2018) and shed light on the 
processes underlying the emergence of optimal movement behavioural strategies and/or 
personality-dependent movement syndromes (Harrison et al. 2015; Spiegel et al. 2017). 
Overall, this PhD thesis reinforces the importance of considering the variability in HR 
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behaviour, and in general any other behavioural trait, and its theoretical links with LH 
traits from a broad ecological and adaptive perspectives, in both theoretical and applied 
studies.  

The encounter rate as central thread connecting space-use with energy intake and 
ecological trade-offs 

Throughout this PhD thesis, I have considered the “encounter rate" the main driver 
of movement behavior and animal functioning. In Chapter I, the encounter rate with food 
items provided the link between space-use and the energetic landscape, which eventually 
determined the functional response of the individual and its energy intake rate. Since the 
encounter is the prerequisite for food intake, theoretically understanding on how the 
structural complexity of search patterns and space-use are affecting encounter rate, will 
improve our understanding of foraging and the population and community implications 
of animal movement (Bartumeus et al. 2014).  

Understunding how animals may adjust movement properties and behaviour to 
balance gains and costs is a cornerstone question for the optimal foraging theory. Many 
studies have been developed in this sense from a mathematical side (e.g., Bartumeus et 
al. 2008a; Codling et al. 2008a; Fronhofer et al. 2013; Auger-Méthé et al. 2015; 
Duchesne et al. 2015). For instance, the mechanisms underlying encounter success have 
been explained based on either by heavy-tailed Lévy models (Bartumeus et al. 2002, 
2014) or standard diffusion models (Blackwell 1997; Bartumeus et al. 2008b; Codling et 
al. 2008). Here, I used a Biased Random Walk (BRW) model based on an Ornstein-
Uhlenbeck process as a mathematical approximation to describe HR behaviour 
(Blackwell 1997; Alós et al. 2015a; Breed et al. 2017). I particularly focused on the BRW 
model’s parameters: the scale factor 휀 multiplying a white noise (i.e., the Langevin term; 
eqn.I.1) and the drift force 𝛾; which I interpreted in biological terms as the searching rate 
and the tendency of keeping close to the centre of the HR (e.g., the shelter) respectively. 
I explored the mechanisms shaping HR behaviour thanks to interpreting model’s 
parameters in biological terms and focusing on the statistical properties arising from the 
BRW model in its stationary state. It would have been impossible to address these 
questions without integrating the mathematical description of the HR movement with the 
exploration of several mechanisms that may underpin its emergent mathematical 
properties. This new step requires also the integration of the mathematical exploration of 
movement models with much more ecological-focused questions (Giuggioli & 
Bartumeus 2010), which has been achieved by gathering together methodologies from 
spatial-explicit fieldwork (Kays et al. 2015) and behavioural ecology (Mangel & Clark 
1986). 

Theoretical exploration of the processes for which individuals move “following” 
certain statistical properties is required to continue improving our understanding on the 
processes that affect movement in the wild. Several works have focused on the 
mathematical properties of movement behaviour that may interplay with habitat selection 
and movement across patchy landscapes (Bartumeus et al. 2008a; Barton et al. 2009) or 
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are related with memory-related processes (Van Moorter et al. 2009). However, despite 
the role of the encounter rate in optimal foraging and, therefore, in the way animals 
occupy space, other processes may underpin space-use patterns. For instance, some 
physiological processes may trigger movement as hunger level or gut dynamics (Fiksen 
& Jørgensen 2011; Spiegel et al. 2013; Higginson et al. 2018), spawning or breeding 
requirements (Campioni et al. 2013; Green et al. 2015; Harel et al. 2016), or temperature 
thresholds (Gibert et al. 2016; Strople et al. 2018). In addition, other ecological factors 
mediating the social interaction with conspecifics competing for the same resource 
(Mitchell & Powell 2004; Buchmann et al. 2011), predation pressure (Meisel et al. 2013; 
Geffroy et al. 2015; Cozzi et al. 2015; Teckentrup et al. 2018) or other environmental-
related risks (Alós et al. 2016b) may shape the way animals take movement decisions and 
occupy space. To deepen on these processes two important requisites are needed: 1) to 
have high quality movement-related data in free-living animals to understand ecological 
processes in deep (Anadón et al. 2006, 2012) and 2) to bring the gap between space-use 
and internal state dynamics trough theoretical and empirical laboratory-based 
perspectives. Overall, understanding movement behaviour and its interplay with both LHs 
and external forcing variables is critical for producing long-term robust predictions on 
population dynamics (Barton et al. 2009; Breed et al. 2017).  

Bridging empirical and theoretical methods together 

One of the main challenges is to provide the theoretical behavioural-bioenergetics 
model with long-term data for behaviour, internal state dynamics and space-use at the 
individual level (Figure.I.9). For that, both, long-term experiments and long-term data 
from the wild will be required. On the one hand, aiming to relate individual metabolic 
functioning to BTs, experiments at controlled laboratory conditions should monitor long-
term growth trajectories, metabolic scopes, hormonal expressions, cumulative 
reproduction, personality assays, space-use and feeding-related behaviours. However, 
experimental arenas may not be representative on how animals behave in the wild (e.g., 
Klefoth et al. 2012; Zavorka et al. 2015; Laskowski et al. 2016). For instance, most 
marine fish move within an average HR area of square kilometres during their entire lives 
(McCauley et al. 2015), while captivity experiments represent spatially constrained 
behaviour. In addition, captivity experiments usually provide a very short-term 
representation of behaviour in relation to the LH variation. On the other hand, 
complementary fieldwork would be required to describe between- and within-individual 
differences in movement behaviour and their connection with the bioenergetic internal 
dynamics and the actual LH strategies. 

Research effort should be directed towards measuring spatial behavioural traits 
(Hussey et al. 2015; Kays et al. 2015) and personality-dependent dispersal syndromes 
(Harrison et al. 2015; Spiegel et al. 2017) in free-living animals for long-term periods. 
Fortunately, improvements in biotelemetry (Hussey et al. 2015; Kays et al. 2015) will 
help in this challenge. In addition, the emergent field of bio-loggers with a wide range of 
sensors is allowing the registration of repeated measures of physiological variables at the 
individual-level along with environmental-forcing variables such as temperature (Cooke 
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et al. 2008; Hays et al. 2016; McGowan et al. 2017). For instance, remote bioenergetics 
measurements in the wild will overcome the limitations of respirometry for computing 
energetic cost of movement (Arnott et al. 2006; Louzao et al. 2014).  Then, biotelemetry 
devices, bio-loggers, GPS and accelerometers taken together provide a powerful tool to 
study the behaviour and physiology of free-ranging animals while their  positions are 
known (Jeanniard-du-Dot et al. 2017; Grémillet et al. 2018), and to link behaviours with 
energy intake or expenditure (Härtel et al. 2011; Nathan et al. 2012; Louzao et al. 2014). 
These methodological advances all together will overcome some of the limitations of 
repeatedly sampling the very same individual over time in wild conditions, because such 
a repeated sampling is the only way for properly disentangling between- and within-
individual differences in behaviour, and in turn, provide better insights for LH, 
behavioural and bioenergetics ecology (Brownscombe et al. 2017).  

Behavioural traits are the individual traits 

Pre-encounter and post-encounter behaviours influence both the encounter rate 
and their outcomes, influencing the dynamic of predators and prey systems (Mitchell 
2009). Accordingly, individuals execute multi-dimensional behavioural strategies trying 
to trade-off both, encounters with food and prey and the outcomes of such encounters. 
Behavioural decisions related with habitat selection, activity, exploration, are meaningful 
in determining encounter rates. Conceptually, they can be included within the category 
“the pre-encounter game” of a predator-prey system (as defined by Mitchell 2009). 
Contrasting, behavioural decisions related with the handling of the prey, attack success, 
vigilance, defence strategies are meaningful in determining the outcome of the encounter. 
For instance, two different outcomes can follow an encounter depending on the 
encountered item: the food intake rate when a prey is encountered versus the probability 
of being killed when a predator is encountered. Several studies with animals breed in 
captivity conditions provide empirical evidences of the patterns of co-variation between 
activity, boldness and food intake (Mas-Muñoz et al. 2011). In general, it is expected that 
bold individuals may out-compete shy conspecifics for food (Ward et al. 2004). However, 
these patterns may change in the wild as long as the advantages in intake rate from bolder 
or more aggressive individuals may occur at expenses of higher risk of predation. How 
different behavioural traits interact in enhancing fitness and result in context-related 
optimal strategies is certainly a complex issue (Myles-Gonzalez et al. 2015; Závorka et 
al. 2015). Co-evolution of different (pre- and post-) behavioural strategies in predator-
prey systems has been theoretically suggested through game theory models (Mitchell & 
Lima 2002; Mitchell 2009).  

Here, I provided a novel theoretical approximation to the interplay between 
behavioural traits that are relevant in the pre-encounter of a prey with the internal state 
dynamics and LHs. This theoretical approximation allowed to explore which are the 
optimal strategies for which the accumulated reproduction along all the lifetime is 
maximized. In fact, not only ecological threats described by the predation-food trade-off, 
but also internal bioenergetics limitations may affect the way animals occupy space and 
interact with the habitat (Wilson et al. 2015b; Cooke et al. 2016; Barneche et al. 2016). 
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The developed approach at the individual-level does not preclude the extension of the 
behavioural-bioenergetics theoretical model to the population or community level (e.g., 
extending it to Individual Based Models). Contrary, it opens a new window to 
theoretically explore this complex set of connections through game theory, taking into 
account not only the behavioural strategies of predators and prey but also their 
interactions with LH. 

Behavioural traits in the post-encounter of a prey were explored empirically in 
Chapter II. The goal here was to explore whether behavioural traits co-vary with feeding 
behaviour in contexts where the encounter with the prey was already done. The main 
focus was actually to connect feeding behaviour with both the personality-related traits 
(mainly affecting encounter outcome) and the use of the space (mainly affecting 
encounter rate). For the latter, the development and application of and ad-hoc auto-
tracking algorithm for the particular requirements of the experimental conditions still 
need some improvement (ongoing work). Results from the empirical work developed in 
Chapter II, while revealed the xitence of personality in S. scriba and the existence of a 
bold-aggressive-explorative syndrome, did not support the existence of a co-variation 
between personality with food intake. Therefore, this attempt failed in giving support for 
the hypotheses that personality-related traits connect with internal state dynamics through 
differences in the feeding behaviour, and then they are important as post-encounter 
behaviours affecting encounter outcomes. The sampling size (n=61 fish) was a priori big 
enough for investigating the consistency in the feeding behaviour and explore the 
existence of behavioural syndromes (Dingemanse & Dochtermann 2013). The fact that 
the data does not support this hypothesis does not mean that this link does not exist. 
Several points are discussed throughout Chapter II.  

Note that the individual feeding scores were obtained from the phenomenological 
models. Instead, mechanistic models may provide an alternative perspective for 
individual feeding scores. In addition, further exploration of different metrics is still 
required. As it was showed for the exploration, aggressiveness and boldness behavioural 
traits, the use of different metrics can slightly modify the patterns of co-variance. In 
addition, experiments constitute a ‘snapshot’ view of behavioural variability, based on 
descriptors of behaviour in a particular individual stage (e.g., age, life stage, internal 
state), which may provide an inadequate foundation for feeding behaviours assays across 
contexts (Stamps & Groothuis 2010). It could happen that several experimental settings 
were not adequate to manifest these differences. For instance, personality-related 
advantages in the post-encounter of a prey may have been manifested in much more 
complex environments, and therefore the aquaria I used might have been so simple for 
this purpose (Dall & Griffith 2014; Sih et al. 2015).  

Thus, further exploration of the functional response and feeding behaviour at the 
individual level should be addressed by accounting for longer time-periods, higher prey 
densities and more realistic ecological contexts. Moreover, a shift of perspective from the 
short-term scale used to a longer time-scale may allow to properly fitting the functional 
response, which may be more insightful in ecological terms. In concrete, several 
improvements would be required in the experimental design namely: i) to recreate a 
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richier environment (e.g., bigger aquarium and more environmental heterogeneity); ii) to 
increase the time-period (e.g., daily scale) and automatize the behavioural-metrics 
recording (e.g., automatic high precision tracking devices along with accelerometers); 
and iii) to increase the prey density range to test. Moreover, a theoretical approximation 
to the role of personality-related traits in the success of attacking a prey (i.e., the encounter 
outcome) can be easily incorporated within the behavioural-bioenergetics theoretical 
model developed in Chapter I and explored using Dynamic Optimization. Such an 
exploration may help in gaining insight on the patterns that could be observed in nature 
and in re-designing proper empirical approaches to support them. This is actually a 
pending issue within POLS (Niemelä & Dingemanse 2018).  

Extending animal personality to applied issues of wildlife and fisheries 
management 

The above-mentioned consequences of consistent behavioural differences 
involved in pre- and post-encounter events in intake rate and survivor probability may 
have important implications within several management scenarios (Matsumura, 
Arlinghaus & Dieckmann 2011; Uusi-Heikkilä et al. 2015). For instance, in the case of 
harvesting (i.e., the human being plays the predator’s role), increasing evidences support 
the existence of selection based on behaviour (Ciuti et al. 2012; Jørgensen & Holt 2013; 
Madden & Whiteside 2014; Biro & Sampson 2015; Diaz Pauli et al. 2015; Härkönen et 
al. 2015). Fish exhibiting certain behavioural traits are assumed to be more prone to be 
harvested than others (Madden & Whiteside 2014; Wilson et al. 2015a; Heino et al. 
2015). Based on theoretical grounds, behavioural traits enhancing encounter with gears 
may promote vulnerability to harvesting (Alós et al. 2012b; Härkönen et al. 2014; Monk 
& Arlinghaus 2018). Moreover, additional behavioural traits related with risk-taking 
while foraging (i.e., boldness or aggressiveness) would affect the vulnerability to active 
fishing gears (Biro & Post 2008; Klefoth et al. 2017). An archetypical example of 
behavioral-related fisheries selection is that bolder individuals, which consistently take 
more risk, explore a wider spatial range, move at larger rate, grow faster and, eventually, 
are more productive in comparison to consistently shier individuals (e.g., Biro & Stamps 
2008; Careau & Garland 2012; Adriaenssens & Johnsson 2013; Killen et al. 2013; 
Závorka et al. 2015), will be more vulnerable to certain fishing gears (Biro & Post 2008; 
Redpath et al. 2010; Alós et al. 2012b; Härkönen et al. 2014; Diaz Pauli et al. 2015). 
Therefore, a selection of individuals characterized by a certain timidity syndrome would 
be favored (Arlinghaus et al.; Alós et al. 2015b). However, behavioural traits that favour 
encounter (e.g., activity or exploration) not always co-vary with those enhancing “intake 
rate” in the post-encountering (e.g., boldness or aggressiveness). Provided that the 
encounter is a necessary condition to be captured, behaviour in the post-encounter of a 
gear may make an important difference in active fishing gears (Diaz Pauli et al. 2015). 
Contrary, Monk & Arlinghaus (2017) showed that encounter-related behavioural traits 
(e.g., swimming distance, activity levels, exploration rate) leading to a larger encounter 
rate with passive fishing gears did not imply a major vulnerability to be harvested.  
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Additionally, the selective removal of certain behavioural types by different 
fishing gears has a number of practical consequences. For instance, it can lead to sampling 
bias in behavioural studies (Biro & Dingemanse 2009), an issue that I explored in depth 
in Chapter IV. How movement behaviour may bias sampling is a common concern in 
ecology (Fewster et al. 2009; Keeping & Pelletier 2014; Marsden et al. 2016; Campos-
Candela et al. 2018). I delved into the state of the art in Chapter III. Then, I further 
emphasized the space-use behaviour’s implications in an applied issue. On the one hand, 
I focused on the properties of the HR-behaving animals’ encounter rates with fixed 
cameras that may improve our understanding on sampling methods’ bias (Chapter III). 
On the other hand, I focused on the implications that differences in behavioural-mediated 
encounter rates could have in a context with human-induced behavioural selection and 
stock assesment (Chapter IV). Moreover, given the interplay between behaviour and LHs, 
removing selectively certain behavioural traits may have eco-evolutionary consequences 
for the exploited populations (Killen et al. 2016a; Andersen et al. 2017; Claireaux, 
Jørgensen & Enberg 2018). When the traits under selection are genetically heritable, the 
population is driven to a harvesting-related evolution (i.e., fishing induced evolution; de 
Roos et al. 2006; Law 2007; Philipp et al. 2015; Uusi-Heikkilä et al. 2015). In general, 
fisheries induced evolution may imply a number of unintended and undesired outcomes 
that ultimately reduces yield (Matsumura et al. 2011; Mollet et al. 2016), fisher’s 
satisfaction (Arlinghaus et al. 2017c) and affect the fish population resilience (Alós et al. 
2016b). With such a background, there is a growing interest in linking individual 
behaviour with biological performance, to ultimately assess the eco-evolutionary 
consequences induced by recreational and commercial fishing activities (Mittelbach et al. 
2014; Andersen et al. 2017), which has been recently explored by using state-dependent 
dynamic programming (Claireaux et al. 2018). In such a context, the behavioural-
bioenergetics model developed in Chapter I, and its extension through Dynamic 
Optimization in Chapter V, offers an appropriate theoretical framework to further explore 
the eco-evolutionary implications that behavioural-related fishing selection may have in 
the optimal behavioural and LH strategies predicted as feasible “end-points” in different 
harvesting scenarios. As suggested by Claireaux et al. (2018), after adding a behavioural-
fisheries-related mortality component to the model in Chapter V (i.e., a component to be 
summed in the mortality term described in eqn.V.14), the theoretical framework I have 
developed in this thesis may shed light on these harvesting-induced evolutionary 
processes within realistic ecological contexts. Therefore, aiming to contribute to this 
growing body of research, all these issues require further attention framed on the grounds 
of the proposed models in this PhD thesis. 

Indivifual heterogeneity within a population 

My work has focused on the individual level, on the processes connecting the 
behaviour with the LHs. Throughout this thesis, I gave empirical support for the existence 
of inter-individual consistent variability in behaviour and explored the interplay between 
behaviour and LH trough mechanistic links based on dynamic energy budgets. Then, I 
proposed that the energetic interplay between internal and external states connected 
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through behavioural performance constitutes the mechanisms underpinning the 
variability in behaviour and LHs. Then, different strategies are selected depending on the 
environmental context. Starting from the point where this thesis concludes, the next and 
natural step should explore whether (how and when) such mechanisms explain the 
emergence and coexistence of different stable behavioral strategies in the wild (i.e., within 
a population). This shift from the individual to the population and community level would 
provide the possibility to relate BTs with bioenergetics within an eco-evolutionary frame 
taking into account the population as a unit of study. This approach would provide a new 
insight into the eco-evolutionary processes that maintain diversity of strategies within 
population and its outcomes in population and communities’ dynamics. Individual Based 
Models (e.g., South 1999; Dunlop et al. 2007; Anadón et al. 2012; Beaudouin et al. 2015; 
Spiegel et al. 2016) and Physiologically Structured Population models (e.g., De Roos & 
Persson 2001; Smallegange et al. 2016) constitute two modelling frameworks within 
which these issues could be explored. First, Individual Based Models (Martin et al. 2013; 
Grimm & Berger 2016), mainly based on simulations, offer flexibility for incorporating 
all relevant details of the populations’ state, processes, and interactions at the individual 
level (Dercole & Della Rossa 2017). Moreover, Physiologically Structured Population 
models has a more mechanistic base and focus on considering the outcomes of 
ontogenetic-dependent dynamics for population and community structure. The extension 
of the behavioural-bioenergetics theoretical model developed in this PhD thesis to these 
two modelling frameworks may provide, on the one hand, new insights into the 
mechanisms that underpin the coexistence of behavioural between-individual variability 
within a population. On the other hand, it may allow to gain insight into the outcomes of 
the ontogenetic-related dynamics in movement behavioural strategies in the population 
and community dynamics, both from an integrative and mechanistic behavioural-
bioenergetic perspective. However, in spite of delving into complex theoretical models, 
it is necessary to balance the trade-off between model complexity and simplicity (Kokko 
2007; Grimm & Berger 2016). I think it is also important to simplify and, not to lose the 
focus on the main question “Why do individual differences in behaviour exist?” “What 
are the mechanisms that explain the co-existence of inter-individual differences?” that 
triggered this PhD thesis, for the particular case of the spatial behavioural variation. 
Therefore, in parallel to the previously discussed extensions to the model, future research 
work should also keep exploring mechanistic “simple” rules to test hypotheses and 
eventually to reach general concepts and theories that support a more comprehensive 
understanding of the adaptive value of behaviour.  
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CONCLUSIONS 
“[…] we have tended to assume that we can correctly characterise the problem that selection has enabled 
the animal to solve. This assumption may be too optimistic. There are many reasons why our view of the 

world may not correspond to the aspects of the world that have shaped behaviour”. (Houston & 
McNamara 1999) (“Models of Adaptive Behaviour”)  

“Clever as we humans might be, we are still prone to erroneous thought” (Piattelli-Palmarini, 1994) in 
Kokko H. 2007 

  

1) Behaviour constitutes an internal state of the organisms playing a fundamental role 
in the interplay between external environment, other internal state variables and LH 
of the individual as a whole.  

2) The integration of behavioural ecology and DEB theory allows exploring joint 
changes among behavioural, physiology and LH traits within a Dynamic 
Optimization framework. 

3) Animals’ behavioural decision-making can affect LH traits (e.g., growth) and 
survival through its ultimate consequences on effective foraging and exposure to 
predators. 

4) The ontogenetic and ecological context are major drivers shaping the establishment 
of optimal behavioural and LH strategies.  

5) Mass/energy fluxes and dynamic energy budgets are the ultimate mechanism 
connecting behaviour with internal states and eventually determining individual 
fitness.  

6) Theoretical models and empirical studies are providing reinforcing arguments 
strengthening the importance of considering the variability at the individual level in 
ecology.  
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7) The painted comber Serranus scriba shows consistent individual differences in 
personality traits exists that form a bold-aggressive-exploratory syndrome. But their 
ecological consequences were not related to an increase in feeding success when the 
individual is confronted to prey. 

8) A shift of perspective for studying feeding behaviour from the short-term scale to a 
longer time-scale is needed to properly fitting mechanistic functional response 
models and demonstrate the ecological role of behavioural traits in energy gain 

9) Behavioural variation within species has implications for wildlife conservation and 
fisheries management. 

10) Absolute density may be accurately estimated for a great number of animals across 
taxa displaying HR behaviour from counting animals in frames adequately spaced in 
time, and after an affordable case-specific sampling effort, in a video recording 
survey. 

11) SBTs can promote dynamics in catchability that lead to hyperdepleted catch rates. 
12) Testing the adaptive value of POLS hypothesis is still a gap in ecology that deserves 

further exploration through complenraty work by theory and empiricism. 
13) Virtual simulations and modelling offer a powerful tool for testing preliminary 

hypothesis and for setting up different sampling methods, which are valuable 
processes for improving management and scientific research.  
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Appendix I.A.  

R-script for simulations in Chapter I. 

 
R-script for simulating and analysing the outcomes in life history (LH) traits of the 

variability in movement behavioural types (movement-BTs) and physiological/metabolic types 
(PTs) and their interactions (it includes all simulations performed for obtaining the results 
presented in Chapter I). 
#------------------------------------------------------------------------- 
# Supplementary material of the paper: 
#------------------------------------------------------------------------- 
# A mechanistic theory of personality-dependent movement behaviour based on dynamic energy budgets 
# Andrea Campos-Candela, Miquel Palmer, Salvador Balle, Alberto Álvarez and Josep Alós. 
#------------------------------------------------------------------------- 
# Objective:  
# 1. To explicitly relate a home range (HR) model with a DEB model.  
# 2. To explore by numerical simulation the ontogenetic trajectories of several states variables (body length, reserve  
# energy content and reproduction output) and a HR-related parameter, in their scaled version, emerging from the  
# behavioural-bioenergetics model. 
# 
# Last update: Aug 06, 2018  
# acampos@imedea.uib-csic.es 
# 
# R-script for simulating and analysing the outcomes in life history (LH) traits due to variability in HR-related  
# behavioural (movement-BTs) and physiological/metabolic types (PTs).  
#  
# Structure of the R-script: 
# 
# 1) Defining opposite HR-BTs 
# 1.1) Characteristics of the simulation 
# 1.2) Empirical data from Alós et al. 2016 
#  1.3) Exploring the data and fitting the gamma distribution 
# 1.4) Defining values of scaled epsilon to perform the simulations 
# 2) Simulating tracks according to the HR model (following Campos-Candela, A. et al. 2018):  
# 2.1) Movement parameters  
# 2.2) Output visualization 
# 3) Scaled DEB-HR model 
#  3.1) DEB-HR model 
# 3.2) Time period to be simulated 
# 3.3) Food dynamics function 
# 3.4) Initial values for scaled-states and parameters 
# 4) Exploring the effects of opposite BTs and PTs being all the rest equal  
#  4.1) ep-related BTs without fluctuation of resources 
#  4.1.1) Preparing matrix to save results 
#  4.1.2) Performing simulation for every combination of parameters 
# 4.2) v-related BTs without fluctuation of resources 
#  4.2.1) Preparing matrix to save results 
#  4.2.2) Performing simulation for every combination of parameters  
#  4.3) ep-related BTs with fluctuation of resources 
#  4.3.1) Preparing matrix to save results 
#  4.3.2) Performing simulation for every combination of parameters 
# 4.4) v-related BTs with fluctuation of resources 
#  4.3.1) Preparing matrix to save results 
#  4.3.2) Performing simulation for every combination of parameters   
# 5) Incorporating death condition to the outcomes of the DEB-HR model 
#  5.1) ep-related BTs without fluctuation of resources 
#   5.1.1) Loading data and preparing matrix to save results 
#   5.1.2) Loop to incorporate the death condition for each state-variable 
#  5.1.3) Loop to make a super-matrix with all data together and saving data 
#  5.2) v-related PTs without fluctuation of resources 
#  5.2.1) Loading data and preparing matrix to save results 
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#  5.2.2) Loop to incorporate the death condition for each state-variable 
#  5.2.3) Loop to make a super-matrix with all data together and saving data 
#  5.3) ep-related BTs with fluctuation of resources 
#  5.3.1) Loading data and preparing matrix to save results 
#  5.3.2) Loop to incorporate the death condition for each state-variable 
#  5.3.3) Loop to make a super-matrix with all data together and saving data 
#  5.4) v-related PTs with fluctuation of resources 
#  5.4.1) Loading data and preparing matrix to save results 
#  5.4.2) Loop to incorporate the death condition for each state-variable 
#  5.4.3) Loop to make a super-matrix with all data together and saving data 
#  5.5) Range of v-related PTs without fluctuation of resources 
#  5.5.1) Loading data and preparing matrix to save results 
#  5.5.2) Loop to incorporate the death condition for each state-variable 
# 6) Inspecting the results and producing graphs 
#  6.1) Plotting outputs for opposite HR-BTs  
#  6.2) Plotting outputs for opposite v-PTs  
# 6.3) Plotting outputs for opposite ep-BTs with fluctuation  
#  6.4) Plotting outputs for opposite v-PTs with fluctuation  
#  6.5) Plotting outputs for a range of v-PTs  
# 7) References 
#------------------------------------------------------------------------- 
# 0: Removing any existing data and loading libraries 
#------------------------------------------------------------------------- 
# Required libraries 
remove(list=ls()) 
library(ggplot2) 
library(ggExtra) 
library(gridExtra) 
library(MASS) 
library(deSolve) 
#------------------------------------------------------------------------- 
# 1: Defining opposite HR-BTs 
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 1.1: Characteristics of the simulation: 
#----------------------------------------------- 
# Here, we consider a Biased Random Walk (BRW) (Gardiner 1990). Animals move within a homogeneous 
environment following  
# random stimuli with an additional rule that determines a tendency (drift) to remain around a specific point, designed 
as the centre # of the HR (Palmer et al. 2011).  In such a model two specific parameters define the HR behaviour: 
epsilon (ep): the explored area  
# by unit of time referred to a 2D (units: m^2/sec). gamma (k): drift force that keep the individual close to the HR 
centre (units:  
# sec^(-1)). After exploring and fitting its distribution, we define the pair resident-mobile BTs by the 25% and 75% 
quantiles of the  
# distribution of the squared root of ep after standardizing them with the median. 
#----------------------------------------------- 
# 1.2: Empirical data from Alós et al. 2016: 
#----------------------------------------------- 
# Estimates of kHR and radius for 21 razorfish (Xhyrichtis novacula)from Alós et al. (2016) 
k<-c(0.009, 0.002, 0.022, 0.007, 0.001, 0.005, 0.004, 0.010, 0.011, 
 0.004, 0.008, 0.015, 0.003, 0.016, 0.007, 0.005, 0.014, 0.015, 
 0.001, 0.004, 0.010) 
radius<-c(123.8, 230.8, 168.4,  66.6, 162.8, 104.9, 108.7, 174.4, 244.2, 
  68.4, 306.0, 226.7, 299.1, 612.5, 240.5, 147.9, 157.7, 551.0, 
  223.7, 353.8, 410.9) 
data<-as.data.frame(cbind(k,radius)) 
#----------------------------------------------- 
# 1.3: Exploring the data and fitting the gamma distribution: 
#----------------------------------------------- 
par(mfrow=c(1,2)) 
b=0 
e=0.03 
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ax = seq(b,e,0.005) 
hist(data$k,main="Histogram of k",xlab="",breaks = ax,cex.sub=0.8,sub="empirical data (in black)\nestimated data 
from gamma distribution (in red)") 
fitdistr(data$k,"gamma") 
#rgamma(n, shape, rate = 1, scale = 1/rate) 
Gpoints<-rgamma(21, shape=1.8926122,rate= 229.7387508)#, scale = 1/229.7387508)  
par(new=TRUE) 
hist(Gpoints, col=alpha("red",0.5), main=NULL,axes=FALSE,xlab="",breaks = ax) 
#axis(3,col="red",asp=1,tick = TRUE,labels = TRUE,col.axis = "red",cex.axis=1) 
axis(4,col="red",asp=1,tick = TRUE,labels = TRUE,col.axis = "red",cex.axis=1) 
Qk<-qgamma(shape=1.8926122,rate= 229.7387508 ,c(0.25,0.5, 0.75 )) 
Qk[2]       # Median of the gamma distribution 
ep=-(data$radius^2)*data$k/log(1-0.95)  # eqn 2  
ax = seq(0,50,10) 
hist(sqrt(ep),main="Histogram of ep",xlab="",breaks = ax,cex.sub=0.8,sub="empirical data (in black)\nestimated 
data from gamma distribution (in red)") 
fitdistr(sqrt(ep),"gamma")  
Qsqrt_ep<-qgamma(shape= 1.71333951  ,rate= 0.13665251 ,c(0.25,0.5, 0.75 )) 
#rgamma(n, shape, rate = 1, scale = 1/rate) 
Gpoints_ep<-rgamma(21, shape=1.71333951,rate= 0.13665251)#, scale = 1/0.13665251)  
par(new=TRUE) 
hist(Gpoints_ep, col=alpha("red",0.5), main=NULL,axes=FALSE,xlab="",breaks = ax) 
axis(4,col="red",asp=1,tick = TRUE,labels = TRUE,col.axis = "red",cex.axis=1) 
#----------------------------------------------- 
# 1.4: Defining opposite HR-BTs: 
#----------------------------------------------- 
# scaling sqrt(ep): 
sqrt_ep1=1 
sqrt_epl=round(1*Qsqrt_ep[1]/Qsqrt_ep[2],digit=2) 
sqrt_eph=round(1*Qsqrt_ep[3]/Qsqrt_ep[2],digit=2) 
c(sqrt_epl,sqrt_ep1,sqrt_eph) 
parms.ep.max= c(sqrt_epl,sqrt_eph) 
# The range of scaled epsilon is based on the quantiles obtained from the sqrt(ep),  aiming to reflect the differences 
between two  
# extreme or opposite levels of ep. Hence, these values HR-BTs can be interpreted as: resident-BTs: animals 
performe HR in its  
# scaled version with ep equat to 0.54 times the media. Mobile-BTs:the animals performe HR in its scaled version 
with ep equat to # 1.67 times the media.  
#------------------------------------------------------------------------- 
# 2: Simulating tracks according to the HR model (following Campos-Candela, A. et al. 2018):  
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 2.1. Movement parameters:  
#----------------------------------------------- 
ep=(parms.ep.max^2) 
cte=sqrt((1-exp(-0.2))/(-log(0.05)))  
dt=1              
k=Qk[2]        
SD = sqrt(ep*(1-exp(-2*k*dt))/(2*k))  # eqn 4 in Campos-Candela, A. et al. 2018 
times_HR=seq(1, 10080,2)      # time steps: dt=1min; 7days*24h*60min = minutes in a week 
path_HR=array(NA,dim=c(length(times_HR),2,2)) 
 
HR = array(0,dim=c(1,2))    # centres of HR (initial position from which simulation starts)  
HR[,1]     # x coordinates 
HR[,2]     # y coordinates 
for (j in 1:2){ 
xy = HR     # at time=0 of the simulation, each animal will be in its centre of HR 
xy1=NULL      # we create a vector (xy1) to save the individual positions  
for (i in c(1:length(times_HR))){   # 100 iterations     
  xy[,1]=(exp(-dt*k)*(xy[,1]-HR[,1]))+HR[,1]+rnorm(1,0,SD[j]) # eqn 3 in Campos-Candela, A. et al. 2018, x 
coordinate          
  xy[,2]=(exp(-dt*k)*(xy[,2]-HR[,2]))+HR[,2]+rnorm(1,0,SD[j]) # eqn 3in Campos-Candela, A. et al. 2018, y 
coordinate 
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  xy1=rbind(xy1,xy[1,]) 
} 
path_HR[,,j]<-xy1 
} 
#----------------------------------------------- 
# 2.2. Output visualization:  
#----------------------------------------------- 
plot(path_HR[,,2],type="l",xlab="Longitude (m)",ylab="Latitude (m)",main=c("Simulated HR discrete 
trajectories","(1 week, time steps of 15 min)"),asp=1, 
xlim=c(min(path_HR[,1,2],path_HR[,2,2]),max(path_HR[,1,2],path_HR[,2,2])),ylim=c(min(path_HR[,1,2],path_HR[,2,
2]),max(path_HR[,1,2],path_HR[,2,2]))) 
lines(path_HR[,,2],type="l",col="black") 
lines(path_HR[,,1],type="l",col="red") 
#------------------------------------------------------------------------- 
# 3: HR-DEB model 
#------------------------------------------------------------------------- 
# Here we use a scaled version of DEB model (Ledder 2014)   
# WARNING!!! The scaled version proposed is slightly different to the one from Ledder because we aimed to leave 
"free" the  
# conductance parameter to asses how the internal state dynamics changed based on this parameter. 
# Scaled states are: 
# U is not scaled --> U = E/W (dimensionless) (Ledder 2014) 
# l = L/Lm (dimensionless) where Lm = kappa*Qm/k (Ledder 2014) 
# tau = t*k (with dimension T) (scaled version for this work) 
# h = H/Hx(dimensionless)where Hx = (1-kappa)*E_m*Qm^3*kappa^2/k^3 
# r = R/Hx 
# where new scaled parameters appear: 
# phi = kH/k(dimensionless) 
# We keep: 
# v energy conductance (with dimension L/T) 
# Qm maximum assimilation conductance (with dimension L/T) 
# Um = Qm/v maximum energy density in the equilibrium (Ledder 2014) 
# y (dimensionless) 
# kappa (dimensionless) 
#----------------------------------------------- 
# 3.1. Scaled DEB-HR model: 
#----------------------------------------------- 
deb.HR = function(t, state, parms){ 
  with(as.list(c(parms, state)), { 
    x=xmod(t,parms) 
    Um=1#Qm/v 
    propU=U/Um 
    ep=ep.max/(1+(propU/Uth)) 
    f=ep*x/(ep*x+1) 
    dUdt=(1/(kappa*l))*(f-(v/Qm)*U) 
    dldt=(y/3)*((v/Qm)*U-l)/(1+y*kappa*U) 
    if(h<hp){ 
    dhdt=U*l^2*(1-kappa)*((v/Qm)+y*kappa*l)/(1+kappa*y*U)-phi*h 
    drdt=0}else{ 
    dhdt=0 
    drdt=U*l^2*(1-kappa)*((v/Qm)+y*kappa*l)/(1+kappa*y*U)-phi*h} 
    list(c(dUdt,dldt,dhdt,drdt),f=f,ep=ep) 
  }) 
} 
#----------------------------------------------- 
# 3.2. Time period to be simulated 
#----------------------------------------------- 
# 200 time steps of 0.1 length. *Note that time is scaled time. # tau = t*k  
k=0.003 
tau = seq(0,15*365*k,1*k/2) 
times = tau 
#----------------------------------------------- 
# 3.3. Food dynamics function 
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#----------------------------------------------- 
xmod = function(t, parms){ 
  with(as.list(c(parms)),{ 
    xmodulat = x0 + x1*cos(2*pi*t/periode) 
    return(xmodulat) 
  } 
  ) 
} 
#----------------------------------------------- 
# 3.4. Initial values for scaled-states and parameters 
#----------------------------------------------- 
state <- c(U=0.01, l=0.01, h=0,r=0) 
# Parameters whose variability will be test: 
parms.x<-c(50,5,2)   # Level of food  
parms.ep.max= c(sqrt_epl,sqrt_eph) # Maximum scaled ep.  
parms.v<-c(0.02,0.04)  # add_my_pet Serranus scriba (v=0.02) 
#------------------------------------------------------------------------- 
# 4: Exploring the effects of opposite BTs and PTs being all the rest equal  
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 4.1. ep-related BTs without fluctuation of resources 
#----------------------------------------------- 
# 4.1.1. Preparing matrix to save results: 
#----------------------------------------------- 
RESULTS_a_example_L<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_a_example_U<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_a_example_H<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_a_example_R<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_a_example_f<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_a_example_ep<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
#----------------------------------------------- 
# 4.1.2. Performing simulation for every combination of parameters: 
#----------------------------------------------- 
# Loop for simulating LHTs with different levels of parameters:  
for(i in 1:length(parms.ep.max)){ 
for (j in 1:length(parms.x)){ 
parms<- c(  kappa = 0.8,   # add_my_pet Generalized animal 
  y = 0.8,   # add_my_pet Generalized animal 
  Qm = 0.02, # add_my_pet Serranus scriba 
  k=0.003,#0.004,          # add_my_pet Serranus scriba 
              v=mean(parms.v), 
  phi=1.5,#1.99,   # phi = kH/k(dimensionless) add_my_pet Serranus scriba 
              hp=0.003,#0.02,  # add_my_pet Serranus scriba 
        x0=parms.x[j], 
              x1=0, 
              periode=2.5, 
  ep.max=parms.ep.max[i], 
  Uth=1) 
res=ode(y=state, times=times, func=deb.HR, parms = parms,atol = 1e-3) 
# saving output for every combination of parameters 
RESULTS_a_example_L[,i,j]<-res[,"l"] 
RESULTS_a_example_U[,i,j]<-res[,"U"] 
RESULTS_a_example_H[,i,j]<-res[,"h"] 
RESULTS_a_example_R[,i,j]<-res[,"r"] 
RESULTS_a_example_f[,i,j]<-res[,"f"] 
RESULTS_a_example_ep[,i,j]<-res[,"ep"] 
}} 
save.image("DATA_DEB.RData") 
#------------------------------------------------------------------------- 
# 4.2. v-related BTs without fluctuation of resources 
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 4.2.1. Preparing matrix to save results: 
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#----------------------------------------------- 
RESULTS_v_example_L<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_example_U<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_example_H<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_example_R<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_example_f<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_example_ep<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
#----------------------------------------------- 
# 4.2.1. Performing simulation for every combination of parameters 
#----------------------------------------------- 
# Loop for simulating LHTs with different levels of parameters:  
for(i in 1:length(parms.v)){ 
for (j in 1:length(parms.x)){ 
parms<- c(  kappa = 0.8,    # add_my_pet Generalized animal 
  y = 0.8,    # add_my_pet Generalized animal 
  Qm = 0.02,  # add_my_pet Serranus scriba 
              k=0.003,#0.004,      # add_my_pet Serranus scriba 
              v=parms.v[i], 
  phi=1.5,#1.99,   # phi = kH/k(dimensionless) add_my_pet Serranus scriba 
              hp=0.003,#0.02,  # add_my_pet Serranus scriba 
       x0=parms.x[j], 
              x1=0, 
              periode=2.5, 
  ep.max=mean(parms.ep.max), 
  Uth=1) 
res=ode(y=state, times=times, func=deb.HR, parms = parms,atol = 1e-3) 
# saving output for every combination of parameters 
RESULTS_v_example_L[,i,j]<-res[,"l"] 
RESULTS_v_example_U[,i,j]<-res[,"U"] 
RESULTS_v_example_H[,i,j]<-res[,"h"] 
RESULTS_v_example_R[,i,j]<-res[,"r"] 
RESULTS_v_example_f[,i,j]<-res[,"f"] 
RESULTS_v_example_ep[,i,j]<-res[,"ep"] 
}} 
save.image("DATA_DEB.RData") 
#------------------------------------------------------------------------- 
# 4.3. ep-related BTs with fluctuation of resources 
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 4.3.1. Preparing matrix to save results: 
#----------------------------------------------- 
RESULTS_ep_dynamic_L<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_ep_dynamic_U<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_ep_dynamic_H<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_ep_dynamic_R<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_ep_dynamic_f<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_ep_dynamic_ep<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
#----------------------------------------------- 
# 4.3.2. Performing simulation for every combination of parameters: 
#----------------------------------------------- 
# Loop for simulating LHTs with different levels of parameters:  
for(i in 1:length(parms.ep.max)){ 
for (j in 1:length(parms.x)){ 
parms<- c(  kappa = 0.8,   # add_my_pet Generalized animal 
  y = 0.8,   # add_my_pet Generalized animal 
  Qm = 0.02, # add_my_pet Serranus scriba 
              k=0.003,#0.004,      # add_my_pet Serranus scriba 
              v=mean(parms.v), 
  phi=1.5,#1.99,   # phi = kH/k(dimensionless) add_my_pet Serranus scriba 
              hp=0.003,#0.02,  # add_my_pet Serranus scriba 
        x0=parms.x[j], 
              x1=1/3*parms.x[j], 
              periode=2.5, 
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  ep.max=parms.ep.max[i], 
  Uth=1) 
res=ode(y=state, times=times, func=deb.HR, parms = parms,atol = 1e-3) 
# saving output for every combination of parameters 
RESULTS_ep_dynamic_L[,i,j]<-res[,"l"] 
RESULTS_ep_dynamic_U[,i,j]<-res[,"U"] 
RESULTS_ep_dynamic_H[,i,j]<-res[,"h"] 
RESULTS_ep_dynamic_R[,i,j]<-res[,"r"] 
RESULTS_ep_dynamic_f[,i,j]<-res[,"f"] 
RESULTS_ep_dynamic_ep[,i,j]<-res[,"ep"] 
}} 
save.image("DATA_DEB.RData") 
#------------------------------------------------------------------------- 
# 4.4. v-related BTs with fluctuation of resources 
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 4.4.1. Preparing matrix to save results: 
#----------------------------------------------- 
RESULTS_v_dynamic_L<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamic_U<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamic_H<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamic_R<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamic_f<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamic_ep<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
#----------------------------------------------- 
# 4.4.2. Performing simulation for every combination of parameters: 
#----------------------------------------------- 
# Loop for simulating LHTs with different levels of parameters:  
for(i in 1:length(parms.v)){ 
for (j in 1:length(parms.x)){ 
parms<- c(  kappa = 0.8,   # add_my_pet Generalized animal 
  y = 0.8,   # add_my_pet Generalized animal 
  Qm = 0.02,  # add_my_pet Serranus scriba 
              k=0.003,#0.004,     # add_my_pet Serranus scriba 
              v=parms.v[i], 
  phi=1.5,#1.99,   # phi = kH/k(dimensionless) add_my_pet Serranus scriba 
              hp=0.003,#0.02,  # add_my_pet Serranus scriba 
        x0=parms.x[j], 
              x1=1/3*parms.x[j], 
              periode=2.5, 
  ep.max=mean(parms.ep.max), 
  Uth=1) 
res=ode(y=state, times=times, func=deb.HR, parms = parms,atol = 1e-3) 
# saving output for every combination of parameters 
RESULTS_v_dynamic_L[,i,j]<-res[,"l"] 
RESULTS_v_dynamic_U[,i,j]<-res[,"U"] 
RESULTS_v_dynamic_H[,i,j]<-res[,"h"] 
RESULTS_v_dynamic_R[,i,j]<-res[,"r"] 
RESULTS_v_dynamic_f[,i,j]<-res[,"f"] 
RESULTS_v_dynamic_ep[,i,j]<-res[,"ep"] 
}} 
save.image("DATA_DEB.RData") 
#------------------------------------------------------------------------- 
# 4.5. A range of v-related BTs with fluctuation of resources 
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 4.5.1. Preparing matrix to save results: 
#----------------------------------------------- 
parms.v.range <-seq(0.01,0.08,0.01) 
RESULTS_v_range<-(array(NA, dim=c(length(parms.v.range),7,length(parms.x)))) 
colnames(RESULTS_v_range)<-c("v","U","L","H","R","f","ep") 
RESULTS_v_range[,"v",]<-parms.v.range  
#----------------------------------------------- 
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# 4.5.2. Performing simulation for every combination of parameters: 
#----------------------------------------------- 
for(j in 1:length(parms.x)){ 
for(i in 1:length(parms.v.range)){ 
parms<- c(  kappa = 0.8,   # add_my_pet Generalized animal 
  y = 0.8,   # add_my_pet Generalized animal 
  Qm = 0.02,  # add_my_pet Serranus scriba 
              k=0.003,#0.004,     # add_my_pet Serranus scriba 
              v=parms.v.range[i], 
  phi=1.5,#1.99,   # phi = kH/k(dimensionless) add_my_pet Serranus scriba 
              hp=0.003,#0.02,  # add_my_pet Serranus scriba 
        x0=parms.x[j], 
              x1=0, 
              periode=2.5, 
  ep.max=mean(parms.ep.max), 
  Uth=1) 
res=ode(y=state, times=times, func=deb.HR, parms = parms,atol = 1e-3) 
RESULTS_v_range[i,"U",j]<-res[length(times),"U"] 
RESULTS_v_range[i,"L",j]<-res[length(times),"l"] 
RESULTS_v_range[i,"H",j]<-res[length(times),"h"] 
RESULTS_v_range[i,"R",j]<-res[length(times),"r"] 
RESULTS_v_range[i,"f",j]<-res[length(times),"f"] 
RESULTS_v_range[i,"ep",j]<-res[length(times),"ep"] 
}} 
save.image("DATA_DEB.RData") 
#------------------------------------------------------------------------- 
# 5.Incorporating death condition to the outcomes of the DEB-HR model 
#----------------------------------------------- 
#----------------------------------------------- 
# 5.1. ep-related BTs without fluctuation of resources 
#----------------------------------------------- 
# 5.1.1. Loading data and preparing matrix to save results 
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
RESULTS_epDeath_L<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epDeath_U<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epDeath_H<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epDeath_R<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epDeath_f<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epDeath_ep<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
#----------------------------------------------- 
# 5.1.2. Loop to incorporate the death condition for each state-variable 
#----------------------------------------------- 
for (i in 1:length (parms.ep.max)){ 
for (j in 1:length(parms.x)){ 
SL=1 
for (t in 2:length(times)){ 
death=NULL 
sL=1*(RESULTS_a_example_L[t,i,j]>=RESULTS_a_example_L[t-1,i,j]) 
SL=rbind(SL, as.numeric(SL[t-1]*sL)) 
} 
RESULTS_epDeath_L[,i,j]<-RESULTS_a_example_L[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epDeath_U[,i,j]<-RESULTS_a_example_U[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epDeath_H[,i,j]<-RESULTS_a_example_H[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epDeath_R[,i,j]<-RESULTS_a_example_R[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epDeath_f[,i,j]<-RESULTS_a_example_f[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epDeath_ep[,i,j]<-RESULTS_a_example_ep[c(1:length(times)),i,j]*(SL>=1) 
}} 
#----------------------------------------------- 
# 5.1.3. Loop to make a super-matrix with all data together and saving data 
#----------------------------------------------- 
ep.max.col=NULL 
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x.col=NULL 
time.col=NULL 
epDeath_L.col=NULL 
epDeath_U.col=NULL 
epDeath_H.col=NULL 
epDeath_R.col=NULL 
epDeath_f.col=NULL 
epDeath_ep.col=NULL 
for (i in 1:length (parms.ep.max)){ 
for (j in 1:length(parms.x)){ 
for (t in 1:(length(times)-1)){ 
ep.max.col<-c(ep.max.col,parms.ep.max[i]) 
x.col<-c(x.col,parms.x[j]) 
time.col<-c(time.col,times[t]) 
epDeath_L.col<-c(epDeath_L.col,RESULTS_epDeath_L[t,i,j]) 
epDeath_U.col<-c(epDeath_U.col,RESULTS_epDeath_U[t,i,j]) 
epDeath_H.col<-c(epDeath_H.col,RESULTS_epDeath_H[t,i,j]) 
epDeath_R.col<-c(epDeath_R.col,RESULTS_epDeath_R[t,i,j]) 
epDeath_f.col<-c(epDeath_f.col,RESULTS_epDeath_f[t,i,j]) 
epDeath_ep.col<-c(epDeath_ep.col,RESULTS_epDeath_ep[t,i,j]) 
}}} 
DATA=cbind(ep.max.col,x.col,time.col,epDeath_L.col,epDeath_U.col,epDeath_H.col,epDeath_R.col,epDeath_f.col,e
pDeath_ep.col) 
colnames(DATA)=cbind("ep.max","x","time","epDeath_L","epDeath_U","epDeath_H","epDeath_R","epDeath_f","e
pDeath_ep") 
DATA=as.data.frame(DATA) 
save(DATA,file = "data_ep.max_WithoutFluct.RData") 
#----------------------------------------------- 
# 5.2. v-related PTs without fluctuation of resources 
#----------------------------------------------- 
# 5.2.1. Loading data and preparing matrix to save results 
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
RESULTS_vDeath_L<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_vDeath_U<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_vDeath_H<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_vDeath_R<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_vDeath_f<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_vDeath_ep<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
#----------------------------------------------- 
# 5.2.2. Loop to incorporate the death condition for each state-variable 
#----------------------------------------------- 
for (i in 1:length (parms.v)){ 
for (j in 1:length(parms.x)){ 
SL=1 
for (t in 2:length(times)){ 
death=NULL 
sL=1*(RESULTS_v_example_L[t,i,j]>=RESULTS_v_example_L[t-1,i,j]) 
SL=rbind(SL, as.numeric(SL[t-1]*sL)) 
} 
RESULTS_vDeath_L[,i,j]<-RESULTS_v_example_L[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_vDeath_U[,i,j]<-RESULTS_v_example_U[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_vDeath_H[,i,j]<-RESULTS_v_example_H[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_vDeath_R[,i,j]<-RESULTS_v_example_R[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_vDeath_f[,i,j]<-RESULTS_v_example_f[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_vDeath_ep[,i,j]<-RESULTS_v_example_ep[c(1:length(times)),i,j]*(SL>=1) 
}} 
#----------------------------------------------- 
# 5.2.3. Loop to make a super-matrix with all data together and saving data 
#----------------------------------------------- 
v.col=NULL 
x.col=NULL 
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time.col=NULL 
vDeath_L.col=NULL 
vDeath_U.col=NULL 
vDeath_H.col=NULL 
vDeath_R.col=NULL 
vDeath_f.col=NULL 
vDeath_ep.col=NULL 
for (i in 1:length (parms.v)){ 
for (j in 1:length(parms.x)){ 
for (t in 1:(length(times)-1)){ 
v.col<-c(v.col,parms.v[i]) 
x.col<-c(x.col,parms.x[j]) 
time.col<-c(time.col,times[t]) 
vDeath_L.col<-c(vDeath_L.col,RESULTS_vDeath_L[t,i,j]) 
vDeath_U.col<-c(vDeath_U.col,RESULTS_vDeath_U[t,i,j]) 
vDeath_H.col<-c(vDeath_H.col,RESULTS_vDeath_H[t,i,j]) 
vDeath_R.col<-c(vDeath_R.col,RESULTS_vDeath_R[t,i,j]) 
vDeath_f.col<-c(vDeath_f.col,RESULTS_vDeath_f[t,i,j]) 
vDeath_ep.col<-c(vDeath_ep.col,RESULTS_vDeath_ep[t,i,j]) 
}}} 
DATA=cbind(v.col,x.col,time.col,vDeath_L.col,vDeath_U.col,vDeath_H.col,vDeath_R.col,vDeath_f.col,vDeath_ep.col) 
colnames(DATA)=cbind("v","x","time","vDeath_L","vDeath_U","vDeath_H","vDeath_R","vDeath_f","vDeath_ep") 
DATA=as.data.frame(DATA) 
save(DATA,file = "data_v_WithoutFluct.RData") 
#----------------------------------------------- 
# 5.3. ep-related BTs with fluctuation of resources 
#----------------------------------------------- 
# 5.3.1. Loading data and preparing matrix to save results 
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
RESULTS_epdynamicDeath_L<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epdynamicDeath_U<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epdynamicDeath_H<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epdynamicDeath_R<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epdynamicDeath_f<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
RESULTS_epdynamicDeath_ep<-(array(NA, dim=c(length(times),length(parms.ep.max),length(parms.x)))) 
#----------------------------------------------- 
# 5.3.2. Loop to incorporate the death condition for each state-variable 
#----------------------------------------------- 
for (i in 1:length (parms.ep.max)){ 
for (j in 1:length(parms.x)){ 
SL=1 
for (t in 2:length(times)){ 
death=NULL 
sL=1*(RESULTS_ep_dynamic_L[t,i,j]>=RESULTS_ep_dynamic_L[t-1,i,j]) 
SL=rbind(SL, as.numeric(SL[t-1]*sL)) 
} 
RESULTS_epdynamicDeath_L[,i,j]<-RESULTS_ep_dynamic_L[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epdynamicDeath_U[,i,j]<-RESULTS_ep_dynamic_U[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epdynamicDeath_H[,i,j]<-RESULTS_ep_dynamic_H[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epdynamicDeath_R[,i,j]<-RESULTS_ep_dynamic_R[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epdynamicDeath_f[,i,j]<-RESULTS_ep_dynamic_f[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_epdynamicDeath_ep[,i,j]<-RESULTS_ep_dynamic_ep[c(1:length(times)),i,j]*(SL>=1) 
}} 
#----------------------------------------------- 
# 5.3.3. Loop to make a super-matrix with all data together and saving data 
#----------------------------------------------- 
ep.max.col=NULL 
x.col=NULL 
time.col=NULL 
epDeath_L.col=NULL 
epDeath_U.col=NULL 
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epDeath_H.col=NULL 
epDeath_R.col=NULL 
epDeath_f.col=NULL 
epDeath_ep.col=NULL 
for (i in 1:length (parms.ep.max)){ 
for (j in 1:length(parms.x)){ 
for (t in 1:(length(times)-1)){ 
ep.max.col<-c(ep.max.col,parms.ep.max[i]) 
x.col<-c(x.col,parms.x[j]) 
time.col<-c(time.col,times[t]) 
epDeath_L.col<-c(epDeath_L.col,RESULTS_epdynamicDeath_L[t,i,j]) 
epDeath_U.col<-c(epDeath_U.col,RESULTS_epdynamicDeath_U[t,i,j]) 
epDeath_H.col<-c(epDeath_H.col,RESULTS_epdynamicDeath_H[t,i,j]) 
epDeath_R.col<-c(epDeath_R.col,RESULTS_epdynamicDeath_R[t,i,j]) 
epDeath_f.col<-c(epDeath_f.col,RESULTS_epdynamicDeath_f[t,i,j]) 
epDeath_ep.col<-c(epDeath_ep.col,RESULTS_epdynamicDeath_ep[t,i,j]) 
}}} 
DATA=cbind(ep.max.col,x.col,time.col,epDeath_L.col,epDeath_U.col,epDeath_H.col,epDeath_R.col,epDeath_f.col,e
pDeath_ep.col) 
colnames(DATA)=cbind("ep.max","x","time","epDeath_L","epDeath_U","epDeath_H","epDeath_R","epDeath_f","e
pDeath_ep") 
DATA=as.data.frame(DATA) 
 
save(DATA,file = "data_ep.max_WithFluct.RData") 
#----------------------------------------------- 
# 5.4. v-related PTs with fluctuation of resources 
#----------------------------------------------- 
# 5.4.1. Loading data and preparing matrix to save results 
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
RESULTS_v_dynamicDeath_L<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamicDeath_U<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamicDeath_H<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamicDeath_R<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamicDeath_f<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
RESULTS_v_dynamicDeath_ep<-(array(NA, dim=c(length(times),length(parms.v),length(parms.x)))) 
#----------------------------------------------- 
# 5.4.2. Loop to incorporate the death condition for each state-variable 
#----------------------------------------------- 
for (i in 1:length (parms.v)){ 
for (j in 1:length(parms.x)){ 
SL=1 
for (t in 2:length(times)){ 
death=NULL 
sL=1*(RESULTS_v_dynamic_L[t,i,j]>=RESULTS_v_dynamic_L[t-1,i,j]) 
SL=rbind(SL, as.numeric(SL[t-1]*sL)) 
} 
RESULTS_v_dynamicDeath_L[,i,j]<-RESULTS_v_dynamic_L[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_v_dynamicDeath_U[,i,j]<-RESULTS_v_dynamic_U[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_v_dynamicDeath_H[,i,j]<-RESULTS_v_dynamic_H[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_v_dynamicDeath_R[,i,j]<-RESULTS_v_dynamic_R[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_v_dynamicDeath_f[,i,j]<-RESULTS_v_dynamic_f[c(1:length(times)),i,j]*(SL>=1) 
RESULTS_v_dynamicDeath_ep[,i,j]<-RESULTS_v_dynamic_ep[c(1:length(times)),i,j]*(SL>=1) 
}} 
#----------------------------------------------- 
# 5.4.3. Loop to make a super-matrix with all data together and saving data 
#----------------------------------------------- 
v.col=NULL 
x.col=NULL 
time.col=NULL 
vDeath_L.col=NULL 
vDeath_U.col=NULL 
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vDeath_H.col=NULL 
vDeath_R.col=NULL 
vDeath_f.col=NULL 
vDeath_ep.col=NULL 
for (i in 1:length (parms.v)){ 
for (j in 1:length(parms.x)){ 
for (t in 1:(length(times)-1)){ 
v.col<-c(v.col,parms.v[i]) 
x.col<-c(x.col,parms.x[j]) 
time.col<-c(time.col,times[t]) 
vDeath_L.col<-c(vDeath_L.col,RESULTS_v_dynamicDeath_L[t,i,j]) 
vDeath_U.col<-c(vDeath_U.col,RESULTS_v_dynamicDeath_U[t,i,j]) 
vDeath_H.col<-c(vDeath_H.col,RESULTS_v_dynamicDeath_H[t,i,j]) 
vDeath_R.col<-c(vDeath_R.col,RESULTS_v_dynamicDeath_R[t,i,j]) 
vDeath_f.col<-c(vDeath_f.col,RESULTS_v_dynamicDeath_f[t,i,j]) 
vDeath_ep.col<-c(vDeath_ep.col,RESULTS_v_dynamicDeath_ep[t,i,j]) 
}}} 
DATA=cbind(v.col,x.col,time.col,vDeath_L.col,vDeath_U.col,vDeath_H.col,vDeath_R.col,vDeath_f.col,vDeath_ep.col) 
colnames(DATA)=cbind("v","x","time","vDeath_L","vDeath_U","vDeath_H","vDeath_R","vDeath_f","vDeath_ep") 
DATA=as.data.frame(DATA) 
save(DATA,file = "data_v_dynamicWithFluct.RData") 
#------------------------------------------------------------------------- 
# 6. Inspecting the results and producing graphs 
#------------------------------------------------------------------------- 
#----------------------------------------------- 
# 6.1. Plotting outpus for opposite HR-BTs  
#----------------------------------------------- 
rm(list=ls()) 
library(ggplot2) 
load("data_ep.max_WithoutFluct.RData") 
load("DATA_DEB.RData") 
s=10 ## size for letter 
var_size = c(0.25, 0.55) 
# 
# Movement # 
path_HR_big<-as.data.frame(path_HR[,,2]) 
path_HR_little<-as.data.frame(path_HR[,,1]) 
plot_mvt<-ggplot(NULL) 
plot_mvt<-plot_mvt+geom_path(data= 
path_HR_big,aes(path_HR_big[,1],path_HR_big[,2]),color="black",size=0.15)+ 
 ylab("Latitude")+ xlab("Longitude")+ 
 geom_path(data= path_HR_little,aes(path_HR_little[,1],path_HR_little[,2]),colour="red",size=0.15)+ 
 scale_x_continuous(limits=c(min(path_HR_big[,1],path_HR_big[,2]), 
max(path_HR_big[,1],path_HR_big[,2]))) + 
 scale_y_continuous(limits=c(min(path_HR_big[,1],path_HR_big[,2]), 
max(path_HR_big[,1],path_HR_big[,2]))) + 
 theme(aspect.ratio=1)+  
 #labs(title="Simulated HR discrete trajectories") 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
   #axis.ticks =element_line(colour = "black"), 
        axis.line = element_line(colour = "black",size=0.15), 
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   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
# state variables # 
plot_l<-ggplot(NULL) 
 plot_l<-
plot_l+geom_line(aes(x=DATA$time,y=DATA$epDeath_L,group=factor(DATA$ep.max*DATA$x),colour=factor(DATA
$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 #scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic(epsilon["max"]*"=0.54")),expression(italic(epsilon["max"]*"=1.67"))),name=NULL
)+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 #scale_size_manual(values=var_size,labels=c(expression(italic(epsilon["max"]*"=0.54")),expression(italic(
epsilon["max"]*"=1.67"))),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("scaled length")+ 
 scale_y_continuous(limits = c(0, 1))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
   #axis.ticks =element_line(colour = "black",size=0.15), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
# 
plot_r<-ggplot(NULL) 
 plot_r<-
plot_r+geom_line(aes(x=DATA$time,y=DATA$epDeath_R,group=factor(DATA$ep.max*DATA$x),colour=factor(DATA
$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 #scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic(epsilon["max"]*"=0.54")),expression(italic(epsilon["max"]*"=1.67"))),name=NULL
)+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 #scale_size_manual(values=var_size,labels=c(expression(italic(epsilon["max"]*"=0.54")),expression(italic(
epsilon["max"]*"=1.67"))),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("scaled reproduction")+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
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   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
   #axis.ticks =element_line(colour = "black",size=0.15), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
# 
# extract legend # (https://github.com/hadley/ggplot2/wiki/Share-a-legend-between-two-ggplot2-graphs) 
g_legend<-function(a.gplot){ 
  tmp <- ggplot_gtable(ggplot_build(a.gplot)) 
  leg <- which(sapply(tmp$grobs, function(x) x$name) == "guide-box") 
  legend <- tmp$grobs[[leg]] 
  return(legend)} 
mylegend<-g_legend(plot_l) 
# 
library(gridExtra) 
# 
tiff("Figure1_HR_BT_WithoutFluct.tiff",width = 7, height = 3, units = 'in',res=600) 
# 
grid.arrange(arrangeGrob(plot_mvt + theme(legend.position="none"), 
                         plot_l + theme(legend.position="none"), 
      plot_r + theme(legend.position="none"), 
                         nrow=1, widths=c(1/3, 1/3,1/3),ncol=3), 
   mylegend, nrow=2,heights=c(9,1.5)) 
dev.off() 
#----------------------------------------------- 
# 6.2. Plotting outpus for opposite v-PTs  
#----------------------------------------------- 
rm(list=ls()) 
load("data_v_WithoutFluct.RData") 
load("DATA_DEB.RData") 
library(ggplot2) 
# 
s=10 ## size for letter 
var_size = c(0.25, 0.55) 
# 
# state variables # 
plot_ep<-ggplot(NULL) 
 plot_ep<-
plot_ep+geom_line(aes(x=DATA$time,y=DATA$vDeath_ep,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),li
netype=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab(expression(italic(scaled*~epsilon)))+ 
 scale_y_continuous(limits = c(0.4, 1.2))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s+2,color="black",vjust=0.5,face="italic"), 
         legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
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   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_l<-ggplot(NULL) 
 plot_l<-
plot_l+geom_line(aes(x=DATA$time,y=DATA$vDeath_L,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),linet
ype=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("scaled length")+ 
 scale_y_continuous(limits = c(0, 1))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
           legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
            panel.background = element_rect(colour = "black", fill = "white"), 
         axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
         axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_r<-ggplot(NULL) 
 plot_r<-
plot_r+geom_line(aes(x=DATA$time,y=DATA$vDeath_R,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),line
type=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("scaled reproduction")+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
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        panel.background = element_rect(colour = "black", fill = "white"), 
   #axis.ticks =element_line(colour = "black",size=0.15), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
# extract legend # (https://github.com/hadley/ggplot2/wiki/Share-a-legend-between-two-ggplot2-graphs) 
g_legend<-function(a.gplot){ 
  tmp <- ggplot_gtable(ggplot_build(a.gplot)) 
  leg <- which(sapply(tmp$grobs, function(x) x$name) == "guide-box") 
  legend <- tmp$grobs[[leg]] 
  return(legend)} 
mylegend<-g_legend(plot_l) 
# 
library(gridExtra) 
tiff("Figure2_vPT_WithoutFluct.tiff",width = 7, height = 3, units = 'in',res=600) 
grid.arrange(arrangeGrob(plot_l + theme(legend.position="none"), 
                         plot_r + theme(legend.position="none"), 
      plot_ep + theme(legend.position="none"), 
                         nrow=1, widths=c(1/3, 1/3,1/3),ncol=3), 
   mylegend, nrow=2,heights=c(9,1.5)) 
dev.off() 
#----------------------------------------------- 
# 6.3. Plotting outpus for opposite ep-BTs with Fluctuation  
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
load("data_ep.max_WithFluct.RData") 
library(ggplot2) 
# 
s=10 ## size for letter 
var_size = c(0.25, 0.55) 
# 
DATA[DATA == 0] <- NA 
# state variables # 
plot_u<-ggplot(NULL) 
 plot_u<-
plot_u+geom_line(aes(x=DATA$time,y=(DATA$epDeath_U*((DATA$epDeath_U)>0)),group=factor(DATA$ep.max*D
ATA$x),colour=factor(DATA$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("energy density")+ 
 scale_x_continuous(limits = c(0, tau[length(tau)]))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
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  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_l<-ggplot(NULL) 
 plot_l<-
plot_l+geom_line(aes(x=DATA$time,y=(DATA$epDeath_L*((DATA$epDeath_L)>0)),group=factor(DATA$ep.max*DA
TA$x),colour=factor(DATA$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("scaled length")+ 
 scale_y_continuous(limits = c(0, 1))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_h<-ggplot(NULL) 
 plot_h<-
plot_h+geom_line(aes(x=DATA$time,y=(DATA$epDeath_H*((DATA$epDeath_H)>0)),group=factor(DATA$ep.max*D
ATA$x),colour=factor(DATA$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("scaled maturity")+ 
      scale_x_continuous(limits = c(0, 4))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_r<-ggplot(NULL) 
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 plot_r<-
plot_r+geom_line(aes(x=DATA$time,y=(DATA$epDeath_R*((DATA$epDeath_R)>0)),group=factor(DATA$ep.max*DA
TA$x),colour=factor(DATA$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("scaled reproduction")+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_f<-ggplot(NULL) 
 plot_f<-
plot_f+geom_line(aes(x=DATA$time,y=(DATA$epDeath_f*((DATA$epDeath_f)>0)),group=factor(DATA$ep.max*DAT
A$x),colour=factor(DATA$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab("functional response")+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_ep<-ggplot(NULL) 
 plot_ep<-
plot_ep+geom_line(aes(x=DATA$time,y=(DATA$epDeath_ep)*((DATA$epDeath_ep)>0),group=factor(DATA$ep.max
*DATA$x),colour=factor(DATA$ep.max),linetype=factor(DATA$x),size=factor(DATA$ep.max)))+ 
 scale_colour_manual(values = c("red", 
"black"),labels=c(expression(italic("resident")),expression(italic("mobile"))),name=NULL)+ 
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 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("resident")),expression(italic("mobile"))),na
me=NULL)+ 
 xlab("scaled time")+ylab(expression(italic(scaled*~epsilon)))+ 
 scale_y_continuous(limits = c(0.3, 1.6))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s+2,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
# extract legend # (https://github.com/hadley/ggplot2/wiki/Share-a-legend-between-two-ggplot2-graphs) 
g_legend<-function(a.gplot){ 
  tmp <- ggplot_gtable(ggplot_build(a.gplot)) 
  leg <- which(sapply(tmp$grobs, function(x) x$name) == "guide-box") 
  legend <- tmp$grobs[[leg]] 
  return(legend)} 
mylegend<-g_legend(plot_l) 
library(gridExtra) 
tiff("Figure3_ep_WithFluct.tiff",width = 7, height = 6, units = 'in',res=600) 
grid.arrange(arrangeGrob(plot_u + theme(legend.position="none"), 
        plot_l + theme(legend.position="none"), 
        plot_h + theme(legend.position="none"), 
                                plot_r + theme(legend.position="none"), 
        plot_f + theme(legend.position="none"), 
        plot_ep + theme(legend.position="none"), 
                         nrow=2, widths=c(1/3, 1/3,1/3),ncol=3), 
   mylegend, nrow=2,heights=c(9,1.5)) 
dev.off() 
#----------------------------------------------- 
# 6.4. Plotting outpus for opposite v-PTs with Fluctuation  
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
load("data_v_dynamicWithFluct.RData") 
library(ggplot2) 
# 
s=10 ## size for letter 
var_size = c(0.25, 0.55) 
# 
DATA[DATA == 0] <- NA 
# state variables # 
# 
plot_u<-ggplot(NULL) 
 plot_u<-
plot_u+geom_line(aes(x=DATA$time,y=(DATA$vDeath_U*((DATA$vDeath_U)>0)),group=factor(DATA$v*DATA$x),c
olour=factor(DATA$v),linetype=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
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 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("energy density")+ 
 scale_x_continuous(limits = c(0, tau[length(tau)]))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_l<-ggplot(NULL) 
 plot_l<-
plot_l+geom_line(aes(x=DATA$time,y=DATA$vDeath_L,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),linet
ype=factor(DATA$x),size=factor(DATA$v)))+ 
 #scale_colour_manual(values = c("blue", "black"),labels=c(expression(italic(ring(nu)*"=0.02 
cm/d")),expression(italic(ring(nu)*"=0.04 cm/d"))),name=NULL)+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 #scale_size_manual(values=var_size,labels=c(expression(italic(ring(nu)*"=0.02 
cm/d")),expression(italic(ring(nu)*"=0.04 cm/d"))),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("scaled length")+ 
 scale_y_continuous(limits = c(0, 1))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_h<-ggplot(NULL) 
 plot_h<-
plot_h+geom_line(aes(x=DATA$time,y=DATA$vDeath_H,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),lin
etype=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
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 #scale_size_manual(values=var_size,labels=c(expression(italic(ring(nu)*"=0.02 
cm/d")),expression(italic(ring(nu)*"=0.04 cm/d"))),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("scaled maturity")+ 
 scale_x_continuous(limits = c(0, 4))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   #plot.title = element_text(size=s,color="black",face="italic",vjust=0.5), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
   #axis.ticks =element_line(colour = "black",size=0.15), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_r<-ggplot(NULL) 
 plot_r<-
plot_r+geom_line(aes(x=DATA$time,y=DATA$vDeath_R,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),line
type=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("scaled reproduction")+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
   #axis.ticks =element_line(colour = "black",size=0.15), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_f<-ggplot(NULL) 
 plot_f<-
plot_f+geom_line(aes(x=DATA$time,y=DATA$vDeath_f,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),linet
ype=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 



APPENDIX SECTION 
 

211 
 

 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab("functional response")+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
plot_ep<-ggplot(NULL) 
 plot_ep<-
plot_ep+geom_line(aes(x=DATA$time,y=DATA$vDeath_ep,group=factor(DATA$v*DATA$x),colour=factor(DATA$v),li
netype=factor(DATA$x),size=factor(DATA$v)))+ 
 scale_colour_manual(values = c("blue", 
"black"),labels=c(expression(italic("slow")),expression(italic("fast"))),name=NULL)+ 
 scale_linetype_manual(values = 
c("dotted","longdash","solid"),labels=c("low","medium","high"),name=NULL)+ 
 scale_size_manual(values=var_size,labels=c(expression(italic("slow")),expression(italic("fast"))),name=NU
LL)+ 
 xlab("scaled time")+ylab(expression(italic(scaled*~epsilon)))+ 
 scale_y_continuous(limits = c(0.4, 1.2))+ 
theme(legend.position = "bottom", 
        axis.text.x = element_text(size=s-1,color="black",vjust=0.5), 
        axis.text.y = element_text(size=s-1,color="black",vjust=0.5), 
   axis.title.x = element_text(size=s,color="black",vjust=0.5,face="italic"), 
   axis.title.y = element_text(size=s+2,color="black",vjust=0.5,face="italic"), 
        legend.text=element_text(size=s,color="black",face="italic",vjust=0), 
   legend.key = element_rect(fill = "transparent", colour = "transparent"), 
   strip.background = element_rect(colour = "black", fill = "gray95", linetype = "solid"), 
   axis.ticks.x=element_line(colour = "black",size=0.15), 
   axis.ticks.y=element_line(colour = "black",size=0.15), 
   plot.margin=unit(c(4,4,4,0.5), "mm"), 
        panel.background = element_rect(colour = "black", fill = "white"), 
        axis.line = element_line(colour = "black",size=0.15), 
   axis.line.y=element_line(colour="grey34",size=0.15), 
        axis.line.x=element_line(colour="black",size=0.15), 
  panel.border = element_blank(), panel.grid.major = element_blank(), 
  panel.grid.minor = element_blank()) 
# extract legend # (https://github.com/hadley/ggplot2/wiki/Share-a-legend-between-two-ggplot2-graphs) 
g_legend<-function(a.gplot){ 
  tmp <- ggplot_gtable(ggplot_build(a.gplot)) 
  leg <- which(sapply(tmp$grobs, function(x) x$name) == "guide-box") 
  legend <- tmp$grobs[[leg]] 
  return(legend)} 
mylegend<-g_legend(plot_l) 
# 
library(gridExtra) 
# 
tiff("Figure3_v_WithFluct.tiff",width = 7, height = 6, units = 'in',res=600) 
# 
grid.arrange(arrangeGrob(plot_u + theme(legend.position="none"), 
        plot_l + theme(legend.position="none"), 
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        plot_h + theme(legend.position="none"), 
                                plot_r + theme(legend.position="none"), 
        plot_f + theme(legend.position="none"), 
        plot_ep + theme(legend.position="none"), 
                         nrow=2, widths=c(1/3, 1/3,1/3),ncol=3), 
mylegend, nrow=2,heights=c(9,1.5)) 
dev.off() 
#----------------------------------------------- 
# 6.5. Plotting outpus for a range of v-PTs  
#----------------------------------------------- 
rm(list=ls()) 
load("DATA_DEB.RData") 
parms.v<-parms.v.range 
# HR movement track to plot: 
ep=((c(RESULTS_v_range[1,"ep",1],RESULTS_v_range[length(parms.v),"ep",1]))^2) 
cte=sqrt((1-exp(-0.2))/(-log(0.05)))  
dt=1              
k=Qk[2]       
SD = sqrt(ep*(1-exp(-2*k*dt))/(2*k))      
times_HR=seq(1, 10080,2)   # time steps: dt=1min; 7days*24h*60min = minutes in a week 
path=array(NA,dim=c(length(times_HR),2,2)) 
# 
for (j in 1:2){ 
num=c(-25,20) 
HR = array(num[j],dim=c(1,2)) # the centres of Home Range are random and uniformly distributed in the scenario   
HR[,1]     # x coordinates 
HR[,2]     # y corrdinates 
# at time=0 of the simulation, each animal will be in its centre of HR 
xy = HR 
xy1=NULL      # we create a vector (xy1) to save the positions of one 
individual during a period of time 
for (i in c(1:length(times_HR))){   # 100 iterations   
  xy[,1]=(exp(-dt*k)*(xy[,1]-HR[,1]))+HR[,1]+rnorm(1,0,SD[j]) # eqn 3, x coordinate          
  xy[,2]=(exp(-dt*k)*(xy[,2]-HR[,2]))+HR[,2]+rnorm(1,0,SD[j]) # eqn 3, y coordinate 
  xy1=rbind(xy1,xy[1,]) 
} 
path[,,j]<-xy1 
} 
# 
tiff("Figure4_v_RANGE.tiff",width = 7, height = 3, units = 'in',res=600) 
s<-1 
## Plotting range v## 
m <- matrix(c(1,2,3,3),nrow = 2,ncol = 2,byrow = TRUE) 
layout(mat = m,heights = c(0.90,0.10)) 
par(mar=c(4,4,4,4)) 
plot(log(parms.v),(RESULTS_v_range[,"U",1]),xlab="",type="l",ylab="",lwd=1.5,cex.axis=s,ylim=c(0.15,1.9)) 
axis(2,col="black",cex=1,cex.axis=s) 
axis(1,col="black",cex=1,cex.axis=s) 
for (j in 1:length(parms.x)){ 
lines(log(parms.v),RESULTS_v_range[,"U",j],lty=j,lwd=1.5) 
} 
par(new=TRUE) 
plot(log(parms.v),(RESULTS_v_range[,"L",1]),axes=FALSE,ann=FALSE,type="n",ylab=expression(italic("scaled 
length")),xlab="",ylim=c(0,1),lwd=1,cex.axis=s) 
axis(4,col="blue",cex=1,tick = TRUE,labels = TRUE,col.axis ="blue",cex.axis=s) 
for (j in 1:length(parms.x)){ 
lines(log(parms.v),(RESULTS_v_range[,"L",j]),col="blue",col.axis="blue",lty=j,lwd=1) 
} 
mtext(expression(italic("log"*(nu)*"")), side=1,line=3,col="black",cex=s) 
mtext(expression(italic("scaled length")), side=4,line=2,col="blue",cex=s) 
mtext(expression(italic("energy density")), side=2,line=2,col="black",cex=s) 
# 
par(mar=c(4,4,4,3)) 
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plot(path[,,2],axes=FALSE,ann=FALSE,type="n",ylab="",xlab="",ylim=c(-32,32),xlim=c(-32,32),asp=1,cex.axis=s) 
axis(4,col="darkgrey",asp=1,tick = TRUE,labels = TRUE,col.axis = "darkgrey",ylim=c(-32,32),xlim=c(-
32,32),asp=1,cex.axis=s) 
axis(3,col="darkgrey",asp=1,tick = TRUE,labels = TRUE,col.axis ="darkgrey",ylim=c(-32,32),xlim=c(-
32,32),asp=1,cex.axis=s) 
lines(path[,,2],col="darkgrey",lw=0.5) 
lines(path[,,1],col="darkgrey",lw=0.5) 
par(new=TRUE) 
plot(log((parms.v)),(RESULTS_v_range[,"ep",1]),ylab="",xlab="",type="l",cex=s,cex.axis=s,ylim=c(0.35,0.95)) 
for (j in 1:length(parms.x)){ 
lines(log(parms.v),RESULTS_v_range[,"ep",j],lty=j) 
} 
axis(2,col="black",cex.axis=s) 
mtext(expression(italic(scaled*~epsilon)), side=2,line=2,col="black",cex=s) 
par(new=TRUE) 
plot(log((parms.v)),(RESULTS_v_range[,"ep",1]),axes=FALSE,ann=FALSE,type="n",ylab="",xlab="",ylim=c(0.35,0.95)) 
for (j in 1:length(parms.x)){ 
lines(log(parms.v),RESULTS_v_range[,"ep",j],lty=j) 
} 
points(log(parms.v[1]),RESULTS_v_range[1,"ep",1],pch="*",cex=2,col="blue") 
points(log(parms.v[length(parms.v)]),RESULTS_v_range[length(parms.v),"ep",1],pch="*",cex=2,col="blue") 
mtext(expression(italic("log"*(nu)*"")), side=1,line=3,col="black",cex=s) 
mtext(expression(italic("Longitude")), side=3,line=2,col="darkgrey",cex=s) 
mtext(expression(italic("Latitude")), side=4,line=2,col="darkgrey",cex=s) 
# 
# legend:  
par(mar=c(1,0,0,0)) 
plot(1, type = "n", axes=FALSE, xlab="", ylab="") 
legend(x = "center",inset = 0, # places a legend at the appropriate place  
c(paste("low"),paste("medium"),paste("high")), 
col=c("black","black","black"), 
lty=c(3,2,1), 
# text in the legend 
pch=c(NA,NA,NA), # gives the legend appropriate symbols (lines) 
cex=s, 
bty = "n", 
ncol=3 
) 
dev.off() 
#------------------------------------------------------------------------- 
# 7) References 
#------------------------------------------------------------------------- 
# Alós, J., Palmer, M., Balle, S. & Arlinghaus, R. (2016). Bayesian State-Space Modelling of Conventional Acoustic 
Tracking Provides # Accurate Descriptors of Home Range Behavior in a Small-Bodied Coastal Fish Species. PLoS One, 
11, e0154089. 
# Campos-Candela, A., Palmer, M., Balle, S. & Alós, J. (2018). A camera-based method for estimating absolute 
# density in animals  
# displaying home range behaviour. J. Anim. Ecol.;00:1–13. https://doi.org/10.1111/1365-2656.12787 
# Gardiner, C.W. (1990). Handbook of Stochastic Methods for Physics, Chemistry and the Natural Sciences. Second 
Edi. Springer, #Berlin. 
# Palmer, M., Balle, S., March, D., Alós, J. & Linde, M. (2011). Size estimation of circular home range from fish mark- 
# release-(single)-recapture data: case study of a small labrid targeted by recreational fishing. 
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Appendix III.A.  

Guidelines to apply the model to a case study. 

Here I provide the main guidelines of how to design a field sampling procedure according 
with the characteristics of a given case study when applying the model presented in “A camera-
based method for estimating absolute density in animals displaying home range behaviour”.  

 
R-Script Estimation of the sampling effort (number of cameras and sampling time) and associated 
accuracy and precision for absolute density estimates in animals displaying home range 
behaviour.  
#------------------------------------------------------------------------- 
# Supplementary material of the paper: 
#------------------------------------------------------------------------- 
# A camera-based method for estimating absolute density in animals displaying home  range behaviour. 
# Campos-Candela, A.; Palmer,M.; Balle,S. and Alós, J. 
#------------------------------------------------------------------------- 
# Objective: Simulating camera counts with different movement parameters to  
# demonstrate the method used for estimating animal density 
# Last update: Aug 12, 2017 
# acampos@imedea.uib-csic.es 
# 
# R-script for simulating and analysing the detection pattern produced by a fixed  
# number of cameras 
# Structure of the R-script: 
# 1) Simulating tracks according to the home range model 
# 1.1) Characteristics of the simulation 
# 1.2) Empirical data 
#  1.3) Estimating movement parameters 
# 1.4) Defining scenario features 
# 2) Simulating the detection pattern obtained by a camera survey 
#  2.1) Characteristics of the simulation 
#  2.2) Simulating the detection pattern 
# 3) Bayesian implementation for estimating animal density from counts  
#  3.1) Model for JAGS 
# 3.2) Input data 
#  3.3) Initial values 
# 3.4) Settings and running 
# 4) Inspecting the results and producing graphs 
#  4.1) Table of the estimated density and Bayesian Confidence Interval 
#  4.1.1) Plotting estimated density vs. sampling effort 
#  4.2) Accuracy statistics 
#  4.2.1) Plotting accuracy vs. sampling effort 
# 5) References 
#------------------------------------------------------------------------- 
# 0: Removing any existing data and loading libraries 
#------------------------------------------------------------------------- 
remove(list=ls()) 
# Required libraries 
library(R2jags) 
library(rjags) 
library(ggplot2) 
library(gridExtra) 
library(grid) 
#-------------------------------------------------------------------------------------------------- 
# 1: Simulating tracks according to the home range model in (Alós et al. 2016a):  
#-------------------------------------------------------------------------------------------------- 
#----------------------------------------------- 
# 1.1: Characteristics of the simulation: 
#----------------------------------------------- 
# Here, we consider a biased random walk (BRW) (Gardiner 1990): animals move within a homogeneous  
# environment following random stimuli with an additional rule that determines a tendency (drift) to remain around a 
# specific point, designed as the centre of the home range (Palmer et al. 2011).  
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#----------------------------------------------- 
# 1.2: Loading empirical data:  
#----------------------------------------------- 
# Here, we are going to work with data from one particular species. In this point, the researcher should take into  
# account the particularities of the case study. Different values either of speeds, HR areas or other parameters should  
# be assessed to figure out # what may happen with different levels of variability in those parameters.  
# 
#######This part of the code should be adapted to case study specificities########## 
# 
# "Species": C. anomalum  
BM=34   # "BM": biomass (gr) (Minns 1995) 
HRarea=3.5e-05 # "HR": home range (km2) (Mundahl & Ingersoll 1989) 
DENSITY=1250000 # "DENSITY": animal density (ind/km2) (Mundahl & Ingersoll 1989) 
speed=0.629  # "SPEED" speed (m/s) (Katopodis & Gervais 2016) 
  
#----------------------------------------------- 
# 1.3: Estimating movement parameters:  
#----------------------------------------------- 
# The emerging pattern of the BRW is a circular home range (Palmer et al. 2011). We define the radius of such a  
# circular pattern from the empirical data by: 
#   
#######This part of the code should be adapted to case study specificities##########  
# 
radius<-(sqrt(HRarea/pi))*1000        # radius of the HR (meters) 
# Movement parameters:  
cte=sqrt((1-exp(-0.2))/(-log(0.05)))       # see eqn 5 and 6 
dt=cte*radius/speed    # see eqn 5 and 6 
k=0.1/dt  # dt*k were set to 0.1 to ensure a negligible error related to the  

# discretization of the movement eqn 3 
ep=-radius^2*k/log(1-0.95)   # eqn 5 
SD = sqrt(ep*(1-exp(-2*k*dt))/(2*k))     # eqn 4 
#----------------------------------------------- 
# 1.4: Defining scenario features:  
#----------------------------------------------- 
# Here, survey settings are used following the decision rationale justified in the main text. But, note parameters as  
# radi.camera, scenario side, number of cameras...can be (should be) accommodated for the technical characteristics  
# of each particular case.   
# 
#######This part of the code should be adapted to case study specificities########## 
# 
lambda = (DENSITY)/1000000      # lambda(ind/m2), changing of units 
m = 0.5     # eqn 12 
radi.camera = sqrt(m/(pi*lambda))  # eqn 12 
side = 2*radi.camera+2*radius  # eqn 13 
nindiv = round(lambda*side^2)                            # number of animals to be moved within such scenario  
n.cam=10   # number of cameras. Note that here the researcher should play with different  

# combinations of number of cameras to assess the actual sampling effort that may be  
# necessary for a particular case (especially if simulating a patchy scenario of centres of  
# HR). 

n.frames=500  # number of frames to be simulated 
len=n.frames/25  # number of points to be saved 
seq=round(seq(n.frames/len,n.frames,len=len))  
P=10   # (frame period) it represents the minimum dt times between two consecutive frames to  

# avoid temporal autocorrelation. Note that this value may be different depending on the  
# initial parameters (see below)  

iter=n.frames*P  # total number of time steps in the simulation 
time=iter*dt    # total duration of the simulation (seconds) 
# Preliminar inspection ot the movement path:  
HR = array(runif(2*nindiv,-side/2,side/2),dim=c(nindiv,2))  

# the centres of Home Range are random and uniformly distributed in the scenario. Note  
# than here the researcher can apply other distributions (e.g., patchy). 

HR[,1]   # x coordinates 
HR[,2]   # y coordinates 
xy = HR   # at time=0 of the simulation, each animal will be in its centre of HR 
xy1=NULL   # we create a vector (xy1) to save the positions of one individual during a period of time 
for (i in c(1:100)){  # 100 iterations   
  xy[,1]=(exp(-dt*k)*(xy[,1]-HR[,1]))+HR[,1]+rnorm(nindiv,0,SD)  # eqn 3 # x coordinate          
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  xy[,2]=(exp(-dt*k)*(xy[,2]-HR[,2]))+HR[,2]+rnorm(nindiv,0,SD) # eqn 3 # y coordinate 
  xy1=rbind(xy1,xy[1,]) 
} 
plot(xy1,type="l") # vector with 100 positions from n=1 until n=iter=100 for an individual 
# 
# Preliminary plot of the simulated scenario:  
plot(c(-side/2,side/2,side/2,-side/2,-side/2),c(-side/2,-side/2,side/2,side/2,-side/2),type="l",asp=1, xlab="",ylab="") 
points(HR)  # positions for the centres of HR for the simulated animals (the initial positions of each  

# animal in the simulation coincide with the centre of HR). 
camera=array(NA,dim=c(1,2))   
camera[,1]=0  # x coordinates 
camera[,2]=0  # y coordinates 
points(camera,col="red")       # position of a camera in the centre of the surveyed area 
lines(radi.camera*sin(seq(0,2*pi,len=100)),radi.camera*cos(seq(0,2*pi,len=100)),col="red")    
   # radius of detection of the camera 
lines(xy1,col="green")  # plot of the movement of an individual 
theta <- seq(0, 2 * pi, length=(100)) # plot of the HR radius for an individual 
xx <- HR[1,1] + radius[1] * cos(theta) 
yy <- HR[1,2] + radius[1] * sin(theta) 
lines(xx,yy,col="blue") 
#-------------------------------------------------------------------------------------------------- 
# 2: Simulating a camera survey:  
#-------------------------------------------------------------------------------------------------- 
#----------------------------------------------- 
# 2.1: Characteristics of the simulation: 
#----------------------------------------------- 
# Assumptions:     
# i) A given camera detects (with detection probability = 1) any animal within the detection area of the camera.  
# ** Note here that detection probability can be modified to include co-variables that may affect detection in each 
# particular case.   
# ii) Animals move independently to each other.  
# iii) Animals display a home range space occupancy pattern and the centres of  the home range are randomly located  
# but homogeneously distributed.  
# The number of animals per frame that a camera will detect is given by a Poison distribution with mean N (eqn 9 and  
# 10) (See below: mean(OUT)). 
#----------------------------------------------- 
# 2.2: Simulating the detection pattern: 
#-----------------------------------------------                         
OUT = array(NA,dim=c(n.frames,n.cam)) # we create a template to save the counts  

# for each camera at a given analysed frame. 
for (j in 1:n.cam){ 
HR = array(runif(2*nindiv,-side/2,side/2),dim=c(nindiv,2))  

# In this case, centres of the home range are # randomly and  
# homogeneously distributed. 

# COUNTS:  
N = NULL 
cont=0 
cont2=0 
xy=HR 
for (i in c(1:iter)){ 
  xy[,1]=(exp(-dt*k)*(xy[,1]-HR[,1]))+HR[,1]+rnorm(nindiv,0,SD) # eqn 3         
  xy[,2]=(exp(-dt*k)*(xy[,2]-HR[,2]))+HR[,2]+rnorm(nindiv,0,SD) # eqn 3 
  cont=cont+1 
  if (cont==P){ # iter/n.frames 
    cont2=cont2+1 
      d=sqrt((xy[,1])^2+(xy[,2])^2) 
      N=c(N,sum(d<radi.camera))  # number of detections (N) when an animal is within the detection  

# area of the camera   
      cont=0 
      OUT[cont2,j]=N 
      N = NULL 
    } 
  } 
} 
OUT 
mean(OUT)/(pi*radi.camera^2);lambda # eqn 10 vs true density 
a<-acf(OUT[,1]) # testing autocorrelation in the counts of the same camera when  
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# temporal autocorrelation is detected  P should be increased (see 
above).   

save.image("sim.RData") 
#-------------------------------------------------------------------------------------------------- 
# 3: Bayesian implementation for estimating animal density from counts 
#-------------------------------------------------------------------------------------------------- 
#----------------------------------------------- 
# 3.1: Model for JAGS 
#----------------------------------------------- 
sink("model.txt") 
cat("model {#linea 1 
# likelihood 
for (i in 1:n.cam){    # cameras 
  for(j in 1 : n) {   # frames 
  N[j,i] ~ dpois(mu.cam[i])  # eqn 11  
  } 
} 
# priors 
for (i in 1:n.cam){ 
  log(mu.cam[i])<-alpha+phi[i] # eqn 11 
  phi[i] ~ dnorm(0,tol)  # eqn 11 
  } 
alpha ~ dunif(-30,30) 
mu <- exp(alpha)   # eqn 11 
tol~dgamma(0.001,0.001)    # tol is the inverse of sd^2 
sd<-1/sqrt(tol)     
# derived 
lambda <- mu/(pi*radi.cam^2) # eqn 10 
}",fill = TRUE) 
sink() 
#----------------------------------------------- 
# 3.2: Input data 
#----------------------------------------------- 
final=as.data.frame(array(NA,dim=c(length(seq),6)))  # we create a template to save the simulation results 
colnames(final)=c("sampling.effort","lambda.est.2.5", "lambda.est.50", "lambda.est.97.5","R.hat", "time") 
for (i in 1:len){   # we analyse "len" frames 
#data 
OUT=OUT[sample(1:n.frames, n.frames, replace = FALSE),]  

# rearranging to ensure independency of the counts 
data.jags <- list( 
n=dim(OUT[1:seq[i],])[1],   # number of frames 
N=OUT[1:seq[i],], 
radi.cam=radi.camera, 
n.cam=dim(OUT)[2], 
pi=pi 
) 
#----------------------------------------------- 
# 3.3: Initial values 
#----------------------------------------------- 
inits <- function() list( 
alpha=log(mean(OUT[1:seq[i],])), 
phi=rep(1, dim(OUT)[2]), 
tol=0.001 
) 
#----------------------------------------------- 
# 3.4: Settings and running 
#----------------------------------------------- 
params <- c("lambda","alpha","tol","sd") 
nb <- 1000 
nt <- 5 
nc <- 5 
ni <- 2000 
out <- jags(data.jags, inits, params, "model.txt", n.chains = nc, n.thin = nt, n.iter = ni, n.burnin = nb, jags.seed = 123) 
out=update(out, n.iter=10000, n.thin=50) 
final[i,1]= n.cam*dim(OUT[1:seq[i],])[1]        # frames*n.cameras 
final[i,c(2,3,4)]= out$BUGSoutput$summary["lambda",c("2.5%","50%","97.5%")]  # lambda estimated 
final[i,5]= out$BUGSoutput$summary["lambda","Rhat"]  #convergence 
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final[i,6]= dim(OUT[1:seq[i],])[1]*P*dt/3600  # we create a time vector  (i.e., sec) that corresponds to the  
     # deploying time to each sampling effort (i.e., frames).  
save.image("results.RData") 
} # final loop number of frames 
###################################################################### 
##### This step may be time consuming depending on case study specificities ###### 
###################################################################### 
save.image("results.RData")         
traceplot(out, varname = c("lambda")) # visual inspection of the last simulation 
abline(h=lambda,lwd=3) 
#-------------------------------------------------------------------------------------------------- 
# 4. Inspecting the results and producing graphs 
#-------------------------------------------------------------------------------------------------- 
#----------------------------------------------- 
# 4.1 Table of the estimated density and Bayesian Confidence Interval 
#----------------------------------------------- 
RESULTS=as.data.frame(final[,]) 
#----------------------------------------------- 
# 4.1.1. Plotting Estimated vs. Sampling effort:  
#----------------------------------------------- 
lambda=lambda 
q<-ggplot(RESULTS,aes(sampling.effort,lambda.est.50)) 
plot1 <- q+ylab("Estimated density (ind/Km^2)")+  
xlab("Sampling effort(frames*cameras)")+ 
geom_smooth()+   
geom_errorbar(aes(ymin=lambda.est.2.5,ymax=lambda.est.97.5),width=0.0004)+ 
geom_hline(yintercept=lambda,colour="red")+ 
geom_point(data=RESULTS,aes(sampling.effort,lambda.est.50),colour="black",lwd=1)+labs(title="Estimated 
density vs. effort (C.anomalum)")+ 
theme( 

legend.position = "none", 
axis.text.x = element_text(size=10,color="black",vjust=0.5), 
axis.text.y = element_text(size=10,color="black",vjust=0.5), 
axis.title.x = element_text(size=9,color="black",vjust=0.5), 

 axis.title.y = element_text(size=9,color="black",vjust=0.5), 
 plot.title = element_text(size=10,color="black",vjust=0.5,face="italic"))       
plot1 
 
r<-ggplot(RESULTS,aes(time*60,lambda.est.50)) 
plot2 <- r+ylab("Estimated density (ind/Km^2)")+ xlab("Sampling effort(min)")+ 
geom_smooth()+      geom_errorbar(aes(ymin=lambda.est.2.5,ymax=lambda.est.97.5),width=0.0004)+ 
geom_hline(yintercept=lambda,colour="red")+ 
geom_point(data=RESULTS,aes(time*60,lambda.est.50),colour="black",lwd=1)+ 
labs(title="Estimated density vs. time (C.anomalum)")+ 
theme( 
   legend.position = "none", 
           axis.text.x = element_text(size=10,color="black",vjust=0.5), 
   axis.text.y = element_text(size=10,color="black",vjust=0.5), 
   axis.title.x = element_text(size=9,color="black",vjust=0.5), 
    axis.title.y = element_text(size=9,color="black",vjust=0.5), 

  plot.title = element_text(size=10,color="black",vjust=0.5,face="italic")) 
plot2 
dev.off() 
#----------------------------------------------- 
# 4.2. Accuracy statistics:  
#----------------------------------------------- 
# Taking into account we only have ONE replica in this simulation:  
log.accuracy=log(abs(lambda-RESULTS$lambda.est.50)/lambda) 
#----------------------------------------------- 
# 4.2.1. Plotting accuracy:  
#----------------------------------------------- 
s <-ggplot(data=RESULTS, aes(x=sampling.effort,y=log.accuracy)) 
plot3<- s + ylab("log(accuracy)")+ xlab("Sampling effort(frames*cameras)")+ 
stat_smooth(method = "lm",se=FALSE,col="black")+      geom_line(show.legend=FALSE)+ 
geom_hline(yintercept=log(0.05),col="red")+  # threshold of 5% accuracy 
geom_hline(yintercept=log(0.10),col="green")+ # threshold of 10% accuracy 
labs(title="Accuracy vs. effort (C.anomalum)")+ 
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theme( 
 legend.position = "bottom", 
         axis.text.x = element_text(size=10,color="black",vjust=0.5), 
         axis.text.y = element_text(size=10,color="black",vjust=0.5), 
   axis.title.x = element_text(size=9,color="black",vjust=0.5), 
  axis.title.y = element_text(size=9,color="black",vjust=0.5), 
   plot.title = element_text(size=10,color="black",face="italic",vjust=0.5)) 
plot3 
dev.off() 
t <-ggplot(data=RESULTS, aes(x=time*60,y=log.accuracy)) 
plot4<- t + ylab("log(accuracy)")+ xlab("Sampling effort(min)")+ 
stat_smooth(method = "lm",se=FALSE,col="black")+ 
geom_line(show.legend=FALSE)+ 
geom_hline(yintercept=log(0.05),col="red")+ # threshold of 5% accuracy 
geom_hline(yintercept=log(0.10),col="green")+ # threshold of 10% accuracy 
labs(title="Accuracy vs. time (C.anomalum)")+ 
theme( 
 legend.position = "bottom", 
         axis.text.x = element_text(size=10,color="black",vjust=0.5), 
         axis.text.y = element_text(size=10,color="black",vjust=0.5), 
   axis.title.x = element_text(size=9,color="black",vjust=0.5), 
  axis.title.y = element_text(size=9,color="black",vjust=0.5), 
   plot.title = element_text(size=10,color="black",face="italic",vjust=0.5)) 
plot4 
dev.off() 
# Producing final figure and saving in pdf:  
pdf("example_1_replica.pdf") 
grid.newpage() 
pushViewport(viewport(layout=grid.layout(2,2))) #define your grid 
vplayout<-function(x,y)viewport(layout.pos.row=x,layout.pos.col=y) 
print(plot1,vp=vplayout(1,1)) 
print(plot3,vp=vplayout(1,2)) 
print(plot2,vp=vplayout(2,1)) 
print(plot4,vp=vplayout(2,2)) 
dev.off() 
#------------------------------------------------------------------------- 
# 5) References 
#------------------------------------------------------------------------- 
# Alós, J., Palmer, M., Balle, S. & Arlinghaus, R. (2016) Bayesian State-Space Modelling of Conventional Acoustic  

# Tracking Provides Accurate Descriptors of Home Range Behavior in a Small-Bodied Coastal Fish  
# Species. PLoS ONE, 11, e0154089. 

# Gardiner, C.W. (1990) Handbook of Stochastic Methods for Physics, Chemistry and the Natural Sciences, Second  
# Edi. Springer, Berlin. 

# Katopodis, C. & Gervais, R. (2016) Fish Swimming Performance Database and Analyses. Fisheries and Oceans  
# Canada Canadian Science Advisory Secretariat.Doc. 2016/002. vi, Ottawa (Canada). 

# Minns, C.K. (1995) Allometry of home range size in lake and river fishes. Canadian Journal of Fisheries and  
# Aquatic Sciences, 52, 1499–1508. 

# Mundahl, N.D. & Ingersoll, C.G. (1989) Home range, movements, and density of the central stoneroller,  
# Campostoma anomalum, in a small Ohio stream. Environmental Biology of Fishes, 24, 307–311. 

# Palmer, M., Balle, S., March, D., Alós, J. & Linde, M. (2011) Size estimation of circular home range from fish  
# mark-release-(single)-recapture data: case study of a small labrid targeted by recreational fishing. Marine  
# Ecology Progress Series, 430, 87–97. 
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Appendix III.B. 

Evaluating accuracy and precision in patchy landscapes. 
 

The main postulate of this paper is how to exploit the Hutchinson-Waser’s 
postulate for estimating absolute densities from camera counts. However, one of the 
implicit assumptions of the method proposed is that HR centres should be randomly but 
homogeneously distributed. This assumption does not meet for patchy landscapes, which 
is a widespread case. Here I demonstrate that density may be precisely and accurately 
estimated even in a patchy landscape whenever a large number of cameras were deployed 
and camera counts were spatially independent one from another. 

 Accuracy and precision were evaluated at three simulated scenarios displaying 
different spatial patchiness. Squared landscapes of 2177 m side were set. This side length 
results from a 2000 m side core area where cameras were randomly distributed, 
surrounded by a buffer area with a width two times the radius of the HR area plus two 
times the radius of the circular area of detection of the camera (the buffer area prevents 
that a camera placed just at the border underestimates density). 

 Scenarios with different but known spatial autocorrelation were defined using the 
functions RMgauss and RFsimulate from the RandomFields R package (Schlather, 
Menck & Oesting 2015). RMgauss defined a Gaussian stationary process with an 
averaged density of home range given by the argument RMtrend (mean = animal.density). 
The parameters of the Gaussian process were defined by the argument RMgauss (var, 
scale), were var, according to the geostatistical jargon, is the sill of the semivariogram 
(asymptotic value of the averaged variance between spatial units) and scale is a function 
of the range (between-units distance at which two units are fully independent). The values 
for the three scenarios were set at: scenario 1 (var=8, scale=100), scenario 2 (var=8, 
scale=300) and scenario 3 (var=100, scale=300). Specific realizations of the resulting 
landscapes are shown in Figure A.III.B. 1.  

The simulated density value for a given 30 * 30 m unit determined the mean for a 
Poisson process that defined the number of animals in that unit. The centre of the HR of 
these animals was randomly located within the unit. The (very few) negative values 
resulting from the Gaussian process were truncated to zero. 
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Figure A.III.B. 1: Simulated landscapes with different levels of patchiness and variogram from a random sample 
of 1000 points for each patchy scenario. First column corresponds to a specific realization of each patchy scenario 
created from a Gaussian Covariance model with parameters: scenario 1 (var=8, scale=100), scenario 2 (var=8, 
scale=300) and scenario 3 (var=100, scale=300). Colour indicates density in each grid of the landscape from low (dark) 
to high (slight) values. Mean density in all landscapes is the same. Second column corresponds to the variograms for 
each scenario. The black line corresponds with the model used to create each patchy landscape (RF.m); the red line 
indicates the fit of an estimated exponential model (exp.m) from a random sample of 1000 points with estimated 
parameters: scenario 1 (var=8.12, scale=91), scenario 2 (var=11.3, scale=374) and scenario 3 (var=101.9, scale=286). 
Vertical dotted lines cross the x axis in the distance that equals the range parameter (i.e., it corresponds to the scale 
parameter) which corresponds to the minimum distance between cameras estimated to avoid spatial autocorrelation. 
Each row corresponds to the same simulated patchy landscape. 
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A number of cameras (either 10, 15 or 20; see below) were randomly distributed 

within the core area but constrained that between-cameras distance must be larger than 
the range. Aimed to emulate a pilot study, the empirical range was defined from the 
simulated data (Figure A.III.B. 1) using the variofit function from geoR package (Ribeiro 
& Diggle 2016). The radius of the circular area of detection of the camera was set up to 
3 m. Additionally, temporal autocorrelation in the counts of the same camera was tested 
with the acf function and a period of 150 steps between consecutive frames was 
considered enough to avoid temporal autocorrelation.  

The movement process of the animals was fully defined in the main text, where 
additional details are provided. Aimed to simulate a realistic animal, movement 
parameters (𝛾 = 0.0043 min-1 and ε = 0.17 m2 min-1) were those provided for a coastal 
fish (Alós et al. 2016a). The position of all simulated animals was actualized at each of 
36.000 time steps of one second, which corresponds with 10 hours of camera recording. 
The number of animals within the area detected by a given camera was recorded each 150 
seconds (i.e., the number of animals were counted in 240 frames). Density was estimated 
from those counts using eqn.III.9 from the main text. Note that the camera was considered 
as a random factor, thus between-camera variance summarizes the spatial variability. 

Up to 15 independent replicated experiments were replicated for each scenario, 
from which accuracy and precision were estimated. Details of the metrics used for this 
purpose (SRMSE and range of the confidence interval) are provided in the main text. 

The results of the simulations are depicted at Figure A.III.B. 2.  
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Figure A.III.B. 2. Estimated density and scaled root mean squared error (SRMSE) of density estimates with 
increasing sampling effort. Each row corresponds to the same simulation- that is the same landscape or patchy 
environment. Panels in the first column correspond to the estimated density for increasing sampling efforts (in number 
of frames for each camera): mean values (black points) and 95% BCIs of the medians from 15 posterior distributions 
of the density estimates are represented, the red line corresponds to the true value, and the blue line indicates bias. 
Panels in the second column correspond to the SRMSE of the estimates: green and red lines correspond to threshold 
values of 10% and 5% of the SRMSE, respectively.  
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Note that animal density was accurately (nearly 10% error) and precisely 
estimated for landscapes #1 and #2 after 40-60 per camera (1.6-2.5 hours). Note also that 
in the landscape with the extreme spatial autocorrelation (#3), accuracy and precision 
improved after increasing the number of cameras (from 10 to 20). These trends illustrate 
that the purpose of this supplement is not to provide a general rule of thumbs for designing 
a camera survey in term of number of cameras or between-camera optimal distance. 
Instead, the purpose of this section is to suggest a roadmap for any given case.  

The proposed model applies for stationary distribution of centres of HR; 
consequently, the spatial correlation in the distribution of centres of HR is stationary in 
the spatial and temporal scales as well. When spatial autocorrelation meets, the variability 
(in density of centres of HR) between two samples located near one from another would 
be small and it would increase with longer distances. Through a variogram we are able to 
represent the differences in density with the distance between samples. As we are 
assuming the distribution of centres of HR is stationary, the variance would increase until 
arriving to a maximum sill (which would be the optimum distance between cameras to 
apply the method I propose here). How to decide this threshold without real data is an 
open challenge, but working with simulations and different levels of expected patchiness 
could help the researcher to figure out what sampling design may be optimum for a given 
case.  

  A way of proceeding should consist in two steps. First, i) to complete a pilot study 
for setting the range of the spatial pattern, which will be used to constraint the minimum 
between-camera distance. Then, ii) to complete a simulation experiment consisting in 
moving animals with realistic (expected) parameters in terms of density and movement 
characteristics for defining the number of cameras and the deployment time needed to 
fulfill a desired accuracy and precision. 

Finally, we should note that the model proposed in eqn.III.9 (main text) is a well-
known generalized linear model. Thus, it would be able not only to address patchy 
landscapes (as we show here), but also it would be easily expandable for testing the effects 
of environmental co-variables on animal density or even a spatial covariance term can be 
included when between-cameras distance was below the optimal. 
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Appendix V.A. 

FORTRAN code for Backward Simulation: 
 
! Last update 18/06/2018 
! Backward simulation: 
! Structure of the "opt_back" file: 
! 0. At the beginning we need a number of calculations to define the stochasticity of the environment and, hence 
!    the stochasticity of food density, which is the variable that will affect food intake. For that:  
!    - 0.1. We create a vector of Environmental states (X) or categories (X_cat), with a mean level (in the mean 
!      category), a minimum (min) and maximum (max), and a linear 
!           relationship between them.  
!    - 0.2. We simulate an autocorrelation process and store the values.  
!    - 0.3. We calculate the probability distribution of each value of X across time in two ways (**!!): 
!           1. Prob. of each value of X: probability of being in each X category irrespective of preceding category  
! (will depend on mean value and StochScale, the variance). 
!           2. Prob. of next category (:) depending on current category (X_cat) given the autocorrelation function  
!     pX(:, X_cat).  
! 1. Loop for time from T until 1. Where our time resolution is going to be in years. 
! 2. Loop for states: as we are working with a DEB model, those states are going to be a combination of 3 states (we  
!    will assume always R(0)=0., as we are expecting to empty the reproduction buffer yearly. 
!    Hence we will create combinations for different Energy (Ex), Volume of structure (Vx) and Maturity (Hx) levels. 
! 3. Loop for strategies: we will create a different loop for different strategies to be evaluated. 
!    We will start with strategies related with movement: searching rate (ep, epsilon in the main text) and drift force  
!    (kHR, gamma in the main text) and one with physiology (energy conductance, nu in the main text). 
! 4. Loop for environment within the innermost strategy loop.  
! 5. Loop for the physiological model DEB. Inside this loop we will have all the time-steps-related loops to update 
!    the state of the individual from t to t+1 within the year. We use a time resolution of a month (30 days).  
!    Loops time-steps DEB to update states. 
!    The new states will be: E(t), V(t), H(t); referring to Energy, Volume of structure and Maturity.  
!    And we have R(t) for the combination of those previous states in t; referring to Reproduction (i.e., the  
!    Reproduction value at time t). 
!    new_E=E(t) 
!    new_V=V(t) 
!    new_H=H(t)     
!--- enddo timesteps for DEB MODEL 
!    But, what would be the "future reproductive value" of each of the combinations of these new states (E(t), V(t), 
!    H(t)) at t+1 and onwards?. 
!    INTERPOLATION: Our new states at time step t are E(t), V(t), H(t) and correspond to the categories new_E,  
!    new_V and new_H that we obtaing through interpolation. 
!    We obtain the integer of each new state: 
!    int_new_E= max(1,min(floor(new_E),Emax-1)) 
!    int_new_V= max(1,min(floor(new_V),Vmax-1)) 
!    int_new_H= max(1,min(floor(new_H),Hmax-1)) 
!    We calculate the decimal part or difference between the new value and the min integer between those where it is 
!    located. 
!    dx_E = max(0,min(new_E-int_new_E,1)) 
!    dx_V = max(0,min(new_V-int_new_V,1)) 
!    dx_H = max(0,min(new_H-int_new_H,1)) 
!    Then, the "future reproductive value" in t+1 onwards will be reproductive value for the new states: V(new_E,  
!    new_V,new_H) will be obtained by interpolation, following: 
!    V(new_E, new_V,new_H)= 
!    (1-dx_E)*(1-dx_V)*(1-dx_H)*V(int_new_E  ,int_new_V  ,int_new_H)   + 
!    (dx_E)  *(1-dx_V)*(1-dx_H)*V(int_new_E+1,int_new_V  ,int_new_H)   + 
!    (1-dx_E)*(1-dx_V)*(dx_H)  *V(int_new_E  ,int_new_V  ,int_new_H+1) + 
!    (dx_E)  *(1-dx_V)*(dx_H)  *V(int_new_E+1,int_new_V  ,int_new_H+1) + 
!    (1-dx_E)*(dx_V)  *(1-dx_H)*V(int_new_E  ,int_new_V+1,int_new_H)   + 
!    (dx_E)  *(dx_V)  *(1-dx_H)*V(int_new_E+1,int_new_V+1,int_new_H)   + 
!    (1-dx_E)*(dx_V)  *(dx_H)  *V(int_new_E  ,int_new_V+1,int_new_H+1) + 
!    (dx_E)  *(dx_V)  *(dx_H)  *V(int_new_E+1,int_new_V+1,int_new_H+1) 
! 6. Finally. The fitness for each combination of strategies (i,j,k) [in this given time step (year) and initial states  
!     explored within the loop we are] will be: 
!    F(k,j,i)= Survivor (t) * [R(t) + V(new_E, new_V,new_H,t+1)] 
!--- enddo strategy k 
!--- enddo strategy j 
!--- enddo strategy i 
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! 7. When having calculated fitness for each combination of strategies within a given combination of states, we will  
! look for the "maximum fitness value" and we save the maximum reproductive value for the combination of states  
! as: 
!    V(Ex,Vx,Hx,T)= max (F(,,,)) 
!    and the value for the combination of parameter strategies that leads to this maximum reproductive value as: 
!    OptimalStrategy(Ex,Vx,Hx,T)= Maxloc(F(,,,)) 
!--- enddo states 
!!********************************************************************************************* 
! Program BACK_OPT in Fortran code: 
program BACK_OPT 
! Programs that are called:  
    use binary_IO_opt  
    use formula_stochasticity  
    implicit none 
!!********************************************************************************************* 
! Model resolution 
    integer, parameter :: totalT=30+1,H_levels=10,L_levels=20,E_levels=10,ep_levels=10,kHR_levels=10, & 
&conductance_levels=10 
    integer, parameter :: DaysInYear=365, timestepsperday = 1  
! other time steps per day have been explored !3, !7 and !10 and no changes in the emerging dynamics occur 
    integer, parameter :: everyXDays=30 !we save the state every 30 days. A resolution of everyXDays equal to 1 has  
! been also explored but the model does not change significantly in its emerging patterns 
    integer, parameter :: NumberOfDays=(totalT-1)*DaysInYear/everyXDays    ! total number of simulated days 
    integer, parameter :: NumberOfTimesteps=numberofdays * timestepsperday 
! total number of time_steps simulated, time scale resolution to update the state in differential equations, in final  
! simulation it sums every 30 days (resolution).  
    integer:: y, H_cat, L_cat, E_cat, ep_cat, kHR_cat, conductance_cat, i, j, k, d, t, t2,day,timestep 
    real(8)::cat_new_H,cat_new_L,cat_new_E 
! Variables for states 
    real(8):: Hx, Lx, Vx, scaledEx, new_scaledE, new_H, new_L, new_E 
! Variables for strategies 
    real(8):: ep_max, ep, kHR, conductance 
! Variables for stochasticity in the environment     
! **Note: these parameters are already included or called by the formula_stochasticity     real(8), parameter :: 
AutoCorr = 0.9!0.50  
!The strength of the autocorrelation if AutoCorr = 0 there is no autocorrelation. 
!If 0 < AC < 1 the noise is positively autocorrelated and if -1 < AC < 0 it is negatively correlated. 
! Values 0.9 and 0.5 have been explored.  
    real(8), parameter :: StochScale = 1.!1.5  
!Variance in category units, number of sd that correspond to E_cat=1 (and max) 
! Values 1. and 1.5 have been explored.  
    real(8), parameter :: EffectOfX = 0.7 !0.9 !0.8 (values explored).  
!The effect of the environment, hence how each category may affect the food density. In the mean category, we  
!will have the average level of food density.  
    integer, parameter :: maxCounter = 20000    
!Counter used to create an autocorrelation process and store values. The more numbers we use the smoother  
!will be the distribution of points.  
    integer, parameter:: X_levels=10         !Categories or levels for environmental stochasticity 
    real(8):: X_mean, X_real, nextX_real, ActualMeanEnvironment,sumProbOfX 
    integer::X_cat,nextX_cat, sumX_cat, counter 
! Parameters 
    real(8), parameter :: Hmax=880., Hmin=0.   !Note Hp=880.4 is the maturity threshold at puberty (J) 
    real(8), parameter :: Lmax=35., Lmin=3.      !We have to convert in structural volume (below) 
    real(8), parameter :: scaledEmax=1.*100., scaledEmin=0.*100. 
    real(8), parameter :: ep_maxi=500.0, ep_min=5. 
    real(8), parameter :: kHR_max=0.02, kHR_min=0.0005 
    real(8), parameter :: conductance_max=0.03, conductance_min=0.01 
    real(8), parameter :: lambda_food_mean=100. !20.!55. (values also explored) 
    real(8), parameter :: lambda_pred_mean=100.  
! in the results shown we have used the same value of lambda to facilitate interpretation. Further exploration of this  
! parameter should be attained in future developments.  
    real(8), parameter :: food_density=1./(0.04*lambda_food_mean)  
!{0.04,0.024,0.008} values explored in the results shown. Note that the actual environmental values of food will be  
! calculated with stochasticity (explained above). We use this value to define the mean value (through EffectOfE).  
    real(8), parameter :: predator_density=1./(0.1625*lambda_pred_mean)  
!{0.5, 0.275,0.1625,0.05} values explored in the results shown 
! Parameters for DEB model 
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    real(8), parameter :: T1=20.+ 273.15   !reference temperature at which parameters are (K) 
    real(8), parameter :: TA=8000.          !temperature of Arrhenius (K) 
    real(8), parameter :: kx=1. !kx=0.8     !fraction of food density fixed in reserve (-) 
    real(8), parameter :: pAm=136.094      !maximum assimilation rate (J cm-2 d-1) 
    !real(8), parameter :: conductance=0.0204    !energy conductance (cm d-1) will be explored trhough dynamic 

!state-dependent optimization.  
    real(8), parameter :: kappa=0.95504   !kappa (fraction of mobilized energy allocated to soma) (-) 
    real(8), parameter :: kapR=0.475       !reproduction efficiency: fraction of energy fixed in eggs (-) 
    real(8), parameter :: kM=26.6469   ! specific-volume-linked somatic maintenance rate (J cm-3 d-1) 
    real(8), parameter :: kJ=0.002   ! maturity maintenance rate coefficient (d-1) 
    real(8), parameter :: EG=5178.03   ! volume-specific costs of structure (J cm-3) 
    real(8), parameter :: Hb=0.007855   ! maturity threshold at birth (J) 
    real(8), parameter :: Hj=0.01234   ! maturity threshold at birth (J) 
    real(8), parameter :: Hp=880.4   ! maturity threshold at puberty (J) 
    ! Auxiliary and compound parameters  
! (http://www.bio.vu.nl/thb/deb/deblab/add_my_pet/entries_web/Serranus_scriba_par.html) 
    real(8), parameter :: rho=0.19213   ! shape coefficient (-) 
    real(8), parameter :: dv=0.2   ! specific density of structure (g cm-3) 
    real(8), parameter :: muV=500000.   ! chemical potential of structure (J mol-1) 
    real(8), parameter :: muE=550000.   ! chemical potential of reserve (J mol-1) 
    real(8), parameter :: wV=23.9   ! specific weight of water free structure (g mol-1) 
    real(8), parameter :: wE=23.9   ! specific weight of water free reserve (g mol-1) 
    real(8), parameter :: cw=5.   ! total water fraction of the organism (-) 
    real(8), parameter :: L_b=0.0317682  ! length at birth (cm) (0.0317682)**3.structural length(cm).  
! Implied properties add_my_pet 
    real(8), parameter :: L_j=0.96065   ! 5mm (physical length), fish base. Look for more references 
    !real(8), parameter :: L_p=1.41476  ! length at puberty (cm), structural length. Implied properties  
! add_my_pet. Here we use as a treshold for maturity the energy of maturity instead of the leght (but for the  
! purposes of our model both would be equivalent).  
! Parameters for mortality 
    real(8), parameter :: cte_repr = 0.025/(1.*365.),cte_L= 2.5/(10.*365.),cte_pred =15. !2.5/(1.*365.)*5., d-1 
! other values explored: cte_pred = 2.5/365., cte_repr = 1./(365.), cte_pred = 1./(1000.*365.), cte_pred = 0.0001,  
! where for instance cte_repr = 0.01 means that the prob of being predated given the encounter is done. 1 time  
! each 100 
    real(8), parameter :: cte_fix= 0.01 ! other values explored !0.1 !0.05 y-1 
    real(8) :: Mortality_pred,Mortality_L, Mortality_repr, Z, Mortality_fixed 
!Variables for functional response 
    real(8), parameter :: handl_time= 1.  ! handling time (1 sec). Note this value deserves further exploration.  
    real(8):: scaledenergy, ExR, EnR, speed,ERfood,ERpred,P_new_food,P_st_risk  
    real(8)::lambda, lambda_pred  
!Note we have stated the mean value for these parameters above by equalling both lambda_food and lambda_pred 
!Environmental forcing parameters and variables 
    real(8), parameter :: pi = 2.*acos(0.) 
    real(8), dimension(1:NumberOfDays+1) :: temp,food,predator 
    real(8) :: TMean, TAmp, TPeak, tempt, foodt, predatort 
!Variables for Fluxes and Other variables in DEB 
    real(8) px, pa, pm, pj, pc, dEdt, dVdt, dHdt, dURdt, max_Vd,max_Fec_y,max_ERLT 
    real(8) :: cT, pAmT, conductanceT, kMT, kJT, pXmT, Em, M, fec 
!Other variables for behavior 
    real(8) :: f,ExRF,ExRpred, HR_area,prob_scape, radius 
    integer :: dt 
!Other variables for Optimization 
    real(8) :: Survivort, fect,Vf,maxF, dx_E, dx_H, dx_L 
    integer :: int_new_E, int_new_H, int_new_L, int_new_scaledE 
!!********************************************************************************************* 
!------------------------------------------------------------------------------- 
! Declaring statements 
!------------------------------------------------------------------------------- 
!Variables referring states vs time steps 
    real(8), dimension(1:NumberOfTimesteps+1) :: E, V, H, UR 
    real(8), dimension(1:NumberOfTimesteps+1) :: Lw, W_V, W_E, WR, W, Ww, EV, EW, Fec_t, Survivor 
    real(8), dimension(1:conductance_levels,1:kHR_levels,1:ep_levels):: Fitness 
    real(8), dimension(1:conductance_levels,1:kHR_levels,1:ep_levels,1:X_levels,1:E_levels,1:L_levels):: 
RVx_to_explore 
    real(8), dimension (1:X_levels,1:E_levels,1:L_levels,1:H_levels,1:totalT):: RVx 
    real(8), dimension (1:3,1:X_levels,1:E_levels,1:L_levels,1:H_levels,1:(totalT-1)):: OptimalStrategy 
    integer, dimension (1:3) :: location 
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    real(8), dimension (1:X_levels+1, 1:X_levels+1)::ProbOfX 
    real(8), dimension (1:X_levels+1)::ProbAllX, ValueOfX 
!Parameters and variables for movement costs: two ways of exploring movement costs have been explored in this  
! model.  
! First, by focusing in the propulsory forces and energy-related costs and by assuming the aerobic and anaerobic  
! cost for movement.  
    real(8), parameter :: H2Odensity=1027. !kg/m3 
    real(8), parameter :: H2Oviscosity=0.00096 !Kg m-1 sec-1 (Webb 1975). Dynamic water viscosity 
    real(8), parameter :: ratioDrag=0.7  
!extra drag force derived from body movements (Hind and Gurney, 1997), for whale!!! 
    real(8), parameter :: aerobic_eff=0.2 
! Webb 1975 Tuna?? 1.  
!efficiencies with which metabolized energy is converted into mechanical work (aerobic efficiency, ɛA)... 
    real(8), parameter :: propulsion_eff=1.  
!...and muscle movements are converted into forward motion (propulsion efficiency, ɛP) (Hind and Gurney, 1997). 
    real(8):: DragCoeff,BodyDragForce,ThrustPower,MvtCostMvt 
! second, by interpreting the cost of movement as a fixed, small and constant part of the maintenance flux  
! connecting with movement speed. And simplified as (the resuts shown in the model are based in this second  
! approximation):  
real(8), parameter :: cte_pM=0.00089/(0.19213)**2.! cte_pM/rho**2 
! for cte_pM we look a value that lead to a movement-related cost equaling 0.15*kM (i.e.,0.00089)  
! Ohter values explored instead of using the parameter rho !0.6   !1.15 
!------------------------------------------------------------------------------- 
! 0. Environmental forcing: temperature 
!------------------------------------------------------------------------------- 
TMean = 20. !%Mean experienced temperature (degC) 
TAmp = 5. !%Amplitude of annual temperature cycle (degC) 
TPeak = 240. !%Time of peak temperature (the year goes 1 to 366), August 
temp(:) = (/ (t, t=1,NumberOfDays+1) /) 
temp(:) = 2.*pi*temp(:)/(365.) 
temp(:) = TMean + TAmp *sin(temp(:)) 
temp(:) = temp(:)+ 273.15 
predator(:) = predator_density !# Muraena density from Carcía-Charton and Pérez-Ruzafa 2001. 0.004/50. ind/m2 
!------------------------------------------------------------------------------- 
! 0. Environmental forcing: food with stochasticity 
!------------------------------------------------------------------------------- 
! Initialazing values: variables for stochasticiy 
    X_mean = 1.+(X_levels)/2.     !Mean environment 
    X_real = X_mean                !Environment in real 
    X_cat = nint(X_real)          !Environment in categories 
    ProbOfX(:,:) = 0.              !Probability of autocorrelated environment in next timestep 
    ProbAllX(:) = 0. 
    sumX_cat = 0     
!Simulate autocorrelation process and store values (we simulate for "counter" times):  
    do counter = 1, maxCounter 
      nextX_real = autocorrelatedX(X_real, X_levels, 1, X_mean, AutoCorr, StochScale)  
!Function introduced through the module formula_stochasticity (Author: Camilla xxx) 
      nextX_cat = nint(nextX_real) 
      !Count of how many times nextE_cat occurs after one another (next cat compared to current cat) 
      ProbOfX(nextX_cat,X_cat) = ProbOfX(nextX_cat,X_cat) + 1. 
      sumX_cat = sumX_cat + nextX_cat 
      !Update current for next timestep: what is current environment 
      X_real = nextX_real 
      X_cat = nextX_cat 
    enddo ! Simulating autocorrelation process 
    ActualMeanEnvironment = real(sumX_cat)/real(maxCounter) 
!Calculate probability distribution of X, across time. 
    !Use ProbAllX vector - probability of being in each X category irrespective of preceding category - for 
    do X_cat=1, X_levels+1 
        ProbAllX(X_cat) = sum(ProbOfX(X_cat,:))   
!For each X_real - sum the number of times that category occurred (irrespective of preceding category) 
    end do 
    ProbAllX(:) = ProbAllX(:)/sum(ProbAllX(:))  
!Probability of being in each X category, X_cat (irrespective of preceding category)  
!Normalized to sum=1 for probabilities 
!Use ProbOfX matrix - probability of next category (:) depending on current category (X_cat) given by 
ProbOfX(:,X_cat) - for autocorrelated fitness 
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    ! calculations dependent on current environment, X_cat 
    do X_cat=1, X_levels+1 
      sumProbOfX = sum(ProbOfX(:,X_cat)) 
      if (sumProbOfX > 0) then 
        ProbOfX(:,X_cat) = ProbOfX(:,X_cat)/sumProbOfX  
!Probability of the next X_cat being a certain value given current X_cat value 
      end if 
    end do  
!Use to scale food(t) value due to stochasticity of environment 
!!NOTE!! Reusing X_cat from above since we are using environmental categories here as well 
    do X_cat = 1, X_levels+1 
      ValueOfX(X_cat) = food_density*(1. + EffectOfX*(2.*((dble(X_cat)-1.)/(dble(X_levels)-1.))-1.))  
      !ValueOflambda(X_cat) = lambda_mean*(1. + EffectOfX*(2.*((dble(X_cat)-1.)/(dble(X_levels)-1.))-1.))  
! We could use also this apporximations for lamdba to simulate stochasticity in this value, which would require 
further exploration; but ir would make the model much more difficult to interpret.  
     !ValueOfX(X_cat) = 1./(ValueOflambda(X_cat)*1000.)  
! Also, here we show an alternative way of modelling values for X.  
    end do   
    !Printing to binary (binary programe called above; from Camilla XXX) - to check whether it looks correct 
    call array_to_binary(ValueOfX, "ValueOfX.bin") 
    call array_to_binary(ProbofX,  "ProbOfX.bin") 
    call array_to_binary(ProbAllX, "ProbAllX.bin") 
!!********************************************************************************************* 
!! %%BACKWARD SIMULATION%% !! 
!!********************************************************************************************* 
! We do not have information on the terminal reward for T+1; then we assume it to be 0. in the beginning of the  
! backward simulation.  
RVx(:,:,:,:,totalT) = 0. 
!!********************************************************************************************* 
! 1. Loop for each time step backwards (YEAR): 
!!********************************************************************************************* 
do  y= totalT-1, 1,-1 !back 
print*,"going", y ! Printing on the working console to help in visualizing the ongoing simulations 
!!********************************************************************************************* 
! 2. Loop for the vector of category_states 
!!********************************************************************************************* 
! Loop for Maturity 
do H_cat = 1, H_levels 
Hx = Hmin +((Hmax-Hmin)*(H_cat-1)/(H_levels-1)) 
! Loop for Length 
do L_cat = 1, L_levels 
    Lx = Lmin + ((Lmax-Lmin)*(L_cat-1)/(L_levels-1)) 
    Vx=(Lx*(rho))**3. 
! Loop for Energy 
do E_cat = 1, E_levels 
scaledEx = scaledEmin + ((scaledEmax-scaledEmin)*(E_cat-1)/(E_levels-1)) 
!!*********************************************************************************************  
! 3. Within each combination of internal states we explore all the different environmental categories   
!!********************************************************************************************* 
    do X_cat= 1, X_levels 
!!********************************************************************************************* 
! 4. Loop for values of different feasible strategies: within each combination of internal and environmental states 
!!********************************************************************************************* 
! Loop for searching rate (ep_max): 
    do ep_cat = 1, ep_levels        ! ep strategy (i) 
    i=ep_cat 
    ep_max = ep_min + ((ep_maxi-ep_min)*(ep_cat-1)/(ep_levels-1)) 
    ep=ep_max 
! Loop for drift force (kHR): 
    do kHR_cat = 1, kHR_levels    ! kHR strategy (j) 
    j=kHR_cat 
    kHR = kHR_min + ((kHR_max-kHR_min)*(kHR_cat-1)/(kHR_levels-1)) 
! Loop for energy conductance (conductance): 
    do conductance_cat = 1, conductance_levels    ! conductance strategy (k) 
    k=conductance_cat 
    conductance = 
conductance_min + ((conductance_max-conductance_min)*(conductance_cat-1)/(conductance_levels-1)) 
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! Loop for kappa parameter (results showns do not attend for evolving patterns in kappa, but some preliminary  
! exploration has been done with loops below). 
    !do kp = 1, kappa_levels+1, 1    ! kappa strategy (l) 
    !kappa_cat =kp 
    !kappa = kappa_min + (kappa_max-kappa_min)*(kappa_cat-1/(kappa_levels-1)) 
! We always have the option of printing different variables to check the working flow, e.g.:   
    !print*, "going",y,Hx,Lx,scaledEx !,ep_max,conductance, kHR !,i,j,k !, H_cat, L_cat, E_cat, i,j,k  
!!********************************************************************************************* 
! 5. Loop for DEB model 
!!********************************************************************************************* 
!------------------------------------------------------------------------------- 
! State variables - Initial values for states 
!------------------------------------------------------------------------------- 
! Initial values for bioenergetic dynamic equations would correspond with the internal states' value that are being  
! explored within each loop.  
! From these initial values we calculate next internal state through dynamic equations of the bioenergetics model 
!Em=pAm/conductance        
! following DEB model (ref. eqn.), E=Em*V (ref. eqn.) when the organism has its maximum level of energy stored. 
    Em=pAm/0.0204   
! we are fixing Em beforehand to avoid giving free energy to the individuals during the simulation. Hence, the  
! maximum level of energy that they can reach is going to be the same in terms of steady states. But conductance,  
! as the rate of mobilizing energy may change during the life span (within certain limits).  
    E(1) = Em*Vx* scaledEx/100.   
! We calculate for each size the level of energy depending on the scaled with respect its maximum. 
    V(1)  = Vx                 ! structural length(cm) 
    H(1)  = Hx 
    UR(1) =0. 
    Lw(1)=(V(1)**(1./3.))/(rho)          !physical length(cm) 
    W_V(1)= (dv)*V(1)                    !dry weight of structure(g) 
    W_E (1)=((wE)/(muE))*E(1)            !dry weight of reserve(g) 
    WR(1)=((wE)/(muE))*UR(1) !dry weight of reproduction buffer (g) 
    W(1)= W_V(1)+W_E(1)+WR(1) !dry weight (g) 
    Survivor(1) = 1.                      !initial survivor is one 
    Fec_t(1) = 0. 
!------------------------------------------------------------------------------- 
! LOOPS for time steps inside a year for the DEB model 
!------------------------------------------------------------------------------- 
t = 0 
t2 = 1 
!do t = 1, timestepsperyear   !Then each rate will have effect on growth, reserves etc. of 1/timestepsperyar years 
do d = 1, (NumberOfDays/(totalT-1)) !simulated days withing a year !, dayspertimestep  !days 
    do timestep = 1, timestepsperday 
        t = t + 1        
        !print*,d,t,t2,f, V(1),t,V(t), pM!,kMT*V(t),kMT*V(1)!,V(t),pC,pM 
        tempt = (1.- (timestep-1)/(timestepsperday)) * temp(d) + (timestep-1)/(timestepsperday) * temp(d+1)  
!Interpolated temperature... 
        !foodt = (1.- (timestep-1)/(timestepsperday)) * food(d) + (timestep-1)/(timestepsperday) * food(d+1)  
!... and food... 
        foodt=ValueOfX(X_cat)!Here, we are including the environmental stochasticity ***!! food/m2 
        predatort = (1.- (timestep-1)/(timestepsperday)) * predator(d) + (timestep-1)/(timestepsperday) * predator(d+1) 
!... and predators. 
! Temperature correction factor. It is applied for each parameter that is a rate 
! (simplest version, see Kooijman 2010, See Section 1.3.7 p. 21 for an optimal range version) 
        cT = exp((TA/T1)-(TA/tempt)) 
        pAmT=cT*pAm 
        conductanceT = cT*conductance 
        kMT=cT*kM  
        kJT=cT*kJ 
        !------------------------------------------------------------------------------- 
        ! ENCOUNTER RATE DEPENDING ON BEHAVIOUR 
        !------------------------------------------------------------------------------- 
! Defining movement behavioural variables affecting encounter rate: 
!ep=ep_max(i)/(1+scaledenergy/eth) ! We can model explicitly the relationshipt between ep and conductance (as in  
! Chapter I), or analyse whether and when the pre-fixed relationship in Chapter I may emerge or not.  
        dt=1.  ! 1 min 
        speed=1./dt*sqrt(ep*(1-exp(-2.*kHR*dt))/kHR)  !m/min 
        radius=sqrt(ep/kHR*(-log(0.05))) 
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        HR_area=pi*radius**(2.) !m2 
! Defining encounter rate for predators: 
        !for predators 
        lambda_pred=lambda_pred_mean 
        P_st_risk=1.-
(2.*sqrt(kHR/(pi*ep))*(1./2.)*sqrt((pi*ep)/kHR)*exp(ep/(4.*kHR*lambda_pred**2.))*erfc(sqrt(ep/kHR)/(2.*lambda
_pred))) 
        ERpred=predatort*P_st_risk !ep*60.*12.*(dble(everyXDays)/dble(timestepsperday))   
!with unit change: ind/min to ind/day. We simplify the encounter rate to an exploration rate in terms of a 2D space  
! (and not to a 3D where we could take into account the detection radius of the predator. Defining encounter rate for  
! food: 
        ! Food encountered 
        lambda=lambda_food_mean 
        P_new_food=1.-
(2.*sqrt(kHR/(pi*ep))*(1./2.)*sqrt((pi*ep)/kHR)*exp(ep/(4.*kHR*lambda**2.))*erfc(sqrt(ep/kHR)/(2.*lambda))) 
        ERfood=foodt*P_new_food*(speed*pi*0.5**2.)! we assume a detection radius on 50 cm 
        f=ERfood/(1.+ERfood*handl_time) 
        !------------------------------------------------------------------------------- 
! Energy for movement (simulations can be done by attending movement costs in this way; note however that this  
! is not the procedure followed in the results shown; but emerging trends were pretty similar) 
        !------------------------------------------------------------------------------- 
        DragCoeff=10.*(H2Odensity*(Lw(t)/100.)*(speed/60.)/H2Oviscosity)**(-0.5)  
! following (Webb 1975). dimensionless 
        BodyDragForce=(1./2.)*H2Odensity*DragCoeff*(((V(t)**(1./3.))/100.)**(2.))*((speed/60.)**2.)  
!(Hind and Gurney 1997). kg m /min2 
        ThrustPower=BodyDragForce*(speed/60.)  
! (Webb 1975) (Yates 1983, Hind and Gurney, 1997). Unit watt. Kg m2/min3 
        MvtCostMvt=ThrustPower*(ratioDrag/(2.*aerobic_eff*propulsion_eff)) ! J/sec 
        MvtCostMvt=MvtCostMvt*60.*60.*6.  
!J/day assuming this speed in 1/4 of the day. The cost of movement the 3/4 of the day we are assuming it included  
! in the DEB model maintenance costs     
        !------------------------------------------------------------------------------- 
! Fluxes:(rates) depend on temperature so the cT multiply all of them (we applied this request above in the  
! parameters). 
        pXmT=(pAmT/kx) ! per timestep 
        px=f*pXmT*(V(t)**(2./3.))   ! ingestion rate (we rest the cost of transport) 
        pA=px!-MvtCostMvt  
! NET assimilation rate; movement costs can be substracted from the assimulation fluxe (this is not the  
! approximation done here).  
        pM=(0.85*kMT*V(t))+cte_pM*(speed**2.)*(V(t))**(2./3.)! Movement costs are substracted as a part of the  
! maintenance flux (results shown).   
        pJ=(kJT*H(t))   ! maturity maintenance rate 
        pC=((E(t)/V(t))*((EG*conductanceT*(V(t)**(2./3.))+pM)/(kappa*(E(t)/V(t))+EG))) 
! mobilization rate (Eq. 2.12, p. 37 in Kooijman, 2010)       
!------------------------------------------------------------------------------- 
! Energy and Volume state variables dynamics 
        dEdt=(pA-pC)*dble(everyXDays)/dble(timestepsperday)     
! energy dynamics,  
        E(t+1) =E(t) + dEdt 
        dVdt=(((kappa*pC)-pM)/EG)*dble(everyXDays)/dble(timestepsperday)  
! volume dynamics (structure), 
        V(t+1) = V(t) + dVdt 
        ! Maturation and Reproduction state variables dynamics 
        if(H(t)<Hp) then 
        dHdt  = ((1.-kappa)*pC-pJ)*dble(everyXDays)/dble(timestepsperday)  
! maturity dynamics,  
        H(t+1) = H(t) + dHdt 
        dURdt = 0. 
        else 
            dHdt = 0. 
            H(t+1)=Hp 
            dURdt=((1.-kappa)*pC-pJ)*dble(everyXDays)/dble(timestepsperday)    
! reproduction dynamics (UR*(spaw_event>364)*(UR>0)) 
            endif 
            UR(t+1) = UR(t) + dURdt 
if((d == NumberOfDays/(totalT-1)) .and. (timestep == timestepsperday)) then  
!we save the fecundity value at the end of the year and empty the reproduction buffer. 
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            fec = (kapR*UR(t+1)/0.389164) 
            Fec_t(t) = fec 
            Fec_t(t+1) = 0. 
            UR(t+1) = 0. 
        else 
        Fec_t(t) = 0. 
        Fec_t(t+1) = 0. 
        endif 
        !------------------------------------------------------------------------------- 
        ! Calculating Observables variables(from states) each time step 
        !------------------------------------------------------------------------------- 
        Lw(t+1)=(V(t+1)**(1./3.))/(rho)            !physical length(cm) 
        W_V(t+1)= (dv)*V(t+1)                      !dry weight of structure(g) 
        W_E (t+1)=((wE)/(muE))*E(t+1)              !dry weight of reserve(g) 
        WR(t+1)=((wE)/(muE))*UR(t+1)        !dry weight of reproduction buffer (g) 
        W(t+1)= W_V(t+1)+W_E(t+1)+WR(t+1)        !dry weight (g) 
        !------------------------------------------------------------------------------- 
        ! Calculating Mortality each time step 
        !------------------------------------------------------------------------------- 
        Mortality_L = (((V(t))**(1./3.))**(-0.75))*cte_L !day-1 
        Mortality_pred = ERpred*cte_pred*Mortality_L !day-1 
        Mortality_repr = (WR(t)/(WR(t)+W(t)))**(0.75)*cte_repr !day-1 
        Mortality_fixed = cte_fix/dble(DaysInYear) !day-1 
        Z = (Mortality_pred+ Mortality_repr+  Mortality_L+ 
Mortality_fixed)*(dble(everyXDays)/dble(timestepsperday))! Total mortality 
        if ((Lw(t+1)<Lw(t))) then ! In our approximation death happens if energy is not enough for structure maintenace 
            Survivor (t+1) = 0. 
        else 
            Survivor (t+1)= Survivor (t)*exp (-Z) 
        endif 
    enddo  !time_step 
  enddo  !day 
  !------------------------------------------------------------------------------- 
  ! Saving values of new_states, Reproduction value at time t and survivor at time t to calculate Fitness 
  !------------------------------------------------------------------------------- 
  ! At the end of the loop time_steps we are already in the end of the year, so we calculate the Fitness value for  
  ! every year and for every combination of strategy parameters:  
  !------------------------------------------------------------------------------- 
  !1. We start by finding the new state as a real number: take into account that t would be the one that corresponds  
  ! with the end of the loop, and 
  ! hence, the end of the year (temporal point we are interested in):  
        new_L=Lw(t) 
        new_H=H(t) 
        new_scaledE=((E(t)/V(t))/Em)*100. 
        Survivort = Survivor (t) 
        Fect=fec 
        !------------------------------------------------------------------------------- 
  !The new states will be: E(t), V(t), H(t). And we have R(t) for the combination of those previous states in t. 
  !But, what would be the "future reproductive value" of each of the combinations of these new states (E(t), V(t),  
  ! H(t)) at t+1 and onwards?. 
  !INTERPOLATION: Our new states at time step t are E(t), V(t), H(t) and correspond to the categories new_E,  
  !new_V and new_H that we obtaing through interpolation. We obtain the integer of each new state: 
        !------------------------------------------------------------------------------- 
  !2. We convert the new state to one value within the pre-defined category axis as real number,          
        cat_new_E= ((new_scaledE-scaledEmin)/(scaledEmax-scaledEmin))*(dble(E_levels)-1.)+1. 
        cat_new_H= ((new_H-Hmin)/(Hmax-Hmin))*(dble(H_levels)-1.)+1. 
        cat_new_L= ((new_L-Lmin)/(Lmax-Lmin))*(dble(L_levels)-1.)+1. 
  !3. we obtain the integer of each new state in units of the category axis...: 
        int_new_E= max(1, min(idint(cat_new_E),E_levels-1)) 
        int_new_L= max(1, min(idint(cat_new_L),L_levels-1)) 
        int_new_H= max(1, min(idint(cat_new_H),H_levels-1)) 
  ! 4. ... and we calculate the decimal part or difference between the new value and the min integer between those  
  ! where it is located. 
        dx_E = max(0.,min(cat_new_E-int_new_E,1.)) 
        dx_L = max(0.,min(cat_new_L-int_new_L,1.)) 
        dx_H = max(0.,min(cat_new_H-int_new_H,1.))    
   ! 5. Then, the future reproductive value (Vf) in T+1==(y+1) will be the interpolation, following: 
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  ! V(int_new_scaledE, int_new_V,int_new_H)= ... 
  !... BUT... WE NEED TO SUM OVER ALL POSSIBLE ENVIRONMENTAL NEXT STATES FOR THE NEXT  
  ! TIME STEP (T+1); the "reproduction value" for the next state in t+1 onwards will depend on the probability of  
  ! being in each of different environmental variables. 
        Vf= 0. 
        do nextX_cat=1, X_levels 
         Vf = Vf + & !SUM OVER ALL POSSIBLE ENVIRONMENTAL NEXT STATES 
         ProbOfX(NextX_cat,X_cat)*( & ! taking into account the pobability of each X_cat given the one we have now.  
         (1.-dx_E)*(1.-dx_L)*(1.-dx_H)*RVx(nextX_cat,int_new_E  ,int_new_L  ,int_new_H  ,y+1) + & 
         (   dx_E)*(1.-dx_L)*(1.-dx_H)*RVx(nextX_cat,int_new_E+1,int_new_L  ,int_new_H  ,y+1) + & 
         (1.-dx_E)*(1.-dx_L)*(   dx_H)*RVx(nextX_cat,int_new_E  ,int_new_L  ,int_new_H+1,y+1) + & 
         (   dx_E)*(1.-dx_L)*(   dx_H)*RVx(nextX_cat,int_new_E+1,int_new_L  ,int_new_H+1,y+1) + & 
         (1.-dx_E)*(   dx_L)*(1.-dx_H)*RVx(nextX_cat,int_new_E  ,int_new_L+1,int_new_H  ,y+1) + & 
         (   dx_E)*(   dx_L)*(1.-dx_H)*RVx(nextX_cat,int_new_E+1,int_new_L+1,int_new_H  ,y+1) + & 
         (1.-dx_E)*(   dx_L)*(   dx_H)*RVx(nextX_cat,int_new_E  ,int_new_L+1,int_new_H+1,y+1) + & 
         (   dx_E)*(   dx_L)*(   dx_H)*RVx(nextX_cat,int_new_E+1,int_new_L+1,int_new_H+1,y+1)) 
     enddo !X in the next time step  
! 6. Finally. The fitness for each combination of strategies (i,j,k)[at this time step (year) and within the combination  
! of internal states within the loop] 
    Fitness(k,j,i)= (Survivort)* (Fect + Vf) 
!enddo !kp # if we explore also the kappa parameter 
enddo !k 
enddo !j 
enddo !i 
    maxF= maxval (Fitness(:,:,:)) 
    if((H_cat==10).and.(y==1)) then 
    RVx_to_explore(:,:,:,X_cat,E_cat,L_cat) = (Fitness(:,:,:)) 
    end if 
    RVx(X_cat,E_cat ,L_cat ,H_cat, y) = maxF 
    location= Maxloc(Fitness(:,:,:)) 
    OptimalStrategy(1:3,X_cat,E_cat ,L_cat ,H_cat,y)= dble(Maxloc(Fitness(:,:,:)))      
    enddo ! X_category (environment) 
! End do states 
enddo !E_cat 
enddo !V_cat 
enddo !H_cat 
! End do back forward 
enddo !totalT 
call array_to_binary (RVx,"RVx.bin") 
call array_to_binary (RVx_to_explore, "RVx_to_explore.bin") !we are saving here all the fitness values obtained for 
every combnation of states once maturity is reached (with H_cat equal to 10).  
call array_to_binary (OptimalStrategy,"OptimalStrategy.bin") 
print*, "Finished" 
end program BACK_OPT 
!!********************************************************************************************* 
!!! %%FORWARD SIMULATION%% !!(Appendix V.B) 
!!********************************************************************************************* 
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Appendix V.B. 

FORTRAN code for Forward Simulation: 
! Last Update 18/06/2018 
! Forward simulation: 
 
! We start with a given combination of states (e.g., those expected in the initial life of a juvenile fish). 
! Taking into account the optimal combination of parameters (i.e., strategy) obtained in the backward simulation,  
! we will update the state of the individual each time step. It should be highlight that for now, we expect between- 
! individual variability in the strategies as far as the environmental conditions are not constant but uncertain. This  
! level of uncertainty trough the stochasticity in the environmental variables would make individuals to face  
! environmental conditions slightly different between them that may lead to differences in the optimal strategy to  
! follow (stochastic process). When having stochasticity in the model, we would able to explore the variability in the  
! LH traits of the population following a given (optimal) strategy taking into account this uncertainty due to the  
! environmental stochasticity. Here, we perform the forward simulation for a number of individuals (100 individuals)  
! starting all of them with the same combination of internal state values. Afterwards, the mean and variance for the  
! LH traits and optimal strategies are explored (main text). Note that forward simulation can be performed also in a  
! different way; for instance by exploring 100 individuals with different initial state values. Further exploration of  
! the stochasticiy should be taken into account in next works as well as realizing sensitivity analysis to improve its 
! performance and re-design the equations in which some parameters are more based on intuition than on  
! empirical or mathematical reasoning.  
!!******************************************************************************************** 
!! %%FORWARD SIMULATION%% !!  
!! FORWARD SIMULATION - allows visualization of the individual and/or population level characteristics  
!! emerging from the interaction of the behavioural and life history strategies and the environment. 
!! Note we are modelling an stochastic process. Therefore, we are not able to predict with 100% security the next  
!! state as environmental state follows an stochastic process. Then, we will obtaing a distribution of feasible future  
!! states, and we will able to make predictions about the fraction of individuals performing a ceratin behavioural  
!! strategy depending on their internal states.  
!!********************************************************************************************* 
program FORWARD 
use binary_IO_opt 
use formula_stochasticity 
implicit none 
!!********************************************************************************************* 
! Model resolution 
    integer, parameter :: years=10,totalT=20+1 
    integer, parameter :: timestepsperday = 1, DaysInYear=365 
    integer, parameter :: everyXDays=30 !1 ! we update the state every 30 days 
    integer, parameter :: NumberOfDays=(years*DaysInYear)/everyXDays ! days simulated 
    integer, parameter :: NumberOfTimesteps=numberofdays * timestepsperday   ! days 
    real:: duration_inday 
    integer, parameter :: H_levels=10,L_levels=20,E_levels=10, X_levels=10 
    integer, parameter :: ep_levels=10,kHR_levels=10,conductance_levels=10 
    integer, parameter :: NumberIndiv=100 
    real(8):: X_mean 
!------------------------------------------------------------------------------- 
!Parameters for the DEB + HR models with a range to test 
    real(8),dimension(1:NumberIndiv) ::  ep, kHR, radius, ep_max, conductance 
!Variables for states and strategies 
    real(8), parameter :: Hmax=880., Hmin=0. !0. !Hp=880.4: maturity threshold at puberty (J) 
    real(8), parameter :: Lmax=35., Lmin=3.    !We have to convert in structural volume (above) 
    real(8), parameter :: scaledEmax=1.*100., scaledEmin=0.*100. 
    real(8), parameter :: ep_maxi=500.0, ep_min=5. 
    real(8), parameter :: kHR_max=0.02, kHR_min=0.0005 
    real(8), parameter :: conductance_max=0.03, conductance_min=0.01 
    real(8),dimension(1:NumberIndiv) :: Hx, Lx, Vx, scaledEx, new_scaledE, new_H, new_L, new_E 
    real(8),dimension(1:NumberIndiv) :: init_scaledE, init_L, init_H, X_real 
    integer,dimension(1:NumberIndiv) :: int_init_E,int_init_L,int_init_H, int_X 
    real(8),dimension(1:NumberIndiv) :: ValueOfX_real,ValueOflambda 
    real(8),dimension(1:NumberIndiv) :: cat_X, cat_init_E, cat_init_L, cat_init_H 
    !Variables for HR 
    real(8),dimension(1:NumberIndiv) :: ERfood,ERpred,P_new_food,P_st_risk 
    real(8),dimension(1:NumberIndiv) ::lambda, lambda_pred 
    real(8), parameter :: lambda_food_mean=100. !100.!55.!20.! values also explored 
    real(8), parameter :: lambda_pred_mean=100.   
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    real(8), parameter :: food_density=1./(0.04*lambda_food_mean) !{0.04,0.024,0.008} values explored in the  
!results shown. Note that the actual environmental values of food will be calculated with stochasticity (explained  
!above). We use this value to define the mean value (through EffectOfE).  
    real(8), parameter :: predator_density=1./(0.1625*lambda_pred_mean) !{0.5, 0.275,0.1625,0.05} values explored  
!in the results shown 
! Parameters for DEB model 
    real(8), parameter :: T1=20.+ 273.15   !reference temperature at which parameters are (K) 
    real(8), parameter :: TA=8000.          !temperature of Arrhenius (K) 
    real(8), parameter :: kx=1.!0.8           !fraction of food density fixed in reserve (-) 
    real(8), parameter :: pAm=136.094     ! maximum assimilation rate (J cm-2 d-1) 
    !real(8), parameter :: conductance=0.0204   !energy conductance (cm d-1)   !%%% 
    real(8), parameter :: kappa=0.95504   !kappa (fraction of mobilized energy allocated to soma) (-) 
    real(8), parameter :: kapR=0.475       !reproduction efficiency: fraction of energy fixed in eggs (-) 
    real(8), parameter :: kM=26.6469   !specific-volume-linked somatic maintenance rate (J cm-3 d-1) 
    real(8), parameter :: kJ=0.002   !maturity maintenance rate coefficient (d-1) 
    real(8), parameter :: EG=5178.03   !volume-specific costs of structure (J cm-3) 
    real(8), parameter :: Hb=0.007855   !maturity threshold at birth (J) 
    real(8), parameter :: Hj=0.01234   !maturity threshold at birth (J) 
    real(8), parameter :: Hp=880.4   !maturity threshold at puberty (J) 
! Auxiliary and compound parameters  
! (http://www.bio.vu.nl/thb/deb/deblab/add_my_pet/entries_web/Serranus_scriba_par.html) 
    real(8), parameter :: rho=0.19213   !shape coefficient (-) 
    real(8), parameter :: dv=0.2   !specific density of structure (g cm-3) 
    real(8), parameter :: muV=500000   !chemical potential of structure (J mol-1) 
    real(8), parameter :: muE=550000   !chemical potential of reserve (J mol-1) 
    real(8), parameter :: wV=23.9   !specific weight of water free structure (g mol-1) 
    real(8), parameter :: wE=23.9   !specific weight of water free reserve (g mol-1) 
    real(8), parameter :: cw=5.   !total water fraction of the organism (-) 
    real(8), parameter :: L_b=0.0317682  !length at birth (cm) (0.0317682)**3.structural length(cm).  
    real(8), parameter :: L_j=0.96065   !5mm (physical length), fish base. Look for more references 
    real(8), parameter :: handl_time= 1.    ! Handling time (1 minute) ???? 
! Parameters for mortality 
    real(8), parameter :: cte_repr = 0.025/(1.*365.),cte_L= 2.5/(10.*365.),cte_pred =15. !2.5/(1.*365.)*5., d-1  
! other values explored: cte_pred = 2.5/365., cte_repr = 1./(365.), cte_pred = 1./(1000.*365.), cte_pred = 0.0001,  
! where for instance cte_repr = 0.01 means that the prob of being predated given the encounter is done. 1 time each  
! 100 
    real(8), parameter :: cte_fix= 0.01 ! other values explored !0.1 !0.05 y-1 
    real(8),dimension(1:NumberIndiv) ::  Mortality_pred, Mortality_repr, Z, Mortality_fixed, Mortality_L 
!Environmental forcing parameters and variables 
    real(8), parameter :: pi = 2.*acos(0.) 
    real(8), dimension(1:NumberOfDays+1) :: temp,food,predator 
    real(8) :: TMean, TAmp, TPeak, tempt, foodt, predatort 
!Variables for Fluxes and Other variables in DEB 
    real(8),dimension(1:NumberIndiv) ::  px, pa, pm, pj, pc, dEdt, dVdt, dHdt, dURdt, 
max_Vd,max_Fec_y,max_ERLT 
    real(8) :: cT, pAmT,  kMT, kJT, pXmT, Em, M 
    real(8),dimension(1:NumberIndiv) :: conductanceT, fec 
!Other variables for behavior 
    real(8),dimension(1:NumberIndiv) :: ExR, EnR, speed,f,ExRF,ExRpred, HR_area,prob_scape 
    integer :: dt 
!Other variables for Optimization 
    real(8),dimension(1:NumberIndiv) :: Survivort, fect,Vf,maxF, dx_E, dx_H, dx_L, dx_X 
    integer,dimension(1:NumberIndiv) :: int_new_E, int_new_H, int_new_L, int_new_scaledE, H_cat, L_cat, E_cat 
    integer :: y,year, d, d2, t, t2,day,timestep,indv 
    real(8),dimension(1:NumberIndiv) :: ep_cat, kHR_cat,conductance_cat 
! Variables for stochasticity in the environment     
    ! **Note: these parameters are already included or called by the formula_stochasticity  
    real(8), parameter :: AutoCorr = 0.9!0.50  
!The strength of the autocorrelation if AutoCorr = 0 there is no autocorrelation. 
!If 0 < AC < 1 the noise is positively autocorrelated and if -1 < AC < 0 it is negatively correlated. 
! Values 0.9 and 0.5 have been explored.  
    real(8), parameter :: StochScale = 1. 
!1.5 !Variance in category units, number of sd that correspond to E_cat=1 (and max).  
! Values 1. and 1.5 have been explored.  
    real(8), parameter :: EffectOfX = 0.7 !0.9 !0.8 (values explored).  
!The effect of the environment, hence how each category may affect the food density. In the mean category, we  
! will have the average level of food density.  
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!------------------------------------------------------------------------------- 
! Declaring statements 
!------------------------------------------------------------------------------- 
!Variables referring states vs time steps 
    real(8), dimension(1:NumberIndiv,1:NumberOfTimesteps+1) :: E, V, H, UR, scaledenergy 
    real(8), dimension(1:NumberIndiv,1:NumberOfTimesteps+1) :: Lw, W_V, W_E, WR, W, Ww, EV, EW, Fec_t, 
Survivor,ERLT,Fitness 
    real(8), dimension (1:3,1:X_levels,1:E_levels,1:L_levels,1:H_levels,1:(totalT-1)):: OptimalStrategy 
    real(8), dimension(1:NumberIndiv,1:years)::fec_y, 
Ey,Vy,Wy,f_y,Lw_y,ERLT_y,Survivor_y,pA_y,pA0_y,MvtCostMvt_y,pM_y,& 
&speed_y,Mortality_pred_y,Mortality_repr_y,Mortality_fixed_y,Strategy_ep,Strategy_kHR, & 
&Strategy_conductance, scaledenergy_y, X_founded,XReal_founded,Z_y,Mortality_L_y,&    
&lambda_y,Pnew_food_y,P_st_risk_y,lambda_food_mean_init,lambda_pred_mean_init,StochScale_value, & 
&AutoCorr_value 
    real(8), dimension(1:NumberIndiv,1:NumberOfDays)::Ed,fd,Vd,Hd,URd,Lwd,scaledenergyd,Strategy_epd, & 
&Strategy_kHRd,Strategy_conductanced 
    real(8), dimension (1:X_levels+1)::ProbAllX 
! Parameters and variables for movement costs 
    real(8), parameter :: H2Odensity=1027. !kg/m3 
    real(8), parameter :: H2Oviscosity=0.00096*60. !Kg m-1 min-1 (Webb 1975). Dynamic water viscosity 
    real(8), parameter :: ratioDrag=0.7 !extra drag force derived from body movements (Hind and Gurney, 1997) 
    real(8), parameter :: aerobic_eff=0.2  
!efficiencies with which metabolized energy is converted into mechanical work (aerobic efficiency, ɛA)... 
    real(8), parameter :: propulsion_eff=1.  
!...and muscle movements are converted into forward motion (propulsion efficiency, ɛP) (Hind and Gurney, 1997). 
    real(8),dimension(1:NumberIndiv) :: DragCoeff,BodyDragForce,ThrustPower 
    real(8),dimension(1:NumberIndiv) :: MvtCostMvt 
    real(8), parameter :: cte_pM=0.00089/(0.19213)**2.! cte_pM/rho**2!0.15!0.00089 !0.6   !1.15     
! Opening binary file with data from Backward Optimization 
call binary_to_array (OptimalStrategy,"OptimalStrategy.bin") 
call binary_to_array (ProbAllX,"ProbAllX.bin") 
!------------------------------------------------------------------------------- 
! Environmental forcing 
!------------------------------------------------------------------------------- 
TMean = 20.  !%Mean experienced temperature (degC) 
TAmp = 5.    !%Amplitude of annual temperature cycle (degC) 
TPeak = 240. !%Time of peak temperature (the year goes 1 to 366), August 
temp(:) = (/ (t, t=1,NumberOfDays+1) /) 
temp(:) = 2.*pi*temp(:)/(dble(DaysInYear)) 
temp(:) = TMean + TAmp *sin(temp(:)) 
temp(:) = temp(:)+ 273.15 
predator(:) = predator_density  
X_mean = 1.+(X_levels)/2.     !Mean environment 
!------------------------------------------------------------------------------- 
! State variables - Initial values for states 
!------------------------------------------------------------------------------- 
    !Initial values for states and observables 
    V(:,1)=(3.*(rho))**3.               !Lw=3cm 
    scaledenergy(:,1)= 0.5*100.  !Half the maximum reserves 
    H(:,1)= 0.    !Immature individual 
    UR(:,1)=0. 
    Lw(:,1)=(V(:,1)**(1./3.))/(rho)     !Physical length(cm) 
    init_L(:)=Lw(:,1) 
    init_H(:)=H(:,1) 
    init_scaledE(:)=scaledenergy(:,1) 
    !------------------------------------------------------------------------------- 
    !Initializing the environment of each individual using the cumulative probability values in CumProbAllX 
    ! We just used the mean for this simulations but we could have chosen random numbers fro, the probability  
    ! values in CumProbAllX. 
    ! Therefore, here we are exploring 100 individuals that start with the same internal states and at the same  
    ! environmental state. 
    ! Further exploration of the model deserves to analyse how obtained patterns may change when the individuals  
    ! in the starting of the lifetime differ in the environmental food conditions  
    !------------------------------------------------------------------------------- 
    do indv=1, NumberIndiv 
    X_real (indv) = X_mean 
!!********************************************************************************************* 
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! 1. Loop for each time step forwards (YEAR): 
!!********************************************************************************************* 
y = 0 
d2 = 0 
t = 0 
do year = 1, years 
    y = y + 1 
!------------------------------------------------------------------------------- 
! Calculating the strategy for the year: 
!------------------------------------------------------------------------------- 
 ! First we translate the initial state (or state for the beginning of the year) in a category. 
 ! We start by finding the new state as a real number: take into account that it would be the one that corresponds  
 ! with the end of the loop, and hence, the end of the year (temporal point we are interested in):  
!------------------------------------------------------------------------------- 
! ** Those values are calculated, for the first time step before the loops (see above),  
! and for the end of every year at the end of the loop (see below).  
     !init_L=Lw(t) 
     !init_H=H(t) 
     !init_scaledE=scaledenergy(t) 
!-------------------------------------------------------------------------------        
  !1.1. convert the new state to your category axis, as real number         
      cat_init_E(indv) = ((init_scaledE(indv)-scaledEmin)/(scaledEmax-scaledEmin))*(dble(E_levels)-1.)+1. 
      cat_init_H(indv)= ((init_H(indv)-Hmin)/(Hmax-Hmin))*(dble(H_levels)-1.)+1. 
      cat_init_L(indv)= ((init_L(indv)-Lmin)/(Lmax-Lmin))*(dble(L_levels)-1.)+1. 
  !1.2. We obtain the integer of each new state in units of the category axis...: 
      int_init_E(indv) = max(1, min(idint(cat_init_E(indv)),E_levels-1)) 
      int_init_L(indv)= max(1, min(idint(cat_init_L(indv)),L_levels-1)) 
      int_init_H(indv)= max(1, min(idint(cat_init_H(indv)),H_levels-1)) 
  !1.3. ... and we calculate the decimal part or difference between the new value and the min integer between those 
where it is located. 
      dx_E(indv) = max(0.,min(cat_init_E(indv)-int_init_E(indv),1.)) 
      dx_L(indv) = max(0.,min(cat_init_L(indv)-int_init_L(indv),1.)) 
      dx_H(indv) = max(0.,min(cat_init_H(indv)-int_init_H(indv),1.))          
! Following the same reasoning we interpolate the environment for each individual:  
      int_X =  max(1,min(int(X_real),int(X_levels-1)))        !Find integer part of environmental category 
      dx_X = max(0.,min(X_real - real(int_X),1.))          !... and decimal part  
!------------------------------------------------------------------------------- 
! Second, we select the strategy to follow in this year for the combination of internal state and environmental state  
! categories that we have in the beginning of the year. 
!------------------------------------------------------------------------------- 
! Interpolation to look up ep:  
ep_cat(indv) = 
 (1.-dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
 (1.-dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)+1,1) + & 
 (1.-dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)+1,1) + & 
 (1.-dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
&    
(   dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)  ,1) + & 
(   dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
(   dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)  ,1) + &     
(   dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)+1,1) + & 
(   dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)+1,1) + & 
(   dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)+1,1) + & 
(1.-dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)+1,1) + & 
(1.-dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)  ,1) + & 
(1.-dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
(   dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)  ,1) + & 
(1.-dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(3,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)  ,1)  
! ep calculated from ep_cat (as a real number) 
ep_max(indv) = ep_min + ((ep_maxi-ep_min)*(ep_cat(indv)-1.)/(dble(ep_levels)-1.)) ! real number 
ep(indv) = ep_max(indv) 
!--------------------------------------- 
! Interpolation to look up kHR:  
kHR_cat(indv) =  
(1.-dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
(1.-dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)+1,1) + & 
(1.-dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
&    
(   dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)  ,1) + 
& 



APPENDIX SECTION 
 

238 
 

(   dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)  ,1) + 
& 
(   dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)  ,1) + &     
(   dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)+1,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)+1,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)  ,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
(   dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)  ,1) + 
& 
(1.-dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(2,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)  ,1)  
! kHR calculated from kHR_cat (as a real number) 
kHR(indv) = kHR_min + ((kHR_max-kHR_min)*(kHR_cat(indv)-1.)/(dble(ep_levels)-1.)) ! real number 
!--------------------------------------- 
! Interpolation to look up conductance:  
conductance_cat(indv) =  
(1.-dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
(1.-dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)+1,1) + & 
(1.-dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
&    
(   dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)  ,1) + 
& 
(   dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)  ,1) + 
& 
(   dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)  ,1) + &     
(   dx_X(indv))*(1.-dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)  ,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)+1,1) + 
& 
(   dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)+1,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(   dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)+1,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)+1,int_init_H(indv)  ,1) + 
& 
(1.-dx_X(indv))*(   dx_E(indv))*(1.-dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)+1,int_init_L(indv)  ,int_init_H(indv)  ,1) + & 
(   dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)+1,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)  ,1) + 
& 
(1.-dx_X(indv))*(1.-dx_E(indv))*(   dx_L(indv))*(1.-dx_H(indv))*OptimalStrategy(1,int_X(indv)  ,int_init_E(indv)  ,int_init_L(indv)+1,int_init_H(indv)  ,1)   
! conductance calculated from conductance_cat (as a real number)             
conductance(indv) = conductance_min + ((conductance_max-conductance_min)*(conductance_cat(indv)-1.)/(dble(ep_levels)-1.)) ! real number 
!--------------------------------------- 
! The environmental axis is continuous in forward time, use interpolation or formula to find effect on food abundance 
ValueOfX_real(indv) = food_density*(1. + EffectOfX*(2.*((dble(X_real(indv))-1.)/(dble(X_levels)-1.))-1.))  
! value of food for each individual 
!ValueOflambda(indv) = lambda_mean*(1. + EffectOfX*(2.*((dble(X_real(indv))-1.)/(dble(X_levels)-1.))-1.))  
! We could use also this apporximations for lamdba to simulate stochasticity in this value, which would require  
! further exploration; but ir would make the model much more difficult to interpret.  
!ValueOfX_real(indv) = 1./(ValueOflambda(indv)*1000.)  
! Also, here we show an alternative way of modelling values  
! for X. It is not the approximation used for the results shown.  
!------------------------------------------------------------------------------- 
! Initial values for states and observables 
!-------------------------------------------------------------------------------   
!Em=pAm/conductance                 ! with temperature correction and including assimilation efficiency 
Em=pAm/0.0204   
! we are fixing Em beforehand to avoid giving free energy to the individuals during the simulation. Hence, the  
! maximum level of energy that they can reach is going to be the same in terms of steady states. But conductance,  
! as the rate of mobilizing energy may change during the life span (within certain limits).  
    E(indv,1)=(scaledenergy(indv,1)/100.)*Em*V(indv,1)     !scaledenergy=(E(t)/V(t))/Em 
    H(indv,1)= 0. 
    UR(indv,1)=0. 
    Lw(indv,1)=(V(indv,1)**(1./3.))/(rho)           !physical length(cm) 
    W_V(indv,1)= (dv)*V(indv,1)                     !dry weight of structure(g) 
    W_E (indv,1)=((wE)/(muE))*E(indv,1)           !dry weight of reserve(g) 
    WR(indv,1)=((wE)/(muE))*UR(indv,1)  !dry weight of reproduction buffer (g) 
    W(indv,1)= W_V(indv,1)+W_E(indv,1)+WR(indv,1)  !dry weight (g) 
    Survivor(indv,1) = 1.                           !initial survivor is one 
    ERLT (indv,1) = 0. 
    Fec_t(indv,1) = 0. 
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!!********************************************************************************************* 
! 2. Loop for DEB model 
!!********************************************************************************************* 
    d = 0 
  do day = 1, (NumberOfDays/years) 
    d = d + 1 
    d2 = d2 + 1 
    do timestep = 1, timestepsperday 
        t = t + 1 
    print*,"going", y   
!------------------------------------------------------------------------------- 
!Environmental forcing by time step 
!------------------------------------------------------------------------------- 
tempt = (1.- (timestep-1)/(timestepsperday)) * temp(d) + (timestep-1)/(timestepsperday) * temp(d+1)    
!Interpolated temperature... 
 predatort = (1.- (timestep-1)/(timestepsperday)) * predator(d) + (timestep-1)/(timestepsperday) * predator(d+1)  
!... and predators. 
! Temperature correction. It is applied for each parameter that is a rate. 
! (simplest version, see Kooijman 2010, See Section 1.3.7 p. 21 for an optimal range version) 
        cT = exp((TA/T1)-(TA/tempt)) 
        pAmT=cT*pAm     ! per day 
        pXmT=(pAmT/kx)  ! per day 
        conductanceT(indv) = cT*conductance(indv) 
        kMT=cT*kM       ! per day 
        kJT=cT*kJ       ! per day 
!------------------------------------------------------------------------------- 
        ! ENCOUNTER RATE DEPENDING ON BEHAVIOUR 
!------------------------------------------------------------------------------- 
! Defining movement behavioural variables affecting encounter rate:ep=ep_max(ind)/(1+scaledenergy(indv)/eth)  
! We can model explicitly the relationshipt between ep and conductance (as in Chapter I), or analyse whether and  
! when the pre-fixed relationship in Chapter I may emerge or not.  
        dt=1.  ! 1 min 
        speed(indv)=1./dt*sqrt(ep(indv)*(1.-exp(-2.*kHR(indv)*dt))/kHR(indv))  !m/min 
        radius(indv)=sqrt(ep(indv)/kHR(indv)*(-log(0.05))) 
        HR_area(indv)=pi*radius(indv)**(2.) !m2 
        ! Defining encounter rate for predators: 
        lambda_pred(indv)=lambda_pred_mean 
P_st_risk(indv)=1.-
(2.*sqrt(kHR(indv)/(pi*ep(indv)))*(1./2.)*sqrt((pi*ep(indv))/kHR(indv))*exp(ep(indv)/(4.*kHR(indv)*lambda_pred(
indv)**2.))*erfc(sqrt(ep(indv)/kHR(indv))/(2.*lambda_pred(indv)))) 
ERpred(indv)=predatort*P_st_risk(indv)!*ep(indv)*60.*6.*(dble(everyXDays)/dble(timestepsperday))     
!with unit change: ind/min to ind/day. We simplify the encounter rate to an exploration rate in terms of a 2D space  
! (and not to a 3D where we could take into account the detection radius of the predator.  
! Defining encounter rate for food: 
! Food encountered 
        lambda(indv)=lambda_food_mean 
P_new_food(indv)=1.-
(2.*sqrt(kHR(indv)/(pi*ep(indv)))*(1./2.)*sqrt((pi*ep(indv))/kHR(indv))*exp(ep(indv)/(4.*kHR(indv)*lambda(indv)
**2.))*erfc(sqrt(ep(indv)/kHR(indv))/(2.*lambda(indv)))) 
ERfood(indv)=ValueOfX_real(indv)*P_new_food(indv)*(speed(indv)*pi*0.5**2.)!*60.*6.  
f(indv)=ERfood(indv)/(1.+ERfood(indv)*handl_time) 
print*, lambda(indv), lambda_pred(indv), P_st_risk(indv), P_new_food(indv), f(indv)   
!------------------------------------------------------------------------------- 
! Energy for movement (simulations can be done by attending movement costs in this way; note however that this  
! is not the procedure followed in the results shown; but emerging trends were pretty similar) 
!------------------------------------------------------------------------------- 
DragCoeff(indv)= 
10.*(H2Odensity*(Lw(indv,t)/100.)*(speed(indv)/60.)/H2Oviscosity)**(-0.5)  
! (*1.33 following ?)following (Webb 1975). dimensionless 
BodyDragForce(indv)= 
(1./2.)*H2Odensity*DragCoeff(indv)*(((V(indv,t)**(1./3.))/100.)**(2.))*((speed(indv)/60.)**2.)  
! (Hind and Gurney 1997). kg m /min2 
ThrustPower(indv)= 
BodyDragForce(indv)*(speed(indv)/60.)   
!(Webb 1975) (Yates 1983, Hind and Gurney, 1997). Unit watt. Kg m2/min3 
MvtCostMvt(indv)=ThrustPower(indv)*(ratioDrag/(2.*aerobic_eff*propulsion_eff))  ! J/sec 
MvtCostMvt(indv)=MvtCostMvt(indv)*60.*60.*6.          ! J/day    
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!------------------------------------------------------------------------------- 
! Fluxes: (rates) depend on temperature so the cT multiply all of them (we applied this request above in the  
! parameters).        
px(indv)=f(indv)*(pXmT)*(V(indv,t)**(2./3.))   ! Ingestion rate 
pA(indv)=px(indv)!- MvtCostMvt (indv)            
! NET assimilation rate; movement costs can be subtracted from the assimilation flux  
! (this is not the approximation done here).  
pM(indv)=(0.85*kMT*V(indv,t))+cte_pM*(speed(indv)**2.)*(V(indv,t))**(2./3.) 
!*MvtCostMvt (indv) ! Movement costs are substracted as a part of the maintenance flux (results shown).  
pJ(indv)=(kJT*H(indv,t))   ! Maturity maintenance rate      
pC(indv)= 
((E(indv,t)/V(indv,t))*(((EG*conductanceT(indv)*(V(indv,t)**(2./3.)))+pM(indv))/((kappa*(E(indv,t)/V(indv,t)))+E
G))) 
! Mobilization rate (Eq. 2.12, p. 37 in Kooijman, 2010) 
!------------------------------------------------------------------------------- 
! Energy and Volume state variables dynamics 
dEdt(indv)=(pA(indv)-pC(indv))*dble(everyXDays)/dble(timestepsperday)   
! energy dynamics, pA is already calculated by timestepsperday in ** above!!! 
E(indv,t+1) =E(indv,t) + dEdt(indv) 
dVdt(indv)=(((kappa*pC(indv))-pM(indv))/EG)*dble(everyXDays)/dble(timestepsperday)!  
Volume dynamics (structure) 
V(indv,t+1) = V(indv,t) + dVdt(indv) 
! Scaled energy 
scaledenergy(indv,t+1)=((E(indv,t)/V(indv,t))/Em)*100. 
!------------------------------------------------------------------------------- 
! Maturation and Reproduction state variables dynamics 
if(H(indv,t)<Hp) then 

dHdt(indv)  = ((1.-kappa)*pC(indv)-pJ(indv))*dble(everyXDays)/dble(timestepsperday) 
H(indv,t+1) = H(indv,t) + dHdt(indv) 
dURdt(indv) = 0. 

         else 
        dHdt(indv) = 0. 
              H(indv,t+1)=Hp 

dURdt(indv)=((1.-kappa)*pC(indv)-pJ(indv))*dble(everyXDays)/dble(timestepsperday)  
!UR*(spaw_event>364)*(UR>0)# reproduction dynamics 

           endif 
             UR(indv,t+1) = UR(indv,t) + dURdt(indv) 
if((day == (NumberOfDays/years)) .and. (timestep == timestepsperday)) then  

!we save the facundity value at the end of the year and empty the reproduction buffer. 
             fec(indv) = (kapR*UR(indv,t+1)/0.389164) 
             Fec_t(indv,t) = fec(indv) 
             Fec_t(indv,t+1) = 0. 
             UR(indv,t+1) = 0. 
         else 
          Fec_t(indv,t) = 0. 
          Fec_t(indv,t+1) = 0. 
          endif 
!------------------------------------------------------------------------------- 
! Calculating Observables variables(from states) each time step 
! To avoid NaN when length or weith have negative values we force them to 0. 
if (V(indv,t+1)<0.) then 

V(indv,t+1)=0. 
     end if 
if (E(indv,t+1)<0.) then 
         E(indv,t+1)=0. 
     end if 
!------------------------------------------------------------------------------- 
    Lw(indv,t+1)=(V(indv,t+1)**(1./3.))/(rho)                       !physical length(cm) 
    W_V(indv,t+1)= (dv)*V(indv,t+1)                                 !dry weight of structure(g) 
    W_E (indv,t+1)=((wE)/(muE))*E(indv,t+1)                       !dry weight of reserve(g) 
    WR(indv,t+1)=((wE)/(muE))*UR(indv,t+1)   !dry weight of reproduction buffer (g) 
    W(indv,t+1)= W_V(indv,t+1)+W_E(indv,t+1)+WR(indv,t+1) !dry weight (g) 
!------------------------------------------------------------------------------- 
    ! Calculating Mortality each time step 
!------------------------------------------------------------------------------- 
    Mortality_L (indv) = (((V(indv,t))**(1./3.))**(-0.75))*cte_L !day-1 
    Mortality_pred (indv) = ERpred(indv)*cte_pred *Mortality_L (indv)!day-1 
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    Mortality_repr(indv) = (WR(indv,t)/(WR(indv,t)+W(indv,t)))**(0.75)*cte_repr !day-1 
    Mortality_fixed(indv) = cte_fix/dble(DaysInYear) !day-1 
    Z(indv) = (Mortality_pred(indv)+ Mortality_repr(indv)+  

Mortality_L (indv)+Mortality_fixed(indv))*(dble(everyXDays)/dble(timestepsperday)) 
! Total mortality per time_step 

    !if (Lw(indv,t+1)<Lw(indv,t)) then 
    if (Lw(indv,t+1)<Lw(indv,t)) then 
        Survivor (indv,t+1) = 0 
        else 
            Survivor (indv,t+1)= Survivor (indv,t)*exp (-Z(indv)) 
    end if 
!------------------------------------------------------------------------------- 
    !Fitness 
!------------------------------------------------------------------------------- 
    Fitness(indv,t)= Survivor (indv,t) * Fec_t(indv,t)        ! Fitness each time step 
    ERLT (indv,t+1) = ERLT (indv,t) + Fitness(indv,t)         ! Expected Reproductive Life Time (cumulative Fitness) 
!------------------------------------------------------------------------------- 
    ! Storing things with different time resolution 
!------------------------------------------------------------------------------- 
! DAYLY RESOLUTION: things you want to store with daily resolution! Take care on what you want to save and  
! why because a lot of big matrix will give a problem of memory (and non ejecution). 
    if (timestep == timestepsperday) then !.and. (t==d+(365*(y-1)))) then 
      Ed(indv,d2) = E(indv,t) 
      scaledenergyd(indv,d2)=scaledenergy(indv,t) 
      fd(indv,d2) = EnR(indv)/(1.+EnR(indv)*handl_time) 
      Vd(indv,d2) = V(indv,t) 
      Hd(indv,d2) = H(indv,t) 
      URd(indv,d2) = UR(indv,t) 
      Lwd(indv,d2) = Lw(indv,t) 
      fd(indv,d2)=f(indv) 
      Strategy_epd(indv,d2)=ep(indv) 
      Strategy_kHRd(indv,d2)=kHR(indv) 
      Strategy_conductanced(indv,d2)=conductance(indv) 
      endif 
    ! YEARLY RESOLUTION: things you want to store with yearly resolution 
    if((day == DaysInYear/everyXDays) .and. (timestep == timestepsperday)) then 
        fec_y(indv,y) = fec(indv) 
        Ey(indv,y) = E(indv,t) 
        scaledenergy_y(indv,y)=scaledenergy(indv,t) 
        Vy(indv,y) = V(indv,t) 
        Wy(indv,y) = W(indv,t) 
        f_y(indv,y) = f(indv) 
        Lw_y(indv,y) = Lw(indv,t) 
        ERLT_y(indv,y)= ERLT(indv,t+1) 
        Survivor_y(indv,y)= Survivor(indv,t) 
        pA_y(indv,y)=pA(indv) 
        pM_y(indv,y)=pM(indv) 
        MvtCostMvt_y(indv,y)=MvtCostMvt(indv) 
        speed_y(indv,y)=speed(indv) 
        Mortality_pred_y(indv,y)=Mortality_pred(indv) 
        Mortality_L_y(indv,y)=Mortality_L(indv) 
        Mortality_repr_y(indv,y)=Mortality_repr(indv) 
        Mortality_fixed_y(indv,y)=Mortality_fixed(indv) 
        Z_y(indv,y)=Z(indv) 
        Strategy_ep(indv,y)=ep(indv) 
        Strategy_kHR(indv,y)=kHR(indv) 
        Strategy_conductance(indv,y)=conductance(indv) 
        X_founded(indv,y)=X_real(indv) 
        XReal_founded(indv,y)=ValueOfX_real(indv)! to visualize the autocorrelation of environmental state with time 
        lambda_y(indv,y)=lambda(indv) 
        Pnew_food_y(indv,y)=P_new_food(indv) 
        P_st_risk_y(indv,y)=P_st_risk(indv) 
        StochScale_value(indv,y)=StochScale 
        AutoCorr_value(indv,y)=AutoCorr 
        lambda_food_mean_init(indv,y)=lambda_food_mean 
        lambda_pred_mean_init(indv,y)=lambda_pred_mean 
        endif 
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enddo  !time_step 
enddo  !day 
!------------------------------------------------------------------------------- 
! We calculate the new/initial state from which it will start the following loop in the beginning of the year: 
!------------------------------------------------------------------------------- 
        !if((day == 365) .and. (timestep == timestepsperday)) then !open if for new_states 
        init_L(indv)=Lw(indv,t) 
        init_H(indv)=H(indv,t) 
        init_scaledE(indv)=scaledenergy(indv,t) 
        !endif 
        !**************************************************************************************! 
        !Before next time-step, calculate next value of the autocorrelated environment 
        X_real(indv) = autocorrelatedX(X_real(indv), X_levels, 1, X_mean, AutoCorr, StochScale) 
        !**************************************************************************************!       
enddo !year 
enddo !individual 
! saving outputs 
call array_to_binary (Strategy_ep,"Strategy_ep.bin") 
call array_to_binary (Strategy_kHR,"Strategy_kHR.bin") 
call array_to_binary (Strategy_conductance,"Strategy_conductance.bin") 
call array_to_binary (Vy, "Vy.bin") 
call array_to_binary (Wy, "Wy.bin") 
call array_to_binary (Lw_y, "Lw_y.bin") 
call array_to_binary (Ey, "Ey.bin") 
call array_to_binary (Fec_y, "Fec_y.bin") 
call array_to_binary (ERLT_y, "ERLT_y.bin") 
call array_to_binary (f_y,"f_y.bin") 
call array_to_binary (Mortality_L_y,"Mortality_L_y.bin") 
call array_to_binary (Mortality_pred_y,"Mortality_pred_y.bin") 
call array_to_binary (Mortality_repr_y,"Mortality_repr_y.bin") 
call array_to_binary (Mortality_fixed_y,"Mortality_fixed_y.bin") 
call array_to_binary (Z_y,"Z_y.bin") 
call array_to_binary (Survivor_y, "Survivor_y.bin") 
call array_to_binary(X_founded,"X_founded.bin") 
call array_to_binary(XReal_founded,"XReal_founded.bin") 
call array_to_binary(lambda_y,"lambda_y.bin") 
call array_to_binary(Pnew_food_y,"Pnew_food_y.bin") 
call array_to_binary(P_st_risk_y,"P_st_risk_y.bin") 
call array_to_binary(StochScale_value,"StochScale_value.bin") 
call array_to_binary(AutoCorr_value,"AutorCorr_value.bin") 
print*, "Finished" 
end program FORWARD 
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Figure.0.1. Conceptual framework proposed in this PhD thesis. Within and between-
individual variability in behavioural traits and space use behaviour play an important role in 
determining the individual fitness, which is the common currency for evolution. Overall, the 
behavioural component of the individual interplays with life history (LH) through bioenergetic 
connections mediating between the internal energy-related requirements with the external 
environment where the individual lives. Behaviour can be considered as an internal state of the 
individual interacting with other internal states (e.g., energy of reserve (E), body length (W), 
maturity level (H) and reproduction (R)) and the external environment. Environmental variables 
as temperature and food resources, predation intensity, conspecifics and other selective forces 
(e.g., harvesting-related activities as fisheries) are among the major external factors underpinning 
population heterogeneity in LH and behavioural strategies. Individual behaviour acts as a 
mediator in the interplay between internal and external states allowing the individual to adjust the 
external environmental conditions to those that are required for internal energy requirements and 
enhancing fitness (e.g., avoiding mortality risk) by balancing different trade-offs. In this PhD 
thesis, I propose that movement behaviour and personality traits (i.e., activity, exploration, 
sociability, boldness and aggressiveness) connect altogether with the other internal states through 
dynamic energy budgets. In particular, movement behaviour directly determines the encounter 
rate of either food or predators. Certain behavioural traits may be more important in favouring the 
encounter rate while others determine post-encounter events. I hypothesise that activity and 
exploration may co-vary with the individual space use, leading to movement behavioural 
syndromes and constituting important individual components mediating in the encounter rate (i.e., 
in the success of encountering food). Contrary, boldness or aggressiveness may be related with 
post-encountering behaviour (e.g., in the success of capturing a prey). Encountering food will 
benefit directly the individual through the energy inflow that will fuel all internal processes and 
eventually lead to growth and reproduction, with direct effects in fitness by enhancing successful 
offspring. On the other hand, encountering predators and other environmental-related risks (either 
natural or artificial, as harvesting-related activities) is trading off with the benefits above-
mentioned by decreasing survival probability. Therefore, behavioural traits and individual space 
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use mediate the encounter rate with different items trading off between energy intake and risk of 
mortality. ..................................................................................................................................... 19 

 

Figure.I.1. Individual behavioural-bioenergetics theory explaining life history (LH) 
variability from mechanistic links connecting behaviour, physiology and internal state 
dynamics. Different mechanistic connections can explain the correlation between behaviour, 
physiology and LH in different ecological environments. Behaviour is a complex state of the 
organism that is connected with the internal states dynamics, physiological processes and 
environmental factors through an interweaving of interactions mediated by energy and mass flows 
(thin black rows; i.e., fluxes that determine the balance between all mass and energy that enter 
and exit an individual). Consistent inter-individual differences in behaviour, along with its within-
individual variability and plasticity, can affect the individual realized LHs through its direct 
connection with feeding behaviour and, consequently, the assimilation flux (𝐽𝐴). Additionally, a 
feedback between behaviour, physiological processes and internal states may also induce 
consistency between correlated traits and mediate its responsiveness to environmental conditions. 
For instance, when connecting movement with feeding behaviour, the space use dynamics should 
accommodate environmental conditions to achieve at least the necessary energy for internal 
requirements through feedback from the dynamics of the reserve energy, E (grey rows). Black 
arrows show interactions (and direction) between the four main connected blocks behaviour, 
physiology, internal states and environment (squares with thick continuous line).Within 
behaviour, squares with a dashed line outline different components of behavioural variability. 
Reserve (E), Maturity (H) and Reproduction (R) dynamics (boxes) are described by DEB theory 
(dotted boxes). Grey rows show interactions (and direction) between behaviour and the internal 
reserve dynamics, through the fluxes of assimilation (𝐽𝐴) and mobilization (𝐽𝐶) (dotted boxes).
 ..................................................................................................................................................... 27 

Figure.I.2. Expected LH-trajectories for HR-behavioural resident- and mobile-types. a) 
Simulated discrete one-week-long HR-trajectories (eqn.I.1) (time steps of 15 min). Dynamics of 
the b) scaled-length, and c) scaled-reproduction output in scenarios with low, medium and high 
levels of food resources. .............................................................................................................. 39 

Figure.I.3. Expected LH-trajectories and HR-performance for metabolically slow- and fast-
types. Dynamics of the a) scaled-length, b) scaled-reproduction output and c) scaled-휀 in 
scenarios with low, medium and high levels of food resources. ................................................. 39 

Figure.I.4.a) Steady states of energy density and scaled length and b) steady scaled-휀 for a range 
of energy conductance values (from 0.01 to 0.08 cm/d) in scenarios with low, medium and high 
levels of food resources. Grey lines: path representations for the extreme scaled-휀 (blue stars).40 

Figure.I.5. Expected LH-trajectories and HR-performance for metabolically slow- and fast-
types in fluctuating environments. Dynamics of the dimensionless state variables, functional 
response and the emergent scaled-휀 in scenarios with low, medium and high levels of food 
resources, where fluctuation is given by 1/3 around the average value with a period set up to 2.5 
scaled time steps, 𝜏. Lines end at individual death (when the energy density cannot compensate 
for the structural maintenance costs). .......................................................................................... 41 

Figure.I.6. Expected LH-trajectories and HR-performance for HR-behavioural resident- 
and mobile-types in fluctuating environments. Dynamics of the dimensionless state variables, 
functional response and the emergent scaled-휀 in scenarios with low, medium and high levels of 
food resources, where fluctuation is given by 1/3 around the average value with a period set up to 
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2.5 scaled time steps, 𝜏. Lines end at individual death (when the energy density cannot compensate 
for the structural maintenance costs). .......................................................................................... 42 

Figure.I.7. a) Steady states of energy density and scaled length and b) steady scaled-휀 for a range 
of energy conductance values (from 0.01 to 0.08 cm/d) in scenarios with low (x = 2 s/m2), medium 
(x = 5 s/m2) and high (x = 50 s/m2) levels of food resources. Grey lines: path representations for 
the extreme scaled-휀 (blue stars). Scaled model parameters were arbitrary set at 𝜅=0.8, y=0.8, 
Qm=0.02 cm/d, 휀m=1.105 m2/s, 𝜎=1.5 and hp=0.003. .................................................................. 43 

Figure.I.8. Expected LH-trajectories and HR-performance for metabolically slow- and fast-
types in fluctuating environments. Dynamics of the dimensionless state variables, functional 
response and the emergent scaled-휀 in scenarios with low (x = 2 s/m2), medium (x = 5 s/m2) and 
high (x = 50 s/m2) levels of food, where fluctuation is given by 1/3 around the average value with 
a period set up to 2.5 scaled time steps, 𝜏. Scaled model parameters were set at 𝜅=0.8, y=0.8, 
Qm=0.02cm/d, 휀m=1.105 m2/s, 𝜎=1.5 and hp=0.003. Parameters for the hump-shaped pattern were 
set at a=4, Uth=0.8 and b=1.5. Each colour corresponds to different energy conductance: slow-
type (𝑣= 0.02 cm/d, in blue) and fast-type (𝑣= 0.04 cm/d, in black). Lines end at individual death 
(when energy cannot compensate for the structural maintenance costs)..................................... 44 

Figure.I.9. To design proper experiments and fieldwork to test explicitly personality-
dependent movement syndromes remains an open challenge. Combining individual biological 
and physiological long-term repeated data from free-ranging animals and laboratory-controlled 
experiments will allow the reconstruction of feeding histories in the wild, extrapolation of field 
data into bioenergetics processes, understanding of environmental effects in the repeatability of 
traits and internal state dynamics and, eventually, providing support to the processes that favour 
or hinder the development of personality-dependent movement syndromes (numbers represent a 
feasible sequence of steps; see main text for more details). ........................................................ 48 

 

Figure.II.1. Individuals with the five colour combinations for T-tags. For every pair of 
images, on the left, the raw image of an individual specimen captured in the scene; and on the 
right, the same capture after applying removing the blue component 𝑩𝑛 of the image 𝑰𝑛 by 
applying the preliminary version of the software designed in this Chapter for auto-tracking. 
Specimens are T-tagged as: a) RR, b) RG, c) R-, d) G- and e) GG. (R for red and G for green).
 ..................................................................................................................................................... 59 

Figure.II.2. Experimental tank: from up to down, design of the experimental tank where 
behavioural tests were carried on and snapshots from recorded videos during the exploration, 
aggressiveness and boldness behavioural tests. .......................................................................... 60 

Figure.II.3. Behavioural events recorded during the behavioural tests: “VC” refers to visual 
contact (whenever the main body axis of the individual was faced to the stimulus in the tank). “C” 
refers to contact (whenever the distance of the individual to the object was equal or lower to its 
size); and “I” refers to ingestion of the food item attached to the predator’s cage. The time at each 
event and the duration of the even were recorded as well. .......................................................... 62 

Figure.II. 4.Conceptual diagram of the sequence of behavioural and feeding tests. Briefly, a 
given group of n=5 fish was submitted to three behavioural tests during 4 consecutive days (in 
the behavioural experimental tank described in section II.2.1.3); then, on the fifth day they were 
transferred to individual aquaria for feeding tests, starting 24h after the transfer. Each individual 
fish (id in the figure) was tested for feeding behaviour along 10 consecutive days (ensuring they 
were offered twice each level of tested prey densities, ni in the figure). With the exception of the 
first week, every five days in feeding tests fish were within a day.group in which two different 
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fish.group from behavioural tests were included. Then, overall, each individual fish was assigned 
within a fish.group (groups in behavioural tests) and at least to two day.group (groups in feeding 
tests). ........................................................................................................................................... 63 

Figure.II.5. Density population plots (left column), daily individual values (middle column) 
and individual density plots (violin plots in right column) for three different exploration-
related behavioural metrics. Up to down: total number of events (VC and/or C), proportion of 
time performing any type of event (% of time within the experimental period that the individual 
performed either VC and/or C) and time at first event obtained in 63 individuals of Serranus scriba 
in lab experimental tests. ............................................................................................................. 73 

Figure.II.6. Density population plots (left column), daily individual values (middle column) 
and individual density plots (violin plots in right column) for three different aggressiveness-
related behavioural metrics. Up to down: total number of events (VC and/or C), proportion of 
time performing any type of event (% of time within the experimental period that the individual 
performed either VC and/or C) and time at first event obtained in 63 individuals of Serranus scriba 
in lab experimental tests. ............................................................................................................. 73 

Figure.II.7.  Density population plots (left column), daily individual values (middle column) 
and individual density plots (violin plots in right column) for three different boldness-
related behavioural metrics. Up to down: total number of events (VC, C and/or I), proportion 
of time performing any type of event (% of time within the experimental period that the individual 
performed either VC, C and/or I) and time at first event obtained in 63 individuals of Serranus 
scriba in lab experimental tests. .................................................................................................. 74 

Figure.II.8. Correlation between predicted 𝑭𝒊𝒔𝒉. 𝑺𝑪𝑶𝑹𝑬𝒊 based on different metrics (count, 
time at first event and proportion) for aggressiveness, boldness and exploration. The mean 
value and 0.025 and 0.975 quantiles (between brackets) of the estimated correlation coefficients 
obtained after sampling 1000 times the Bayesian predicted 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 are showed. ........... 75 

Figure.II.9. a) Boxplots for the observed number of prey consumed Nij at different number of 
available prey Na, b) boxplots for the predicted number of prey consumed Nij at different number 
of available prey Na and c) observed vs predicted values for number of prey consumed Nij for the 
721 tests completed. .................................................................................................................... 78 

Figure.II.10. Expected number of prey consumed at different temperatures (a) and fish sizes 
(b). a) Temperature effects in the predicted number of prey consumed fish a fish with average 
size; b) size-related effects on the predicted number of prey consumed for a fish experiencing the 
average temperature. Ten values are plotted within the observed range of these variables; colours 
from blue to red indicate gradient from low to high values of either temperature or fish size within 
the observed range). Each panel represent the specific effects of the variable of interest while 
effects from other variables are constant on their average estimated value. ............................... 78 

Figure.II.11 a) Fish specific differences in the expected number of prey consumed (as in 
Figure.II.10, the specific effect of each individual fish is shown while effects from other variables 
are constant on their average estimated value). b) Individual fish scores predicted from the model 
(note these values are used to test whether co-variation patterns with other behavioural traits exist, 
Figure.II.13). .............................................................................................................................. 79 

Figure.II.12. Correlation between specific 𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 obtained for number of prey 
consumed (Ni,j, eqn.II.11) and the the metric time at event (Ti,j, eqn.II.15): a) time at which 
first prey was consumed, b) time at which the second prey was consumed, and c) time at which 
the third prey was consumed. ...................................................................................................... 79 

Figure.II.13. a) Pairs correlation between aggressiveness, boldness and exploration 
behavioural individual 𝑭𝒊𝒔𝒉. 𝑺𝑪𝑶𝑹𝑬𝒊 estimated by Bayesian analysis. b) Pairs correlation 
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between aggressiveness, boldness and exploration with feeding-related behavioural 
individual 𝑭𝒊𝒔𝒉. 𝑺𝑪𝑶𝑹𝑬𝒊 estimated by Bayesian analysis. Estimates for behavioural 
𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 were based on the metric Count, eqn.II.4; estimates for feeding behavioural 
𝐹𝑖𝑠ℎ. 𝑆𝐶𝑂𝑅𝐸𝑖 were obtained from eqn.II.11). In the second column of each panel, density plots 
comparing the distribution of the correlation coefficients obtained by randomly sampling 100 000 
times the estimated values from Bayesian analysis (in blue) and by bootstrapping for the case of 
the null hypothesis of no-correlation (in red) are shown. Values for the 0.25, 0.5 and 0.75 quantiles 
of these distributions are shown in Table.II 5. ........................................................................... 80 

Figure.II. 14. Example of the raw data obtained from applying the auto-tracking algorithm 
developed in Marti-Puig et al. 2018. Trajectories represent the position of three different 
individuals along four consecutive days (a, b, c and d squared panels). Within each day, the first 
panel (up left) represents all the positions in the 2D scenario. The second panel (up right) 
represents the histograms of positions along the longest axis of the tank. Third and fourth panels 
(in the middle row) represent the position in the axis x and y respectively in front of the time 
(computed as number of frames); in the last row the speed for each axis is computed (i.e., the 
average distance travelled in each axis) over the time (computed as number of frames). .......... 82 

 

Figure.III.1 Bivariate correlations between densities, body mass, speed and HR size. ...... 97 

Figure.III.2 Bi-plot of the principal component analysis (PCA) performed with four 
variables: HR size (km2), speed (m/s), biomass (g) and density (animals/km2). Variables are 
plotted as vectors, and the angle between them can be interpreted as the bivariate correlation in 
the multivariate space. The first two PCA components explained 89.6% of the total variance. The 
dataset was composed of 43 species: birds (n = 6), freshwater (n = 8) and marine (n = 12) fish, 
marine (n = 3) and terrestrial (n = 10) mammals and marine (n = 3) and terrestrial (n = 1) reptiles. 
Figures correspond to selected archetypes for simulation analyses. ........................................... 98 

Figure.III.3. Estimated density with increasing sampling effort (number of frames analysed 
by 10 cameras). Mean values (black points) and 95% BCIs of the medians from 15 posterior 
distributions of the density estimates. The red line corresponds to the true value, and the blue line 
indicates bias. Vertical axes are not scaled. ................................................................................ 99 

Figure.III.4. Log-transformed scaled root mean squared error (SRMSE) of density 
estimates and linear fit lines with increasing sampling effort: frames analysed by 10 cameras 
(panel a) and deployment time for each camera (panel b). Black dotted and continuous lines 
correspond to threshold values of 10% and 5% of the SRMSE, respectively. .......................... 101 

 

Figure A.III.B. 1: Simulated landscapes with different levels of patchiness and variogram 
from a random sample of 1000 points for each patchy scenario. First column corresponds to 
a specific realization of each patchy scenario created from a Gaussian Covariance model with 
parameters: scenario 1 (var=8, scale=100), scenario 2 (var=8, scale=300) and scenario 3 
(var=100, scale=300). Colour indicates density in each grid of the landscape from low (dark) to 
high (slight) values. Mean density in all landscapes is the same. Second column corresponds to 
the variograms for each scenario. The black line corresponds with the model used to create each 
patchy landscape (RF.m); the red line indicates the fit of an estimated exponential model (exp.m) 
from a random sample of 1000 points with estimated parameters: scenario 1 (var=8.12, scale=91), 
scenario 2 (var=11.3, scale=374) and scenario 3 (var=101.9, scale=286). Vertical dotted lines 
cross the x axis in the distance that equals the range parameter (i.e., it corresponds to the scale 
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parameter) which corresponds to the minimum distance between cameras estimated to avoid 
spatial autocorrelation. Each row corresponds to the same simulated patchy landscape. ......... 221 

Figure A.III.B. 2. Estimated density and scaled root mean squared error (SRMSE) of 
density estimates with increasing sampling effort. Each row corresponds to the same 
simulation- that is the same landscape or patchy environment. Panels in the first column 
correspond to the estimated density for increasing sampling efforts (in number of frames for each 
camera): mean values (black points) and 95% BCIs of the medians from 15 posterior distributions 
of the density estimates are represented, the red line corresponds to the true value, and the blue 
line indicates bias. Panels in the second column correspond to the SRMSE of the estimates: green 
and red lines correspond to threshold values of 10% and 5% of the SRMSE, respectively. .... 223 

 

Figure.IV.1. The CPUE-N relationship has been described as possibly non-linear by a power 
function with parameter β. Hyper-stability of the catch rates is generated when CPUEs remains 
high over time although N is declining and produces a non-linear relationship with β<1. By 
contrast, hyperdepletion of the fish stocks is generated when CPUE declines faster than N 
producing a non-linear relationship with β>1. Here, it is hypothesized that a quicker removal of 
mobile-SBTs (vulnerable individuals), and consequently a lower vulnerability of resident-SBTs, 
would lead to a greater hyperdepletion of fish stock (green) whenever behavioural diversity is 
present in the exploited population and behavioural selectivity occurs. ................................... 109 

Figure.IV.2. Properties of the spatially explicit agent-based simulation. a) The 2-D landscape 
simulated was composed by seawater and land where the centre of activity (i.e., HR centres, in 
blue crosses) of 2,000 individuals where distributed forming a patchy landscape. b) Example of 
trajectory (positions every minute) of one fish in four different days. Red dots represent the first 
and the last positions in the active diurnal phase. c) Trajectory of one fisher in four different days. 
Red dots represent the positions were the fisher was fishing while green dots represents the 
positions were the fisher was searching according to the two-state movement pattern (section 
IV.2.2.). ..................................................................................................................................... 112 

Figure.IV.3. Simulated spatial behavioural diversity of fish: a) Histogram and density plots 
showing the distribution in the realized daily home range (defined here as the Minimum Convex 
Polygon of 100% of the fish positions in a given day) and daily travelled distance (defined here 
as the accumulated Euclidean distance between all fish positions in a given day). b) Daily home 
range (HR) and travelled distance (TD, each colour represent a fish Id) across 15 days of simulated 
exploitation. c) Violin plots showing the within- and among-individual variability in the daily 
home range and travelled distance (the mean individual value is shown by a dot). The consistent 
among-individuals variability across time describes the existence of mobile-SBTs (individuals 
with large HR and travelled distances means) and resident-SBTs. This spatial behavioural 
diversity was generated according to the empirical data revealed using acoustic tracking found in 
Alós et al. (2016b) for pearly razorfish. The Repeatability score obtained was ~0.9. .............. 117 

Figure.IV.4. Results of the agent-based simulation considering the scenarios with-SBT or 
no-SBT. a) Violin plots describing the daily variability in the CPUE (as number of fish per fisher 
per day) across the exploitation season. Black dots represent the mean. b) Scaled values of the 
CPUE and abundance (number of surviving fish) across the exploitation season. A non-linear 
smoothing fit was applied to the data showing the confidential interval in grey. c) CPUE-N 
relationship (scaled values) in both simulations and d) projection of the estimated β using the non-
linear catchability model. e) Mean-standardized selection gradients resulting from the 1,000 
iterations of our simulation considering SBT in the two components of the confined spatial HR-
related behaviour (the HR size, as radius in m, and the exploration rate, in min-1). The plot shows 
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