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Summary 

Natural selection is a strong evolutionary force shaping those traits that determine 

individual fitness. Most animal social structures are organized hierarchically, with top-

ranking individuals presumably monopolizing fitness. Although social dominance has 

been shown to positively correlate with fitness in many species, this relationship is absent 

in many others. Furthermore, little is known about the genetic basis of social dominance, 

and thus, about its evolutionary consequences. Social dominance has been suggested as a 

strong driver of conspecific variation in ornamentation. The status signalling hypothesis 

poses that some ornaments are used to signal dominance status, which would allow 

individuals to predict the outcome of a fight, and thus, to avoid unnecessary fights and 

their costs. Though this hypothesis has been tested often, literature reviews have 

highlighted large inconsistencies among studies. 

In this thesis, I studied the evolutionary consequences of social dominance. I 

developed a suite of tools to infer reliable dominance hierarchies and estimate their 

uncertainty. These tools were then used to test several hypotheses in relation to social 

dominance. First, I tested whether social dominance leads to conspecific variation in 

plumage ornamentation. I used a meta-analytic approach to test the validity of the status 

signalling hypothesis across populations of a classic textbook example, the bib of the 

house sparrow (Passer domesticus). Second, I tested the genetic basis of social 

dominance, and whether social dominance is under natural selection in a wild population 

of house sparrows. Third, I studied territoriality, an important predictor of fitness across 

animal species. For most of my studies, I used an age-structured and fully pedigreed wild 

population of house sparrows. The access to exhaustive longitudinal individual life-history 

data allowed me to disentangle effects otherwise impossible to unravel in most empirical 

studies. 

Inferring reliable dominance hierarchies is essential to answer any hypothesis 

regarding social dominance. Because of this, a plethora of methods have been developed, 

but surprisingly, no clear guidelines existed to help researchers choosing a suitable method 

and planning appropriate data collection. Chapter 2 covers this gap by using a 

probabilistic approach to simulate groups of different dominance structures. The results 

highlight two methods which performed best: David’s score and randomized Elo-rating. 

The randomized Elo-rating method was developed within this chapter, together with a set 

of tools such as the development of an R package, for estimating the uncertainty of the 

inferred hierarchy. Additionally, the results provide guidance on how much sampling 
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effort is necessary to infer reliable dominance hierarchies. Overall, chapter 2 provides a 

much needed step-by-step guide on how to infer reliable dominance hierarchies and a free 

software to accomplish so. 

The status signalling hypothesis has been widely accepted as an explanation for 

conspecific differences in coloration in many species. However, qualitative and 

quantitative reviews have also shown large inconsistencies among studies. Chapter 3 re-

assesses the overall validity of the status signalling hypothesis in a classic textbook 

example, the house sparrow, using a meta-analytic approach. The across-study results 

show that, despite the house sparrow being a textbook example of the status signalling 

hypothesis, strong support is lacking and affected by publication bias.  

Being at the top of the hierarchy is expected to lead to fitness benefits, and indeed, 

it does so in many but not all animal species. Chapter 4 explores the evolutionary 

consequences of social dominance in a wild, fully-pedigreed population of house 

sparrows. The results show that, although social dominance seems to be genetically 

underpinned, its fitness consequences are unclear in house sparrows. Neither survival to 

the following season nor annual reproductive success were associated with social 

dominance. Chapter 4 reveals that the fitness consequences of social dominance in house 

sparrows might be sex- and context-dependent. 

For many animals, fitness strongly depends on choosing and obtaining a good 

territory. Surprisingly, little is known about how animals search for, obtain and maintain a 

territory. Chapter 5 explores the processes of territory prospecting and fidelity in wild 

house sparrows. The results show that house sparrows’ prospecting behaviour is related to 

life-history stage but not to individual levels of activity. Additionally, chapter 5 

demonstrates that house sparrows show high among- and within-year fidelity to their 

nesting sites, highlighting the strong influence that early-life decisions may have on 

lifetime fitness. 

With this thesis, I thus contributed methodologically and empirically to the study 

of social dominance. Methodologically, by providing guidance on how to reliably estimate 

social dominance across systems. Empirically, by showing that a commonly accepted 

hypothesis for the evolution of plumage ornamentation needs urgent reconsideration, and 

that the evolutionary consequences of social dominance might be more complex than 

previously thought. Additionally, I have contributed to the understanding of territoriality 

and its potential causes in house sparrows.  
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Zusammenfassung 

Natürliche Selektion ist ein mächtiger evolutionärer Mechanismus und beeinflusst 
Merkmale die individuelle Fitness bestimmen. Eine Vielzahl von Tierarten zeigt eine 
hierarchisch organisierte Sozialstruktur und hochrangigen Individuen ist es möglich, 
Fitness zu monopolisieren. Es wurde gezeigt, dass in etlichen Tierarten soziale Dominanz 
positiv mit Fitness korreliert. In anderen Tierarten konnte diese Korrelation jedoch nicht 
gefunden werden. Weiterhin ist wenig über die genetische Grundlage von sozialer 
Dominanz bekannt. Diese Wissenslücke erschwert es, die evolutionären Konsequenzen 
von sozialer Dominanz aufzudecken. Soziale Dominanz spielt vermutlich eine große Rolle 
bei der innerartlichen Variation von Ornamenten. Die „Statussignal Hypothese“ besagt, 
dass bestimmte Ornamente dem Zweck der Signalisierung der sozialen Dominanz dienen. 
Eine derartige Korrelation würde Individuen ermöglichen den Ausgang eines Kampfes 
abzuschätzen und damit überflüssige Kämpfe und deren Kosten zu vermeiden. Die 
Statussignal Hypothese wurde oft überprüft, jedoch weisen Literaturanalysen darauf hin, 
dass keine vereinbare Schlussfolgerung auf ihre Allgemeingültigkeit möglich ist.  

 In meiner Dissertation habe ich die evolutionären Konsequenzen sozialer 
Dominanz bearbeitet. Weiterhin habe ich eine umfassende Methodik entwickelt, die es 
ermöglicht Dominanzhierarchien zuverlässig zu erfassen und den Grad ihrer 
Messunsicherheit zu bestimmen. Meine innovative Methodik habe ich dann für die 
Überprüfung mehrerer Hypothesen bezüglich sozialer Dominanz benutzt. Zuerst habe ich 
analysiert, ob soziale Dominanz für die innerartliche Variation in Gefiederornamenten 
verantwortlich ist. Ich habe den Kehlfleck des Haussperlings (Passer domesticus), ein 
klassisches Beispiel für die Statussignal Hypothese, angewandt um mittels Meta-analysen 
die Validität der Statussignal Hypothese zu überprüfen. Dafür benutzte ich Daten 
mehrerer Populationen von Haussperlingen. Zweitens habe ich in einer frei lebenden 
Population von Haussperlingen die genetischen Grundlagen sozialer Dominanz untersucht 
und ob soziale Dominanz unter natürlicher Selektion steht. Drittens habe ich Territorialität 
untersucht. Territorialität ist ein wichtiger Prädikator individueller Fitness bei Tierarten. 
Die meisten meiner Ergebnisse basieren auf Datenanalysen einer frei lebenden, 
altersstrukturierten und stammbaumgestützten Haussperlingspopulation. Weiterhin 
handelte es sich um longitudinale Daten, was die statistische Analyse präzisiert, 
wohingegen die meisten anderen empirischen Datensätze eine genaue Separierung von 
Effekten nicht zulassen.  

  Dominanzhierarchien zuverlässig zu erfassen ist eine Grundvoraussetzung für die 
wissenschaftliche Untersuchung sozialer Dominanz. Dafür wurde eine Unmenge an 
Methoden entwickelt aber überraschenderweise fehlen klare Richtlinien. Welche Methode 
daher für die Erfassung von Dominanzhierarchien am geeignetsten ist und was bei der 
Datenerhebung zu berücksichtigen ist, bleibt unklar. Kapitel 2 schließt diese 
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Wissenslücke. Mittels simulierter Rangordnungen von Dominanzhierarchien verglichen 
wir populäre Methoden und identifizierten zwei, welche die beste Leistung erzielten: 
„David’s score“ und „randomisiertes Elo-rating“. Die letztere Methode habe ich 
entwickelt, zusammen mit der Ausarbeitung einer umfassenden Methodik und Software 
zur Verbesserung der Analyse der Messunsicherheit von Dominanzhierarchien. Zusätzlich 
liefern die Ergebnisse von Kapitel 2 eine Richtlinie zur Größe der benötigten Stichprobe 
um Dominanzhierarchien zu erfassen. Zusammengenommen, gewährt Kapitel 2 daher die 
dringend benötigte Schritt für Schritt Anleitung plus frei erhältliche Software um 
Dominanzhierarchien zuverlässig zu bestimmen. 

 Die „Statussignal Hypothese“ ist allgemein anerkannt, um innerartliche 
Unterschiede von Ornamenten verschiedener Tierarten zu erklären. Jedoch haben 
qualitative und quantitative Literaturanalysen auch große Unvereinbarkeiten in den 
Ergebnissen verschiedener Studien gezeigt. In Kapitel 3 habe ich die Validität der 
Statussignal Hypothese beim Haussperling mittels Meta-analysen neu bewertet. Ich 
schlussfolgere anhand meiner an mehreren Populationen erzielten Ergebnisse, dass es 
wenige Gründe gibt, den Haussperling weiterhin, als klassisches Beispiel der Statussignal 
Hypothese aufzuführen. Weiterhin weisen die bisher veröffentlichten Ergebnisse zur 
Statussignal Hypothese bei Haussperlingen Tendenzen einer einseitigen Veröffentlichung 
(publication bias) auf, was zu einer Verzerrung der Bewertung der Hypothese führen kann.    

 Als Individuum den höchsten Rang innerhalb einer sozialen Ordnung 
einzunehmen, geht Hand in Hand mit der Annahme, dass der höchste Rang Fitnessvorteile 
verschafft. Diese Annahme wurde empirisch sowohl belegt als auch widerlegt. Kapitel 4 
untersuchte die evolutionären Konsequenzen sozialer Dominanz in einer frei lebenden und 
stammbaumgestützten Population von Haussperlingen. Meine Ergebnisse zeigen, dass 
obwohl soziale Dominanz genetisch determiniert zu sein scheint, es unklar ist, welche 
evolutionären Konsequenzen soziale Dominanz hat. Weder wurde das Überleben in die 
nächste Brutsaison, noch wurden jährliche Reproduktionsraten vom sozialen 
Dominanzstatus beeinflusst. Kapitel 4 zeigt, dass die Fitnesskonsequenzen sozialer 
Dominanz bei Haussperlingen geschlechts- und kontextabhängig sein könnten.  

Bei vielen Tieren ist Fitness eng mit dem Erobern und Besitzen eines guten 
Territoriums verbunden. Erstaunlicherweise gibt es wenige Daten die zeigen, wie Tiere 
ein Territorium finden, einnehmen und behalten. Kapitel 5 untersuchte, wie Haussperlinge 
nach einem Territorium Ausschau hielten und was ihre Standorttreue bestimmt. Ich fand 
heraus, dass die Suche nach einem geeigneten Territorium eng mit dem 
Entwicklungsstadium jedoch nicht mit individuellen Aktivitätsmustern von 
Haussperlingen verbunden ist. Weiterhin entdeckte ich, dass Haussperlinge ihrem 
Nistplatz sowohl innerhalb einer Brutsaison als auch zwischen jährlich treu bleiben. 
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Dieses Ergebnis verdeutlicht die Bedeutung der frühen Auswahl eines geeigneten 
Nistplatzes für die spätere Fitness.  

Mit meiner Doktorarbeit habe ich einen methodischen und empirischen Beitrag 
zum Gebiet der sozialen Dominanz geleistet. Methodisch, indem ich Richtlinien und 
Software zur zuverlässigen Erfassung sozialer Dominanzhierarchien entwickelt habe. 
Empirisch, indem ich die Allgemeingültigkeit der Statussignal Hypothese überprüft habe 
und meine Ergebnisse auf eine dringende Neubewertung hinweisen. Weiterhin habe ich 
empirisch gezeigt, dass die evolutionären Konsequenzen der Statussignal Hypothese 
komplexer sind als bisher angenommen. Zusätzlich hat meine Wissenschaft zum 
Verständnis des Territorialverhaltens von Haussperlingen beigetragen, sowie potenzielle 
Ursachen aufgedeckt.      
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1. General introduction 

1.1. Social dominance and its evolutionary consequences 

First described in the domestic fowl (Schjelderupp-Ebbe 1922), pecking orders or more 

generally, dominance hierarchies are now known to be widespread in nature. For example, 

dominance hierarchies exist in insects (e.g. angel insects: Choe 1994), fishes (e.g. killifish: 

Polacik and Reichard 2009), reptiles (e.g. anole lizards: Bush et al. 2016) and mammals 

(e.g. humans: von Rueden et al. 2008, primates: Majolo et al. 2012). The establishment of 

a dominance hierarchy allows all individuals in a population to reduce fighting costs by 

shortening or avoiding fights (Rushen 1982; Pagel & Dawkins 1997; Goessmann, 

Hemelrijk & Huber 2000; Chase & Seitz 2011). Establishing a dominance hierarchy 

requires individual recognition and/or the ability to assess in advance the opponent’s 

relative fighting ability (Parker 1974, Pagel and Dawkins 1997, Dugatkin and Earley 

2004, Arnott and Elwood 2009). Individual recognition is assumed to be an important 

factor maintaining dominance hierarchies whenever there are repeated agonistic 

interactions among small numbers of individuals and the cognitive abilities of the 

individuals are enough to memorize past interactions (Pagel & Dawkins 1997; Tibbetts & 

Dale 2007). When groups are larger, however, the existence of phenotypic traits related to 

the individuals’ fighting ability would allow individuals to predict the outcome of a 

contest without the need for individual recognition. For example, phenotypic traits such as 

body and weaponry size are commonly used as indicators of fighting ability (Arnott & 

Elwood 2009), but also a priori less obvious traits such as ornaments (see “status 

signalling hypothesis” below) could serve as such indicators. At last, it has also been 

suggested that complex dominance hierarchies may just arise from simple interactions 

among individuals (Sasaki et al. 2016). 

Hierarchy position, or dominance rank, is often correlated with differences among 

individuals in physiology (Abbott et al. 2003; Creel et al. 2013), behaviour (Colléter & 

Brown 2011; Shimmura, Ohashi & Yoshimura 2015) and health (Sapolsky 2005; Habig & 

Archie 2015). In fact, an important prediction from a hierarchical organization is that 

individuals at the top of the hierarchy should achieve higher fitness (i.e. higher survival 

and reproductive success) than individuals at the bottom of the hierarchy. This prediction 

is strongly supported in cooperative breeding species such as Galápagos mockingbirds 

(Nesomimus parvulus), African wild dogs (Lycaon pictus) and meerkats (Suricata 

suricatta), where top-ranking or “alpha” individuals monopolize reproduction by 

suppressing it in low-ranking individuals (Curry 1988; Creel et al. 1997; Young et al. 
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2006). The relationship between rank and fitness, however, seems less straightforward in 

non-cooperative breeders, with species showing no (e.g. Lambert et al. 1994) or opposite 

relationships (e.g. Verhulst and Salomons 2004), and, overall, a high variety of possible 

outcomes (reviewed in Ellis 1995, Majolo et al. 2012).  

Evolutionary and behavioural ecologists testing the fitness consequences of a 

phenotypic trait commonly assume that the trait is genetically underpinned or heritable. 

Together with variation, trait heritability is a prerequisite for natural selection to be able to 

act upon. However, we generally know little about the heritability of traits, and thus, about 

their evolutionary consequences. This is also true for social dominance. Though the 

heritability of social dominance has been demonstrated in laboratory experiments using 

selection lines (e.g. Craig et al. 1965, Nol et al. 1996), its heritability has elicited great 

controversy (Barrette 1987; Drews 1993). This controversy is due to the interactive nature 

of social dominance because every time there is a winner, there is a loser too, which 

means that the average social dominance cannot change at the population level, and thus, 

the trait cannot theoretically evolve. This paradox has been recently solved by the 

inclusion of indirect genetic effects (IGEs; Moore et al. 1997; Wolf et al. 1998). IGEs are 

defined as the effects of an individual’s genotype on another individual’s phenotype 

(Moore et al. 1997; Wolf et al. 1998). Implementing IGEs to study the heritability of 

social dominance has shown that this trait can indeed evolve by social selection (i.e. 

selection that reflects associations between fitness and social behaviour), but its 

heritability is expected to be low due to genetic constraints (Moore et al. 2002, Wilson et 

al. 2009, Sartori and Mantovani 2012; reviewed by van der Kooij and Sandi 2015). Thus, 

it is important and timely to understand the genetic basis of social dominance in wild 

populations.  

1.2. Status signalling hypothesis 

The outstanding diversity of colours present in nature has fascinated humans for centuries. 

Without a doubt, plumage is one of the most striking examples of colour and pattern 

diversity, which has attracted a large amount of research (Hill 2002). Sexual selection has 

been one of the most studied and accepted hypothesis to explain this diversity (Andersson 

1994), however, alternative hypotheses have been proposed. The status signalling 

hypothesis focusses on the social significance of conspecific variation in ornaments. This 

hypothesis states that conspecific variation in ornaments exists because these ornaments 

are used to signal dominance status to other individuals (Rohwer 1975; Dawkins & Krebs 

1978; Maynard Smith & Harper 1988). By using these signals, which are called “badges 
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of status”, all individuals in a population would reduce the costs of unnecessary fights. 

How these badges of status can be evolutionarily stable has been discussed amply, with 

the main three hypothesis being: immunocompetence handicap (i.e. physiological costs 

involved in the production of the signal), mixed evolutionary stable strategies, and social 

control (reviewed by Senar 2006).  

The status signalling hypothesis has gained abundant support in birds mostly 

(reviews: Senar 2006; Santos, Scheck & Nakagawa 2011), but also in other taxa (Gerald 

2001; Whiting, Nagy & Bateman 2003; Tibbetts & Dale 2004). However, the published 

literature offers contradictory or unclear messages regarding the validity of the hypothesis. 

For example, the existence of a badge of status in a non-bird model species, the paper 

wasp (Polistes dominulus; Tibbetts & Dale 2004) has been challenged multiple times (e.g. 

Cervo et al. 2008; Green & Field 2011; Green et al. 2013), which generates doubt about 

the generality of the status signalling hypothesis in this species. In birds, a recent meta-

analysis across species found a moderate overall effect size for the relationship between 

ornaments and dominance status (Santos et al. 2011). However, the same meta-analysis 

found that the size of the effects has been decreasing since its first publication, which 

generates doubt about the overall real effect size. Thus, after four decades since the 

seminal publication of Rohwer (1975), the role of ornaments in status signalling remains 

unclear (see Senar 2006; Santos et al. 2011).  

1.3. Beyond single-study conclusions: meta-analysis 

Science is a cumulative process that relies on previous findings. Reliable conclusions can 

only be drawn from cumulative evidence that is independently obtained (Fisher 1974). 

Multiple evidence can then be combined to obtain an overall answer to a hypothesis. 

Meta-analyses are powerful tools for summarizing empirical research quantitatively as 

opposed to traditional qualitative reviews (Nakagawa & Poulin 2012; Koricheva, 

Gurevitch & Mengersen 2013; Nakagawa et al. 2017). Meta-analyses are increasingly 

used in fields such as evolutionary ecology (e.g. Moatt et al. 2016; Booksmythe et al. 

2017; Vincze et al. 2017; Weaver et al. 2018). The normal procedure in a meta-analysis 

consists of (i) conducting a systematic literature review to identify all articles testing the 

hypothesis under investigation, (ii) collecting and converting all effect sizes to a common 

type of effect size (e.g. correlation coefficient), and (iii) summarizing all the effect sizes 

into a single, across-study effect size normally called the meta-analytic mean (Koricheva 

et al. 2013). Importantly, meta-analyses can be weighed so that the measurement error 

variance of each effect size is accounted for. Measurement error variance decreases with 



14 
  
 

sample size (Figure 1.1), and effect sizes are symmetrically distributed around the true 

mean effect size (i.e. 0 in Figure 1.1). This symmetrical distribution is an important 

assumption when studying publication bias. 

 

Figure 1.1. Funnel plot of simulated data showing how variance decreases with sample size. For each 

sample size (N), I withdrew N random values from a normal distribution, and correlated those to a variable 

that ranged from 1 to N using the Spearman’s rank correlation. This procedure was repeated 1000 times for 

each value of N. Data points show the simulated correlation coefficients and are offset on the x-axis to aid 

visualization. The black line shows the true mean correlation coefficient of the simulated data. 

An additional important feature of any meta-analysis is to identify the existence of 

bias in the literature (Nakagawa & Santos 2012; Jennions et al. 2013). Publication bias 

occurs whenever not all effect sizes ever estimated for a specific hypothesis are available 

from the literature, which is normally related to the statistical significance and/or direction 

of the effect sizes (Jennions et al. 2013). Publication bias affects any attempt to estimate 

the meta-analytic mean (Rothstein, Sutton & Borenstein 2005). Fortunately, many 

methods have been developed to identify publication and other biases, and, in some cases, 

to reduce the impact of these biases on the meta-analytic mean (Nakagawa & Santos 2012; 

Jennions et al. 2013). At last, meta-analyses not only allow for quantitative synthesis but 

also to generate new hypotheses, which is usually achieved using meta-regressions or 

mixed-effects meta-analyses (Hedges & Vevea 1998; Cheung 2008; Nakagawa & Poulin 

2012; Nakagawa & Santos 2012). Meta-regressions include predictors – often referred to 

as moderators in the meta-analytic literature – to explain heterogeneity among studies 

(Thompson & Higgins 2002). Overall, meta-analyses allow advancing scientific 
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knowledge in multiple ways, which is likely the reason why their use has exponentially 

increased in evolutionary ecology in the last 25 years (Figure 1.2).  

 

 

Figure 1.2. Barplot showing an increase in the number of meta-analyses conducted in evolutionary ecology. 

I obtained the data by conducting a search on the Web of Science from 1980 to 2017 using the keywords 

“meta-analy* or metaanaly*” as title, and the following 10 journals as publication name: American 

Naturalist, Behavioral Ecology, Behavioral Ecology and Sociobiology, Biological Reviews, Ecology, 

Evolution, Journal of Animal Ecology, Journal of Evolutionary Biology, Oecologia and Trends in Ecology 

and Evolution. 

 

1.4. Striving for transparency, openness and reproducibility 

“Most published research findings are false” (Ioannidis 2005). Whereas that assertion 

might or might not be true, in recent years, science has been called into question (Baker 

2016a). One of the main reasons is the surprisingly low reproducibility of published 

results (Begley & Ellis 2012; Aarts et al. 2015; Baker & Dolgin 2017). Surveys say that 

up to 70% of researchers admit to having failed to reproduce someone else’s experiments, 

and 50% of scientists could not replicate their own experiments (Baker 2016a). The 

research community has started to wake up and highlight that transparency, openness and 

reproducibility, together with abundant replication are essential for science (McNutt 2014; 

Miguel et al. 2014; Nakagawa & Parker 2015; Nosek et al. 2015; Ihle et al. 2017; Berg 

2018), and therefore, should be play key roles in scientific careers too (Flier 2017; Curry 

2018). For example, the transparency and reproducibility of a study can be greatly 

increased by publishing the programming code used together with the study (Peng 2011; 
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Baker 2016b). Publishing the programming code also allows other people to engage with 

the research taking place (Barnes 2010). Overall, the proportion of open access articles 

(including open-access articles on personal websites) is growing in recent years (Piwowar 

et al. 2017). Open access helps to disseminate knowledge outside and within the scientific 

community, which is greatly beneficial for society and scientists. For instance, open 

access articles reach more people and receive more citations than non-open access (i.e. 

paywalled) articles (Piwowar et al. 2017).  

In an attempt to increase the transparency, openness and reproducibility of my 

studies, I made most of the code and data analysed for this thesis accessible using 

platforms such as the Open Science Framework (chapter 2: Sánchez-Tójar, Schroeder & 

Farine 2017a; chapter 3: Sánchez-Tójar et al. 2018) and GitHub 

(https://github.com/ASanchez-Tojar). Additionally, I tried to make most of my chapters 

open access either by using fully open access journals and open access options in 

traditional journals or by posting them as preprints in servers such as bioRxiv. 

1.5. Study system 

For the empirical part of this thesis, I used the house sparrow as my model species. The 

house sparrow is a non-migratory, multi-brooded and socially monogamous passerine 

(Summers-Smith 1963; Anderson 2006). House sparrows are social throughout the year, 

roost communally and feed in flocks (Anderson 2006). They are mostly cavity nesters that 

breed in loose colonies and readily accept nest-boxes as nesting sites, which greatly 

facilitates scientific research on the species. Previous observations of colour-ringed house 

sparrows have suggested that some individuals tend to breed in the same territory year 

after year (Summers-Smith 1963). Yet we do not fully understand if territory fidelity is the 

norm in the species, and whether fidelity is limited to the breeding season or, instead, 

performed year-round. This information is important because individual fitness depends 

on choosing and obtaining a good territory (reviewed by Cody 1985). Thus, if territory 

fidelity is the norm, early-life decisions taken when searching for and acquiring a territory 

are expected to have long-term fitness consequences later on in life. Finally, little is 

known about the actual process of searching for and obtaining a territory – also known as 

territory prospecting, and whether this behaviour can be predicted by individual life-

history traits.  

The house sparrow is a sexually dimorphic species, in which the main difference 

between the sexes is a prominent black patch on the male’s throat and chest (hereafter 
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“bib”; Figure 1.3). Bib size has been suggested to serve as a badge of status (Nakagawa et 

al. 2007b; Santos et al. 2011), and indeed the house sparrow’s bib has most often been 

used as the classic textbook example of the status signalling hypothesis (e.g. Andersson 

1994; Searcy & Nowicki 2005; Senar 2006; Davies et al. 2012).  

 

 

 

 

 

 

 

 

Figure 1.3. Picture of a female (left) and 

a male (right) house sparrow on Lundy 

Island, UK. The inset figures show some 

of the bib size variability present in male 

house sparrows. © Alfredo Sánchez-

Tójar 

 

1.6. Aims and outline 

An essential step before studying the evolutionary consequences of a trait is to be able to 

reliably quantify this trait. Therefore, one major focus of my thesis was to develop new 

methods and provide guidance on how to infer reliable dominance hierarchies and 

estimate their uncertainty. Next, I report on the study of dominance status signalling using 

a meta-analytic approach, which allowed me to gain insights into the evolution of plumage 

variability across populations. I further investigated the evolutionary consequences of 

social dominance by focusing on both its heritability and its fitness correlates. At last, I 

studied how two behaviours likely related to social dominance, territory acquisition and 

fidelity, change over the lifetime. 

Quantifying social dominance is central to many studies of behavioural and 

evolutionary ecology (e.g. Ellis 1995; Piper 1997; Majolo et al. 2012). While numerous 

methods have been developed, which hundreds of studies used to quantify social 
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dominance (de Vries 1998; Bayly, Evans & Taylor 2006; Bang et al. 2010; 

Balasubramaniam et al. 2013), there are surprisingly few clear guidelines for inferring 

reliable dominance hierarchies. Chapter 2 fills this gap by using a probabilistic approach 

to simulate dominance hierarchies along a gradient of steepness. This probabilistic 

approach allowed me to develop a new method to infer dominance hierarchies, objectively 

estimate the absolute performance of different methods, and detect factors affecting 

method performance. Chapter 2 provides clear guidance to empiricists on how much data 

are necessary to estimate accurate hierarchies. Chapter 2 further offers two procedures to 

measure the uncertainty of the inferred hierarchy.  

Using the methods of chapter 2, I tested several hypotheses related to social 

dominance. Chapter 3 re-assesses the validity of the status signalling hypothesis in its 

textbook example: the house sparrow’s bib (e.g. Andersson 1994; Searcy & Nowicki 

2005; Senar 2006; Davies et al. 2012). The status signalling hypothesis was suggested as a 

mechanism explaining conspecific variation in ornaments, and it proposes that some 

plumage traits signal individual dominance status (Rohwer 1975). Signalling individual 

dominance status would allow individuals to reduce costs by deciding in advance whether 

to fight or not over a specific resource based on the signal’s message (Rohwer 1975). To 

test the general validity of this hypothesis across populations of house sparrows, I used a 

meta-analytic approach. Chapter 3 combines data that I collected in a captive and a wild 

population of house sparrows plus data from previously published and unpublished studies 

obtained from several house sparrow researchers. I (re-)analysed these data to show that 

house sparrows may indeed not constitute a good model species for the status signalling 

hypothesis. Additionally, chapter 3 shows several alarming publication biases in the 

literature that undermine the overall validity of the status signalling hypothesis, and raise 

important concerns about the validity of the current scientific publishing culture. 

In populations organized hierarchically, dominance rank is expected to explain 

among-individual variation in fitness (Lahti 1998). A prerequisite for natural selection to 

act is the existence of genetic variation in the trait (Fisher 1958; Falconer & Mackay 

1996). Chapter 4 explores the genetic basis of a behavioural trait: social dominance. It also 

tests whether social dominance is indeed under selection in a wild population of house 

sparrows. I used quantitative genetic approaches to show that social dominance is 

heritable in house sparrows, and can, therefore, be selected upon. Chapter 4, however, 

shows that the fitness consequences of social dominance in house sparrows are unclear. 

There is no overall selection on social dominance, instead, selection on social dominance 
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seems to be sex- and context-dependent. The results of this chapter highlight that the 

fitness consequences of social dominance are likely much more complex than previously 

thought. 

Territory acquisition is an important predictor of fitness in many animals (Cody 

1985; Groenendijk et al. 2015). Despite its importance for fitness, we know little about the 

process of territory prospecting in wild populations, and whether individual traits (e.g. 

life-history stage) co-vary with prospecting. In chapter 5, I made use of recent 

technological advancements in animal tracking technology to study winter territory 

fidelity and prospecting, and two potential factors affecting these behaviours, namely 

behaviour (pre- and post-fledging activity) and life-history (age). Chapter 5 combines four 

years of radio frequency identification data to show that individuals prospect for territories 

during winter, and that this behaviour is linked to life-history stage and breeding site 

fidelity and not to individual activity. My results suggest that the timing of territory 

prospecting and acquisition differs among individuals and possibly influences lifetime 

fitness. 
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2.1. Abstract 

Many animal social structures are organized hierarchically, with some individuals 

monopolizing resources. Dominance hierarchies have received great attention from 

behavioural and evolutionary ecologists. There are many methods for inferring hierarchies 

from social interactions. Yet, there are no clear guidelines about how many observed 

dominance interactions (i.e. sampling effort) are necessary for inferring reliable 

dominance hierarchies, nor are there any established tools for quantifying their 

uncertainty. We simulate interactions (winners and losers) in scenarios of varying 

steepness (the probability that a dominant defeats a subordinate based on their difference 

in rank). Using these data, we (1) quantify how the number of interactions recorded and 

the steepness of the hierarchy affect the performance of five methods for inferring 

hierarchies, (2) propose an amendment that improves the performance of a popular 

method, and (3) suggest two easy procedures to measure uncertainty and steepness in the 

inferred hierarchy. We find that the ratio of interactions to individuals required to infer 

reliable hierarchies is surprisingly low, but depends on the steepness of the hierarchy and 

the method used. We show that David’s score and our novel randomized Elo-rating are the 

best methods when hierarchies are not extremely steep, where the original Elo-rating, the 

I&SI and the recently described ADAGIO perform less well. In addition, we show that 

two simple methods can be used to estimate uncertainty at the individual and group level, 

and that the randomized Elo-rating repeatability provides researchers with a standardized 

measure valid for comparing the steepness of different hierarchies. We provide several 

worked examples to guide researchers interested in studying dominance hierarchies. 

Methods for inferring dominance hierarchies are relatively robust. We recommend that a 

ratio of observed interactions to individuals of at least 10 (for steep hierarchies), and 

ideally 20 serves a good benchmark. Our simple procedures for estimating uncertainty in 

the observed data will facilitate evaluating whether sufficient data have been collected, 

while plotting the shape of the hierarchy will provide new insights into the social structure 

of the study organism. 
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2.2. Introduction 

Many animal social structures are organized hierarchically, with some individuals 

monopolizing resources and therefore presumably monopolizing fitness, too. Dominance 

hierarchies, which are the result of agonistic dyadic interactions between group members 

where there is a winner (dominant) and a loser (subordinate; Drews 1993), were first 

described in the domestic fowl (Schjelderupp-Ebbe 1922), and have received great 

attention from empiricists and theoreticians in behavioural and evolutionary ecology since 

then. Dominance hierarchies have been described in insects (Choe 1994), fishes (Polačik 

& Reichard 2009), reptiles (Bush et al. 2016), birds (Devost et al. 2016) and mammals 

(Majolo et al. 2012b), including humans (von Rueden et al. 2008). Extensive theoretical 

efforts have been made on understanding how dominance hierarchies are formed and 

maintained (e.g. Parker 1974; Dugatkin & Earley 2004; Sasaki et al. 2016). 

The importance and prevalence of dominance hierarchies in nature (reviewed in 

Drews 1993) has led to the development of many methods for inferring dominance 

hierarchies from social interactions (reviewed by de Vries 1998; Bayly, Evans & Taylor 

2006; Whitehead 2008; Briffa et al. 2013). These methods can be classified into those 

estimating the rank of the individuals (i.e. an ordinal score; e.g. I&SI: de Vries 1998; 

ADAGIO: Douglas, Ngonga Ngomo & Hohmann 2017) and those estimating non-integer 

indices of success or ratings from which individuals can further be ranked if required (e.g. 

Elo-rating: Elo 1978; David's score: David 1987; Figure 2.1). Contrary to ranks, ratings 

have the advantage of allowing parametric statistical testing. Rating-generating methods 

are further classified into those based on interaction matrices (e.g. David’s score) and 

those based on the temporal sequence of interactions (e.g. Elo-rating; Figure 2.1). What all 

methods have in common is that they require researchers to record agonistic dyadic 

interactions among individuals as input data. Despite great research effort, there are 

surprisingly few clear guidelines about how many such interactions are needed for 

inferring reliable dominance hierarchies, nor are there any established tools for 

quantifying the uncertainty of an inferred dominance hierarchy. 

One source of uncertainty is the steepness of the dominance hierarchy. The 

steepness of a dominance hierarchy can range from very steep, where higher ranked 

individuals win all conflicts (i.e. with a probability of 1), to very flat, where dyadic 

outcomes are highly unpredictable (i.e. where the probability of winning a conflict for the 

higher ranked individual is just slightly larger than 0.5). These different scenarios, which 

are a priori unknown by the researcher, are expected to affect the performance of the  



24 
  
 

 

Figure 2.1. Diagram highlighting the different steps required to infer dominance hierarchies. First, the 

outcome of dyadic agonistic interactions between individuals are recorded either in the form of a matrix or 

as a temporal sequence of winners and losers. Second, different methods can be used to infer either 

individual ranks (ordinal score) or individual ratings (non-integer), which can further be used to rank the 

individuals and therefore to infer the dominance hierarchy of the group. Data shown is based on 50 

interactions simulated among five individuals. Individual ratings and ranks shown are inferred using the 

original Elo-rating method. 

methods inferring hierarchies, and thus, the uncertainty of the inferred hierarchy. Several 

efforts have been made to assist researchers selecting an appropriate method, however, 

most of these attempts focused on comparing the level of agreement among different 

methods when applied to real datasets (e.g. de Vries 1998; Neumann et al. 2011; 

Balasubramaniam et al. 2013). Comparing two or more methods using datasets of 

unknown underlying hierarchy (e.g. real datasets) provides little information on the 

specific level of performance (i.e. 0-100%) of the method in inferring the latent 
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(unknown) hierarchy. Furthermore, while cases where two or more methods closely match 

one-another could signify that they are robust, this scenario would also be observed if the 

methods compared suffered from a common unknown bias. An alternative approach is to 

(i) simulate artificial datasets containing individuals of known rank, (ii) simulate 

interactions among those individuals under different scenarios of known steepness, and 

(iii) test the validity of the method(s) by correlating the inferred hierarchy to the original 

known hierarchy from step (i) (for similar approaches see, e.g. Hemelrijk, Wantia & 

Gygax 2005; Douglas et al. 2017). This approach further allows to estimate the degree of 

uncertainty of the inferred ranks, and how this uncertainty varies based on the steepness of 

the hierarchy and the number of interactions observed. 

An additional source of uncertainty is the skewness in the propensity for 

individuals to interact. As with many other biological processes that generate count data, 

the number of interactions per individual often follows a Poisson distribution. This means 

that few individuals have many interactions, whereas most individuals have few 

interactions. The unequal distribution of interactions leads to interaction datasets that are 

sparse, i.e. datasets where some dyads are never observed interacting. Sparse datasets are 

the norm in the dominance literature (McDonald & Shizuka 2013) and sparseness can 

potentially affect the performance of the method (de Vries 1998; Gammell et al. 2003; 

Neumann et al. 2011). Further, such distribution could over-inflate the perceived quality 

of an interaction dataset that in fact contains too few interactions to infer most individuals’ 

ranks.  

There is increasing awareness of the need to estimate uncertainty of social data 

(e.g. Lusseau, Whitehead & Gero 2008; Farine & Strandburg-Peshkin 2015). More than a 

decade ago Adams (2005) proposed a Bayesian approach to estimate hierarchy 

uncertainty, however, behavioural and evolutionary ecologists have not yet broadly 

adopted Bayesian procedures, possibly due to their apparent complexity. Thus, uncertainty 

is still rarely estimated when studying dominance hierarchies (but see Sheppard et al. 

2013; Kelstrup, Hartfelder & Wossler 2015). Further, estimating uncertainty is often seen 

as a step needed simply to ‘tick a box’. Here we demonstrate that estimating uncertainty 

can be simple to implement, and that doing so can also generate new insights into the 

processes being studied. 

In this guide, we simulate artificial datasets and interactions in scenarios ranging 

from very steep to very flat hierarchies to: (1) quantify how the number of interactions 

recorded (sampling effort) and hierarchy steepness affect the performance of different 
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methods inferring the correct hierarchy, (2) propose an amendment to a popular method, 

the original Elo-rating, to improve its performance when researchers do not aim to study 

the sequence of interactions, and (3) suggest two easy procedures to measure the 

uncertainty and steepness of the inferred hierarchies. We focus on four existing methods 

that have been commonly used, and our new method. First, we evaluate David’s score 

(David 1987), a widely used matrix-like method that is based on the paired comparisons 

paradigm (e.g. Jennings, Carlin & Gammell 2009; Rat et al. 2015). Second, we evaluate 

the original Elo-rating (Elo 1978), a sequential method that is becoming popular in the 

study of animal behaviour (e.g. Franz et al. 2015; Strandburg-Peshkin et al. 2015; Snyder-

Mackler et al. 2016). Third, we evaluate our own method, where we suggest a 

modification to the original Elo-rating that improves estimates and provides a measure of 

uncertainty. Fourth, we evaluate I&SI, a widely used method for estimating ranks that 

finds the order that deviates least from linearity (de Vries 1998). Finally, we evaluate 

ADAGIO, a recently described method that is based on the extraction and graphical 

representation of directed acyclic graphs (Douglas et al. 2017). From our results, we 

derive recommendations on the sampling effort required to infer reliable dominance 

hierarchies, and demonstrate how to estimate uncertainty and draw new conclusions from 

it. We accompany our results with worked examples to guide researchers interested in 

studying dominance hierarchies (Supplementary Information 2.1). 

2.3. Materials and methods 

Our general approach consisted of (i) generating artificial datasets containing individuals 

of known rank, (ii) simulating interactions among those individuals under different 

hierarchy scenarios of known steepness and propensities to interact, and (iii) testing the 

performance of the different methods under the different scenarios. 

We implemented all of our simulations in R v.3.3.2 (R Core Team 2016). We 

created a user friendly R package named “aniDom” v. 0.1.2 to infer dominance hierarchies 

using the original and the randomized Elo-rating method (Farine & Sánchez-Tójar 2017). 

The package also allows estimations of hierarchy uncertainty (see below) and to plot the 

steepness of the hierarchy (see Supplementary Information 2.1). We used the R package 

“EloRating” v. 0.43 (Neumann & Kulik 2014) to calculate David’s scores and the R 

package “compete” v. 3.1.0 (Curley 2016) to run the I&SI method. We ran the ADAGIO 

method in its native JavaTM format (see Douglas et al. 2017).  
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2.3.1. Generating artificial groups of individuals 

We generated an artificial dataset containing 25 individuals whose ranks were sequentially 

assigned from 1 to 25 (see Supplementary Information 2.2 for results based on datasets of 

10 and 50 individuals). Because the number of interactions is count data and as such 

typically follows a Poisson distribution (Zuur et al. 2009), we used a Poisson process to 

generate a varying propensity for each individual to interact. Uniform distribution (i.e. 

when the probability of interacting is the same for all individuals) gave qualitatively 

similar conclusions (Supplementary Information 2.3). Throughout we defined the ratio of 

interactions to individuals as the number of interactions (d, where one interaction is 

between two individuals) divided by the total number of individuals (N), that is 𝑑, rather 

than the arithmetic mean of the number of interactions per individual (i), that is 𝑑𝑖, which 

could be twice the value we report. For example, in a dataset containing 10 interactions 

between two individuals, 𝑑 would equal 5, whereas 𝑑𝑖 would equal 10.  

2.3.2. Simulating interactions within the group 

We generated simulated datasets. In each interaction dataset, the outcome of the dyadic 

interactions was determined by the specific hierarchy scenario implemented. We used a 

probabilistic approach to generate a wide range of hierarchy scenarios of different 

steepness. Many methods assume that the outcome of agonistic interactions between 

closely ranked individuals is more unpredictable than that of distantly ranked individuals, 

that is, that the difference in rank between the two contestants affects the probability of 

winning of the higher ranked individual (e.g. Bradley & Terry 1952; Adams 2005; 

Neumann et al. 2011). We therefore modelled the expected probability of winning for the 

higher ranked individual from the artificial dataset (i.e. P(dominant wins)) as a function of 

the difference in rank between the two contestants following the equation: 

𝑃(𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑡 𝑤𝑖𝑛𝑠) = 0.5 + 0.5
+  𝑎+   equation 1 

where r is the absolute difference in rank between the two individuals divided by the 

maximum absolute difference in rank possible in the dataset (i.e. 25 – 1 = 24 in our 

datasets), and thus, 0 < r ≤ 1. a and b are the values that determine the steepness of the 

hierarchy. Parameter b determines the baseline probability that a higher ranked individual 

wins. Negative values of b increase this baseline probability, for example, b = -5 means 

that the higher ranked individual has ca. 99 % probability of winning an interaction 

regardless of the difference in rank between the two contestants (Figure 2.2a). As b 
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increases (becomes positive) this baseline probability decreases. For example, b = 0 means 

that the higher ranked individual has a 75 % probability of winning (Figure 2.2b), whereas 

for b = 5 the higher ranked individual has only a 51 % probability of winning based on 

only being higher in the hierarchy (Figure 2.2c). Parameter a influences the relationship 

between the difference in rank and the probability that a higher ranked individual wins. 

When a = 0, there is no effect of the difference in rank, thus the probability that the higher 

ranked individual wins will be determined only by b (Figure 2.2). As a increases, the 

relationship between the difference in rank and the probability of winning becomes 

steeper. The shape of the relationship varies with group size, however, generally values of 

a ≥ 30 mean that a difference in rank of approximately one third the group size will give a 

ca. 100 % probability that the higher ranked individual wins an interaction (Figure 2.2). 

Figure 2.2 shows how a and b interact to produce a wide range of possible hierarchy 

scenarios of varying steepness. 

 

 

Figure 2.2. Parameter space of equation 1 showing a wide range of possible hierarchy scenarios that depend 

on the values assigned to a and b. Overall, panels are sorted from very high to low steepness (panel a to c). 

For each panel, steepness increases with a. The red dashed line shows where the probability of winning for 

the higher ranked individual (i.e. P(dominant wins)) equals 0.5, which corresponds to scenarios where 

dominance rank does not affect the probability of winning an interaction (i.e. no hierarchy). 
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2.3.3. Tests 

2.3.3.1. Performance under different scenarios 

To quantify the combined effects of sampling effort and hierarchy steepness on the ability 

to infer reliable dominance hierarchies, we inferred dominance hierarchies from the 

simulated data using the original Elo-rating. We then compared these to the known 

simulated hierarchies. We explored a total of 21 hierarchy scenarios of different steepness. 

Specifically, we examined the following b values of equation 1: -5, 0 and 5. For each of 

those b values, we investigated the following a values: 0, 5, 10, 15, 20, 25 and 30. 

Hereafter, the initial Elo-rating for each individual was set to 0 and k (a parameter in the 

Elo-rating function) was set to 200 (for more details see Sánchez-Tójar et al. 2017a). To 

quantify the relationship between sampling effort and the performance of the original Elo-

rating, we assessed its performance for interaction datasets containing an increasing ratio 

of interactions to individuals of: 1, 4, 7, 10, 15, 20, 30, 40, 50 and 100. For each scenario 

and ratio of interactions to individuals, we simulated 100 independent datasets, calculated 

individual ranks for each dataset following the original Elo-rating and obtained the 

Spearman rank correlation coefficient (hereafter rS) between the inferred and the known 

hierarchy. Therefore, if the hierarchies were identical, rS would equal 1, whereas random 

results would result in rS = 0 (given the range of rS from -1 to 1). 

2.3.3.2. Comparing methods 

We evaluated the performance of the five methods (David’s score, original Elo-rating, 

randomized Elo-rating (see below), I&SI and ADAGIO) under three hierarchy scenarios 

of decreasing steepness from equation 1, where b = 5, and a = 15, 10 and 5 (see 

Supplementary Information 2.4 for scenarios of very steep hierarchies). To quantify the 

relationship between sampling effort and the performance of the five methods, we 

assessed interaction datasets containing an increasing ratio of interactions to individuals 

of: 1, 4, 7, 10, 15, 20, 30, 40, 50 and 100. For each scenario and ratio of interactions to 

individuals we simulated 100 independent datasets, calculated individual ranks for each 

dataset following each of the five methods and, for each method, obtained the rS between 

the inferred and the known hierarchy.  

2.3.3.3. Randomized Elo-rating 

One of the aims of the original Elo-rating is to enable tracking dynamic changes in rank 

(or ratings) over time (see also the Glicko-rating method: e.g. So et al. 2015). This 

assumes that the sequence in which interactions occur affects the inference of the ranks. 
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Since the order of the interactions is considered to be meaningful in this method, the use 

of this method could potentially lead to unreliable estimates if temporal biases existed in 

the data. For example, the reliability of the method could be affected if the probability of 

interaction for some individuals was not randomly distributed in time but biased towards 

periods of high/low competitiveness. Furthermore, errors during data collection could also 

highly affect the final outcome obtained from this sequential method. Most behavioural 

studies do not apply sequential but matrix-like methods such as David’s score and the 

I&SI method, and therefore assume that individual rank is stable over the time period 

studied. This is because these methods require researchers to combine interactions 

collected over a certain period of time (e.g. days: Rat et al. 2015; months: Klass & Cords 

2011; years: Isbell & Pruetz 1998). If the assumption holds that the sequence of 

interactions is not informative, then we propose an amendment of the original Elo-rating 

that reduces the potential effect of temporal biases and provides useful additional 

information about the distribution of the ratings. This amendment is based on randomizing 

the order in which interactions occurred (n = 1000 randomizations throughout). This 

randomization produces different individual Elo-ratings each time, from which we can 

calculate mean individual ratings or ranks. The randomizations thus can also be used to 

estimate the 95% range of individual ratings or ranks when run on a single interaction 

dataset, and thus, it allows estimating uncertainty (see below). Note that in our method, we 

randomised all the sequences of interactions because our data were simulated. However, 

in real datasets, one could test and account for underlying changes by restricting 

randomisations to only swap data within certain periods of time, for example within each 

month, or test for winner-loser effects by randomising days but maintaining the order 

within each day and comparing these to full randomisations. Hereafter this new method is 

referred to as “randomized Elo-rating”, whereas its predecessor is referred to as “original 

Elo-rating”. The randomized version of the Elo-rating method was previously used 

elsewhere (Neumann & Kulik 2014; Neumann 2015; Strandburg-Peshkin et al. 2015). 

2.3.3.4. Estimating hierarchy uncertainty 

Using the randomized Elo-rating, one can further estimate the repeatability of the n 

individual Elo-ratings. We explored repeatability using the same three scenarios described 

in section 2.3.3.2. (see Supplementary Information 2.4 for very steep hierarchies). Again, 

for each scenario and ratio of interactions to individuals, we simulated 100 independent 

interaction datasets, and calculated 1000 individual Elo-ratings for each dataset following 

the randomized Elo-rating. We then calculated the repeatability of the individual Elo-
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ratings using the function rptGaussian() from the package ‘rptR’ 0.9.1.9000 (Schielzeth, 

Stoffel & Nakagawa 2016). We calculated repeatability based on Elo-ratings instead of 

ranks because, contrary to ranks, Elo-ratings approximately follow a Gaussian 

distribution.  

Additionally, we tested another simple procedure to estimate hierarchy uncertainty 

that consists of splitting a dataset containing interactions into two halves, and then 

estimating the Spearman rank correlation coefficient between the two halves. We again 

investigated the same three hierarchy scenarios described in section 2.3.3.2. (see 

Supplementary Information 2.4 for very steep hierarchies). For each scenario and ratio of 

interactions to individuals, we simulated 100 independent interaction datasets, split each 

dataset in two, computed 1000 individual ranks for each half using the randomized Elo-

rating, and calculated the rS between the two inferred hierarchies. Note that this method 

could also be implemented using other methods for inferring hierarchies. 

2.4. Results 

2.4.1. Probability of interacting 

We investigated the validity of using a Poisson process when simulating the propensity to 

interact for each individual. First, we explored the relationship between the ratio of 

interactions to individuals (i.e. our measure of sampling effort) and the proportion of 

observed dyads (i.e. a measure of sparseness). The proportion of observed dyads increased 

sharply with the ratio of interactions to individuals, showing a greater and faster increase 

under the uniform than under the Poisson process (Figure 2.3a,b and Supplementary 

Information 2.2, Figure S2.2.2 and S2.2.9). To investigate which of the two processes 

generated a pattern that resembled more closely the pattern observed in real datasets, we 

used information from 40 interaction datasets published on birds, mammals, fishes and 

invertebrates (McDonald & Shizuka 2013). We simulated interaction datasets following a 

uniform and a Poisson process for the mean group size of those 40 published datasets (N = 

16 individuals), and compared the simulated patterns to those observed in the published 

datasets. Data simulated under the Poisson process closely resembled real data (Figure 

2.3b), thus suggesting that the propensity to interact can be simulated as a Poisson process. 

2.4.2. Performance under different scenarios and sampling effort 

We demonstrated how hierarchy steepness affects method performance using the original 

Elo-rating. The performance of the original Elo-rating increased logarithmically with the  
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Figure 2.3. The individual propensity to interact in real interaction datasets closely resembles a Poisson 

process. The relationship between the ratio of interactions to individuals (i.e. sampling effort) and the 

proportion of dyads for which an interaction was observed (i.e. a measure of sparseness) when the individual 

propensity to interact follows a uniform (grey) or a Poisson (black) process. We explored this relationship 

using simulated datasets containing (a) 25 and (b) 16 individuals. Solid lines and dots represent the mean 

proportion of known dyads of the 500 datasets simulated for each ratio of interactions to individuals; 

shading shows the 2.5% and 97.5% quantiles. The filled red square shows the mean and the 2.5% and 97.5% 

quantiles from 40 published interaction datasets (from McDonald & Shizuka 2013), which contained a mean 

of 16.3 individuals (range: 10-38). 

ratio of interactions to individuals (Figure 2.4, see Figure 2.5 for all five methods). In most 

cases, the performance of the method reached an asymptote after relatively few 

interactions. For very steep hierarchies, the original Elo-rating only needed a small ratio of 

interactions to individuals (10 or less) to satisfactorily infer the original hierarchy (e.g. 

Figure 2.4a). In contrast, for non-existent hierarchies (i.e. when the probability of winning 

is independent of rank), the original Elo-rating visibly and expectedly failed to infer the 

original hierarchy (e.g. a = 0 in Figure 2.4c). Finally, for intermediate levels of steepness, 

the original Elo-rating inferred the original hierarchy less well (i.e. reached a smaller rS) 

and needed a larger ratio of interactions to individuals to infer it reliably (e.g. a = 0 in 

Figure 2.4b). Due to the logarithmic shape, in all scenarios, the improvements in the 

inferred hierarchy were only marginal beyond a ratio of interactions to individuals of 20. 

The steepness of the hierarchy affected the amount of data required to infer reliable 

dominance hierarchies, and also the overall ability to do so. In general, the original Elo-

rating performed well even when closely-ranked individuals can both win contests. For 

example, even when the probability of the higher ranked individual winning was only ca. 
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Figure 2.4. The performance of the original Elo-rating method increases with the ratio of interactions to 

individuals and the steepness of the hierarchy. Solid lines and dots represent the mean Spearman rank 

correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 2.5% and 

97.5% quantiles. The reduced right-hand side panels show the specific set of hierarchies simulated for 

generating the interaction datasets. Overall, panels are sorted from high to low steepness (panel a to c), and, 

for each panel, steepness increases with a. The different hierarchy scenarios shown were created following 

equation 1. 

0.55 for a difference in rank of 5 (Figure 2.4c, a = 15), the rs between the original and the 

inferred hierarchy was larger than 0.70 when a ratio of interactions to individuals of 20 

was recorded.  

2.4.3. Comparing methods 

Next, we compared the performance of five different methods. For very steep hierarchies, 

all five methods inferred satisfactorily the original hierarchy (Supplementary Information 

2.4, Figure S2.4.1a). Although method performance did not differ greatly among methods 



34 
  
 

when hierarchy was very steep, David’s score’s performance was consistently the best 

under this very steep scenario (Supplementary Information 2.2 and 2.4). Not surprisingly, 

for very flat hierarchies, the performance of all methods was poor, even when a high ratio 

of interactions to individuals was recorded. Under this very flat scenario, the randomized 

Elo-rating was consistently the best method (Figure 2.5c and Supplementary Information 

2.2). At intermediate levels of steepness, we found that while all five methods did not 

perfectly infer the original hierarchy, the methods differed markedly in performance 

(Figure 2.5a,b and Supplementary Information 2.2). Overall, David’s score performed 

best, closely followed by the randomized Elo-rating. By contrast, the original Elo-rating 

performed relatively poorly and always worse than the randomized Elo-rating, which is 

probably because the method assumes that the sequence of the interactions is informative. 

Under this intermediate hierarchy scenario, the widely used I&SI method and the recently 

described ADAGIO did not perform well. Further, the shapes of the curves (when adding 

more interactions) across all methods were quite consistent (most methods’ performance 

levelled off after a ratio of interactions to individuals of 10-20), highlighting that it is 

unlikely that there are scenarios where their relative performances are flipped. 

The results of these simulations also provide guidance on the number of 

interactions one should collect to reliably infer dominance hierarchies. We use an rS = 0.70 

as threshold for reliable estimates of hierarchy because this value is out of the range of 

values that can be obtained by chance alone, i.e. when rank does not predict contest 

outcome (Figure 2.4c, a = 0). Using this threshold suggests that a ratio of interactions to 

individuals of 10 to 20 should generate meaningful dominance hierarchies when using 

either David’s score or the randomized Elo-rating under most scenarios. However, many 

more interactions will be required if the dominance hierarchy is very flat (e.g. Figure 

2.5c), highlighting the importance of plotting the relationship between the difference in 

rank and the probability of winning an interaction (see worked examples, Supplementary 

Information 2.1). 

2.4.4. Hierarchy uncertainty 

Last, we explored two easy procedures to estimate hierarchy uncertainty. We first 

estimated Elo-rating repeatability (Nakagawa & Schielzeth 2010) using 1,000 individual 

Elo-ratings obtained from the randomized Elo-rating procedure. We found that, for very 

steep hierarchies, randomized Elo-rating repeatability was high (>0.90 in all cases) and 

remained very stable with the ratio of interactions to individuals (Supplementary  
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Figure 2.5. David’s score and the randomized Elo-rating are the two best methods to infer reliable 

dominance hierarchies. Solid lines and dots represent the mean Spearman rank correlation coefficient (rS) 

between the original and the inferred hierarchy; shading shows the 2.5% and 97.5% quantiles. The red 

dashed line shows the suggested rS threshold above which inferred hierarchies are highly reliable (rS = 0.70). 

The reduced right-hand side panels show the specific hierarchy simulated for generating the interaction 

datasets. Overall, panels are sorted from intermediate (panels a and b) to very flat hierarchies (panel c). The 

different hierarchy scenarios shown were created following equation 1. 

Information 2.4, Figure S2.4.1b). For intermediate levels of steepness, randomized Elo-

rating repeatability ranged between 0.65 and 0.97 and also remained very stable 

independently of the ratio of interactions to individuals (Figure 2.6a,b). In contrast, for 

very flat hierarchies, randomized Elo-rating repeatability was low and decreased 

logarithmically with the ratio of interactions to individuals (Figure 2.6c). Therefore, our 

simulations also suggest that the interpretation of the repeatability could include a 

subsampling routine to determine if repeatability is stable as more data are added (i.e. 

intermediate/steep hierarchy) or decreases (i.e. non-existent/very flat hierarchy). Such a 
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routine involves calculating the repeatability for increasing subsets of the data (e.g. 10 %, 

20 %, etc.) and plotting the relationship between proportion of the data and repeatability 

(as per the graph insets, see worked examples, Supplementary Information 2.1). Overall, 

the repeatability values, which are largely independent of sampling effort, provide insights 

into the steepness of the hierarchy (where higher repeatability scores equate to a steeper 

hierarchy).  

 

Figure 2.6. Randomized Elo-rating repeatability increases with the steepness of the hierarchy. Solid lines 

and dots represent the mean repeatability of the 1000 individual randomized Elo-ratings estimated for each 

interaction dataset using the randomized Elo-rating method; shading shows the 2.5% and 97.5% quantiles. 

The reduced right-hand side panels show the specific hierarchy simulated for generating the interaction 

datasets. Overall, panels are sorted from intermediate (panel a and b) to very flat hierarchies (panel c). The 

different hierarchy scenarios shown were created following equation 1. 

We propose a second procedure to estimate uncertainty that provides useful 

information about sampling effort. This method consists of splitting the interaction dataset 



37 
  
 

into two halves and estimating the agreement between the two halves. The rS between the 

two halves followed a similar logarithmic pattern to the randomized Elo-rating 

performance, thus also allowing us to make predictions on the level of uncertainty of our 

measurements and the steepness of the latent hierarchy (Figure 2.7). Our results show that, 

for very steep hierarchies, the rS quickly increased with the ratio of interactions to 

individuals and stabilized around 0.90 (Supplementary Information 2.4, Figure S2.4.1c). 

For intermediate hierarchies, however, the rS also increased but did not reach values larger 

than 0.86 (Figure 2.7a,b). For very flat hierarchies, the rS increased slowly and stayed 

below a threshold value of 0.44 (Figure 2.7c). For observational data, adding more 

interactions into the analysis, and comparing two halves of the interaction dataset, is 

therefore an informative method for determining whether more sampling effort is 

required. 

We conclude that the higher both, the randomized Elo-rating repeatability and the 

rS between the two halves, the steeper and more certain the inferred dominance hierarchy 

is. Finally, subsampling the observed data (i.e. recalculating rS with increasingly more data 

as we have done in Figure 2.7) and observing the shape of the resulting metrics is a useful 

way of determining if the population has been adequately sampled (i.e. adding more data 

results in very small changes in the rS value). 

2.5. Discussion 

We tested the performance of five methods to infer dominance hierarchies from dyadic 

interactions: David’s score (David 1987), original Elo-rating (Elo 1978), randomized Elo-

rating (this study), I&SI (de Vries 1998) and ADAGIO (Douglas et al. 2017). We found 

that the performance of all methods increases with the steepness of the hierarchy and the 

ratio of interactions to individuals recorded. We showed that David’s score and the 

randomized Elo-rating are the best methods when hierarchies are not extremely steep, 

whereas the I&SI method was the best for very steep hierarchies (i.e. when no 

inconsistencies exist). Further, we described two methods for estimating uncertainty in a 

dataset of observed interactions, and found that uncertainty changes predictably with 

hierarchy steepness and sampling effort. These methods should be combined with a plot of 

the relationship between the difference in rank and the probability of the higher ranked 

individual winning an interaction (see worked examples, Supplementary Information 2.1). 

Our results provide behavioural and evolutionary ecologists with useful guidelines on the 

sampling effort necessary to achieve meaningful rank estimations, on how to estimate the 
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uncertainty of their results and the shape of the hierarchy studied, and on how to gain 

unbiased insights into the steepness of their hierarchy. 

 

Figure 2.7. The agreement between the two halves of the interaction dataset increases with the ratio of 

interactions to individuals and the steepness of the hierarchy. Solid lines and dots represent the mean 

Spearman rank correlation coefficient (rS) between the two halves of the datasets; shading shows the 2.5% 

and 97.5% quantiles. The reduced right-hand side panels show the specific hierarchy simulated to generate 

the interaction datasets. Overall, panels are sorted from intermediate (panel a and b) to very flat hierarchies 

(panel c). The different hierarchy scenarios shown were created following equation 1. 

Many methods exist to infer dominance hierarchies from dyadic interaction 

datasets, and several studies have aimed to assist researchers in choosing the appropriate 

method (see Introduction). Contrary to most studies, we used simulated interaction 

datasets rather than real datasets. One of the shortcomings of using real datasets is that the 

real, latent hierarchy (if existent) is a priori unknown and thus, the performance of a 

method can only be studied relative to other methods, while its overall reliability cannot 
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be assessed. For example, if all methods suffered the same inherent bias, they could reach 

similar results but still not reliably infer the real hierarchy. An additional advantage of 

simulating data is the possibility of generating an incredibly large amount of interaction 

datasets for a wide variety of scenarios, and thus to identify common patterns and gain 

more general insights on each method. By simulating interaction datasets, we showed that 

the five methods inferred reliable hierarchies for very steep hierarchies, with the I&SI 

method being the best under this very steep scenario. In contrast, the methods greatly 

differed in performance when hierarchies were intermediate or very flat. We showed that 

David’s score was the best method for intermediate hierarchies, closely followed by the 

randomized Elo-rating, which also outcompeted the original Elo-rating. Furthermore, as 

expected, inferred hierarchies were less reliable when generated using a Poisson process, 

which we suggest is the case in most animal systems, as this process creates relatively 

sparse datasets with many dyads for which no observations are recorded. Contrary to 

Neumann et al. (2011), our results showed that David’s score still performs better than the 

original Elo-rating, even when data is relatively sparse. Furthermore, we confirmed that 

the performance of the I&SI method highly depends on the amount of inconsistencies 

present in the data (de Vries 1998), which necessarily increases when steepness decreases. 

Although the I&SI method was the best for very steep hierarchies (i.e. when no 

inconsistencies exist), its performance quickly degraded as steepness decreased, and this 

reduction in performance was comparatively larger for the I&SI method than for other 

methods (Figure 2.5 and Supplementary Information 2.2). Finally, we found that 

ADAGIO’s performance was sub-optimal. ADAGIO was recently shown to perform 

better than David’s score and the original Elo-rating (Douglas et al. 2017). The main 

difference between the study of Douglas et al. (2017) and ours is that the former used 

Euclidean distances to measure the degree of agreement between original and inferred 

hierarchies, whereas we used rS. While Euclidian distances (i.e. the difference between the 

real and estimated score) could be a reasonable measure for estimating accuracy in 

nonlinear hierarchies (Douglas et al. 2017), we prefer rank correlations, because a large 

population where all individuals have no dominance ranks (e.g. they are all 0) would yield 

very low Euclidian distances that would suggest very accurate scores despite providing 

little information in terms of useful dominance data.  

Not surprisingly, the performance of all methods increased with hierarchy 

steepness and the number of interactions recorded. Very steep hierarchies were reliably 

inferred (i.e. rS > 0.70) with a ratio of interactions to individuals of only four 
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(Supplementary Information 2.2 and 2.4). Intermediate hierarchies needed a greater 

sampling effort for reliably inferring the dominance hierarchy (Figure 2.5 and 

Supplementary Information 2.2). Previous studies already indicated that the social 

structure of the group studied and the steepness of the hierarchy could affect the 

performance of the method and therefore the method of choice (e.g. Hemelrijk et al. 2005; 

Bayly et al. 2006; Balasubramaniam et al. 2013). Here we extend these studies to show 

the considerable effect that the steepness of the hierarchy has on the performance of the 

methods studied. We therefore suggest that directly plotting the shape of the hierarchy 

(see worked examples, Supplementary Information 2.1) is an important step that should be 

included in all studies of dominance. 

Furthermore, many studies have commented on the importance of recording 

sufficient interactions to infer reliable dominance hierarchies (e.g. Gammell et al. 2003; 

Neumann et al. 2011). Surprisingly, before our work here, no clear guidelines existed 

regarding the sampling effort necessary to infer reliable hierarchies from animals, which 

in turn has led researchers to apply either untested thresholds to define “sufficient data” 

(e.g. Dingemanse & de Goede 2004; Cole & Quinn 2011; Rat et al. 2015; Devost et al. 

2016) or no threshold at all (e.g. Hauver et al. 2013; Kaburu & Newton-Fisher 2015). 

Some studies did not even report the number of interactions recorded (e.g. Campos & 

Fedigan 2013; Flies et al. 2016; Stewart & Greives 2016), which hinders the researchers’ 

ability to evaluate the reliability of the results. We suggest that, unless hierarchy is a priori 

known to be extremely steep (that is, no inconsistencies are found in a large dataset), 

researchers should aim to record a minimum ratio of interactions to individuals of 10 or 

ideally 20, to ensure that the dominance hierarchy is reliably inferred. A similar value was 

suggested for rating chess players (Glickman & Doan 2016) but this and our suggestion 

are considerably larger than previous suggestions for animal behaviour (Albers & de Vries 

2001). We acknowledge that recording a ratio of interactions to individuals of 10 to 20 

might be challenging for species with low interaction rates, but researchers need to be 

aware of the limitations of not achieving this threshold, and report their sampling effort 

and the uncertainty of their dominance data.  

Minimizing and estimating measurement error is highly recommended for the 

study of animal behaviour (Bradshaw, Sims & Hays 2007; Martin & Bateson 2007). 

Indeed, there is increasing awareness of the need to estimate uncertainty of social data 

(e.g. Lusseau et al. 2008; Farine & Strandburg-Peshkin 2015), including in the study of 

dominance hierarchies (Adams 2005). Yet, uncertainty is seldom measured when 
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analysing dominance hierarchies (but see, e.g. Sheppard et al. 2013; Kelstrup et al. 2015), 

possibly because there are no easy-to-use tools to quantify it. Here, we provide two user 

friendly methods to estimate the level of uncertainty of the inferred hierarchy, and an R 

package to perform these (see worked examples, Supplementary Information 2.1). First, 

the randomized Elo-rating method allows the calculation of individual repeatability as a 

measure of uncertainty. We have shown that repeatability estimated by randomizing Elo-

rating is a good indicator of the steepness of the latent hierarchy, and therefore of the 

uncertainty of the inferred hierarchy. It is also largely independent of sampling effort, and, 

thus, a stable measurement that can be used to compare different hierarchies. Indices such 

as the modified linearity index (h'; de Vries 1995) and an index derived from David’s 

score (de Vries, Stevens & Vervaecke 2006) have been previously suggested as measures 

of linearity and steepness of the hierarchy, respectively. However, our results support 

previous findings showing that both indices are highly affected by sampling effort, i.e. 

they are highly instable (Supplementary Information 2.5; Klass & Cords 2011; Shizuka & 

Mcdonald 2012), which therefore impedes the use of those indices to compare different 

hierarchies. As an alternative, we suggest reporting the randomized Elo-rating 

repeatability as an estimate of steepness (and uncertainty), together with the triangle 

transitivity (Ttri), a stable measure of orderliness that has been shown to outperform other 

measures of linearity (Supplementary Information 2.5; Shizuka & Mcdonald 2012). 

Second, we proposed that uncertainty can also be measured by dividing the interaction 

dataset in two halves and calculating the level of agreement between the two. Uncertainty 

measured this way follows a similar logarithmic pattern to that of method performance, 

i.e. it decreases with hierarchy steepness and sampling effort. We suggest to subsample 

the observed data and observe the shape of the resulting values as a useful way of 

determining if the population has been adequately sampled. 

Additionally, we provide an improvement to the widely accepted original Elo-

rating (Elo 1978). The original Elo-rating is a sequential method proposed for rating chess 

players that offers some interesting features for the study of animal dominance hierarchies 

(Albers & de Vries 2001; Neumann et al. 2011). We show that randomizing 1,000 times 

the order in which interactions occurred (randomized Elo-rating), and estimating mean 

individual ranks increases performance compared to the original Elo-rating when 

hierarchies are not extremely steep. An important feature of the original Elo-rating is that 

it allows the visualization of hierarchy dynamics (Neumann et al. 2011), this feature is not 

possible when using matrix-like methods such as David’s score or I&SI. Visualizing 
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hierarchy dynamics might be important to study social dynamics (Neumann et al. 2011) 

and/or winner-loser effects (Hsu & Wolf 1999). Nonetheless, the randomized Elo-rating is 

useful when researchers have a good reason to believe that the dynamics are relatively 

stable and rank an inherent property of the individual. Additionally, randomizing the 

sequence of the interactions would help minimizing and detecting potential temporal 

biases in the data, something that still needs more research. Further, we suggest that 

researchers can control for factors such as changing ranks or winner-loser effects by 

controlling which parts of the data are randomised. For example, researchers interested in 

tracking how individual rank changes across days, could increase the precision of the daily 

rank estimates by randomizing observations within each day. The randomized Elo-rating 

further allows easy estimation of uncertainty for individual Elo-ratings or ranks. For 

example, one can apply common measures of dispersion such as confidence intervals or 

standard deviation for each individual. So far, this was only possible using the Bayesian 

procedure proposed by Adams (2005). Finally, we believe that some researchers avoid the 

Elo-ratings if they have recorded their data in a matrix format (and thus do not have the 

sequence of the interactions). We suggest that in these cases, the randomized Elo-rating 

would avoid the potential spurious results that could arise by assigning a single random 

order to the observations (see worked examples, Supplementary Information 2.1). 

Finally, we acknowledge and discuss some of the potential limitations of this 

study. First, due to computational limitations, we only investigated five methods. We 

however provided an R package and the R code used in this study to aid researchers 

interested in exploring other methods (see Sánchez-Tójar et al. 2017a). Second, one of the 

limitations of the randomized Elo-rating is that it does not include tied or undecided 

interactions. Undecided interactions are very rare (1.8 % of all interactions from 40 

published interaction datasets; McDonald & Shizuka 2013), and researchers do not always 

agree on how to interpret them (e.g. Balasubramaniam et al. 2013). In fact, it could be 

argued that part of the undecided interactions are classified as such because of the 

difficulties of understanding animal behaviour. We therefore suggest that undecided 

interactions should always be reported but not necessarily used when inferring dominance 

hierarchies. Third, in this study we focused on inferring dominance hierarchies, i.e. ranks, 

to be able to compare and analyse both rank- and rating-generating methods. David’s 

score, and the original and randomized Elo-ratings were originally developed for 

estimating individual ratings of (fighting) success. In contrast to ranks, ratings allow the 

use of powerful parametric statistical tests, and estimating by how much individuals differ 
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in dominance warrants future exploration. We believe that our methodological approach 

and suggestions can set the base for future researchers aiming to focus on ratings. 

However, further research is required to also evaluate whether dominance hierarchies in 

animals operate in a cardinal versus ordinal scale (i.e. how do animals perceive their 

position in the hierarchy?). 

2.6. Conclusions 

We have shown how sampling effort and the steepness of the underlying hierarchy (a 

latent feature a priori unknown by the researcher) affect method performance. We have 

suggested and provided a new method, the randomized Elo-rating (R package "aniDom": 

Farine & Sánchez-Tójar 2017). We have shown that David’s score and the randomized 

Elo-rating are the best methods to infer linear dominance hierarchies when the latent 

hierarchy is not extremely steep, whereas the I&SI method is the best method when no 

inconsistencies exist in the dataset. Furthermore, we have introduced two easy procedures 

to evaluate hierarchy uncertainty at both the individual and the group level, and proposed 

that reporting the randomized Elo-rating repeatability, together with plotting the shape of 

the hierarchy, would allow researchers to compare hierarchies from different studies in a 

standardized manner. The provided walk-through examples (Supplementary Information 

2.1) will help researchers to familiarise themselves with the study of dominance 

hierarchies. Last but not least, we have provided clear guidelines on how much sampling 

effort is required to infer reliable hierarchies. We believe that the procedures outlined here 

are easy to implement and that the worked examples and guidelines we provide will help 

researchers aiming to study dominance hierarchies. Finally, we hope that this work will 

help to mitigate some of the problems recently raised (Nakagawa & Parker 2015; Ihle et 

al. 2017) in the broader field of behavioural research. 
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Data Accessibility 

We provide all of the source code used for our data (Sánchez-Tójar et al. 2017a). We also 

provide with a free R package to run our implementations ("aniDom": Farine & Sánchez-

Tójar 2017). Further, we note that our implementation of the original non-randomized 

Elo-rating outperforms existing R packages for some scenarios (Sánchez-Tójar et al. 

2017a).  

Acknowledgements 

AST is member of and grateful for the support of the International Max Planck Research 

School (IMPRS) for Organismal Biology. We thank Christof Neumann, Antje Girndt and 

two anonymous reviewers for constructive feedback on the manuscript. JS was funded by 

the Volkswagen Foundation. The authors declare that they have no conflict of interest. 

Authors’ contributions 

AST and DRF conceived the study and implemented the source code used. AST led the 

writing of the manuscript. All authors contributed critically to the drafts and gave final 

approval for publication. 

Supporting information 

The following Supporting Information is available for this article: 

- Supplementary Information 2.1: worked examples. 

- Supplementary Information 2.2: groups of 10 and 50 individuals. 

- Supplementary Information 2.3: uniform distribution. 

- Supplementary Information 2.4: very steep hierarchies. 

- Supplementary Information 2.5: evaluation of indices of orderliness.  

 

 

 

 

 

 

 



45 
  
 

Chapter 3 

 

Meta-analysis challenges a textbook example 

of status signalling: evidence for publication 

bias 

 

Alfredo Sánchez-Tójar, Shinichi Nakagawa, Moisès Sánchez-Fortún, Antje 

Girndt, Dominic A. Martin, Sukanya Ramani, Antje Girndt, Veronika 

Bókony, Bart Kempenaers, András Liker, David F. Westneat, Terry Burke, 

Julia Schroeder 

 

 

 

 

 

 

 

 

 

 

 

 

R code and data available at: https://osf.io/cwkxb/ 
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3.1. Abstract 

The status signalling hypothesis aims to explain conspecific variation in traits such as 

plumage ornamentation by suggesting that these traits signal fighting ability and hence 

likely dominance status. Here, we use multilevel meta-analytic models to challenge the 

textbook example of this hypothesis, the black bib of house sparrows (Passer domesticus). 

We conducted a systematic review, and obtained raw data from published and unpublished 

studies to test whether dominance rank positively correlates with bib size across studies. 

Our meta-analysis did not support this prediction. Furthermore, we found several biases in 

the literature that further question the support available for the status signalling 

hypothesis. First, overall effect size of unpublished studies was essentially zero, compared 

to the medium effect size detected in published studies. Second, the effect sizes of 

published studies decreased over time, and recently published effects were, on average, no 

longer distinguishable from zero. We discuss several explanations including pleiotropic, 

population- and context-dependent effects. Our findings call for reconsidering this 

established textbook example in evolutionary and behavioural ecology, raise important 

concerns about the validity of the current scientific publishing culture, and stimulate 

renewed interest in understanding within-species variation in ornamental traits.  
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3.2 Introduction 

Plumage ornamentation is one of the most striking examples of colour and pattern 

diversity in the animal kingdom, and has attracted a large amount of research (Hill 2002). 

Most studies have focused on sexual selection as the key mechanism to explain this 

diversity in ornamentation (Andersson 1994; Dale et al. 2015). The status signalling 

hypothesis explains conspecific variation in ornaments by suggesting that these traits 

signal individual dominance status or fighting ability (Rohwer 1975). Aggressive contests 

can be costly in terms of energy use, and risk of injuries and predation (Jakobsson, Brick 

& Kullberg 1995; Neat, Taylor & Huntingford 1998; Sneddon, Huntingford & Taylor 

1998; Kelly & Godin 2001; Prenter, Elwood & Taylor 2006). These costs could be 

reduced if individuals can predict the outcome of such contests beforehand using so-called 

“badges of status” – individuals could base the decision of whether to avoid or engage in 

aggressive interactions based on the signal’s message (Rohwer 1975). 

Patches of ornamentation have been suggested to function as badges of status in a 

wide range of taxa, including insects (Tibbetts & Dale 2004), reptiles (Whiting et al. 

2003) and birds (Senar 2006). The status signalling hypothesis was originally proposed to 

explain variation in the size of mountain sheep horns (Beninde 1937; Geist 1966), but the 

hypothesis has become increasingly important in the study of variability in plumage 

ornamentation in birds (Rohwer 1975; Senar 2006). Among the many bird species studied 

(Santos et al. 2011), the house sparrow (Passer domesticus) has become the classic 

textbook example of status signalling (Andersson 1994; Searcy & Nowicki 2005; Senar 

2006; Davies et al. 2012). The house sparrow is a sexually dimorphic passerine, in which 

the main difference between the sexes is a prominent black patch on the male’s throat and 

chest (hereafter “bib”). Many studies have suggested that bib size serves as a badge of 

status, but most studies are based on limited sample sizes, and have used inconsistent 

methodologies for measuring bib and dominance status (Nakagawa et al. 2007b; Santos et 

al. 2011). 

Meta-analysis is a powerful tool to quantitatively test the overall (across-study) 

effect size (i.e. the “meta-analytic mean”) for a specific hypothesis, it is therefore able to 

provide more robust conclusions than single studies, and is increasingly used in 

evolutionary ecology (Nakagawa & Poulin 2012; Nakagawa & Santos 2012; Senior et al. 

2016). Traditional meta-analyses combine summary data across different studies, where 

design and methodology are study-specific (e.g. effect sizes among studies are typically 

adjusted for different fixed effects). These differences among studies are expected to 
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increase heterogeneity, and therefore, the uncertainty of the meta-analytic mean 

(Mengersen, Gurevitch & Schmid 2013). Meta-analysis of primary or raw data is a 

specific type of meta-analysis where studies can be analysed in a consistent manner 

(Mengersen et al. 2013). This type of meta-analysis allows methodology to be 

standardized so that comparable effect sizes can be obtained across studies and is, 

therefore, considered the gold standard in disciplines such as medicine (Simmonds et al. 

2005). Unfortunately, meta-analysis of primary data is still rarely used in evolutionary 

ecology (but see Barrowman et al. 2003; Richards & Bass 2005; Krasnov et al. 2009), 

perhaps due to the difficulty of obtaining the primary data of previously published studies 

(Schmid et al. 2003).  

An important feature of any meta-analysis is to identify the existence of bias in the 

literature (Nakagawa & Santos 2012; Jennions et al. 2013). For example, publication bias 

occurs whenever particular effect sizes (e.g. larger ones) are more likely found in the 

literature than others (e.g. smaller ones). This is likely when statistical significance and/or 

direction of effect sizes determines whether results were submitted or accepted for 

publication (Jennions et al. 2013). Thus, publication bias can strongly affect the estimation 

of the meta-analytic mean, and distort the interpretation of the hypothesis (Rothstein et al. 

2005). Fortunately, methods have been developed to identify this and other biases 

(Nakagawa & Santos 2012; Jennions et al. 2013). However, such tests for publication bias 

are imperfect, dependent on the number of effect sizes available, and therefore should be 

considered as types of sensitivity analysis (Nakagawa & Santos 2012; Nakagawa et al. 

2017). 

Here we meta-analytically assessed the textbook example of the status signalling 

hypothesis in the house sparrow. Specifically, we combined summary and primary data 

from published and unpublished studies to test the prediction that bib size is positively 

associated with dominance rank across studies. We found that the meta-analytic mean was 

small, uncertain and overlapped zero. Hence, our results challenge the status signalling 

function of the male house sparrow’s bib. Also, we identified several biases in the 

published literature that call for substantial changes in scientific publication culture. 

Finally, we discuss potential biological explanations for our results, and provide advice for 

future studies testing the status signalling hypothesis. 
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3.3. Materials and Methods 

3.3.1. Systematic review 

We used several approaches to maximize the identification of relevant studies. First, we 

included all studies reported in a previous meta-analysis that tested the relationship 

between dominance rank and bib size in house sparrows (Nakagawa et al. 2007b). Second, 

we conducted a keyword search on the Web of Science, PubMed and Scopus from 2006 to 

June 2017 to find studies published after (Nakagawa et al. 2007b), using the combination 

of keywords [“bib/badge”, “sparrow”, “dominance/status/fighting”]. Third, we screened 

all studies on house sparrows used in a meta-analysis that tested the relationship between 

plumage ornamentation and dominance across species (Santos et al. 2011) to identify 

additional studies that we may have missed in our keyword search. We screened titles and 

abstracts of all articles and removed the irrelevant articles before examining the full texts. 

We followed the preferred reporting items for systematic reviews and meta-analyses 

(PRISMA: Moher et al. 2009; see Supplementary Information 3.1). We only included 

articles in which dominance was directly inferred from agonistic dyadic interactions over 

resources such as food, water, sand baths or roosting sites (Table S3.1). 

3.3.2. Summary data extraction 

Some studies had more than one effect size estimate per group of birds studied. When the 

presence of multiple estimates was due to the use of different statistical analyses on the 

same data, we chose a single estimate based on the following order of preference: (1) 

direct reports of effect size per group of birds studied (e.g. correlation coefficient), (2) 

inferential statistics (e.g. t, F and χ2 statistics) from analyses where group ID was 

accounted for and no other fixed effects were included, (3) direct reports of effect size 

where individuals from different groups where pooled together, (4) inferential statistics 

from models including other fixed effects. When the presence of multiple estimates was 

due to the use of different methods to estimate bib size and dominance rank on the same 

data, we chose a single estimate per group of birds or study based on the order of 

preference shown in Supplementary Information 3.2. 

3.3.3. Primary data acquisition 

We requested primary data (i.e. agonistic dyadic interactions and bib size measures) of all 

relevant studies identified by our systematic review. Additionally, we asked authors to 

share, if available, any unpublished data that could be used to test the relationship between 

dominance rank and bib size in house sparrows. We emailed the corresponding author, but 
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if no reply was received, we tried contacting all the other authors listed. One study (Møller 

1987) provided all primary data in the original publication and, therefore, its author was 

not contacted.  

Most studies recorded data from more than one group of birds (Table 3.1). For 

each primary dataset obtained, we inferred the dominance hierarchy of each group of birds 

from the observed agonistic dyadic interactions (wins and losses) between individuals 

using the randomized Elo-rating method (Sánchez-Tójar, Schroeder & Farine 2017b). We 

then used the provided measures of individual bib size (e.g. area outlined from pictures) 

or, if possible, calculated bib area from length and width measures following (Møller 

1987). Subsequently, we estimated the Spearman’s rho rank correlation (ρ) between 

individual rank and bib size for each group of birds. For one study (Buchanan et al. 2010), 

we received the already inferred dominance hierarchies for each group of birds, which we 

then correlated with bib size to obtain ρ.  

3.3.4. Effect size coding 

Regardless of their source (primary or summary data), we transformed all estimates (e.g. 

ρ, F statistics, etc) into Pearson’s correlation coefficients (r), and then into standardized 

effect sizes using Fisher’s transformation (Zr) for between-study comparison. We used the 

equations from (Nakagawa & Cuthill 2007) and (Lajeunesse 2013). Since log(0) is 

undefined, r values equal to 1 and -1 were transformed to 0.975 and -0.975, respectively, 

before calculating Zr. Zr values of 0.100, 0.310 and 0.549 were considered small, medium 

and large effect sizes, respectively (equivalent benchmarks from Cohen 1988). When not 

reported directly, the number of individuals (n) was estimated from the degrees of 

freedom. The variance in Zr was calculated as: VZr = 1/(n-3). All estimates (k) based on 

less than 4 individuals were discarded (k = 33 estimates discarded).  

3.3.5. Meta-analyses 

We ran two multilevel meta-analyses to test whether bib size and dominance rank are 

positively correlated across studies. The first meta-analysis, “meta 1”, included published 

and unpublished (re-)analysed effect sizes (i.e. effect sizes estimated from the studies we 

obtained primary data from), plus the remaining published effect sizes obtained from 

summary data (i.e. effect sizes for which primary data were unavailable). 

Second, three studies reported “statistically non-significant” results without 

showing either the magnitude or the direction of the estimates (Table 3.1). Receipt of 

primary data allowed us to recover some but not all the originally non-reported estimates. 
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Two “non-significant” estimates were still missing. To test the robustness of the results to 

those two cases of selective reporting, we ran an additional meta-analysis (see 

Booksmythe et al. 2017 for a similar approach). This second meta-analysis, “meta 2”, was 

like meta 1 but included the two non-significant non-reported estimates, which were 

assumed to be 0. Note that non-significant estimates can be either negative or positive, and 

thus, assuming that they were 0 may have either underestimated or overestimated these 

two estimates, something we cannot know from non-reported estimates. Meta-analyses 

based on published studies only are shown in Supplementary Information 3.3.  

We investigated inconsistency across studies by estimating the heterogeneity (I2) 

from our meta-analyses following (Nakagawa & Santos 2012). I2 values around 25, 50 and 

75% are considered as low, moderate and high levels of heterogeneity, respectively 

(Higgins et al. 2003). 

3.3.6. Meta-regressions 

We tested if season, group composition and/or the type of interactions recorded had an 

effect on the meta-analytic mean. For that, we ran two multilevel meta-regressions that 

included the following moderators (hereafter “biological moderators”): (1) “season”, 

referring to whether the study was conducted during the non-breeding (Sep-Feb) or the 

breeding season (Mar-Aug); (2) “group composition”, referring to whether birds were kept 

in male-only or in mixed-sex groups; and, (3) “type of interactions”, referring to whether 

the dyadic interactions recorded were only aggressive (e.g. threats and pecks), or also 

included interactions that were not obviously aggressive (e.g. displacements). Because 

only 3 of 19 studies (k = 12 estimates; Table 3.1) were conducted in the wild, we did not 

include a moderator testing for captive versus wild environments. The three biological 

moderators were mean-centred following (Schielzeth 2010) to aid interpretation. 

The ratio of agonistic dyadic interactions recorded to the total number of 

interacting individuals observed (hereafter “sampling effort”) is a measure of sampling 

effort that correlates positively and logarithmically with the ability to infer the latent 

dominance hierarchy (Sánchez-Tójar et al. 2017b). The higher this ratio, the more 

precisely the latent hierarchy can be inferred (Sánchez-Tójar et al. 2017b). For the subset 

of studies for which the primary data of the agonistic dyadic interactions were available 

(12 out of 19 studies; Table 3.1), we ran a multilevel meta-regression including sampling 

effort and its squared term as z-transformed moderators (Schielzeth 2010). The squared 

term was included because of the observed logarithmic relationship between sampling 
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effort and the method’s performance (Sánchez-Tójar et al. 2017b). This meta-regression 

tested whether sampling effort had an effect on the meta-analytic mean.  

For all meta-regressions, we estimated the percentage of variance explained by the 

moderators (R2
marginal) following (Nakagawa & Schielzeth 2013). 

3.3.7. Random effects 

All meta-analyses and meta-regressions included the two random effects “population ID” 

and “study ID”. Population ID was related to the geographical location of the population 

of birds studied. We used Google maps to roughly estimate the distance over land (i.e. 

avoiding large water bodies) between populations, and assumed the same population ID 

when the estimated distance was below 50 km (13 populations; Table 3.1). Study ID 

encompassed those estimates obtained within each specific study (19 studies). Two studies 

tested the prediction twice for the same groups of birds (Table 3.1) and, within each 

population, some individuals may have been sampled more than once. However, we could 

not include “group ID” and/or “individual ID” as additional random effects due to either 

limited sample size or because the relevant data were not available.  

3.3.8. Detection of publication bias 

For the meta-analyses, we assessed publication bias using two methods that are based on 

the assumption that funnel plots should be symmetrical. First, we visually inspected 

asymmetry in funnel plots of meta-analytic residuals against the inverse of their precision 

(defined as the square root of the inverse of VZr). Funnel plots based on meta-analytic 

residuals (the sum of effect-size-level effects and sampling-variance effects) are more 

appropriate than those based on effect sizes when multilevel models are used (Nakagawa 

& Santos 2012). Second, we ran Egger’s regressions using the meta-analytic residuals as 

the response variable, and the precision (see above) as the moderator (Nakagawa & Santos 

2012). If the intercept of such a regression does not overlap zero, estimates from the 

opposite direction to the meta-analytic mean might be missing and hence we consider this 

evidence of publication bias (Nakagawa & Santos 2012). Further, we tested whether 

published estimates differed from unpublished estimates. For that, we ran a multilevel 

meta-regression that included population ID and study ID as random effects, and 

“unpublished” (two levels: yes (0), no (1)) as a moderator. This meta-regression was based 

on meta 1 (i.e. it did not include the two non-reported estimates). We did not use the trim-

and-fill method (Duval & Tweedie 2000a; b) because this method has been advised 
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against when significant heterogeneity is present (Moreno et al. 2009; Jennions et al. 

2013), as it was the case in our meta-analyses (see below). 

Finally, we analysed temporal trends in effect sizes that could indicate “time-lag 

bias”. Time-lag bias is common in the literature (Poulin 2000; Jennions & Møller 2002a), 

and occurs when the effect size of a specific hypothesis is negatively correlated with 

publication date (i.e. the effect size decreases over time; (Trikalinos & Ioannidis 2005)). 

We ran a multilevel meta-regression based on published effect sizes only, where “year of 

publication” was included as a z-transformed moderator (Nakagawa & Santos 2012).  

All analyses were run in R v. 3.4.0 (R Core Team 2017). We inferred individual 

dominance ranks from dyadic interactions using the R package “aniDom” v. 0.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b). Additionally, we described the 

dominance hierarchies observed in the groups of house sparrows for which primary data 

was available. For that we estimated the uncertainty of the dominance hierarchies using 

the R package “aniDom” v. 0.1.3 (Farine & Sánchez-Tójar 2017; Sánchez-Tójar et al. 

2017b) and the triangle transitivity (McDonald & Shizuka 2013) using the R package 

“compete” 3.1.0 (Curley 2016). We used the R package “MCMCglmm” v. 2.24 (Hadfield 

2010) to run the multilevel meta-analytic (meta-regression) models (Hadfield & 

Nakagawa 2010). For each meta-analysis and meta-regression, we ran three independent 

MCMC chains for 2 million iterations (thinning = 1800, burn-in = 200,000) using inverse-

Gamma priors (V = 1, nu = 0.002). Model chains were checked for convergence and 

mixing using the Gelman-Rubin statistic. The auto-correlation within the chains was < 0.1 

in all cases. For each meta-analysis and meta-regression, we chose the model with the 

lowest DIC value to extract the posterior mean and its 95% highest posterior density 

intervals (hereafter 95% credible interval). 

3.4. Results 

Overall, we obtained the primary data for 7 of 13 (54%) published studies, and we 

provided data for 6 additional unpublished studies (Table 3.1, Supplementary Information 

3.1. and 3.2.).  

3.4.1. Dominance hierarchies 

Mean sampling effort was 36 interactions/individual (SD = 24), which highlights that, 

overall, dominance hierarchies were inferred reliably across groups (Sánchez-Tójar et al. 

2017b). Mean Elo-rating repeatability was 0.92 (SD = 0.07) and mean triangle transitivity  
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Table 3.1. Studies used in the meta-analyses and meta-regressions testing the across-study relationship 
between dominance rank and bib size in male house sparrows. 

Study ID Reference Population 
ID 

Primary 
data? 

Number 
of 

groups1 

Total 
number 
of males2 

Comments 

1 Ritchison 
1985 

Kentucky 
(captivity) No 3 35  

2 Møller 
1987 

Denmark 
(wild) Yes 3 37  

3 
Andersson 
& Åhlund 
1991 

Sweden 
(captivity) No 10 20 

Estimate originally 
reported as statistically 
non-significant. 

4 
Solberg & 
Ringsby 
1997 

Norway 
(captivity) Yes 5 44 

 

5 Liker & 
Barta 2001 

Hungary 
(captivity) Yes 1 10  

6 Gonzalez 
et al. 2002 

Spain 
(captivity) No 8 41  

7 Hein et al. 
2003 

Kentucky 
(wild) Yes 4 39  

8 Riters et 
al. 2004 

Wisconsin 
(captivity) No 4 20  

9 Lindström 
et al. 2005 

New Jersey 
(captivity) No 4 28 

Author shared processed 
data, but group ID was 
unavailable, so data were 
not re-analysed. 

10 Bókony et 
al. 2006 

Hungary 
(captivity) Yes 2 19  

11 Buchanan 
et al. 2010 

Scotland 
(captivity) No 14 

5 
56 
20 

Groups were tested twice. 
Post-breeding estimates 
originally reported as 
statistically non-
significant.  

12 Dolnik & 
Hoi 2010 

Austria 
(captivity) No 4 

4 
31 
31 

Groups were tested twice. 
Pre-infection estimates 
originally reported as 
statistically non-
significant. 

13 
Rojas 
Mora et al. 
2016 

Switzerland 
(captivity) Yes 14 56 

 

14 Lendvai et 
al. 

Hungary 
(captivity) Yes 4 46 

Unpublished data part of: 
Lendvai et al. 2004; 
Bókony et al. 2012  

15 Tóth et al. Hungary 
(captivity) Yes 3 35 

Unpublished data part of: 
Tóth et al. 2009; Bókony 
et al. 2012  

16 Bókony et 
al. 

Hungary 
(captivity) Yes 4 26 

Unpublished data part of: 
Bókony, Kulcsár & Liker 
2010; Bókony et al. 2012 

17 Sánchez-
Tójar et al.  

Germany 
(captivity) Yes 4 95 Unpublished study 

conducted in 2014. 

18 
 

Sánchez-
Tójar et al.  

Lundy 
Island 
(wild) 

Yes 7 172 
Unpublished study 
conducted from 2013-
2017. 

19 Westneat  Kentucky 
(captivity) Yes 10 40 Unpublished study 

conducted in 2005. 
1 for primary data = yes, groups of birds containing less than 4 individuals were not included (see Materials 
and Methods).2 Note: since most studies analysed more than one group of birds, the total number of males is 
different from group size in most cases (see below). 
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was 0.63 (SD = 0.28). Thus, the dominance hierarchies observed across groups of house 

sparrows were of medium both steepness and transitivity.  

3.4.2. Meta-analytic mean  

Our meta-analyses revealed a small overall effect size with large 95% credible intervals 

that overlapped zero (Table 3.2; Figure 3.1). Additionally, the overall heterogeneity 

(I2
overall) was moderate (53%; Table 3.2). Thus, our results suggested that bib size is not a 

strong, general predictor of dominance status in male house sparrows. 

Table 3.2. Results of the multilevel meta-analyses on the relationship between dominance rank and bib size 
in male house sparrows. Additionally, the results of the Egger’s regressions are shown. Estimates are 
presented as standardized effect sizes using Fisher’s transformation (Zr). Both meta 1 and meta 2 include 
published and unpublished estimates, with meta 2 including two non-reported estimates assumed to be zero 
(see section “Meta-analyses”). 

Meta-
analysis k 

Meta-analytic 
mean 

[95% CrI] 

I2population ID 

[95% CrI] 
(%) 

I2study ID 

[95% CrI] 
(%) 

I2overall 

[95% CrI] 
(%) 

Egger’s 
regression 
[95% CrI] 

meta 1 85 0.23 
[-0.01,0.45] 

16 
[0,48] 

21 
[0,51] 

53 
[33,73] 

-0.13 
[-0.59,0.27] 

meta 2 87 0.20 
[-0.01,0.40] 

15 
[0,46] 

20 
[0,49] 

53 
[34,74] 

-0.12 
[-0.55,0.28] 

k = number of estimates; CrI = credible intervals; I2 = heterogeneity. 

 

 

Figure 3.1. Forest plot showing the small across-study effect size for the relationship between dominance 

rank and bib size in male house sparrows. Both meta 1 and meta 2 include published and unpublished 

estimates, with meta 2 including two non-reported estimates assumed to be zero (see section “Meta-

analyses”). We show posterior means and 95% credible intervals from multilevel meta-analyses. Estimates 

are presented as standardized effect sizes using Fisher’s transformation (Zr). Light, medium and dark grey 

show small, medium and large effect sizes, respectively (Cohen 1988). k is the number of estimates. 
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3.4.3. Moderators of the relationship between dominance rank and bib size 

None of the three biological moderators studied (season, group composition and type of 

interactions) explained differences among studies (Table 3.3). Sampling effort (i.e. the 

ratio of interactions to individuals recorded) was not an important moderator either (Table 

3.3). 

Table 3.3. Results of the multilevel meta-regressions testing the effect of several moderators on the 
relationship between dominance rank and bib size in male house sparrows. Estimates are presented as 
standardized effect sizes using Fisher’s transformation (Zr). 

 

k = number of estimates; CrI = credible intervals; R2
marginal = percentage of variance explained by the 

moderators. The factors season (non-breeding: 0, breeding: 1), group composition (mixed-sex: 0, male-only: 
1), and type of interactions (all: 0, aggressive-only: 1) were mean-centred, and the covariates “sampling 
effort” and its squared term were z-transformed. 

3.4.4. Detection of publication bias 

There was no clear asymmetry in the funnel plots (Figure 3.2). Also, Egger’s regressions 

tests did not show evidence of funnel plot asymmetry in any of the meta-analyses (Table 

3.2 and S3.4). However, published effect sizes were much larger than unpublished ones, 

and the latter were not different from zero (Table 3.4; Figure 3.3). Additionally, we found 

evidence for a time-lag bias in the published literature as effect sizes decreased over time 

(Table 3.4; Figure 3.4).  

Table 3.4. Results of the multilevel meta-regressions testing for time-lag and publication bias in the 
literature on status signalling in male house sparrows. Estimates are presented as standardized effect sizes 
using Fisher’s transformation (Zr). Credible intervals not overlapping zero are highlighted in bold.  

Meta-regression Estimates Mean [95% CrI] 
time-lag bias intercept 0.26 [0.03,0.57] 

(k = 53) year of publication -0.21 [-0.41,-0.01] 
 R2

marginal = 29 [0,66] 
published vs.  intercept -0.09 [-0.37,0.18] 

unpublished (k = 85) publisheda 0.50 [0.19,0.81] 
 R2

marginal = 38 [0,68] 
k = number of estimates; CrI = credible intervals; R2

marginal = percentage of variance explained by the 
moderators; a relative to unpublished. Year of publication was z-transformed. 

Meta-regression Estimates Mean [95% CrI] 
meta 1 intercept 0.17 [-0.11,0.46] 
(k = 85) season -0.11 [-0.41,0.21] 
 group composition 0.14 [-0.34,0.59] 
 type of interactions 0.33 [-0.17,0.91] 
 R2

marginal = 23 [2,48] 
meta 2 intercept 0.15 [-0.10,0.45] 
(k = 87) season -0.08 [-0.42,0.22] 
 group composition 0.12 [-0.32,0.62] 
 type of interactions 0.27 [-0.17,0.85] 
 R2

marginal = 20 [0,45] 
sampling effort intercept 0.24 [-0.15,0.55] 
(k = 61) sampling effort 0.11 [-0.49,0.74] 
 sampling effort2 -0.14 [-0.77,0.43] 
 R2

marginal = 8 [0,24] 
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Figure 3.2. Funnel plots of the meta-analytic residuals against their precision for the meta-analyses used to 

test the across-study relationship between dominance rank and bib size in male house sparrows. Both meta 1 

and meta 2 include published (blue) and unpublished (orange) estimates, with meta 2 including two 

additional non-reported estimates (grey; see section “Meta-analyses”). Estimates are presented as 

standardized effect sizes using Fisher’s transformation (Zr). Precision = square root of the inverse of the 

variance. 

 

 

Figure 3.3. Published effect sizes for the status signalling hypothesis in male house sparrows are larger than 

unpublished ones. We show posterior means and 95% credible intervals from a multilevel meta-regression. 

Estimates are presented as standardized effect sizes using Fisher’s transformation (Zr). Light, medium and 

dark grey show small, medium and large effects sizes, respectively (Cohen 1988). k is the number of 

estimates. 



58 
  
 

 

Figure 3.4. The overall published effect size for the status signalling hypothesis in male house sparrows has 

decreased over time since first described (k = 53 estimates from 12 publications). The solid blue line 

represents the model estimate, and the shading shows the 95% credible intervals of a multilevel meta-

regression based on published studies (see section “Detection of publication bias”). Estimates are presented 

as standardized effect sizes using Fisher’s transformation (Zr). Circle area represents the size of the group of 

birds tested to obtain each estimate, where light blue denotes estimates for which group size is inflated due 

to birds from different groups being pooled, as opposed to dark blue where group size is accurate.  

3.5. Discussion 

The male house sparrow’s bib is not the strong across-study predictor of dominance status 

once believed. In contrast to the medium-to-large effect found in the previous meta-

analysis (Nakagawa et al. 2007b), our updated meta-analytic mean was small, uncertain 

and overlapped zero. Thus, the male house sparrows’ bib should not be unambiguously 

considered as or called a badge of status. Furthermore, we found strong evidence for the 

existence of bias in the published literature that further undermines the validity of the 

available support for the status signalling hypothesis. First, the meta-analytic mean of 

unpublished studies was essentially zero, compared to the medium effect size detected in 

published studies. Second, we found evidence for a time-lag bias. The effect size 

estimated in published studies has been decreasing over time, and recently published 

effects were on average no longer distinguishable from zero. Our findings call for 

reconsidering this textbook example in evolutionary and behavioural ecology, raise 

important concerns about the validity of the current scientific publishing culture, and 

should stimulate renewed attention to hypotheses explaining within-species variation in 

ornamentation.  
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The status signalling hypothesis (Rohwer 1975) has been extensively tested to try 

and explain intraspecific trait variation (e.g. reptiles: Whiting et al. 2003; insects: Tibbetts 

& Dale 2004; humans: Dixson & Vasey 2012), particularly plumage variation (Santos et 

al. 2011). Soon after the first empirical tests on birds, the black bib of house sparrows 

became a textbook example of the status signalling hypothesis (Andersson 1994; Searcy & 

Nowicki 2005; Senar 2006; Davies et al. 2012), an idea that was later confirmed meta-

analytically (Nakagawa et al. 2007b). However, (Nakagawa et al. 2007b)’s meta-analytic 

mean was over-estimated due to the few low-powered studies available (9 studies; Button 

et al. 2013). Here we updated that meta-analysis with newly published and unpublished 

data. Our results showed that the overall effect size is much smaller and much more 

uncertain than previously thought. The status signalling hypothesis is thus no longer a 

compelling explanation for the evolution of bib size across populations of house sparrows. 

Similar contradicting conclusions have been reported for other model species. An 

exhaustive review and meta-analysis on plumage coloration of blue tits (Cyanistes 

caeruleus) revealed that, after dozens of publications studying the function of plumage 

ornamentation in this species, the only robust conclusion is that females’ plumage differs 

from that of males (Parker 2013). Another example is the long-believed effect of leg bands 

of particular colours on the perceived attractiveness of male zebra finches (Taeniopygia 

guttata), which has been also experimentally and meta-analytically refuted (Wang et al. In 

press; Seguin & Forstmeier 2012). Finally, the existence of a badge of status in a non-bird 

model species, the paper wasp (Polistes dominulus; Tibbetts & Dale 2004) has also been 

challenged multiple times (e.g. Cervo et al. 2008; Green & Field 2011; Green et al. 2013), 

generating doubts about its generality. Our findings corroborate studies showing that 

abundant replication is needed before any strong or general conclusion can be drawn 

(Aarts et al. 2015), and highlight the existence of important impediments to scientific 

progress in ecology. 

Indeed, our results showed that the published literature on status signalling in 

house sparrows is likely a biased subsample. The main evidence for this is that the mean 

effect size of unpublished studies was essentially zero and clearly different from the mean 

effect size based of published studies, which was of medium size. Furthermore, this 

moderator (i.e. unpublished vs. published) explained a large percentage of the model’s 

variance. In some of our own unpublished datasets, the relationship between dominance 

rank and bib size was never formally tested (Westneat & Bókony, personal 

communication), suggesting that these unpublished datasets are not strictly speaking 
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examples of the “file drawer problem” (sensu Rosenthal 1979). Egger’s regressions failed 

to detect any funnel plot asymmetry, even in the meta-analyses based on published effect 

sizes only (Table S3.4). However, because unpublished data indeed existed (i.e. those 

obtained for this study), the detection failure was likely the consequence of the limited 

number of available estimates (Sterne & Egger 2005).  

An additional common bias in the published literature is the time-lag bias 

(Trikalinos & Ioannidis 2005). We detected evidence for such bias because the correlation 

between dominance rank and bib size in published studies has decreased over time. Year 

of publication explained a large percentage of variance, and accounting for year of 

publication resulted in a strong reduction of the mean effect size across published studies 

(Table 3.4 vs. Table S3.4). Time-lag bias has been detected in other ecological studies 

(Poulin 2000; Jennions & Møller 2002a), including a meta-analysis on status signalling 

across bird species (Santos et al. 2011). In the latter, a positive overall (across-species) 

effect size persisted regardless of the time-lag bias, and no strong evidence for other types 

of biases was found (Santos et al. 2011). However, (Santos et al. 2011) did not attempt to 

analyse unpublished data, so additional evidence is needed to determine the effect that 

unpublished data have on the overall validity of the status signalling hypothesis across 

bird species. If effect sizes based on unpublished data for other species were of similar 

magnitude than those obtained for house sparrows, the validity of the status signalling 

hypothesis across species would need reconsideration. The existence of publication bias in 

ecology has long been recognized (Palmer 2000; Jennions & Møller 2002b; Cassey et al. 

2004). Publication bias leads to false conclusions if not accounted for (Rothstein et al. 

2005), and is, thus, a serious impediment to scientific progress.  

In addition to estimating the overall effect size for a hypothesis, meta-analyses can 

also assess differences among estimates or heterogeneity (Higgins & Thompson 2002; 

Higgins et al. 2003). Understanding the sources of heterogeneity is an important step 

towards the correct interpretation of a meta-analytic mean, and it can be done using meta-

regressions (Nakagawa & Santos 2012). Here, we found that the percentage of variance 

that was not attributable to sampling error (i.e. heterogeneity) was moderate. This value is 

below what has been quantified in ecological and evolutionary meta-analyses (Senior et 

al. 2016), and indicates that we accounted for large differences among estimates. Our 

meta-regressions based on biological moderators explained 20-23% of the variance (Table 

3.3). However, none of the biological moderators that we tested had a strong influence on 
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the overall effect size (i.e. credible intervals overlapped zero in all cases), but this might 

be because of limited sample sizes. 

The badge of status idea is more subtle than typically portrayed (Diep & Westneat 

2013). While the evolution of badges of status in New and Old World sparrows has been 

related to sociality during the non-breeding season (Tibbetts & Safran 2009), additional 

factors need to be involved if the signal is to function in reducing aggression but retain 

honesty. A recent study on black-crested titmice (Baeolophus atricristatus) suggested that 

badges of status might function only during high-competition scenarios (Queller & 

Murphy 2017), e.g. typical winter conditions. However, time of the year was not a strong 

predictor in our models, though most studies were conducted in captivity, where food is 

normally provided ad libitum. Badges of status are expected to function both within and 

between sexes (Rohwer 1975; Senar 2006). Indeed, we found little evidence that the status 

signalling function of bib size differed between male-only and mixed-sex flocks. 

Interestingly, when competing for resources, possessing a badge of status would be 

beneficial for both males and females. However, males but not female house sparrows 

have a bib. This sexual dimorphism suggests that the bib’s function is likely more 

important when competing for resources other than essential, a priori non-sex-specific, 

resources such as food, water, sand baths and roosting sites. Møller (1988, 1989) reported 

that female house sparrows preferentially choose males with large bibs (but see Kimball 

1996), and bib size has been positively correlated with sexual behaviour (Møller 1990; 

Veiga 1996), which suggests that the bib may play a role in mate choice. Furthermore, the 

original status signalling hypothesis posits that the main benefit of using badges of status 

would be to avoid fights, which should be particularly important when interacting with 

non-familiar individuals (Rohwer 1975; Senar 2006). Although we did not have data to 

test whether unfamiliarity between contestants is an important pre-requisite for the status 

signalling hypothesis, we found no change in mean effect size when only obviously 

aggressive interactions were studied (e.g. fights). In practice, testing whether the bib is 

more important in mediating aggression between unfamiliar individuals is difficult 

because the certainty of estimates of individual dominance increases over time (via more 

contests recorded), but so does familiarity between individuals. 

Our analyses have several potential limitations. First, although the number of 

studies included in this meta-analysis is more than double that of the previous meta-

analysis (Nakagawa et al. 2007b), it is still limited. Also, it is likely (see above) that 

additional unpublished data are stored in “file drawers” (sensu Rosenthal 1979). Second, 
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most tests included in this study were still low-powered in terms of group size (median = 6 

individuals/estimate, range = 4-41), and the sample size is inflated because some of the 

published studies pooled individuals from different groups (see Figure 3.4). Third, 

although our results showed little evidence of an effect of sampling effort on the overall 

effect size, the quality of the data on dominance and bib size may still be a potential factor 

explaining differences between studies. Additionally, data from studies not specifically 

designed to test the status signalling hypothesis (such as some of the unpublished data) 

may be less prone to confirmation bias (Forstmeier, Wagenmakers & Parker 2017), 

although other unknown factors might affect the adequacy of such data for testing the 

hypothesis. Fourth, experimental effect sizes will normally be larger, because effects of 

confounding factors can be reduced (Palmer 2000). However, our systematic review only 

identified two studies where the status signalling hypothesis was tested experimentally in 

house sparrows (Gonzalez et al. 2002; Diep 2012), preventing us from estimating the 

meta-analytic mean for experimental studies. Note, however, that the results of those 

experiments were inconclusive, and could be partially explained by the phenomenon 

known as regression to the mean (Forstmeier et al. 2017).  

There are some additional explanations for the small and uncertain effect detected 

by our meta-analyses. First, different populations might be under different selective 

pressures regarding status signalling. Indeed, the population-specific heterogeneity 

(I2
population ID) estimated in our meta-analyses was 15-16%, suggesting that population-

dependent effects might exist. Second, although none of the moderators had a strong 

influence on the overall effect size, the study-specific heterogeneity estimated in our meta-

analyses (I2
study ID = 20-21%) suggests that the uncertainty observed could still be 

explained by the status signal being context-dependent. Although context-dependence is 

often invoked to explain variation between studies, there is little evidence for it. Last, most 

studies testing the status signalling hypothesis in house sparrows are observational (Table 

3.1), and the only two experimental studies conducted so far were inconclusive (Gonzalez 

et al. 2002; Diep 2012). Thus, it cannot be ruled out that the weak correlation observed 

between dominance status and bib size is driven by a third, unknown variable. In this 

respect, it has been proposed that the association between melanin-based coloration (such 

as the bib; e.g. Galván et al. 2015; Galván & Alonso-Alvarez 2017) and aggression is due 

to pleiotropic effects of the genes involved in regulating the synthesis of melanin (Ducrest, 

Keller & Roulin 2008). Furthermore, bib size has been shown to correlate with 
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testosterone, a hormone often involved in aggressive behaviour (Gonzalez et al. 2001; but 

see Laucht, Kempenaers & Dale 2010). 

Future studies should shift the focus towards understanding the function of bib size 

in wild populations and increase considerably the number of birds studied per group. The 

latter is essential given that the number of individuals necessary to achieve statistically 

significant results (p < 0.05) for the small effect size estimated by our meta-analysis (Zr = 

0.20) with the 80% recommended statistical power (Cohen 1988) is 198 (Supplementary 

Information 3.4). This is far from the median number of individuals studied so far (n = 6 

individuals), which means that the statistical power of published tests of the status 

signalling hypothesis in house sparrows is alarmingly low (power = 8.5%, Supplementary 

Information 3.4) and lower than the average in behavioural ecology (Jennions & Møller 

2003).  

3.6. Conclusions 

In conclusion, our results challenge an established textbook example of the “badge of 

status” hypothesis to explain variation in ornament size. In house sparrows, we find no 

evidence that bib size consistently acts as a badge of status across studies and populations, 

and thus, this can no longer be considered a textbook example of the status signalling 

hypothesis. Furthermore, our analyses highlight the existence of publication and time-lag 

biases in the published literature, further undermining the validity of past conclusions. 

Bias against the publication of small (“non-significant”) effects hinders scientific progress. 

We thus join the call for a change in incentives and scientific culture in ecology and 

evolution (Nakagawa & Parker 2015; Parker et al. 2016; Forstmeier et al. 2017; Ihle et al. 

2017). 
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Data Accessibility 

We provide all of the R code and data used for our analyses (Sánchez-Tójar et al. 2018). 
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4.1. Abstract 

In populations organized hierarchically, top-ranking individuals are expected to have 

priority access to resources, and thus, higher fitness than low-ranking individuals. This 

prediction is supported in cooperative breeding species but less so in non-cooperative 

breeders. Furthermore, close to nothing is known about individual consistency and 

heritability of social dominance. Here, we estimated additive genetic and permanent 

environment effects on social dominance. Then, we tested whether social dominance 

predicts two fitness components: survival and reproductive success. We used a 28-year 

pedigree of a wild population of house sparrows (Passer domesticus). Social dominance 

was assessed from 11,063 agonistic interactions among 453 individuals (215 females and 

238 males) over four years, obtaining a total of 817 behavioural phenotypes. We found 

that, although social dominance is heritable in wild house sparrows, its fitness 

consequences are unclear.  Social dominance did not predict either reproductive success or 

survival to the following season. Our results suggest that the fitness consequences of 

social dominance are unclear in house sparrows. We discuss potential factors affecting the 

relationship between fitness and social dominance, and its evolutionary consequences.  
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4.2. Introduction 

Dominance hierarchies are widespread in nature. Arthropod, fish, bird and mammal 

populations are often organized hierarchically (Choe 1994; Herberholz, Mccurdy & 

Edwards 2007; Polačik & Reichard 2009; Majolo et al. 2012b; Hobson & DeDeo 2015; 

Bush et al. 2016). In a dominance hierarchy, resources are unequally distributed, with the 

top-ranking individuals monopolizing them (Franck & Ribowski 1993; Herberholz et al. 

2007; Willisch & Neuhaus 2010). This inequality can lead to an association between 

hierarchy position, or dominance rank, and differences among individuals in physiology 

(Abbott et al. 2003; Creel et al. 2013), behaviour (Colléter & Brown 2011; Shimmura et 

al. 2015) and health (Sapolsky 2005; Habig & Archie 2015). One prediction from a 

hierarchical organization is that top-ranking individuals achieve higher fitness than low-

ranking individuals (e.g. Lahti 1998). This prediction is supported in cooperative breeding 

species such as Galápagos mockingbirds (Nesomimus parvulus), African wild dogs 

(Lycaon pictus) and meerkats (Suricata suricatta), where top-ranking individuals 

monopolize reproduction by suppressing it in low-ranking individuals (Curry 1988; Creel 

et al. 1997; Young et al. 2006). However, the relationship between fitness and dominance 

rank is less straightforward in non-cooperative breeders, with patterns varying among 

species (reviewed by Ellis 1995, Qvarnström and Forsgren 1998, Majolo et al. 2012). 

In addition to quantifying the fitness consequences of dominance rank, we also 

need to understand its genetic basis to fully understand its evolutionary consequences. 

Only if a trait is heritable can adaptive evolution take place. Social dominance is an 

interactive trait because it is inferred from dyadic agonistic interactions between 

individuals (Drews 1993), and this has elicited discussions about whether the heritability 

of social dominance is quantifiable (Barrette 1987; Drews 1993). The problem is that 

every time there is a winner, there is a loser too. Therefore, the population average social 

dominance cannot change, and thus, we cannot estimate the selection coefficient on this 

trait. This paradox may be solved by the inclusion of indirect genetic effects (i.e. effects of 

an individual’s genotype on another individual’s phenotype; reviewed by Moore et al. 

1997, Wolf et al. 1998), showing that social dominance can evolve by social selection, and 

that its heritability is expected to be low due to genetic constraints (Moore et al. 2002, 

Wilson et al. 2009, Sartori and Mantovani 2012; reviewed by van der Kooij and Sandi 

2015). The heritability of social dominance has been demonstrated in laboratory 

populations (e.g. Craig et al. 1965, Nol et al. 1996), but whether that holds true in wild 

populations is not well known (but see Wilson et al. 2011).  
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Birds are model species in the study of dominance hierarchies (reviewed by Piper 

1997, Senar 2006, Santos et al. 2011). However, the fitness consequences of social 

dominance, and the genetic basis of it are still unknown for most avian species. This 

contrasts with the great effort dedicated to the study of the fitness consequences of social 

dominance in other taxa (reviewed by Ellis 1995, Majolo et al. 2012). The lack of 

knowledge most likely reflects the difficulties of obtaining accurate pedigrees, fitness 

estimates, and sufficient social dominance data in wild bird populations. As yet, most 

studies found a positive effect of social dominance on fitness in birds, mostly through 

improved survival (Piper 1997), but no effect (Lambert et al. 1994, Koivula et al. 1996), 

unclear (Brown et al. 1997; Schubert et al. 2007, 2008) and negative relationships 

(Verhulst & Salomons 2004) of social dominance with reproductive success and/or 

survival have also been observed. Additionally, most studies were conducted in open 

populations where reproductive success, survival and the exact age of individuals cannot 

be precisely measured. A long-term study with precise fitness estimates is thus needed to 

better understand the relationship between social dominance and fitness in wild birds. 

Among birds, house sparrows (Passer domesticus) are a model species for the 

study of dominance status signalling (Andersson 1994; Searcy & Nowicki 2005; Senar 

2006; Nakagawa et al. 2007b; Davies et al. 2012). However, no study has yet tested 

whether social dominance predicts fitness, or whether social dominance is heritable in 

house sparrows. That is, we do not fully understand the evolutionary consequences of 

social dominance in this species. Here, we test two hypotheses in a wild pedigreed 

population of house sparrows with known individual age: (1) social dominance has a 

genetic basis and (2) top-ranking individuals have higher fitness than low-ranking 

individuals. Our results show that social dominance, though heritable, does not seem to 

predict fitness in this population of house sparrows.  

4.3. Materials and methods 

4.3.1. Study system 

The house sparrow is a non-migratory, gregarious and socially monogamous passerine. 

House sparrows are social throughout the year; they breed in loose colonies, roost 

communally and feed in flocks (Anderson 2006). This study was carried out in a wild 

population located on Lundy Island (more in, e.g., Hsu et al. 2015, Simons et al. 2015), 19 

km off the coast in the Bristol Channel (United Kingdom).  
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Most house sparrows on Lundy Island breed in nest-boxes (Sánchez-Tójar et al. 

2017c). The remote location of the island, the sedentary nature of house sparrows 

(Bengtson et al. 2004) and our intensive monitoring since 2000 allowed us to: (1) fit 

almost all individuals living on Lundy with a metal ring from the British Trust for 

Ornithology, a unique combination of colour rings and a passive integrated transponder 

(hereafter transponder; Schroeder et al. 2011); (2) determine the exact age and longevity 

of most individual sparrows; and (3) DNA sample and genotype most individuals (details 

on general procedures in Schroeder et al. 2012a, Hsu et al. 2015). This comprehensive 

monitoring allowed us to assemble a precise, and near-complete, genetic and social 

pedigree, and to obtain exceptionally precise fitness estimates for a wild population (e.g. 

Winney et al. 2017). Additionally, the day after hatching we cross-fostered nestlings 

among available broods as described in Winney et al. (2015). As a result, more than 50% 

of the nestlings are normally raised by foster parents. This cross-fostering has no fitness 

consequences (Winney et al. 2015). Cross-fostering is an important experimental 

procedure for this study because it allows us to separate environmental from genetic 

effects, and thus, it allows to estimate heritability accurately (see below; Kruuk and 

Hadfield 2007). 

4.3.2. Social dominance set up and analysis 

We collected social dominance data during the non-breeding (from mid-November to mid-

February) and breeding season (from mid-March to mid-July) between November 2013 

and December 2016. This translated into seven discrete sampling events (20 days in total), 

each event consisted of two consecutive days in the non-breeding season and four days 

(twice two consecutive days) in the breeding season. On each day, we video recorded 

agonistic interactions occurring at a feeder. The feeder was placed on a table at the same 

location over the study period and consisted of a bowl (dimensions: 15.5 cm Ø x 6.0 cm 

height) filled ad libitum with sunflower seeds. Mesh was placed on top of the food to 

reduce spillage, and therefore, to increase competition for food. We analysed a mean of 

5.0 h per day (range: 2.4 – 13.0; N = 99.3 h in total) from 05:16 am to 17:55 pm. 

For each agonistic dyadic interaction, we recorded the identities of the two 

individuals involved using their unique colour ring combination, the winner, the loser and 

the time of the interaction. The loser of an interaction was the one retreating or showing 

submissive behaviour as a response of the other contestant, who was considered the 

winner. We recorded agonistic interactions ranging from low to high levels of 

aggressiveness: (1) threats, involving threatening postures and calls; (2) pecks, attacks 
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involving physical contact; and (3) fights, sustained fights were both participants attack 

each other for at least a few seconds. We also recorded whether the individual was a male, 

a female or a young bird in its first summer to confirm the identities of the participants 

using our long-term dataset. Further, all colour combinations appearing less than three 

times per event were confirmed by re-analysing the video recordings. All together 

guarantees an overall minimal rate of misidentifications. 

We used the randomized Elo-rating method to estimate the dominance rating of 

each individual (Sánchez-Tójar et al. 2017b). We estimated a single randomized Elo-

rating per individual per event by combining all the interactions occurring in each event 

separately. We used ratings instead of ranks (i.e. ordinal score: 1, 2, …, n) to enable 

parametric statistical modelling (see below).  

4.3.3. Fitness estimates 

We studied both components of fitness, reproductive success and survival. As individual 

estimates of reproductive success, we used the annual number of genetic offspring 

surviving to 1) day 12 after hatching (hereafter “fledglings”) and 2) to reproduction 

(hereafter “recruits”).  

We estimated survival as the probability of an individual to survive to the next 

event. We used our comprehensive dataset containing capture, reproduction and re-

sighting data to estimate survival. We captured house sparrows opportunistically 

throughout the year using mist-nets and by catching birds inside nest-boxes. Also, we 

identified almost all birds breeding each year on Lundy Island by recording their 

combination of colour rings from videos taken at the nest (Nakagawa et al. 2007a), and 

from the genetic pedigree. Additionally, we recorded the colour ring combinations of 

individuals in a semi-random fashion (e.g. birds feeding, roosting or bathing) using 

binoculars and photographs. Moreover, we also used all colour ring combinations 

recorded from the social dominance video analyses. Last, we used Radio Frequency 

Identification (RFID) antennae to record the transponders of birds visiting nest-boxes and 

an automatic feeder regularly filled with sunflower seeds. Eighteen nest-boxes had an 

RFID antenna fixed to the entrance (more in Sánchez-Tójar et al. 2017a). RFID recordings 

from those eighteen nest-boxes were available from the 1st of October 2013 to the 28th of 

February 2014, and from the 1st of October 2014 to the 9th of February 2015. RFID 

recordings from the automatic feeder were available from the 29th of January 2013 to the 

12th of February 2016 (see Figure S4.1 for an overview of the survival effort). Overall, our 
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population shows almost no re-sighting bias (Simons et al. 2015), which minimizes 

possible trapping biases due to individual differences in behaviour (Archard & Braithwaite 

2010; Michelangeli, Wong & Chapple 2015), and allows us to quantify precise survival 

estimates. 

4.3.4. Data analyses 

All analyses were run in R 3.4.0 (R Core Team 2017). Randomized Elo-ratings and 

estimates of uncertainty based on Elo-rating repeatability (Sánchez-Tójar et al. 2017b) 

were calculated using the default settings of the R package “aniDom” 0.1.3 (Farine & 

Sánchez-Tójar 2017). Triangle transitivity (McDonald & Shizuka 2013) was estimated 

using the R package “compete” 3.1.0 (Curley 2016). We used the R package “pedantics” 

to show summary statistics for the pedigree (Morrissey & Wilson 2010). We ran linear 

(LMMs) and generalized mixed effects models (GLMMs) using the package 

“MCMCglmm” 2.24 (Hadfield 2010). Each model but the animal model was run for 

4,000,000 iterations with a burn-in of 400,000, while sampling every 4,000th chain. The 

animal model was run for 5,000,000 iterations with a burn-in of 1,250,000, sampling 

every 2,500th chain using also All models were run using inverse-Gamma priors (V = 1, 

nu = 0.002). The auto-correlation within the chains was < 0.15 in all cases. From each 

model, we extracted the posterior mean and its 95% highest posterior density (HPD) 

intervals. We coded age as a continuous variable where 0 referred to fledglings in their 

birth summer, 0.5 referred to first winter individuals, 1 referred to first-time breeders and 

so forth. All fixed effects except sex (see below) were z-transformed to a mean of 0 and a 

standard deviation of 1. We present standardized regression coefficients, which improve 

interpretability and allow comparing effect sizes within- and among-studies (Schielzeth 

2010).  

To estimate the heritability of social dominance, we used the genetic pruned 

pedigree (i.e. the pedigree with informative individuals only; pedigree statistics in Table 

S4.2) of the Lundy Island house sparrow population (Figure 4.1). The animal model was 

modelled as an intercept-only LMM where the response variable was the randomized Elo-

rating (Falconer & Mackay 1996; Kruuk 2004; Wilson 2008). We used the inverse 

relatedness matrix constructed from the pedigree linked with bird identity as random 

effect to quantify additive genetic (VA) effects. We added another random effect of bird 

identity, not linked to the pedigree, to estimate the permanent environment (VPE) effect on 

social dominance. The heritability of social dominance is the proportion of variance 

explained by the pedigree (VA) out of the total variance of the animal model (VA + VPE + 
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VR; where VR is the residual variance of the model; Kruuk 2004, Wilson 2008). We 

explored social brood and maternal effects in Supplementary Information 4.2.  

 

 

Figure 4.1. Genetic pedigree of the Lundy Island house sparrow population. Black filled circles show the 

individuals for which social dominance was estimated in this study, and their birth year. Blue and orange 

lines link offspring with informative sires and dams, respectively (i.e. blue and orange lines show the pruned 

pedigree), highlighting links between informative phenotyped individuals (black dots). The pedigree is 

organized chronologically by cohort. 

To test the prediction that social dominance is positively associated with the 

annual number of genetic fledglings, we ran two LMMs, one for each sex, including the 

genetic annual number of fledglings as the response variable. For both models, the 

randomized Elo-rating corresponding to the same breeding season as the reproductive 

success estimate was included as a fixed effect. Additionally, age, age squared and year 

were included as fixed effects, and bird identity as a random effect. Additionally, we 

included the interaction between the randomized Elo-rating and age because we expected 

the effect of social dominance on reproduction to be higher early in life. 

To test the prediction that social dominance is positively associated with the 

annual number of genetic recruits, we ran two Poisson GLMMs, one for each sex, 

including the genetic annual number of recruits as the response variable. For both models, 

the randomized Elo-rating from the same breeding season, age, age squared, year and the 

interaction between the randomized Elo-rating and age were included as fixed effects, and 

bird identity as a random effect.  
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To test the prediction that dominance is positively associated with survival to the 

following season, we modelled whether the individual survived to the following season (1) 

or not (0) as the response variable in a binary GLMM. Randomized Elo-rating, age, age 

squared, sex (factor with two levels: 0 = female, 1 = male), and the interaction of 

randomized Elo-rating with age, and of randomized Elo-rating with sex were included as 

fixed effects. Bird identity and event were included as random effects.  

4.4. Results 

Overall, we used 11,063 dyadic agonistic interactions between individuals over the seven 

events to calculate 817 randomized Elo-ratings for 453 individuals (215 females and 238 

males; median = 1 rating/individual, range = 1 – 7; more details in Figures S4.2-S4.4).  

4.4.1. Uncertainty of social dominance estimates 

The ratio of agonistic dyadic interactions to the number of interacting individuals per 

event ranged from 10.3 to 17.3 (mean = 13.8). Furthermore, Elo-rating repeatability 

ranged from 0.89 to 0.95 per event (mean = 0.92; more details in Figures S4.5-S4.11). 

Last, triangle transitivity was higher than expected by chance (p-value < 0.001 at all 

times) and ranged from 0.45 to 0.77 per event (mean = 0.57). The relatively high values of 

the ratio of interactions to interacting individuals, Elo-rating repeatability and triangle 

transitivity guaranteed low uncertainty of our individual social dominance estimates 

(Sánchez-Tójar et al. 2017b).  

4.4.2. Heritability 

The animal model revealed a heritability of 0.14 and a permanent environment of 0.21 for 

social dominance (Table 4.1; see also Supplementary Information 4.2). Both posterior 

distributions resembled a normal distribution (Figure 4.2), highlighting that, though the 

credible intervals were wide, our estimates are unlikely to be spurious. 

4.4.3. Reproductive success 

Overall, the randomized Elo-rating was not associated with the annual number of genetic 

fledglings, and also not with the number of recruits in both sexes (Table 4.2 and 4.3, 

Figure 4.3). In all cases, however, there was a non-linear positive association between age 

and reproductive success, that is, reproductive success increased with age early in life but 

not later on in life (Table 4.2 and 4.3).  
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Results from one Poisson GLMM for males (N = 107 males, 138 observations) and 

another Poisson GLMM for females (N = 112 females, 144 observations). 95% credible 

intervals not spanning zero are highlighted in bold. CrI: Credible interval. Rand. Elo-

rating: randomized Elo-rating. 

Table 4.1. Results of an animal model to estimate additive genetic (VA) and permanent environment (VPE) 
effects on social dominance in the Lundy Island house sparrow population. The proportion of variance 
explained by the pedigree (additive genetic effects or heritability) and bird identity (permanent environment 
effects) is shown as h2 and PE, respectively. 

Absolute variance Estimate 
Lower 

95% CrI 

Upper 

95% CrI 

VA 3856 0 7453 

VPE 5675 2170 9544 

VR 17392 15201 19879 

Proportion of variance    

h2 0.142 0 0.263 

PE 0.211 0.084 0.354 

R 0.647 0.565 0.745 

Results from an intercept-only LMM (N = 445 individuals, 805 observations) with the randomized Elo-
rating as the response variable. CrI: Credible interval. VR: residual variance; R: proportion of residual 
variance.

 
Figure 4.2. Density posterior distributions for the proportion of phenotypic variance explained by the 

random effects: pedigree (a) and bird identity (b). Both distributions resemble a normal distribution in the 

Lundy Island house sparrow population. Solid lines show mean values. 

4.4.4. Survival 

The randomized Elo-rating was not associated with the probability of surviving to the 

following season across ages and between sexes (Table 4.4, Figure 4.4). Age was 
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positively associated with the probability of surviving to the following season (Table 4.4; 

Figure S4.12).  

 

Figure 4.3. Social dominance does not predict reproductive success in the Lundy Island house sparrow 

population. Shadings represent 95% credible intervals for males (blue) and females (orange) of two LMMs 

and two Poisson GLMMs. Filled circles correspond to raw data. 

4.5. Discussion 

In populations organized hierarchically, social dominance is expected to explain variation 

in fitness. In such populations, social dominance, if genetically underpinned, could be 

strongly selected for. We found that, although social dominance is heritable in wild house 

sparrows, its fitness consequences are unclear. Overall, social dominance did not predict 

survival nor reproductive success. That is, we did not find evidence that social dominance 

is a strong predictor of fitness in wild house sparrows. We found evidence for senescence, 

both actuarial and reproductive, as fitness increased with age, but showed a decline later in 
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life. Our results suggest that the fitness consequences of social dominance are unclear in 

house sparrows. We discuss potential factors affecting the relationship between fitness and 

social dominance, and its evolutionary consequences.  

Table 4.2. Individual social dominance does not predict the annual number of genetic fledglings on the 
Lundy Island house sparrow population. 

 Males Females 

Fixed effects Estimate 
Lower 

95% CrI 

Upper 

95% CrI 
Estimate 

Lower 

95% CrI 

Upper 

95% CrI 

(Intercept) 3.64 3.09 4.20 4.77 4.22 5.26 

Rand. Elo-rating 0.03 -0.49 0.52 0.22 -0.31 0.81 

Age 2.37 1.32 3.50 1.85 1.05 2.89 

Age2 -0.58 -0.98 -0.09 -0.68 -1.11 -0.27 

Rand. Elo-rating x Age 0.09 -0.61 0.68 0.03 -0.54 0.55 

Year 0.08 -0.48 0.70 0.34 -0.14 0.87 

Random effects       

Bird identity 1.49 0 4.70 0.84 0 2.81 

Residual variance 6.93 3.90 10.24 6.46 3.94 8.54 

Results from one LMM for males (N = 107 males, 138 observations) and another LMM for females (N = 
112 females, 144 observations). 95% credible intervals not spanning zero are highlighted in bold. CrI: 
Credible interval. Rand. Elo-rating: randomized Elo-rating. 

 

Table 4.3. Individual social dominance does not predict the annual number of genetic recruits on the Lundy 
Island house sparrow population. 

 Males Females 

Fixed effects Estimate 
Lower 

95% CrI 

Upper 

95% CrI 
Estimate 

Lower 

95% CrI 

Upper 

95% CrI 

(Intercept) -0.67 -1.00 -0.35 -0.37 -0.60 -0.11 

Rand. Elo-rating 0.00 -0.26 0.25 -0.03 -0.25 0.21 

Age 0.82 0.35 1.26 0.41 0.02 0.73 

Age2 -0.23 -0.39 -0.05 -0.16 -0.32 0.00 

Rand. Elo-rating x Age 0.01 -0.24 0.35 -0.06 -0.27 0.13 

Year 0.92 0.63 1.25 0.97 0.71 1.22 

Random effects       

Bird identity 0.04 0 0.18 0.04 0 0.14 

Residual variance 0.08 0 0.30 0.03 0 0.11 

Results from one Poisson GLMM for males (N = 107 males, 138 observations) and another Poisson GLMM 
for females (N = 112 females, 144 observations). 95% credible intervals not spanning zero are highlighted in 
bold. CrI: Credible interval. Rand. Elo-rating: randomized Elo-rating. 
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Behaviour has been shown to be heritable in multiple species (Stirling, Réale & 

Roff 2002; Oers & Sinn 2013; Dochtermann, Schwab & Sih 2014). Together with trait 

variation, heritability is a prerequisite for natural selection to be able to act upon (Falconer 

& Mackay 1996). Our classical animal model provided support for non-zero heritability,  

Table 4.4. Effect of individual social dominance on survival to the following season in the Lundy Island 
house sparrow population. 

Fixed effects Estimate 
Lower 

95% CrI 

Upper 

95% CrI 

(Intercept) 1.35 0.62 2.21 

Rand. Elo-rating -0.03 -0.29 0.24 

Age 0.35 0.05 0.63 

Age2 -0.09 -0.24 0.06 

Sex (male)a -0.07 -0.45 0.30 

Rand. Elo-rating x Age -0.11 -0.33 0.09 

Rand. Elo-rating x Sex (male)a 0.04 -0.35 0.44 

Random effects    

Bird identity 0.21 0 0.86 

Event 0.99 0.15 2.65 

Residual variance* 1 1 1 

Results from a binary GLMM (N = 453 individuals, 817 observations). 95% credible intervals not spanning 
zero are highlighted in bold. CrI: Credible interval. Rand. Elo-rating: randomized Elo-rating. aRelative to 
female. *Residual variance fixed to 1. 

 

Figure 4.4. Social dominance does not predict survival to the following season in the Lundy Island house 

sparrow population. Shadings represent 95% credible intervals for females (orange) and males (blue) of a 

binary GLMM, respectively. Filled circles correspond to raw data. 
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but the level of uncertainty estimated prevent us from firmly concluding about the effect 

size. Nonetheless, compared to the average behavioural heritability across-species 

(Stirling et al. 2002), the mean value of heritability for social dominance was low in the 

Lundy Island house sparrow population (h2 = 0.14). Strong selection is expected to lead to 

low heritabilities due to depletion of genetic variation (Fisher 1958; Falconer & Mackay 

1996), however, social dominance does not seem to be under strong selection in our 

population. Environmental covariance between a trait and fitness may cause the optimum 

phenotype (or genotype) to vary, this way maintaining enough genetic variation for low 

heritabilities to exist (Rausher 1992). Since we estimated heritability using a classical 

animal model (where heritability is estimated as the proportion of variance explained by 

the pedigree in relation to all the phenotypic variance of the trait), our estimates are likely 

overestimated (Sartori & Mantovani 2013). This is because a negative and opposite 

covariance (i.e. ca. -1) leading the heritability value towards 0 is expected between direct 

and indirect components when indirect genetic effects are accounted for (Wilson et al. 

2011; Sartori & Mantovani 2013). Thus, a follow-up of this study including indirect 

genetic effects is necessary to further clarify the total heritable variance of social 

dominance in the Lundy Island house sparrow population (Bijma, Muir & Van Arendonk 

2007; Bijma 2010; Sartori & Mantovani 2013). 

In addition to heritability, we found evidence for permanent environment effects 

on social dominance (PE = 0.21), which highlights that, additional to the additive genetic 

effects, social dominance is also affected by environmental, and potentially non-additive 

genetic effects. The relative contribution of additive genetic vs. permanent environment 

effects on the repeatable variation of social dominance was very similar to that of previous 

studies (Dochtermann et al. 2014; Araya-Ajoy & Dingemanse 2017). This repeatable 

variation could be partly caused by repeatable differences in social environmental 

conditions between individuals. For example, certain phenotypes might be associated with 

certain social environments of different level of aggressiveness (e.g. Araya-Ajoy and 

Dingemanse 2017). Future studies are needed to explore the causes and consequences that 

population-level differences in the social and physical environment may have on 

individual social dominance. 

In group-living animals, top-ranking individuals tend to monopolize resources 

(Franck & Ribowski 1993; Herberholz et al. 2007; Willisch & Neuhaus 2010). 

Differential access to resources is thought to be an important factor explaining differences 

in fitness between individuals (Lahti 1998). For example, meta-analytic evidence showed 
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that social dominance seems to partially explain differences in fitness in primates (Majolo 

et al. 2012b). However, that meta-analysis also highlighted that whether social dominance 

predicts fitness or not can be species- and sex-specific (Majolo et al. 2012b). In birds, a 

traditional review concluded that social dominance seems to predict fitness across bird 

species, mostly through increased survival (Piper 1997). However, most studies were 

conducted in open populations, where death was assumed to be the cause of individual 

disappearance, and potential confounding factors such as exact age were not accounted for 

(e.g. Desrochers et al. 1988, Koivula et al. 1996). Our multi-year study was conducted in 

an exceptionally monitored island population of house sparrows, where exact age, death 

and fitness estimates (survival and reproductive success) are known. We showed that, 

overall, social dominance does not predict survival to the following season nor 

reproductive success measured as both the annual number of fledglings and of recruits.  

Last, positive relationships between age and reproductive success have been 

reported in several species (Clutton-Brock 1988), but researchers have only recently 

started to understand reproductive senescence in wild populations (e.g. Reid et al. 2003, 

Crespin et al. 2006, Reed et al. 2008). Our results confirmed previous results showing that 

annual productivity of recruits initially increases followed by senescence in this 

population (Schroeder et al. 2012a). We expanded those results to show that this pattern is 

also present for the annual productivity of fledglings. Additionally, our results also 

suggested the existence of actuarial senescence, as the probability to survive to the 

following season tended to decrease at old ages. However, these results were not robust 

and will need further confirmation. Overall, these results join the vast amount of research 

supporting what was once believed to be scarce in the wild (Comfort 1979), animals 

senescence. 

4.6. Conclusions 

To conclude, we found that social dominance is genetically underpinned in the Lundy 

Island house sparrow population. Nonetheless, future studies are needed to estimate 

whether our results are robust to the inclusion of indirect genetic effects. Additionally, we 

found that, overall, dominance is not positively correlated with fitness (neither 

reproductive success nor survival). Last, our comprehensive dataset confirmed that both 

reproductive and actuarial senescence exist in wild populations. Overall, our study shows 

that the evolutionary consequences of social dominance are unclear in wild house 

sparrows. Future systematic reviews and meta-analyses are necessary to confirm whether 
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social dominance is under selection across bird species, and to explore what moderators 

affect that relationship. 

Acknowledgments 

AST is member of and grateful for the support of the International Max Planck Research 

School (IMPRS) for Organismal Biology. We thank Iqbal S. Bhalla and Sukanya Ramani 

for support with social dominance data collection. This work was supported by the 

Volkswagen Foundation (to JS) and the Natural Environment Research Council (NERC: 

NE/J024597/; to TB). The authors declare that they have no conflict of interest.  

Authors’ contributions 

AST and JS conceived the study. AST led the writing of the manuscript. All authors 

contributed critically to the drafts and gave final approval for publication. 

Supporting information 

The following Supporting Information is available for this article: 

- Supplementary Information 4.1: overview of the data. 

- Supplementary Information 4.2: social brood and maternal effects. 

 

 

 

 

 

 

 

 

 

 

 



81 
  
 

Chapter 5 

 

Winter territory prospecting is associated 

with life-history stage but not activity in a 

passerine 

 

Alfredo Sánchez-Tójar, Isabel Winney, Antje Girndt, Mirre J.P. Simons, 

Shinichi Nakagawa, Terry Burke, Julia Schroeder 

 

Published in Journal of Avian Biology 

doi: 10.1111/jav.01055 

 

 

 

 

 

 

 

 

 

 

 

Data available at: https://doi.org/10.5061/dryad.b6m41 



82 
  
 

5.1. Abstract 

Finding a high quality territory is essential for many animals to reproduce successfully. 

Despite its importance for fitness, we know little about the process of territory prospecting 

in wild birds, and whether individual traits and behaviours, such as personality, co-vary 

with territory prospecting. Here, we use long-term data from a wild, insular house sparrow 

Passer domesticus population to test three hypotheses about territory fidelity and 

prospecting: (1) House sparrows show high territory fidelity between years and also 

during winter. (2) Individuals will prospect for a breeding territory during their first winter 

whereas older, more experienced individuals will keep a territory from previous years and 

will, therefore, show no or reduced winter territory prospecting. (3) More active 

behavioural types will prospect more than less active behavioural types. We use data from 

four winters from automatically, daily recorded nest-box visits of 188 birds of known age. 

The number of nest-boxes that each individual visited within each winter was used as a 

proxy of winter territory prospecting. We show that house sparrows visit multiple nest-

boxes during their first winter, whereas older individuals keep territories year-round and, 

potentially because of this, indeed show reduced winter territory prospecting. Activity was 

not associated with the number of nest-boxes visited. Further research is needed to 

investigate whether time of territory and mate acquisition differs among individuals and 

the possible effect on lifetime fitness. 
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5.2. Introduction 

A territory is commonly defined as a defended area (Noble 1939; Maher & Lott 1995). 

Many animals need a territory to raise their offspring, and thus an individual’s fitness 

strongly depends on choosing and obtaining a good territory (e.g. birds: Cody 1985; and 

mammals: Groenendijk et al. 2015). Territory selection has traditionally been studied by 

comparing individuals’ territory locations during one breeding season and any associated, 

potentially correlated variables (e.g. Verdolin and Slobodchikoff 2010; Greenwood and 

Dawson 2011; Harrison et al. 2011). Although territoriality is observed in a variety of taxa 

such as fish (Armstrong, Braithwaite & Huntingford 1997), mammals (Woollard & Harris 

1990), and of course birds (Reed & Oring 1992), the actual process of territory 

prospecting – how animals search and gather information to ultimately obtain a territory 

(Reed et al. 1999; Calabuig et al. 2010) and what traits co-vary with it –, is not well 

described in wild populations. This is surprising since the process of prospecting for 

different territories is assumed to be costly in terms of time, risk taking, and other 

resources; a cost that is intensified by competition with other prospectors (Reed et al. 

1999; Bonte et al. 2012). Furthermore, territories are often held over several years, thus 

the choice of which territory to settle in may have long-term fitness consequences across 

years (i.e. carry-over effects, O’Connor et al. 2014). Therefore, investigating territory 

fidelity and prospecting during one reproductive season alone is insufficient; a better 

approach would be to study territorial behaviours throughout the year and over multiple 

years (Marra et al. 2015). 

Both early territory acquisition and holding one during breeding are usually 

associated with greater reproductive success in birds (Perrins 1970; Verhulst & Nilsson 

2008; Matechou et al. 2015). It is expected that territory prospecting takes place early in 

the season (e.g. Ponchon et al. 2015), during which, inter- and intra-specific competition 

for nest sites is common, especially in birds (e.g. Semel and Sherman 2001; Kokko et al. 

2004; Haynes et al. 2014). This competition is expected to promote individual variation in 

nest site (territory) prospecting behaviour and acquisition. Furthermore, as the capability 

to defend and keep a territory is likely to change during an individual’s lifetime, territory 

prospecting can be expected to co-vary with age (e.g. Cadiou et al. 1994). For example, 

young individuals have greater difficulties obtaining nest sites (Jakobsson 1988; Eikenaar 

et al. 2009), mates (Bayne & Hobson 2001) and extra-pair paternities (Cleasby & 

Nakagawa 2012), and have, possibly as a result of this, lower breeding success (Sasvári & 

Hegyi 2011) than older individuals. These differences might be explained by increasing 
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experience with age, but they might also reflect different needs or different cost/benefit 

ratios at different life-history stages (e.g. Harts et al. 2016). Thus, in species that hold 

territories year-round and show high territory fidelity, first-time breeders, who need to 

acquire a territory for the first time, are expected to show more frequent territory 

prospecting than older, established territory owners. 

Individual behavioural consistency or animal personality has been shown in many 

taxa ranging from spiders (Keiser et al. 2014) to lizards (Bajer et al. 2015) and birds 

(Hollander et al. 2008). Different individuals show different personalities and these 

differences are maintained over time and across contexts (Dingemanse & Réale 2005). 

Personality influences how individuals cope with life challenges, which in turn can affect 

survival and fitness (e.g. Santos et al. 2015). For example, differences in personality 

between individuals can be associated with differences in foraging (Amy, van Oers & 

Naguib 2012; Kurvers et al. 2012), predation risk (Réale & Festa-Bianchet 2003), 

dispersal (Dingemanse et al. 2003; Cote et al. 2010), singing behaviour (Naguib et al. 

2016) and nest site selection (Seltmann et al. 2014). Personality traits are often measured 

in captive single-individual (i.e. non-social) behavioural assays (e.g. Dingemanse et al. 

2002; Quinn and Cresswell 2005). Although captivity allows the standardizing of 

environmental conditions, it excludes both the natural abiotic and social environment, 

which may impede assessing the ecological and behavioural relevance of the traits 

measured (Niemelä & Dingemanse 2014). Thus, if personality traits measured in captivity 

are ecologically relevant and maintained across contexts, we can expect that, for example, 

individuals that are highly active in captivity would show increased territory prospecting 

in the wild, and vice versa. 

Most bird species need a territory to build a nest and lay their eggs. Secondary 

cavity nesters that accept nest-boxes, such as the house sparrow Passer domesticus, are a 

good model species to study territory fidelity and prospecting because their breeding 

attempts can be easily monitored and nest-box owners and prospectors can be identified 

by colour rings and transponders. House sparrows tend to breed in loose colonies and limit 

their territory to the immediate vicinity of their nest (-box) (Anderson 2006). This 

relatively small size of their territories further facilitates the study of territory prospecting 

in this species by allowing easy, automatic recording of territory (nest-box) visits made by 

prospectors. Additionally, the study of territoriality in the house sparrow may help us to 

better understand the potential mechanisms of its dramatic decline over the last decades 

(BirdLife-International 2015). 
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This study aims to test three hypotheses about territory fidelity and prospecting. (1) 

Individual birds show high territory fidelity between years and also during winter. (2) 

Individuals will prospect for a breeding territory during their first winter whereas older, 

more experienced individuals will keep a territory from previous years and will, therefore, 

show no or reduced winter territory prospecting. (3) More active behavioural types will 

prospect more than less active behavioural types. We test these hypotheses using four 

years of data from a wild, insular house sparrow population. We expect older, more 

experienced sparrows to preferentially visit their previous and/or future breeding nest-box 

during the winter (i.e. winter territory fidelity). Furthermore, we predict that individuals in 

their first winter will visit (prospect) more nest-boxes than older, more experienced birds. 

Lastly, we also expect that the number of nest-boxes visited during winter will correlate 

positively with two behavioural traits, nestling and post-fledging activity.  

5.3. Materials and Methods 

5.3.1. Study species and population 

The house sparrow is a non-migratory, multi-brooded, socially monogamous passerine 

that shows high between-year nest site fidelity (Summers-Smith 1963; Anderson 2006). 

This study was carried out on Lundy Island, 19 km off the coast in the South West of 

England (51º10'N, 4º40'W). The relatively remote location of the island together with the 

sedentary nature of house sparrows (Bengtson et al. 2004), and our intensive monitoring 

since 2000 have made it possible to fit virtually all sparrows living on Lundy with a 

British Trust for Ornithology metal ring, a unique combination of colour rings and a 

passive integrated transponder (TROVANID100: 12 mm x 2 mm and 0.1 g; hereafter 

transponder; details in Simons et al. 2015). The transponder is inserted subcutaneously on 

the chest and contains a unique combination of 10 alphanumeric digits that can be read 

with an electromagnetic field such as the one produced by a Radio Frequency 

Identification (RFID) antenna. Carrying a transponder does not negatively affect fitness in 

this population (Schroeder et al. 2011), nor in other passerines (Nicolaus, Bouwman & 

Dingemanse 2008). 

5.3.2. Winter territory fidelity and prospecting 

Most house sparrows in this population breed in nest-boxes (N = 110). Our nest-boxes 

have a base and roof surface of 11.5 cm x 11.5 cm, a height of 20 cm and a circular 

opening of 3.2 cm in diameter. Inter-specific competition for nest-boxes is non-existent in 

this population because no other bird species of a size that could utilize the nest-boxes 
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breeds on Lundy (Davis & Jones 2007). We analysed nest-box use in four consecutive 

non-breeding seasons (hereafter referred to as “winter”) between 1st October 2011 and 20th 

February 2015. Eighteen nest-boxes had an RFID antenna fixed to the entrance that 

recorded all birds visiting the nest-box. These nest-boxes were restricted to the most 

popular breeding area on the island (Figure S5.1). The RFID equipment recorded the date, 

the time and the individual transponder identity of birds that visited the nest-boxes every 

day from 6:00 am to 00:00 (electricity on the island is off between midnight and 6:00 am, 

Schroeder et al. 2012b). Therefore, not only birds roosting in the nest-boxes but also those 

visiting at any time during the day were recorded. Additionally, to gain information about 

individuals’ presence, survival and transponder loss, a square RFID antenna (20 cm x 20 

cm) recorded birds visiting an automatic feeder regularly filled with sunflower seeds. 

For the purpose of this study, we defined winter as the period between 1st October 

and 9th February each year (i.e. 132 days per winter), because no reproductive attempts 

have been recorded within this period in this population, and most individuals go through 

a complete post-nuptial moult before 1st October, including juveniles (our unpublished 

data). To study winter territory fidelity we extracted the identity of the nest-boxes visited 

per day for each individual after their first breeding season (hereafter referred to as adults). 

Winter territory fidelity was only studied for the adults that bred in at least one of the 

eighteen RFID-equipped nest-boxes in the previous or subsequent summer. Prospecting 

movements are commonly defined as the individuals’ visits to breeding sites others than 

its current breeding site (Reed et al. 1999). Therefore, to study differences in territory 

prospecting between individuals searching for a territory for the first time and those who 

had held a territory before, we calculated the total number of different nest-boxes an 

individual visited each winter as a proxy for individual winter territory prospecting. 

We used only data from individuals that did not die and/or lose their transponder 

during a winter in which they were recorded. We therefore excluded individuals that: (a) 

had lost a transponder when re-captured during the winter when they were recorded, (b) 

were not re-captured or recorded by our RFID antennae (either a nest-box or the feeder 

antenna) after a winter in which they were recorded, and/or (c) had lost a transponder 

when re-captured and were not recorded by our RFID antennae after a winter in which 

they were recorded. These criteria are highly conservative, and strictly ensure that our data 

is not biased by transponder loss or by premature death of an individual. 
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5.3.3. Activity measurements 

Nestling activity was measured during the breeding seasons of 2012 and 2013. Every 12-

day old nestling was subjected to an adapted version of the open field test used in rodents 

(e.g. Hall and Ballachey 1932). A circular plastic surface (diameter = 33.5 cm, the 

“arena”), with cardboard walls (height = 22 cm) to prevent escape, was gridded up into 5 

cm squares that were numbered anticlockwise from 1 to 16 around the circumference to 

record the nestlings’ position. Tests were recorded with a camera placed always at the 

same reference point. Each test started by placing the nestling in the centre of the arena. 

Nestling activity was defined as the total number of squares entered with half or more of 

the body by the nestling during the first 30 s. Nestlings that did not move were given a 

score of one (Winney 2015). 

Post-fledging activity (i.e. activity measured from after fledging onwards) was 

measured from 2011 to 2015. We captured individuals during two non-consecutive weeks 

from mid-October to mid-March (i.e. right before the start of the breeding season), with 

about two to three months (range: 59-96 days) between both capture events. The main 

method was mist-netting but we also captured some birds inside nest-boxes and with 

funnel walk-in traps. Our population shows very limited, close to no resighting bias 

(Simons et al. 2015); using this information we can exclude possible trapping biases 

(Archard & Braithwaite 2010; Michelangeli et al. 2015). After capture, each bird was 

introduced into a 2 m high dome-shaped camping tent with five sides (each side 

measuring 2.74 m width at the floor) that contained two artificial trees made of plastic and 

bamboo. All tests were performed at the same sheltered location to standardize 

environmental conditions. Each test started by placing the bird inside the tent. Post-

fledging activity was defined as the total sum of flights and runs carried out by the bird 

during the first 5 min (details in Winney 2015). We only included post-fledging activity 

scores obtained during the same winter in which territory prospecting was recorded. If a 

bird was tested twice or more within the same winter, we only used the score of the first 

test to avoid including any potential biases derived from heterogeneity between birds in 

the precision of the estimate and, also, to avoid any potential effect of short-term 

habituation. Nestling and post-fledging activity show repeatability and heritability in this 

population but do not constitute a behavioural syndrome, i.e. they are not correlated 

(Winney 2015). Here we use the term “activity” to define the behaviour measured. 

However, estimating exploration behaviour involves measuring the individual’s activity in 
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a novel environment. Therefore, separating activity from exploration is technically not 

possible in this context. 

5.3.4. Data analyses 

Winter territory fidelity was studied by counting the number of days that each adult visited 

a given nest-box during each winter (hereafter number of visits). Then, we calculated the 

proportion of visits per nest-box per individual out of the total number of visits per 

individual during each specific winter. For example, a bird that visited two nest-boxes for 

50 days each in a specific winter, will show a total number of visits of 100 and a 

proportion of visits of 0.5 for each nest-box. Each breeding season, the identity of the 

individuals breeding in each nest-box was obtained from video recordings, transponder 

readings and captures (Schroeder et al. 2011). The individual proportions of visits per 

nest-box and the individual’s breeding nest-box(es) in the previous and subsequent 

breeding season were then plotted separately for each winter (Figure 5.1; Figure S5.2-

S5.4). 

With regards to winter territory prospecting, we ran generalized linear models and 

generalized linear mixed effects models both with a zero-truncated Poisson distribution 

(zt-GLMs and zt-GLMMs, respectively) and a log link function using Markov chain 

Monte Carlo simulations as implemented in the package “MCMCglmm” (Hadfield 2010) 

in R 3.0.2 (R Core Team 2013). Zero-truncation was used because the birds visited at least 

one of the RFID equipped nest-boxes, hence the dataset did not contain zeros for the 

response variable. The number of different nest-boxes that an individual visited during 

each winter was the response variable in all models.  

Our main interest was to compare individuals searching for a territory for the first 

time with older, more experienced individuals. Therefore, age group was fitted as a 

categorical independent variable with two levels (‘juvenile’ and ‘adult’; but see below). 

Juveniles were defined as birds in their first winter, before their first breeding season, and 

adults were any birds measured after their first breeding season. Sex was also fitted as a 

categorical fixed effect since males often hold a territory in house sparrows (Weaver 1939; 

Summers-Smith 1963), hence differences between the sexes can be expected. 

To test the hypothesis (2) that first-time breeders (i.e. juveniles) show more 

frequent winter territory prospecting than older, more experienced birds (i.e. adults), we 

constructed a zt-GLMM (“age group” model) with sex, age group and their interaction as 

fixed effects, and year and bird identity as random effects. To test whether conclusions  
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Figure 5.1. Adults’ proportions of visits to the 18 RFID-equipped nest-boxes in the Lundy Island house 

sparrow population during the winter of 2013. Only birds that did not lose their transponder and that bred in 

at least one of the 18 nest-boxes in either 2013 or 2014 are represented (N = 21 individuals). Coloured 

rhombi correspond to the individual’s breeding nest-box(es) in 2013 (purple) and/or 2014 (orange). Circle 

size represents the proportion of visits. Notice that an individual (ID32) bred in two different nest-boxes per 

year. 

remained similar, this zt-GLMM was also run including age as a continuous instead of a 

categorical predictor (range: 0-4, 0 = juveniles, “age continuous” model). Age squared 

was included as a predictor in this model to test for a non-linear relationship between the 

response variable and age. Due to the limited sample size, individuals older than four 

years were assigned as age four (N = 3 individuals, 5 data points). Furthermore, an 

additional zt-GLMM (“age continuous adult” model) was constructed to test whether 

adults prospected less with increasing age. Only birds older than zero were included in this 

analysis. The model contained sex, continuous age, their interaction and continuous age 

squared as fixed effects, and year and bird identity as random effects.  

To test the hypothesis (3) that more active behavioural types will prospect more 

than less active behavioural types, we constructed two models. The first zt-GLM 

(“nestling” model) compared territory prospecting to nestling activity and contained sex, 

nestling activity score and year as fixed effects. Year was included as a fixed effect 

because it had only two levels for the two years in which nestling activity data was taken. 

Furthermore, this model only included juveniles for which nestling activity was measured 
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in the previous summer and, thus, it did not include bird identity as a random effect 

because there were no repeated measures. The second zt-GLMM (“post-fledging” model) 

compared territory prospecting to post-fledging activity and contained age group, sex, 

their interaction, post-fledging activity score and its interaction with age group as fixed 

effects, and year and bird identity as random effects. Results remained qualitatively the 

same when this model was re-run including age as a continuous variable instead of a 

categorical one. Notice that, although age was included in the “post-fledging” model, we 

decided to run a separate set of models to test for the effect of age (see above) due to the 

reduced number of individuals tested for post-fledging activity. Finally, conclusions 

remained qualitatively the same when all models containing age as a continuous variable 

were run with age ranging from 0 to 7. In all models, co-variables were mean centred, the 

number of iterations was set to 3 million, burn-in period to 0.3 million and thinning 

interval to 200 (900 for the “age continuous adult” model). The auto-correlation within the 

chains was <0.1 in all cases. Furthermore, the fit of the models was confirmed by posterior 

predictive model checking following Korner-Nievergelt et al. (2015). 

5.4. Results 

We recorded 359 individual birds visiting nest-boxes during the four winters of the study. 

The subset of individuals that we knew that survived and kept their transponder (i.e. the 

subset analysed here) was 188 different birds (106 males and 82 females) of which 78 and 

140 were tested for nestling and post-fledging activity, respectively (Figure S5.5 and 

S5.6).  

The total mean number of visits per adult per winter was 58.8 (range: 2-178) in 

2011, 93.1 (range: 37-123) in 2012, 107.4 (range: 1-244) in 2013 and 82.8 (range: 2-134) 

in 2014 (details shown in Table S5.1). On average, individuals visited 2.8 (range: 1-12) 

different nest-boxes during winter, entered 11.4 (range: 1-84) squares during the nestling 

activity tests and carried out 14.7 (range: 0-107) movements during the post-fledging 

activity tests. Males and females did not differ in the number of nest-boxes visited during 

winter (see below).  

The individual number of visits in winter showed that adults focused their attention 

to their breeding nest-box(es). They visited those nest-box(es) that corresponded to the 

individual’s previous and/or future breeding nest-box(es) in 92.3 % of the cases (N = 60 

out of 65; Figure 5.1 and Figure S5.2-S5.4). 
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Overall, juveniles visited almost twice as many nest-boxes during winter than 

adults (Table 5.1, Figure 5.2). The results remained similar when age was fitted as a 

continuous variable (Table 5.2, Figure 5.3). The squared effect of age was small (Table 

5.2); the analysis excluding juveniles showed that the number of nest-boxes visited during 

winter did not decrease with age (Table 5.2). Hence, the main decrease in nest-boxes 

visited occurred between the first and the second winter. 

Table 5.1. Effect of life-history stage (juvenile vs. adult) on the individual number of nest-boxes visited per 
winter in the Lundy Island house sparrow population.  

Fixed effects Estimate Lower and upper 
95% CrI 

(Intercept) 1.10 (0.79, 1.41) 

Sex (male)a -0.11 (-0.44, 0.20) 

Age group (adult)b -0.67 (-1.02, -0.33) 

Sex (male)a x Age group (adult)b 0.20 (-0.25, 0.66) 

Random effects   

Bird identity 0.06 (0, 0.22) 

Year 0.05 (0, 0.15) 

Residual variance 0.26 (0, 0.45) 

Results from a zero-truncated Poisson GLMM. N = 188 individuals (263 cases). 95% credible intervals not 
spanning zero are highlighted in bold. CrI: Credible interval. aRelative to female. bRelative to juveniles. 

 

Figure 5.2. Independently of their sex, juveniles prospect more nest-boxes during winter than adults in the 

Lundy Island house sparrow population. Filled black squares (females) and grey circles (males) show 

estimates for the mean and the credible intervals of a zero-truncated Poisson GLMM. Open circles 

correspond to the raw data and are offset on both x- and y-axes to aid viewing. Y-axis is log-scaled but 

original values are shown to aid interpretation. 
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Table 5.2. Effect of age on the individual number of nest-boxes visited per winter in the Lundy Island house 
sparrow population. 

 Juveniles and adults Only adults 

Fixed effects Estimate Lower and upper 
95% CrI Estimate Lower and upper 

95% CrI 

(Intercept) 0.60 (0.31, 089) 0.57 (0.26, 0.91) 

Sex (male)a -0.01 (-0.25, 0.24) 0.11 (-0.20, 0.43) 

Age -0.33 (-0.52, -0.14) 0.07 (-0.24, 0.36) 

Age2 0.09 (0, 0.17) -0.09 (-0.26, 0.08) 

Sex (male)a x Age 0.05 (-0.16, 0.29) -0.03 (-0.38, 0.32) 

Random effects     

Bird identity 0.06 (0, 0.22) 0.07 (0, 0.24) 

Year 0.04 (0, 0.15) 0.03 (0, 0.11) 

Residual variance 0.27 (0.06, 0.48) 0.07 (0, 0.24) 

Results from two zero-truncated Poisson GLMMs. “Juveniles and adults” shows the results for birds ranging 
from age 0 to 4 (N = 188 individuals, 263 cases), whereas “Only adults” only shows birds ranging from 1 to 
4 (N = 110 adults, 150 cases). 95% credible intervals not spanning zero are highlighted in bold. CrI: 
Credible interval. aRelative to female. 

 

Figure 5.3. Younger individuals prospect more nest-boxes during winter than older individuals in the Lundy 

Island house sparrow population. The solid line represents the model fit, and the shading represents the 95% 

credible interval of a zero-truncated Poisson GLMM. Open circles correspond to the raw data and are offset 

on both x- and y-axes to aid viewing. Y-axis is log-scaled but original values are shown to aid interpretation. 

The total number of nest-boxes that an individual visited during its first winter was 

not correlated with nestling activity (Table 5.3). Similarly, post-fledging activity was not 

associated with the number of nest-boxes that an individual visited during the first or 

subsequent winters (Table 5.4). 
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Table 5.3. Effect of nestling activity on the individual number of nest-boxes visited per winter in the Lundy 
Island house sparrow population.  

Fixed effects Estimate Lower and upper 
95% CrI 

(Intercept) 0.90 (0.54, 1.23) 

Sex (male)a -0.14 (-0.56, 0.26) 

Nestling activity 0 (-0.01, 0.01) 

Year 2013b 0.22 (-0.20, 0.67) 

Residual variance 0.37 (0.11, 0.69) 

Results from a zero-truncated Poisson GLM. N = 78 individuals. 95% credible intervals not spanning zero 
are highlighted in bold. CrI: Credible interval. aRelative to female. bRelative to 2012. 

 

Table 5.4. Effect of post-fledging activity on the individual number of nest-boxes visited per winter in the 
Lundy Island house sparrow population.  

Fixed effects Estimate Lower and upper 
95% CrI 

(Intercept) 1.14 (0.77, 1.48) 

Sex (male)a -0.22 (-0.62, 0.16) 

Age group (adult)b -0.78 (-1.23, -0.33) 

Post-fledging activity 0.01 (-0.01, 0.02) 

Sex (male)a x Age group (adult)b 0.24 (-0.35, 0.85) 

Age group (adult)b x Post-fledging activity -0.01 (-0.02, 0.01) 

Random effects   

Bird identity 0.17 (0, 0.44) 

Year 0.04 (0, 0.15) 

Residual variance 0.18 (0, 0.44) 

Results from a zero-truncated Poisson GLMM. N = 140 individuals (169 cases). 95% credible intervals not 
spanning zero are highlighted in bold. CrI: Credible interval. aRelative to female. bRelative to juveniles. 

5.5. Discussion 

House sparrows’ territory prospecting during winter is not linked to activity but associated 

with life-history stage, and most likely territory fidelity, supporting our first and second 

hypotheses. However, we found no support for our third hypothesis, as neither nestling 

nor post-fledging activity predicted winter territory prospecting. 

Most house sparrows breed in their first year and show high nest site fidelity in 

subsequent years (Summers-Smith 1963; Anderson 2006). Our data supports such 

between-year territory fidelity because most birds used the same (or an adjacent) nest-

box(es) year after year, particularly males (Figure 5.4). Moreover, previous observations 

suggest that house sparrows may roost in their nest-boxes year-round, and juveniles carry 



94 
  
 

out territory prospecting-like behaviours in winter (Summers-Smith 1963; Veiga 1993). 

By automatically and continuously tracking winter nest-box use, we confirmed that house 

sparrows show winter territory fidelity, and adults almost exclusively focused their winter 

visits to their previous and/or following breeding nest-box(es). Thus, as in other birds 

species with high nest site fidelity (e.g. Zenaida aurita, Quinard and Cézilly 2012; 

Haematopus moquini, Loewenthal et al. 2015), house sparrows also show year-round 

territoriality.  

 

Figure 5.4. Individual breeding attempts in the Lundy Island house sparrow population from 2011 to 2014. 

Only the first breeding attempt of each individual in each year is represented. Individuals that bred in only 

one year during the study period are not included. Lines connect all breeding attempts of single individuals. 

The Y-axis shows all the nest-boxes used (N = 86) sorted from the Southeast to the Northwest of the 

population. Overall, 239 individuals (122 females and 117 males, 238 broods) are shown. Notice how most 

birds seem to use the same (or adjacent) nest-box year after year and how males seem to be more nest-box 

faithful. 

High nest site fidelity might be an important factor explaining the dramatic decline 

of the house sparrow in recent decades (BirdLife-International 2015). Under the current 

scenario of rapid human changes in the environment (Hale, Morrongiello & Swearer 

2016), sparrows might be falling into an ecological trap by showing high fidelity to no-

longer-suitable territories.  
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Many other non-migratory birds that breed in nest-boxes are commonly studied 

(e.g. Parus major; Cyanistes caeruleus). Complete knowledge of whether these and other 

model species also show year-round territoriality could be important, for example to 

investigate whether capturing birds roosting inside nest-boxes could lead to biased 

trapping. Recent studies have shown that this trapping method greatly reduces both the 

percentage of nest-boxes occupied in winter and winter nest-box re-use rate (Zdeněk, 

Paclík & Remeš 2012). The effect might differ between different personality types (Stuber 

et al. 2013) and depend on the time of capture (Schlicht & Kempenaers 2015). Thus, an 

interesting next step is to investigate whether nightly nest-box trapping affects individual 

territory use and, more importantly, individual fitness in species showing year-round 

territoriality. Radio frequency identification devices are ideal for this purpose (e.g. 

Schlicht and Kempenaers 2015). 

We have also shown that juveniles prospect for a territory already in their first 

winter. Males of many animal species obtain a territory and subsequently advertise it to 

attract females (e.g. anura: Ryan 2001; reptiles: Baird et al. 2007; fishes: Casaretto et al. 

2015), including house sparrows (Weaver 1939; Summers-Smith 1963). Males failing to 

obtain a territory or acquiring a low quality one may remain unpaired. Timing might also 

be important as theory predicts that, when competition is high, high quality individuals 

gain a territory early or even remain resident year-round, while low quality individuals 

may have to take what is left over (Kokko 1999). In fact, empirical studies show that early 

territory acquisition and breeding are usually associated with greater reproductive success 

(Perrins 1970; Verhulst & Nilsson 2008; Matechou et al. 2015).  

Carry-over effects occur when an individual’s previous history and experience are 

linked with its current performance (O’Connor et al. 2014). If individuals obtain a 

territory in their first year and hold it in subsequent years, the status acquired during that 

first year (in terms of territory and mate quality) could carry-over to their future lifetime 

fitness. Therefore it may be necessary to look at individual differences (e.g. in phenotype) 

during their first year of life to investigate the causes of current individual differences in 

fitness. Further research is needed to shed light on whether differences in territory 

prospecting and acquisition (e.g. extent, timing and quality) might affect current and 

future individual fitness. 

Contrary to our predictions, the two behavioural traits we measured did not predict 

winter territory prospecting. This agrees with a previous study showing that exploration 

(similarly measured to our post-fledging activity), did not correlate with summer nest-box 
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prospecting in jackdaws Corvus monedula (Schuett et al. 2012). Thus, individual activity 

levels do not seem to correlate with territory prospecting neither in winter nor in summer. 

Our results could also be explained by several other mechanisms. First, our values of 

winter territory prospecting might be conservative as only a limited number of nest-boxes 

are equipped with an RFID antenna. Thus, any prospecting in nest-boxes without antenna 

will be undetected. These undetected prospecting visits could be slightly biased, because 

the RFID antennae are attached to nest-boxes in the most popular breeding area on the 

island, where there is a great proportion of old males, who own and defend their nest-

boxes. Second, our definition of territory prospecting (i.e. number of nest-boxes visited), 

although similar to what is commonly used in the literature (e.g. Doligez et al. 2004, 

Calabuig et al. 2010), might not fully capture such behaviour as arguably all individuals’ 

movements add to information used for deciding where to breed (Reed et al. 1999). Both 

could make the detection of a correlation between territory prospecting and activity levels 

more difficult. Lastly, our results may also stress a need for reviewing whether commonly 

used captive behavioural assays predict behaviours that are hypothesized to be relevant to 

fitness in the wild. Surprisingly, the similarity of personality traits to analogous 

behaviours in the wild has seldom been tested. Two personality traits – exploration and 

neophobia – seem to be consistent between captivity and the wild in crickets (Fisher et al. 

2015) and in blue tits (Herborn et al. 2010; but see Minderman et al. 2010 for negative 

results in starlings Sturnus vulgaris). Thus, activity seems to be inconsistent between both 

contexts (Herborn et al. 2010, 2014, Fisher et al. 2015). The contradicting results might be 

the consequence of the difficulties in distinguishing between exploration and activity 

(Herborn et al. 2014) and/or due to differences in time intervals between captive and wild 

testing (Bell, Hankison & Laskowski 2009). Further research should focus on testing 

captive versus wild personality measurements, paying special attention to the 

inconsistencies found for activity measurements. Moreover, more effort should be 

dedicated to clearly define personality traits as activity or exploration in personality 

research (reviewed in Carter et al. 2013). 

5.6. Conclusions 

In summary, using automatic and continuous monitoring of nest-box visits over four 

years, we have shown that house sparrows show year-round territoriality, confirming that 

this species not only show high nest site fidelity between seasons but also during the 

winter. Individuals search for a territory during their first winter, with juveniles visiting 

more nest-boxes than adults. Finally, the two behavioural traits studied here did not 
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predict winter territory prospecting. Further research is needed to investigate whether, as 

predicted by theory (Kokko 1999), time of territory and mate acquisition differs among 

individuals and the possible influence on lifetime fitness. 
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6. General discussion 

This general discussion starts by summarizing my main findings, followed by expanded 

chapter-by-chapter reflections with additional results and future directions not included in 

the discussion sections of the previous chapters. Overall, this general discussion puts 

together the scientific advancements of my thesis to the study of social dominance, and 

suggests future directions in an attempt of moving the field forward. 

6.1. Synthesis 

A dominance hierarchy is a type of social structure that is widespread in nature and that is 

expected to have strong fitness consequences for the individuals of a population (reviews 

of Drews 1993; Piper 1997; Majolo, Aureli & Schino 2012a). In this thesis, I first 

illustrated how to study dominance hierarchies reliably by developing tools and providing 

a practical step-by-step guide (chapter 2). Second, using these tools, I investigated the role 

of social dominance in the evolution of plumage variability (chapter 3), and the 

evolutionary consequences of social dominance in house sparrows (chapter 4). Third, I 

studied how life-history stage affects territorial behaviour in this passerine, and tested 

whether territory prospecting co-varies with other behaviours (chapter 5). 

In chapter 2, I used computational models to reconcile several decades of 

methodological advancements in the study of dominance hierarchies. Specifically, I used a 

probabilistic approach to simulate agonistic interactions between artificial beings under a 

wide range of dominance hierarchies of varying steepness. Knowing the latent dominance 

hierarchy of each simulated dataset allowed me to comprehensively compare popular 

methods to infer dominance hierarchies, and determine that two methods performed better 

than the rest: David’s score (David 1987), and the randomized Elo-rating (Sánchez-Tójar 

et al. 2017b). The randomized Elo-rating method was developed within chapter 2 (R 

package: "aniDom"; Farine & Sánchez-Tójar 2017), and consisted of adapting a 

randomization procedure to the original, non-randomized Elo-rating method (Elo 1978) to 

improve its performance. Additionally, by studying the relationship between method 

performance and sampling effort, I was able to offer guidance on the sampling effort 

necessary to infer reliable dominance hierarchies. Ultimately, chapter 2 offers two simple 

but effective procedures to estimate the uncertainty of the inferred hierarchies, an 

important value so far neglected in the literature. Chapter 2 not only helps researchers 

design future studies on dominance hierarchies, it offers information about how 

confident we can be about the results of past studies. 
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In chapter 3, I used a meta-analytic approach to reassess the function of the 

house sparrow’s bib size, and to show that, after more than four decades of research, we 

still do not understand its function, and further, that we may have been focusing on the 

wrong hypothesis to explain its evolution. For this meta-analysis, I collected two 

exhaustive datasets from two populations of house sparrows, and obtained published 

and unpublished datasets from other researchers. After re-analysing all datasets in a 

standardized way, I showed that the overall effect size for the correlation between 

dominance rank and bib size in male house sparrows is small, uncertain and overlapped 

zero. Furthermore, and more important, I showed that the published literature on status 

signalling in house sparrows is a biased subsample, which is likely why the status 

signalling hypothesis has persisted as the main hypothesis to explain the evolution of bib 

size. Specifically, I found that published effect sizes were of moderate magnitude, whereas 

unpublished ones were indistinguishable from zero. Also, I found that the magnitude of 

the effect sizes have been decreasing since first published, suggesting that the entire field 

may have been mostly driven by a few, strong effect sizes published at the start of it. 

Chapter 3 calls for reconsidering the status signalling hypothesis, raises important 

concerns about the validity of the current scientific publishing culture, and should 

stimulate renewed interest in understanding within-species variation in ornamental traits.  

In chapter 4, I used a 28-year genetic pedigree together with three years of data on 

social dominance and fitness to explore the evolutionary consequences of social 

dominance in house sparrows. I used a quantitative genetic approach to estimate the 

genetic basis or heritability of social dominance, and to conclude that among-individual 

differences in social dominance are determined by both the genotype and the permanent 

environment of the individuals. Furthermore, chapter 4 suggests that, overall, social 

dominance does not predict fitness (neither reproductive success nor survival) in the 

Lundy Island house sparrow population. The results of chapter 4 shows that there is 

genetic variation from which selection can act on, but chapter 4 also highlights that the 

fitness consequences of dominance are unclear.  

In chapter 5, I used more than 10 million recordings of individual house sparrows 

visiting nest-boxes over a period of four winters (defined as Oct-Feb) to study how 

territory prospecting is conducted, and its potential causes and correlates. I showed that 

territory prospecting takes place long before the breeding season, and that first year 

individuals, i.e. those individuals without breeding experience, prospect more than adults, 

who not only tend to breed year after year in the same territory, but also, to visit it daily 
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during the winter. Additionally, I showed that a behaviour typically measured in 

behavioural ecology (i.e. activity, sometimes referred also as exploration) does not predict 

territory prospecting in house sparrows. Chapter 5 adds important information to the 

general biology of the house sparrow, and highlights that to study the fitness consequences 

of some behaviours such as territory prospecting and acquisition, it is important to account 

for the life-history stage of the individuals.  

6.2. On how to infer dominance hierarchies 

The results of chapter 2 show that among all methods developed for inferring dominance 

hierarchies, David’s score (David 1987) and the randomized Elo-rating (Sánchez-Tójar et 

al. 2017b) are the most accurate methods. Although David’s score and the randomized 

Elo-rating performed better than the non-randomized Elo-rating, the latter will be the 

method of choice when researchers are interested in tracking the sequence of rank changes 

taking place in a group of organisms (Neumann et al. 2011; Box 6.1). For example, 

tracking rank changes might be important when studying the rise and decay of the alpha 

male of a group of primates (e.g. individual A in Figure 6.1). The non-randomized Elo-

rating is modelled so that unexpected outcomes (i.e. low-ranking individuals win against a 

high-ranking individuals) lead to the greatest changes in the hierarchy. This feature, 

though likely important for the study of hierarchy dynamics in groups of steep hierarchies, 

can also lead to misestimating the real dominance hierarchy when stochasticity exists. 

This issue is expected to be of higher importance in the non-randomized Elo-rating than in 

the randomized Elo-rating because randomizing the sequence of interactions removes 

weight from single interactions. But, what is the real impact that stochasticity has on the 

inference of dominance hierarchies? And, which of the methods deals with stochasticity in 

a better way? Finally, the functioning of both the non-randomized and the randomized 

Elo-rating can be modified with the parameter K (Box 6.1). K, which can range from 0 to 

infinite, determines the number of rating points than an individual gains or loses after a 

contest, and thus, determines the speed with which the Elo-ratings change. So far, it has 

been assumed that K has little influence on the rankings obtained, at least in the short term 

(Albers & de Vries 2001; Neumann et al. 2011), but is this assumption true? 

To answer all these questions, I have recently teamed up with Damien R. Farine 

and Eli D. Strauss. The preliminary results look promising. We have first updated the Elo-

rating function in the R package “aniDom” to increase its performance. Indeed, our 

updated randomized Elo-rating method outperforms David’s score (Box 6.2), and 

therefore, the randomized Elo-rating method should be the method of choice whenever 
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researchers are not interested in study fine-scale hierarchy dynamics. In addition, our 

preliminary results indicate that both the non-randomized and the randomized Elo-rating 

can be tailored to the specific dominance hierarchy under investigation by modifying K. 

That is, K can influence how accurately these methods infer the latent hierarchy. Thus, we 

can tailor our choice of K to the specific dominance hierarchy to maximize method 

performance, and therefore, minimize uncertainty. Our next steps are to develop a good 

protocol on how to best choose the best value of K for the hierarchy under investigation, 

and on how to reduce the impact of stochasticity in studies of dominance hierarchies.  

Box 6.1. Elo-rating method 
 
The Elo-rating method is based on the sequence in which dyadic agonistic interactions take place, with 
each individual increasing or decreasing the amount of points (i.e. the Elo-ratings) after each interaction. 
Specifically, if the higher-ranked individual wins the interaction, the winner and the loser’s Elo-ratings 
are updated following: 
 

Winner’s updated Elo-rating = Winner’s former Elo-rating + (1 – p) * K 
 

Loser’s updated Elo-rating = Loser’s former Elo-rating - (1 – p) * K 
 
Whereas if the lower-ranked individual wins the interaction, the winner and the loser’s Elo-ratings are 
updated following: 
 

Winner’s updated Elo-rating = Winner’s former Elo-rating + p * K 
 

Loser’s updated Elo-rating = Loser’s former Elo-rating – p * K 
 
Where p is expected probability of winning for the higher-ranked individual and is a function of the 
differences in Elo-ratings between the two individuals before the interaction. K determines the amount of 
rating points that an individual gains or loses after an interaction. 

 

 
 
 
 
 
 
 
 
Figure 6.1. Dominance 
hierarchy dynamics for a 
hypothetical populations 
of four individuals. The 
black line represents a 
potential scenario of rise 
and decay in individual 
social dominance.  

 

6.3. On the status signalling hypothesis 

Since the early study of Rohwer (1975), the status signalling hypothesis has been a 

compelling hypothesis to explain conspecific variation in ornaments, particularly plumage 

ornamentation. A recent review on the topic, however, highlighted that “the role of color 

displays in intrasexual signalling remains controversial”, but added, “Nevertheless, we 
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can now safely state that, at least for several bird species, colors can act as true signals of 

fighting ability” (Senar 2006, page 123). I have now shown that for one of those species, 

the house sparrow, we cannot safely conclude that the suggested badge of status, i.e. bib 

size, is a true status signal. Not only that, I have also shown that the published literature on 

status signalling in house sparrows is a biased subsample. If similar publication bias was 

true also for other species, the validity of the status signalling hypothesis across species 

would need reconsideration, despite previous quantitative syntheses finding support for 

the hypothesis across species (Santos et al. 2011). 

Box 6.2. Improving the randomized Elo-rating method 
 
I followed the procedure shown in chapter 2. In short, I (i) generated artificial datasets containing 25 
individuals of known rank, (ii) simulated interactions among those 25 individuals under different 
hierarchy scenarios of known steepness and (iii) tested the performance of the three methods under the 
different scenarios. I used a Poisson process to generate a varying propensity for each individual to 
interact. Uniform distribution gave qualitatively similar conclusions (Supplementary Information 6.1). 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6.2. The updated version of the randomized Elo-
rating function (R package: “aniDom” forthcoming 
version 0.1.3) is the best method to infer reliable 
dominance hierarchies. Solid lines and dots represent the 
mean Spearman rank correlation coefficient between the 
original and the inferred hierarchy; shading shows the 
2.5% and 97.5% quantiles. The reduced right-hand side 
panels show the specific hierarchy simulated for 
generating the interaction datasets. Overall, panels are 
sorted from very steep (panel a) to intermediate (panels 
b and c) and very shallow hierarchies (panel d). The 
different hierarchy scenarios shown were created 
following equation 1. 
 

 

The original formulation of the status signalling hypothesis highlighted several 

important factors to consider, including seasonality, territorial behaviour, type of moult 

and familiarity (Rohwer 1975), some of which have been neglected in subsequent studies. 

For example, status signalling is expected to be most important in species in which 
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interactions between unfamiliar individuals are common because otherwise, individual 

recognition might be enough to predict contest outcome (reviewed in Senar 2006). 

However, most studies did not take this important factor into account (but see Diep 2012), 

perhaps because in practice, testing this prediction is difficult as the certainty of estimates 

of individual dominance increases over time (via more contests recorded), but so does 

familiarity among individuals.  

There are several features that might not make the house sparrow an ideal model 

species to test the status signalling hypothesis. First, house sparrows are a gregarious and 

resident species that spend most of the year in relatively stable groups (Summers-Smith 

1963; Anderson 2006), thus interactions among familiar individuals are likely the most 

common type of interaction. Thus, house sparrows, which have been shown to have 

relatively high cognitive skills (e.g. Papp et al. 2015; Vincze et al. 2015; Wetzel 2017), 

may use individual recognition to know the dominance status of other individuals in the 

group. Second, house sparrows are sexually dimorphic, where only male house sparrows 

possess a bib (Figure 1.3). At least in the Lundy Island house sparrow population, males 

and females do not differ in their mean dominance levels when competing for food (Box 

6.3), and thus, there are no apparent reasons to think that females would not benefit from 

possessing a badge of status. 

Box 6.3. Social dominance between sexes 
 
I tested whether males and females differ in mean social 
dominance in the Lundy Island house sparrow 
population. I used the social dominance data collected 
from Nov 2013 to Dec 2016 (chapter 5). I ran a linear 
mixed model (LMM) with individual the randomized 
Elo-rating as response variable, sex as the only fixed 
effect and bird ID and event ID as random effects. 
 
The analysis included 699 observations from 365 
individuals (196 males and 169 females). The results 
showed that males and females do not differ in social 
dominance (Figure 6.3; intercept = 8.31, 95%, CrI = -
13.0 to -29.1; sex (relative to females) = -20.8, 95% CrI 
= -49.1 to 7.64). Conclusions remained robust when I 
included age and tarsus length (a proxy of body size) as 
additional fixed effects (results not shown).  

 
Figure 6.3. Males and females do not differ in mean social 
dominance in the Lundy Island house sparrow population. 
Each filled circle is an individual observation. Means, and 
2.5% and 97.5% quantiles of the raw data are shown. 

 

The sexual dimorphism suggests that the bib’s function is likely more important in 

mate choice, and there is some evidence to support this. Female house sparrows have been 

found to preferentially choose males with large bibs (Møller 1988, 1989; but see Kimball 

1996) and bib size has been positively correlated with sexual behaviour (Møller 1990; 

Veiga 1996; but see Václav, Hoi & Blomqvist 2002). Bib size might be then an honest 
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signal of male quality for females. Two recent studies have provided strong evidence that 

the production of the bib in house sparrows is costly, and that only high quality 

individuals are likely to stand the costs of producing larger bibs (Galván et al. 2015; 

Galván & Alonso-Alvarez 2017). Additionally, if bib size was an honest signal of male 

quality we would expect a positive correlation with fitness (Jennions, Møller & Petrie 

2001). Nakagawa et al. (2007)’s meta-analysis found that the overall effect size for the 

correlation between reproductive success and reproductive success was positive but 

overlapped zero (i.e. if so, bib size is under weak selection). However, many of the studies 

included in Nakagawa et al. (2007)’s meta-analysis did not account for extra-pair paternity 

– ca. 10 to 25% of all offspring in house sparrows are extra-pair offspring (Hsu et al. 

2015), which can lead to biased conclusions if bib size was an honest signal of male 

genetic quality. Indeed, an exhaustive analysis of the relationship between lifetime genetic 

reproductive success and bib size found support for a positive effect (Jensen et al. 2006). 

Along the same lines, I have also found a positive correlation between bib size and the 

annual number of genetic fledglings, and a similar trend for the annual number of genetic 

recruits (i.e. those offspring that survive and reproduce; Box 6.4). Last, I have also found 

evidence for selective disappearance of individuals with small bibs, which further 

confirms that bib size is under positive selection in house sparrows (Box 6.5; see also 

Jensen et al. 2008).  

I conclude that the status signalling hypothesis is no longer a compelling 

explanation for the evolution of bib size across populations of house sparrows, and I hope 

this stimulates renewed attention to other hypotheses (e.g. those derived from inter-sexual 

selection) explaining within-species variation in ornamentation in house sparrows, and 

other species. I suggest that the relationship between bib size and fitness found in house 

sparrows indicates that bib size could be used as an honest signal of male genetic quality 

for females. Since bib size is positively selected and genetically underpinned (Jensen et al. 

2008), an additional question remains unanswered, how is genetic variation in bib size 

maintained? I suggest that selection on bib size is likely to fluctuate. This would explain 

why a previous study on the Lundy Island house sparrows found no overall correlation 

between bib size and reproductive success (Nakagawa et al. 2007b), contrary to my 

analyses (Box 6.4). Thus, a future step would be to test if fluctuating selection is the 

mechanism maintaining variation in bib size, and the Lundy Island house sparrow 

population is an ideal system to test this hypothesis. 
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Box 6.4. Reproductive success and bib size 
 
I tested whether bib size correlated positively with reproductive 
success in the Lundy Island house sparrow population over a 
period of three years. I used the two proxies of reproductive 
success used in chapter 4: (i) the annual number of genetic 
fledglings, and (ii) the annual number of genetic recruits. For 
bib size, I used bib length measurements obtained in the 
breeding seasons of 2014, 2015 and 2016. I ran two statistical 
models, a linear mixed model (LMM) with the annual number 
of genetic fledglings as the response variable, and a Poisson 
generalized mixed model (GLMM) with the annual number of 
genetic recruits as the response variable. Both models contain 
bib length, age, age2, tarsus length, and year (factor with three 
levels) as fixed effects, and bird ID as random effect. Age and 
tarsus length were z-transformed, and bib length was z-
transformed within each year. 
 
The analyses included 119 observations from 100 different 
males over three years. The results show that bib length is 
positively associated with the annual number of genetic 
fledglings (Figure 6.4, Supplementary Information 6.2). 
Conclusions remained robust when the model was run without 
including a potential outlier (Supplementary Information 6.2). 
For the annual number of genetic recruits the relationship was 
not strong but was still positive (Supplementary Information 
6.2). Overall, bib size is positively associated with reproductive 
success in the Lundy Island house sparrow population (but see 
Nakagawa et al. 2007b). 
 

 
 
Figure 6.4. Bib size is positively correlated to 
reproductive success in the Lundy Island house 
sparrow population. Each filled circle is one 
individual estimate. Solid lines represent model 
estimates and shadings show 95% credible 
intervals of two mixed models. Note that bib 
length is z-transformed within each year, and 
thus, no units are shown. 
 

 

6.4. On social dominance in house sparrows 

Social dominance has been shown to predict fitness in multiple species (Curry 1988; Creel 

et al. 1997; Young et al. 2006; Majolo et al. 2012b) but I did not find support for such 

effect in wild house sparrows (chapter 4). The fitness benefits of top-ranking individuals 

are thought to be driven by the monopolization of resources (Franck & Ribowski 1993; 

Herberholz et al. 2007; Willisch & Neuhaus 2010). Thus, to estimate individual social 

dominance, I recorded agonistic dyadic interactions over an important resource, i.e. food, 

with the idea that winners (high-ranking) would be those with more access to food than 

losers (low-ranking). However, I did not have data to confirm that assumption, and thus, I 

cannot discard the possibility that high-ranking individuals may not have had preferential 

access to food. Indeed, a previous study on house sparrows found that dominance rank 

was not related to food intake rate (Liker & Barta 2002). High-ranking individuals may 

spend relatively more time fighting intruders than actually eating, which could result in 

the energy consumed and spent being similar. Hence, high-ranking individuals might have 

a similar energy remainder than low-ranking individuals (e.g. Rohwer & Ewald 1981). 

Further, flocks of house sparrows have been 



107 
  
 

Box 6.5. Survival and bib size 
 
I tested whether the increase in bib size with age observed in this and other studies (Nakagawa et al. 
2007b) was due to within-individual increase and/or selective disappearance of small bib individuals at 
the population level. I analysed the bib length measurements that I obtained from November 2013 to 
December 2017 on the Lundy Island house sparrow population using a statistical method called “within-
subject centring” (van de Pol & Wright 2009). This method allows the separation of within-subject (e.g. 
male house sparrows increase their bib size with age) from between-subject effects (e.g. mean bib size 
increases with age at the population-level because individuals with a small bib disappear) using mixed 
models (van de Pol & Wright 2009). I ran a linear mixed model (LMM) with individual randomized Elo-
rating as the response variable; between-subject age (= mean subject’s age), within-subject age (= 
subject’s age for each observation – mean subject’s age) and tarsus length (a proxy of body size) as fixed 
effects; and bird ID and event ID as random effects. 
 
The analysis included 373 observations from 240 males measured across 8 events. The results showed 
that bib size increases with age due two processes: selective disappearance of small bib individuals (Figure 
6.5a) and within-individual increase (Figure 6.5b; Supplementary Information 6.3). 

 
Figure 6.5. Bib size increases with age due to two processes: selective disappearance of small bib individuals (a) and within-
individual increase (b) in the Lundy Island house sparrow population. Each filled circle is one individual estimate. Thick solid 
lines represent model estimates and shadings show 95% credible intervals of a linear mixed model. Thin lines connect 
observations from single individuals (note that only individuals with > 1 observation are depicted in (b)). 

 

suggested to be composed of two types of individuals based on their foraging tactics: 

producers (i.e. those that find the food) and scroungers (i.e. those that exploit the food 

found by the producers; Barnard & Sibly 1981). Scroungers are believed to be more 

efficient at foraging when enough producers exist in the population (Barnard & Sibly 

1981). Perhaps, low-ranking individuals use the scrounger tactic, that way 

counterbalancing the preferential access to food normally assumed for high-ranking 

individuals. Yet, opposite to this thought, high-ranking but not low-ranking individuals 

have been observed to scrounge more in house sparrows (Liker & Barta 2002). Also, in 

other passerines, high- and low-ranking individuals have been found to use similar 

foraging tactics (Wiley 1991). Overall, it is still unclear whether different foraging tactics 

interact with hierarchy position in house sparrows, and whether hierarchy position 

determines access to resources.  
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Additionally, stress hormones (e.g. glucocorticoids) are likely candidates 

maintaining a balance between hierarchy position and fitness (reviewed by Creel 2001; 

Creel et al. 2013). It is possible that the potential benefits that high-ranking individuals 

acquire (e.g. preferential access to resources) are counteracted by higher levels of social 

stress in high- compared with low-ranking individuals (e.g. Creel et al. 1997; Sands & 

Creel 2004; Mileva, Gilmour & Balshine 2011). Alternatively, social dominance and 

fitness might not be related if hierarchy position does not predict access to resources or 

levels of physiological stress. Indeed, similar levels of physiological stress between high- 

and low-ranking individuals have been observed in some bird species (Mays, Vleck & 

Dawson 1991; Schoech, Mumme & Moore 1991; Malueg, Walters & Moore 2009). 

Overall, future studies should focus on testing (i) whether winners and losers have indeed 

different access to resources and use different foraging tactics, and (ii) whether winners 

and losers show different levels of stress. This information is essential to understand the 

evolutionary consequences of social dominance in house sparrows.  

6.5. On the importance of territory prospecting and fidelity 

Most bird species need a territory to build a nest and lay their eggs. Both early territory 

acquisition and holding it during breeding are usually associated with greater reproductive 

success in birds (Perrins 1970; Verhulst & Nilsson 2008; Matechou et al. 2015). I found 

that house sparrows prospect for a territory much before the breeding season starts, and 

once found, house sparrows tend to remain faithful to their territories within- and among-

years (chapter 5). Winter territory prospecting was higher in first year breeders (i.e. those 

that never possessed a territory) than in adults (i.e. those that bred at least for one year). 

However, the individual levels of activity as measured in captivity did not predict territory 

prospecting. In fact, we still do not know whether there is any phenotypic trait that 

predicts territory prospecting in house sparrows. This is important because territories are 

likely to differ in quality (Cody 1985), and indeed, some territories or areas seems of 

higher quality than others in the Lundy Island population (Schroeder et al. 2012b; own 

personal observations). Thus, it is essential to study whether differences in territory 

prospecting and acquisition are driven by individual quality, or by spatial use and/or the 

social environment. The spatial and social component of territory prospecting can be 

studied using social network analyses (Croft, James & Krause 2008). Future studies 

should focus on the spatial and social components of territoriality, which, together with 

abundant individual life-history data would allow us to understand what traits other than 
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life-history stage affect territory prospecting. Also, more research is needed to understand 

the fitness consequences of territory prospecting.  
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11. Supplementary Information  

Supplementary Information 2.1: worked examples 

The following three worked examples are intended to provide an easy step-by-step guide 
on how to infer dominance hierarchies, and their uncertainty, steepness and transitivity 
from dyadic interactions. We imported the three interaction datasets used here from a 
compilation of published studies carried out by Shizuka and McDonald (2015a,b).  

Worked example 1 

We used data from Wells and von Goldschmidt-Rothschild (1979). This dataset contains 
dominance interactions observed in a herd of horses (Equus caballus). 

First, we need to clear up the memory and load the necessary libraries for the analyses. 

# clear memory 
rm(list=ls()) 
 
# packages needed for this analysis 
library(aniDom) 
library(compete) 

Then, we can upload the interaction matrix and visualize part of it to make sure it was 
imported in the desired format. 

# dataset 
horse <- read.csv("worked_examples/ShizukaMcDonald_Data/Wells1979-3.csv",header=
TRUE, row.names=1) 
 
# visualize the top right 3 by 3 part of the matrix 
horse[c(1:3),c(1:3)] 

##    a9 a5 a7 
## a9  0 33 24 
## a5  1  0 28 
## a7  0  0  0 

Next step, we need to make sure that the same individuals are represented in both sides of 
the matrix. 

# Test whether the row names match the column names. Whether the same individuals are 
represented. 
table(names(horse)==row.names(horse)) 

##  
## TRUE  
##   25 

This shows that the ids of the 25 individuals are the same in both sides of the matrix. One 
further step is to make sure that all individuals interacted at least once. 

# number of individuals that interacted 
table(rowSums(horse)+colSums(horse)!=0) 
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##  
## TRUE  
##   25 

All individuals interacted at least once, and the number of individuals for which rank can 
be estimated is 25. 

We can now count the total number of interactions recorded and, thus, estimate the 
ratio of interactions to individuals (i.e. sampling effort). 

# number of interactions recorded 
sum(horse) 

## [1] 3428 

# ratio of interactions to individuals 
round(sum(horse)/(table(rowSums(horse)+colSums(horse)!=0)),1) 

##  
##  TRUE  
## 137.1 

This ratio of interactions to individuals (137.1) shows an extraordinary sampling effort 
that is far beyond our 10-20 recommendation and also more than the average sampling 
effort reported in the literature (reviewed by McDonald & Shizuka 2013). 

The next step is to estimate how sparse the database is. For that, we will estimate 
the proportion of known dyads (i.e. the proportion of dyads that interacted out of the total 
number of possible dyads) and compare it to the proportion that we would expect for an 
equal group size when the probability of interacting follows a Poisson process, which is 
the process commonly observed in nature (more details in the main text). 

# simulating the values. a and b are randomly set to 30 and 5, respectively. Notice that the 
choice does not affect the results as we are only interested in exploring how the proportio
n of known dyads changes with the ratio of interactions to individuals. 
# This process can take a few minutes depending on the size of the database. 
avalues <- c(30) #the value does not affect the result in this case 
bvalues <- c(5) #the value does not affect the result in this case 
N.inds.values <- c(table(rowSums(horse)+colSums(horse)!=0)) 
N.obs.values <- c(sum(horse)/(table(rowSums(horse)+colSums(horse)!=0))) 
 
poiss <- c(TRUE) 
dombias <- c(FALSE) 
 
# creating empty database 
db.sim <- data.frame(Ninds=integer(), 
                     Nits=integer(), 
                     poiss=logical(), 
                     dombias=logical(), 
                     unknowndyads=numeric(), 
                     stringsAsFactors=FALSE) 
 
for (simnum in 1:500){ 
   
  # generating interactions using aniDom 
  output <- generate_interactions(N.inds.values, 
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                                  N.inds.values*N.obs.values, 
                                  a=avalues, 
                                  b=bvalues, 
                                  id.biased=poiss, 
                                  rank.biased=dombias) 
   
  # generating sociomatrix and estimating number of 
  matrix<-get_wl_matrix(output$interactions) 
  unknowndyads<-rshps(matrix)$unknowns/rshps(matrix)$total 
   
  # adding values to db 
  db.sim<-rbind(db.sim,c(N.inds.values,N.obs.values, 
                         poiss,dombias, 
                         unknowndyads)) 
} 

names(db.sim) <- c("Ninds","N.obs.values", 
                   "poiss","dombias", 
                   "unknowndyads") 
 
 
db.sim$knowndyads <- 1-db.sim$unknowndyad 
 
 
# mean proportion of known dyads expected under the Poisson process 
round(mean(db.sim$knowndyads),2) 

## [1] 0.67 

# 2.5 and 97.5 quantiles proportion of known dyads expected under the Poisson process 
round(quantile(db.sim$knowndyads,probs=c(0.025,0.975)),2) 

##  2.5% 97.5%  
##  0.53  0.83 

# observed proportion of known dyads 
1-round(sparseness(horse),2) 

## [1] 0.95 

The observed proportion of known dyads (0.95) is very high and larger than what we 
would expect under a Poisson process (mean = 0.67, 2.5 % and 97.5 % quantiles = (0.53, 
0.83)). This indicates an extraordinary sampling effort, which is uncommon in wild 
datasets (review by McDonald & Shizuka 2013). This value can give us clues about the 
nature of the group of animals studied. For example, since the proportion of known dyads 
tends to be higher in studies of captive, insular or otherwise constrained groups 
(McDonald & Shizuka 2013), a high observed proportion of known dyads may indicate 
that the group of individuals studied, although identified as free-living, is a close group 
that may therefore resemble more closely a captive than a wild population. 

We now estimate the hierarchy as well as its uncertainty. First, let's estimate the 
hierarchy using the randomized Elo-rating method, for which we first need to convert the 
input data from a matrix type to a sequence of interactions type. 
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# First, transforming matrix into random sequence of interactions 
horse.1 <- horse 
 
dom.data <- data.frame(interact.number=1:sum(horse.1), 
                       winner=NA,loser=NA) 
 
ids <- rownames(horse.1) 
 
count <- 1 
for (i in 1:nrow(horse.1)) { 
  for (j in 1:ncol(horse.1)) { 
    while (horse.1[i,j] > 0) { 
      dom.data$winner[count] <- ids[i] 
      dom.data$loser[count] <- ids[j] 
      horse.1[i,j] <- horse.1[i,j]-1 
      count <- count + 1 
    } 
  } 
} 

Using the randomized Elo-rating the hierarchy looks like this: 

# hierarchy based on randomized Elo-rating 
scores <- elo_scores(winners=dom.data$winner,  
                     losers=dom.data$loser,  
                     identities = row.names(horse), 
                     randomise = TRUE,  
                     n.rands = 1000, 
                     return.as.ranks = TRUE) 
 
 
rank <- rowMeans(scores) 
rank <- rank[order(rank)] 
rank 

##     a9     a5     a7     c1     e1     d2     g3     h2     a1     g4  
##  1.000  2.000  3.034  4.239  4.767  5.962  6.999  8.794  9.126  9.347  
##    a11     h1     h4    a14    a13    a15    a12    a18     j5    a16  
## 11.600 11.848 13.411 13.665 14.923 16.210 16.694 18.804 19.308 19.887  
##     j3    a17     j4     j1     j2  
## 19.926 21.507 23.409 23.708 24.832 

The hierarchy shows, for example, that a9 is the top ranking individual, whereas j2 is the 
bottom ranking. We can now plot the shape of the hierarchy using the function 
plot_hierarchy_shape() from the package "aniDom" (Farine & Sanchez-Tojar 2017). This 
will show us how well rank predicts the probability of winning an interaction, i.e. whether 
a dominance hierarchy exists. 

ids <- names(rank) 
ranks <- 1:length(rank) 
 
op <- par(mar = c(4,4,3,0.5)) 
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shape <- plot_hierarchy_shape(fitted=TRUE, 
                                ids,ranks,  
                                dom.data$winner,  
                                dom.data$loser) 
 
text(5,0.55,"Study:\nWells & von Goldschmidt-Rothschild 1979",adj = 0,cex=0.75) 

 

The shape indicates that the hierarchy is steep, i.e. rank largely predicts the probability of 
winning an interaction. For example, if the difference in rank between two contestants is 8 
or larger, the probability that the higher ranked individual wins is pretty much 1, however, 
if that difference is only 1, the overall probability is smaller than 0.9. 

We will now quantify the uncertainty of the hierarchy, which also provides 
information about the steepness of the hierarchy. For that, we can use the function 
estimate_uncertainty_by_repeatability() from the package "aniDom" (Farine 
& Sanchez-Tojar 2017), which provides us with a measure of steepness/uncertainty that is 
independent of both group size and the ratio of interactions to individuals, and therefore, 
that it is a standardized index that can be used to compare different hierarchies (see main 
text and Supplementary information 5). 

# Uncertainty/steepness based on Elo-rating repeatability 
rept <- estimate_uncertainty_by_repeatability(dom.data$winner, 
                                              dom.data$loser,  
                                              identities=ids,  
                                              init.score=0, 
                                              n.rands = 1000) 
 
round(rept,3) 

## [1] 0.99 

The value obtained is 0.99, which corroborates what we observed in the previous plot, that 
is, that the hierarchy of this group of horses is very steep, and therefore, our estimates of 
hierarchy highly certain. Additionally, we can further estimate the uncertainty of the 
hierarchy by splitting the database into two, and estimating whether the hierarchy 
estimated from one half closely resembles the hierarchy estimated from the other half. We 
can do this using the function estimate_uncertainty_by_splitting() from the package 
"aniDom" (Farine & Sanchez-Tojar 2017), which provides us with an index that, although 
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is independent of group size, it changes logarithmically with the ratio of interactions to 
individuals, and thus, it contains information about sampling effort. 

# Uncertainty/steepness based on half comparison 
halve <- estimate_uncertainty_by_splitting(dom.data$winner, 
                                           dom.data$loser,  
                                           identities=ids,   
                                           init.score=0, 
                                           randomise=TRUE, 
                                           n.rands = 1000) 
 
round(halve,2) 

##  Mean  2.5% 97.5%  
##  0.95  0.91  0.98 

Again, since this value is very high (mean = 0.95, 2.5 % and 97.5 % quantiles = 
(0.91,0.98)), the results corroborate that our estimated hierarchy is highly certain, and 
sampling effort high. 

Lastly, we can explore the transitivity of the interactions observed using the Triangle 
transitivity, Ttri (Shizuka & McDonald 2012). Ttri has been shown to perform better than 
the widely used linearity index h' proposed by de Vries (1995), and it provides an overall 
estimate of orderliness for the hierarchy (Shizuka & McDonald 2012). 

# Triangle transitivity 
round(ttri_test(horse)$ttri,2) 

## [1] 0.97 

# and its p-value 
ttri_test(horse)$pval 

## [1] 0 

The hierarchy is very transitive (Ttri = 0.97, p-value = 0). 

Overall, we conclude that this herd of horses shows a very steep and transitive hierarchy, 
and that our estimates of rank order (i.e. hierarchy) are highly certain. Since the hierarchy 
is very steep, we could consider using the I&SI method (de Vries 1998), which has been 
shown to perform slightly better than other methods in scenarios of extremely steep 
hierarchies. 

Worked example 2 

We used data from Isbell and Pruetz (1998). This dataset contains agonistic interactions 
observed in a wild group of female patas monkeys (Erythrocebus patas) over a 46-month 
period. 

First, we need to clear up the memory and load the necessary libraries for the analyses. 

# clear memory 
rm(list=ls()) 
 
# packages needed for this analysis 
library(aniDom) 
library(compete) 
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Then, we can upload the interaction matrix and visualize part of it to make sure it was 
imported in the desired format. 

# dataset 
monkey <- read.csv("worked_examples/ShizukaMcDonald_Data/Isbell1998-B.csv",head
er=TRUE, row.names=1) 
 
# visualize the top right 3 by 3 part of the matrix 
monkey[c(1:3),c(1:3)] 

##     SCO MNT GEO 
## SCO   0   0   0 
## MNT   0   0   1 
## GEO   0   0   0 

Next step, we need to make sure that the same individuals are represented in both sides of 
the matrix. 

# Test whether the row names match the column names. Whether the same individuals are 
represented. 
table(names(monkey)==row.names(monkey)) 

##  
## TRUE  
##   17 

This shows us that the ids of the 17 individuals are the same in both sides of the matrix. 
One further step is to make sure that all individuals interacted at least once. 

# number of individuals that interacted 
table(rowSums(monkey)+colSums(monkey)!=0) 

##  
## TRUE  
##   17 

All individuals interacted at least once, and the number of individuals for which rank can 
be estimated is 17. 

We can now count the total number of interactions recorded and, thus, estimate the 
ratio of interactions to individuals (i.e. sampling effort). 

# number of interactions recorded 
sum(monkey) 

## [1] 192 

# ratio of interactions to individuals 
round(sum(monkey)/(table(rowSums(monkey)+colSums(monkey)!=0)),1) 

##  
## TRUE  
## 11.3 

This ratio of interactions to individuals (11.3) is within the recommended range of values 
(i.e. 10-20, see main text), which would insure that the estimated hierarchy is close to the 
real hierarchy (if hierarchy existed). 
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The next step is to estimate how sparse the database is. For that, we will estimate 
the proportion of known dyads (i.e. the number of dyads that interacted out of the total 
number of possible dyads) and compare it to the proportion we would expect for an equal 
group size when the probability of interacting follows a Poisson process, which is 
commonly observed in nature (more details in the main text). 

# simulating the values. a and b are randomly set to 30 and 5, respectively. Notice that the 
choice does not affect the results as we are only interested in exploring how the proportio
n of known dyads changes with the ratio of interactions to individuals. 
# This process can take a few minutes depending on the size of the database. 
avalues <- c(30) #the value does not affect the result in this case 
bvalues <- c(5) #the value does not affect the result in this case 
N.inds.values <- c(table(rowSums(monkey)+colSums(monkey)!=0)) 
N.obs.values <- c(sum(monkey)/(table(rowSums(monkey)+colSums(monkey)!=0))) 
 
poiss <- c(TRUE) 
dombias <- c(FALSE) 
 
# creating empty database 
db.sim <- data.frame(Ninds=integer(), 
                     Nits=integer(), 
                     poiss=logical(), 
                     dombias=logical(), 
                     unknowndyads=numeric(), 
                     stringsAsFactors=FALSE) 
 
for (simnum in 1:500){ 
   
  output <- generate_interactions(N.inds.values, 
                                  N.inds.values*N.obs.values, 
                                  a=avalues, 
                                  b=bvalues, 
                                  id.biased=poiss, 
                                  rank.biased=dombias) 
   
  # generating sociomatrix and estimating number of 
  matrix<-get_wl_matrix(output$interactions) 
  unknowndyads<-rshps(matrix)$unknowns/rshps(matrix)$total 
   
  # adding values to db 
  db.sim<-rbind(db.sim,c(N.inds.values,N.obs.values, 
                         poiss,dombias, 
                         unknowndyads)) 
} 

names(db.sim) <- c("Ninds","N.obs.values", 
                   "poiss","dombias", 
                   "unknowndyads") 
 
 
db.sim$knowndyads <- 1-db.sim$unknowndyad 
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# mean proportion of known dyads expected under the Poisson process 
round(mean(db.sim$knowndyads),2) 

## [1] 0.48 

# 2.5 and 97.5 quantiles proportion of known dyads expected under the Poisson process 
round(quantile(db.sim$knowndyads,probs=c(0.025,0.975)),2) 

##  2.5% 97.5%  
##  0.33  0.67 

# observed proportion of known dyads 
1-round(sparseness(monkey),2) 

## [1] 0.51 

The observed proportion of known dyads (0.51) is within the range that we would expect 
under a Poisson process (mean = 0.48, 2.5 % and 97.5 % quantiles = (0.33, 0.67)). This 
indicates that data collection was not extremely biased towards some dyads, and therefore, 
that sampling effort was adequate. If the observed value were below the range of values 
expected, this could indicate a biased sampling that we should further investigate as it 
could strongly affect the performance of the methods. 

We now estimate the hierarchy as well as its uncertainty. First, let's estimate the 
hierarchy using the randomized Elo-rating method, for which we first need to convert the 
input data from a matrix type to a sequence of interactions type. 

# First, transforming matrix into random sequence of interactions 
monkey.1 <- monkey 
 
dom.data <- data.frame(interact.number=1:sum(monkey.1), 
                       winner=NA,loser=NA) 
 
ids <- rownames(monkey.1) 
 
count <- 1 
for (i in 1:nrow(monkey.1)) { 
  for (j in 1:ncol(monkey.1)) { 
    while (monkey.1[i,j] > 0) { 
      dom.data$winner[count] <- ids[i] 
      dom.data$loser[count] <- ids[j] 
      monkey.1[i,j] <- monkey.1[i,j]-1 
      count <- count + 1 
    } 
  } 
} 

Using the randomized Elo-rating the hierarchy looks like this: 

# hierarchy based on randomized Elo-rating 
scores <- elo_scores(winners=dom.data$winner,  
                     losers=dom.data$loser,  
                     identities = row.names(monkey), 
                     randomise = TRUE,  
                     n.rands = 1000, 
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                     return.as.ranks = TRUE) 
 
 
rank <- rowMeans(scores) 
rank <- rank[order(rank)] 
rank 

##    SCO    PEN    MNT    TAZ    GYA    GEO    WAR    REN    ELB    VNC  
##  1.344  2.219  3.682  3.702  6.046  6.917  7.303  8.550  8.596  9.622  
##    MIC    CEZ    RIG    BET    REM    PIC    DAL  
## 10.486 10.906 11.936 13.894 14.949 15.980 16.868 

The hierarchy shows, for example, that SCO is the top ranking individual, whereas DAL is 
the bottom ranking. We can now plot the shape of the hierarchy using the function 
plot_hierarchy_shape() from the package "aniDom" (Farine & Sanchez-Tojar 2017). This 
will show us how well rank predicts the probability of winning an interaction, i.e. whether 
a dominance hierarchy exists. 

ids <- names(rank) 
ranks <- 1:length(rank) 
 
op <- par(mar = c(4,4,3,0.5)) 
 
shape <- plot_hierarchy_shape(fitted=TRUE, 
                                ids,ranks,  
                                dom.data$winner,  
                                dom.data$loser) 
 
text(8,0.53,"Study:\nIsbell & Pruetz 1998",adj = 0,cex=0.75) 

 

The shape observed indicates that the steepness of the hierarchy is intermediate, i.e. rank 
predicts the probability of winning an interaction but higher ranked individuals are not a 
lot more likely to win an interaction unless the difference in rank between both contestants 
is large. For example, if the difference in rank is only 1, the probability that the higher 
ranked individual wins is, on average, 0.5. Furthermore, the size of the error bars in this 
plot (i.e. 2.5 % and 97.5 % quantiles) indicates that this dataset may benefit from an 
increased sampling effort. 
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We will now quantify the uncertainty of the hierarchy, which also provides 
information about the steepness of the hierarchy. For that, we can use the function 
estimate_uncertainty_by_repeatability() from the package "aniDom" (Farine 
& Sanchez-Tojar 2017), which provides us with a measure of steepness/uncertainty that is 
independent of both group size and the ratio of interactions to individuals, and therefore, 
that it is a standardized index that can be used to compare different hierarchies (see main 
text and Supplementary information 5). 

# Uncertainty/steepness based on Elo-rating repeatability 
rept <- estimate_uncertainty_by_repeatability(dom.data$winner, 
                                              dom.data$loser,  
                                              identities=ids,  
                                              init.score=0, 
                                              n.rands = 1000) 
 
round(rept,3) 

## [1] 0.919 

The value obtained is 0.919, which corroborates what we observed in the previous plot, 
that is, that the hierarchy of this group of female patas monkeys is intermediate, yet 
informative. It also shows that our estimates of hierarchy are reasonably certain. 
Additionally, we can further estimate the uncertainty of the hierarchy by splitting the 
database into two, and estimating whether the hierarchy estimated from one half closely 
resembles the hierarchy estimated from the other half. We can do this using the function 
estimate_uncertainty_by_splitting() from the package "aniDom" (Farine & Sanchez-Tojar 
2017), which provides us with an index that, although is independent of group size, it 
changes logarithmically with the ratio of interactions to individuals, and thus, it contains 
information about sampling effort. 

# Uncertainty/steepness based on half comparison 
halve <- estimate_uncertainty_by_splitting(dom.data$winner, 
                                           dom.data$loser,  
                                           identities=ids,   
                                           init.score=0, 
                                           randomise=TRUE, 
                                           n.rands = 1000) 
 
round(halve,2) 

##  Mean  2.5% 97.5%  
##  0.64  0.39  0.86 

This value also shows that the hierarchy is not very steep, and our estimates not extremly 
certain, yet very informative. 

Lastly, we can explore the transitivity of the interactions observed using the 
Triangle transitivity, Ttri (Shizuka & McDonald 2012). Ttri has been shown to perform 
better than the widely used linearity index h' proposed by de Vries (1995), and it provides 
an overall estimate of orderliness for the hierarchy (Shizuka & McDonald 2012). 

# Triangle transitivity 
round(ttri_test(monkey)$ttri,2) 

## [1] 0.53 
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# and its p-value 
ttri_test(monkey)$pval 

## [1] 0.012 

This hierarchy is not very transitive but it is significantly so (Ttri = 0.53, p-value = 0.012). 

Overall, we conclude that this group of female patas monkeys shows a hierarchy of 
intermediate steepness and transitivity, and that our estimates of rank order are reasonably 
certain. Since the steepness of the hierarchy is intermediate, we could consider increasing 
sampling effort up to a ratio of interactions to individuals of around 20, this way, we could 
reduce the uncertainty of the estimated hierarchy even further, and thus, increase the 
certainty of the conclusions derived from this study. 

Worked example 3 

We used data from Kolodziejczyk, Kloskowski & Krogulec 2005. This dataset contains 
dominance interactions observed in wintering white-tailed eagles (Haliaeetus albicilla) 
over 1-month period while feeding on fish carcasses. 

First, we need to clear up the memory and load the necessary libraries for the analyses. 

# clear memory 
rm(list=ls()) 
 
# packages needed for this analysis 
library(aniDom) 
library(compete) 

Then, we can upload the interaction matrix and visualize part of it to make sure it was 
imported in the desired format. 

# dataset 
eagle <- read.csv("worked_examples/ShizukaMcDonald_Data/Kolodziejczyk2005-1.csv"
,header=TRUE, row.names=1) 
 
# visualize the top right 3 by 3 part of the matrix 
eagle[c(1:3),c(1:3)] 

##    b1 a1 f3 
## b1  0  4  2 
## a1  7  0  4 
## f3  3  1  0 

Next step, we need to make sure that the same individuals are represented in both sides of 
the matrix. 

# Test whether the row names match the column names. Whether the same individuals are 
represented. 
table(names(eagle)==row.names(eagle)) 

##  
## TRUE  
##   13 

This shows us that the ids of the 13 individuals are the same in both sides of the matrix. 
One further step is to make sure that all individuals interacted at least once. 
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# number of individuals that interacted 
table(rowSums(eagle)+colSums(eagle)!=0) 

##  
## TRUE  
##   13 

All individuals interacted at least once, and the number of individuals for which rank can 
be estimated is 13. 

We can now count the total number of interactions recorded and, thus, estimate the 
ratio of interactions to individuals (i.e. sampling effort). 

# number of interactions recorded 
sum(eagle) 

## [1] 168 

# ratio of interactions to individuals 
round(sum(eagle)/(table(rowSums(eagle)+colSums(eagle)!=0)),1) 

##  
## TRUE  
## 12.9 

This ratio of interactions to individuals (i.e. 12.9) is within the recommended range of 
values (i.e. 10-20, see main text). This would insure that the estimated hierarchy is close to 
the real hierarchy (if hierarchy existed). 

The next step is to estimate how sparse the database is. For that, we will estimate 
the proportion of known dyads (i.e. the number of dyads that interacted out of the total 
number of possible dyads) and compare it to the proportion we would expect for an equal 
group size when the probability of interacting follows a Poisson process, which is 
commonly observed in nature (more details in the main text). 

# simulating the values. a and b are randomly set to 30 and 5, respectively. Notice that the 
choice does not affect the results as we are only interested in exploring how the proportio
n of known dyads changes with the ratio of interactions to individuals. 
# This process can take a few minutes depending on the size of the database. 
avalues <- c(30) #the value does not affect the result in this case 
bvalues <- c(5) #the value does not affect the result in this case 
N.inds.values <- c(table(rowSums(eagle)+colSums(eagle)!=0)) 
N.obs.values <- c(sum(eagle)/(table(rowSums(eagle)+colSums(eagle)!=0))) 
 
poiss <- c(TRUE) 
dombias <- c(FALSE) 
 
# creating empty database 
db.sim <- data.frame(Ninds=integer(), 
                     Nits=integer(), 
                     poiss=logical(), 
                     dombias=logical(), 
                     unknowndyads=numeric(), 
                     stringsAsFactors=FALSE) 
 
for (simnum in 1:500){ 
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  output <- generate_interactions(N.inds.values, 
                                  N.inds.values*N.obs.values, 
                                  a=avalues, 
                                  b=bvalues, 
                                  id.biased=poiss, 
                                  rank.biased=dombias) 
   
  # generating sociomatrix and estimating number of 
  matrix<-get_wl_matrix(output$interactions) 
  unknowndyads<-rshps(matrix)$unknowns/rshps(matrix)$total 
   
  # adding values to db 
  db.sim<-rbind(db.sim,c(N.inds.values,N.obs.values, 
                         poiss,dombias, 
                         unknowndyads)) 
} 

names(db.sim) <- c("Ninds","N.obs.values", 
                   "poiss","dombias", 
                   "unknowndyads") 
 
 
db.sim$knowndyads <- 1-db.sim$unknowndyad 
 
 
# mean proportion of known dyads expected under the Poisson process 
round(mean(db.sim$knowndyads),2) 

## [1] 0.56 

# 2.5 and 97.5 quantiles proportion of known dyads expected under the Poisson process 
round(quantile(db.sim$knowndyads,probs=c(0.025,0.975)),2) 

##  2.5% 97.5%  
##  0.37  0.81 

# proportion of known dyads 
1-round(sparseness(eagle),2) 

## [1] 0.56 

The proportion of known dyads observed (0.56) is within the range that we would expect 
under a Poisson process (mean = 0.56, 2.5 % and 97.5 % quantiles = (0.37, 0.81)). This 
indicates that data collection was not extremely biased towards some dyads, and therefore, 
that sampling effort was adequate. 

We now estimate the hierarchy as well as its uncertainty. First, let's estimate the 
hierarchy using the randomized Elo-rating method, for which we first need to convert the 
input data from a matrix type to a sequence of interactions type. 

# First, transforming matrix into random sequence of interactions 
eagle.1 <- eagle 
 
dom.data <- data.frame(interact.number=1:sum(eagle.1), 
                       winner=NA,loser=NA) 
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ids <- rownames(eagle.1) 
 
count <- 1 
for (i in 1:nrow(eagle.1)) { 
  for (j in 1:ncol(eagle.1)) { 
    while (eagle.1[i,j] > 0) { 
      dom.data$winner[count] <- ids[i] 
      dom.data$loser[count] <- ids[j] 
      eagle.1[i,j] <- eagle.1[i,j]-1 
      count <- count + 1 
    } 
  } 
} 

Using the randomized Elo-rating the hierarchy looks like this: 

# rank based on randomized Elo-rating 
scores <- elo_scores(winners=dom.data$winner,  
                     losers=dom.data$loser,  
                     identities = row.names(eagle), 
                     randomise = TRUE,  
                     n.rands = 1000, 
                     return.as.ranks = TRUE) 
 
 
rank <- rowMeans(scores) 
rank <- rank[order(rank)] 
rank 

##     a1     ki     g1    Iad    Mad    Dad     f3     o3     b1     j1  
##  1.302  2.716  3.612  4.995  6.128  6.217  6.718  7.580  9.487  9.582  
##     c1     e2     h2  
## 10.213 10.409 12.041 

The hierarchy shows, for example, that a1 is the top ranking individual, whereas h2 is the 
bottom ranking. We can now plot the shape of the hierarchy using the function 
plot_hierarchy_shape() from the package "aniDom" (Farine & Sanchez-Tojar 2017). This 
will show us how well rank predicts the probability of winning an interaction, i.e. whether 
a dominance hierarchy exists. 

ids <- names(rank) 
ranks <- 1:length(rank) 
 
op <- par(mar = c(4,4,3,0.5)) 
 
shape <- plot_hierarchy_shape(fitted=TRUE, 
                                ids,ranks,  
                                dom.data$winner,  
                                dom.data$loser) 
 
text(4,0.97,"Study:\nKolodziejczyk et al. 2005",adj = 0,cex=0.75) 



146 
  
 

 

The shape observed indicates that this is a very flat hierarchy, i.e. rank does not predict 
very well the probability of winning an interaction. 

We will now quantify the uncertainty of the hierarchy, which also provides us with 
information about the steepness of the hierarchy. For that, we can use the function 
estimate_uncertainty_by_repeatability() from the package "aniDom" (Farine 
& Sanchez-Tojar 2017), which provides us with a measure of steepness/uncertainty that is 
independent of both group size and the ratio of interactions to individuals, and therefore, 
that it is a standardized index that can be used to compare different hierarchies (see main 
text and Supplementary information 5). 

# Uncertainty/steepness based on Elo-rating repeatability 
rept <- estimate_uncertainty_by_repeatability(dom.data$winner, 
                                              dom.data$loser,  
                                              identities=ids,  
                                              init.score=0, 
                                              n.rands = 1000) 
 
round(rept,3) 

## [1] 0.745 

The value obtained is 0.745, which corroborates what we observed in the previous plot, 
that is, that the hierarchy of this group of white-tailed eagles is very flat, and indeed, little 
informative. Thus, our estimates of hierarchy are very uncertain. Additionally, we can 
further estimate the uncertainty of the hierarchy by splitting the database into two, and 
estimating whether the hierarchy estimated from one half closely resembles the hierarchy 
estimated from the other half. We can do this using the function 
estimate_uncertainty_by_splitting() from the package "aniDom" (Farine & Sanchez-Tojar 
2017), which provides us with an index that, although is independent of group size, it 
changes logarithmically with the ratio of interactions to individuals, and thus, it contains 
information about sampling effort. 

# Uncertainty/steepness based on half comparison 
halve <- estimate_uncertainty_by_splitting(dom.data$winner, 
                                           dom.data$loser,  
                                           identities=ids,   
                                           init.score=0, 
                                           randomise=TRUE, 
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                                           n.rands = 1000) 
 
round(halve,2) 

##  Mean  2.5% 97.5%  
##  0.14 -0.45  0.70 

This value also shows that the hierarchy is very flat, and our estimates extremely 
uncertain. 

Lastly, we can explore the transitivity of the interactions observed using the 
Triangle transitivity, Ttri (Shizuka & McDonald 2012). Ttri has been shown to perform 
better than the widely used linearity index h' proposed by de Vries (1995), and it provides 
an overall estimate of orderliness for the hierarchy (Shizuka & McDonald 2012). 

# Triangle transitivity 
round(ttri_test(eagle)$ttri,2) 

## [1] 0.11 

# and its p-value 
ttri_test(eagle)$pval 

## [1] 0.376 

This hierarchy is not transitive (Ttri = 0.11, p-value = 0.388). 

Overall, we conclude that this group of wintering white-tailed eagles shows a very 
flat and intransitive hierarchy. Therefore, our estimates of rank order are extremely 
uncertain. Since the ratio of interactions to individuals recorded is within the 
recommended range, we can further conclude that this scenario is unlikely to be different 
after more data is collected. 
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Supplementary Information 2.2: groups of 10 and 50 individuals 

Our general approach consisted of (i) generating artificial datasets containing 10 

individuals of known rank, (ii) simulating interactions among those 10 individuals under 

different hierarchy scenarios of known steepness and propensities to interact, and (iii) 

testing the performance of the different methods under the different scenarios. We used a 

Poisson process to generate a varying propensity for each individual to interact and a 

Uniform process to generate an equal propensity for each individual to interact. In each 

interaction dataset, the outcome of the dyadic interactions was determined by the specific 

hierarchy scenario implemented. We used a probabilistic approach to generate a wide 

range of hierarchy scenarios of different steepness. Specifically, we modelled the expected 

probability of winning for the higher ranked individual (P(dominant wins)) following the 

equation: 

𝑃(𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑡 𝑤𝑖𝑛𝑠) = 0.5 + 0.5
+  𝑎+   equation 1 

where r is the absolute difference in rank between the two individuals divided by the 

maximum absolute difference in rank possible in the dataset (i.e. 10 – 1 = 9 in our 

datasets), and thus, 0 < r ≤ 1. a and b are the values that determine the steepness of the 

hierarchy.  
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Figure S2.2.1. Groups of 10 individuals. Parameter space of equation 1 showing a wide range of possible 

hierarchy scenarios that depend on the values assigned to a and b. Overall, panels are sorted from high to 

low steepness (panel a to c). For each panel, steepness increases with a. The red dashed line shows where 

the probability of winning for the higher ranked individual (i.e. P(dominant wins)) equals 0.5, which 

corresponds to scenarios where dominance rank does not affect the probability of winning an interaction (i.e. 

no hierarchy). 

 

Figure S2.2.2. Groups of 10 individuals. Relationship between the ratio of interactions to individuals (i.e. 

sampling effort) and the proportion of known dyads (i.e. a measure of sparseness) when the individual 

propensity to interact follows a uniform (grey) or a Poisson (black) process in datasets containing 10 

individuals. Solid lines and dots represent the mean proportion of known dyads of the 500 datasets simulated 

for each ratio of interactions to individuals; shading shows the 2.5% and 97.5% quantiles.  

 



150 
  
 

 

Figure S2.2.3. Groups of 10 individuals. The performance of the original Elo-rating increases with the 

ratio of interactions to individuals and the steepness of the hierarchy. Solid lines and dots represent the mean 

Spearman rank correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 

2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific set of hierarchies simulated 

for generating the interaction datasets. Overall, panels are sorted from high to low steepness (panel a to c), 

and, for each panel, steepness increases with a. The different hierarchy scenarios shown were created 

following equation 1. 
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Figure S2.2.4. Groups of 10 individuals. David’s score and the randomized Elo-rating are the two best 

methods to infer reliable dominance hierarchies. Solid lines and dots represent the mean Spearman rank 

correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 2.5% and 

97.5% quantiles. The red dashed line shows the suggested rS threshold above which inferred hierarchies are 

highly reliable (rS = 0.70). The reduced right-hand side panels show the specific hierarchy simulated for 

generating the interaction datasets. Overall, panels are sorted from intermediate (panels a and b) to very flat 

hierarchies (panel c). The different hierarchy scenarios shown were created following equation 1. 
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Figure S2.2.5. Groups of 10 individuals. Randomized Elo-rating repeatability increases with the steepness 

of the hierarchy. Solid lines and dots represent the mean repeatability of the 1 000 individual randomized 

Elo-ratings estimated for each interaction dataset using the randomized Elo-rating method; shading shows 

the 2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific hierarchy simulated for 

generating the interaction datasets. Overall, panels are sorted from intermediate (panel a and b) to very flat 

hierarchies (panel c). The different hierarchy scenarios shown were created following equation 1. 
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Figure S2.2.6. Groups of 10 individuals. The agreement between the two halves of the interaction dataset 

increases with the ratio of interactions to individuals and the steepness of the hierarchy. Solid lines and dots 

represent the mean Spearman rank correlation coefficient (rS) between the two halves of the datasets; 

shading shows the 2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific 

hierarchy simulated to generate the interaction datasets. Overall, panels are sorted from intermediate (panel a 

and b) to very flat hierarchies (panel c). The different hierarchy scenarios shown were created following 

equation 1. 
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Figure S2.2.7. Groups of 10 individuals. David’s score, I&SI and ADAGIO are the three best methods to 

infer reliable dominance hierarchies when group size is 10 individuals and hierarchy extremely steep (a). 

Randomized Elo-rating repeatability is extremely high and stable when hierarchies are extremely steep (b). 

The agreement between the two halves of the interaction dataset increases with the ratio of interactions to 

individuals (c). Solid lines and dots represent the mean values; shading shows the 2.5% and 97.5% quantiles. 

The red dashed line in (a) shows the suggested rS threshold above which inferred hierarchies are highly 

reliable (rS = 0.70). The reduced right-hand side panels show the specific hierarchy simulated for generating 

the interaction datasets.  
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Figure S2.2.8. Groups of 50 individuals. Parameter space of equation 1 showing a wide range of possible 

hierarchy scenarios that depend on the values assigned to a and b. Overall, panels are sorted from high to 

low steepness (panel a to c). For each panel, steepness increases with a. The red dashed line shows where 

the probability of winning for the higher ranked individual (i.e. P(dominant wins)) equals 0.5, which 

corresponds to scenarios where dominance rank does not affect the probability of winning an interaction (i.e. 

no hierarchy). 

 

Figure S2.2.9. Groups of 50 individuals. Relationship between the ratio of interactions to individuals (i.e. 

sampling effort) and the proportion of known dyads (i.e. a measure of sparseness) when the individual 

propensity to interact follows a uniform (grey) or a Poisson (black) process in datasets containing 50 

individuals. Solid lines and dots represent the mean proportion of known dyads of the 500 datasets simulated 

for each ratio of interactions to individuals; shading shows the 2.5% and 97.5% quantiles.  
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Figure S2.2.10. Groups of 50 individuals. The performance of the original Elo-rating increases with the 

ratio of interactions to individuals and the steepness of the hierarchy. Solid lines and dots represent the mean 

Spearman rank correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 

2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific set of hierarchies simulated 

for generating the interaction datasets. Overall, panels are sorted from high to low steepness (panel a to c), 

and, for each panel, steepness increases with a. The different hierarchy scenarios shown were created 

following equation 1. 



157 
  
 

 

Figure S2.2.11. Groups of 50 individuals. David’s score and the randomized Elo-rating are the two best 

methods to infer reliable dominance hierarchies. Solid lines and dots represent the mean Spearman rank 

correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 2.5% and 

97.5% quantiles. The red dashed line shows the suggested rS threshold above which inferred hierarchies are 

highly reliable (rS = 0.70). The reduced right-hand side panels show the specific hierarchy simulated for 

generating the interaction datasets. Overall, panels are sorted from intermediate (panels a and b) to very flat 

hierarchies (panel c). The different hierarchy scenarios shown were created following equation 1. 
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Figure S2.2.12. Groups of 50 individuals. Randomized Elo-rating repeatability increases with the 

steepness of the hierarchy. Solid lines and dots represent the mean repeatability of the 1 000 individual 

randomized Elo-ratings estimated for each interaction dataset using the randomized Elo-rating method; 

shading shows the 2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific 

hierarchy simulated for generating the interaction datasets. Overall, panels are sorted from intermediate 

(panel a and b) to very flat hierarchies (panel c). The different hierarchy scenarios shown were created 

following equation 1. 
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Figure S2.2.13. Groups of 50 individuals. The agreement between the two halves of the interaction dataset 

increases with the ratio of interactions to individuals and the steepness of the hierarchy. Solid lines and dots 

represent the mean Spearman rank correlation coefficient (rS) between the two halves of the datasets; 

shading shows the 2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific 

hierarchy simulated to generate the interaction datasets. Overall, panels are sorted from intermediate (panel a 

and b) to very flat hierarchies (panel c). The different hierarchy scenarios shown were created following 

equation 1. 
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Figure S2.2.14. Groups of 50 individuals. David’s score, I&SI and ADAGIO are the three best methods to 

infer reliable dominance hierarchies when group size is 10 individuals and hierarchy extremely steep (a). 

Randomized Elo-rating repeatability is extremely high and stable when hierarchies are extremely steep (b). 

The agreement between the two halves of the interaction dataset increases with the ratio of interactions to 

individuals (c). Solid lines and dots represent the mean values; shading shows the 2.5% and 97.5% quantiles. 

The red dashed line in (a) shows the suggested rS threshold above which inferred hierarchies are highly 

reliable (rS = 0.70). The reduced right-hand side panels show the specific hierarchy simulated for generating 

the interaction datasets.  
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Supplementary Information 2.3: uniform distribution 

 

Figure S2.3.1. Uniform distribution. The performance of the original Elo-rating increases with the ratio of 

interactions to individuals and the steepness of the hierarchy. Solid lines and dots represent the mean 

Spearman rank correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 

2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific set of hierarchies simulated 

for generating the interaction datasets. Overall, panels are sorted from high to low steepness (panel a to c), 

and, for each panel, steepness increases with a. The different hierarchy scenarios shown were created 

following equation 1. 
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Figure S2.3.2. Uniform distribution. David’s score and the randomized Elo-rating are the two best 

methods to infer reliable dominance hierarchies. Solid lines and dots represent the mean Spearman rank 

correlation coefficient (rS) between the original and the inferred hierarchy; shading shows the 2.5% and 

97.5% quantiles. The red dashed line shows the suggested rS threshold above which inferred hierarchies are 

highly reliable (rS = 0.70). The reduced right-hand side panels show the specific hierarchy simulated for 

generating the interaction datasets. Overall, panels are sorted from intermediate (panels a and b) to very flat 

hierarchies (panel c). The different hierarchy scenarios shown were created following equation 1. 
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Figure S2.3.3. Uniform distribution. Randomized Elo-rating repeatability increases with the steepness of 

the hierarchy. Solid lines and dots represent the mean repeatability of the 1 000 individual randomized Elo-

ratings estimated for each interaction dataset using the randomized Elo-rating method; shading shows the 

2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific hierarchy simulated for 

generating the interaction datasets. Overall, panels are sorted from intermediate (panel a and b) to very flat 

hierarchies (panel c). The different hierarchy scenarios shown were created following equation 1. 
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Figure S2.3.4. Uniform distribution. The agreement between the two halves of the interaction dataset 

increases with the ratio of interactions to individuals and the steepness of the hierarchy. Solid lines and dots 

represent the mean Spearman rank correlation coefficient (rS) between the two halves of the datasets; 

shading shows the 2.5% and 97.5% quantiles. The reduced right-hand side panels show the specific 

hierarchy simulated to generate the interaction datasets. Overall, panels are sorted from intermediate (panel a 

and b) to very flat hierarchies (panel c). The different hierarchy scenarios shown were created following 

equation 1. 
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Figure S2.3.5. Uniform distribution. David’s score, I&SI and ADAGIO are the three best methods to infer 

reliable dominance hierarchies when group size is 10 individuals and hierarchy extremely steep (a). 

Randomized Elo-rating repeatability is extremely high and stable when hierarchies are extremely steep (b). 

The agreement between the two halves of the interaction dataset increases with the ratio of interactions to 

individuals (c). Solid lines and dots represent the mean values; shading shows the 2.5% and 97.5% quantiles. 

The red dashed line in (a) shows the suggested rS threshold above which inferred hierarchies are highly 

reliable (rS = 0.70). The reduced right-hand side panels show the specific hierarchy simulated for generating 

the interaction datasets.  
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Supplementary Information 2.4: very steep hierarchies 

Scenarios of very steep hierarchies. In short, we evaluated the performance of the five 

methods (David’s score, original Elo-rating, randomized Elo-rating, I&SI and ADAGIO) 

under a scenario of extremely steep hierarchy from equation 1 (see manuscript), where b = 

-5 and a = 10. We then evaluated the uncertainty of the estimates measuring the 

repeatability of the Elo-ratings and the half comparison. 

 

Figure S2.4.1. David’s score, I&SI and ADAGIO are the three best methods to infer reliable dominance 

hierarchies when group size is 25 individuals and hierarchy extremely steep (a). Randomized Elo-rating 

repeatability is extremely high and stable when hierarchies are extremely steep (b). The agreement between 

the two halves of the interaction dataset increases with the ratio of interactions to individuals (c). Solid lines 

and dots represent the mean values; shading shows the 2.5% and 97.5% quantiles. The red dashed line in (a) 

shows the suggested rS threshold above which inferred hierarchies are highly reliable (rS = 0.70). The 

reduced right-hand side panels show the specific hierarchy simulated for generating the interaction datasets.  
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Supplementary Information 2.5: evaluation of indices of orderliness 

In addition to the methods for inferring dominance hierarchies, many indices have been 

suggested for estimating the overall structure of the hierarchy. For example, the most 

widely reported measure of the degree of linearity of the hierarchy is the modified 

linearity index (h'; de Vries 1995). This method, however, has been shown to malfunction 

(i.e. to underestimate transitivity) when data is sparse (Klass & Cords 2011; Shizuka & 

Mcdonald 2012; references there in; our results). Alternatively, Shizuka & Mcdonald 

(2012) proposed to measure the Triangle transitivity (Ttri), an index based on network 

approaches that is not highly affected by missing dyads. Although the problems of the h’ 

when data is sparse are currently widely known, many studies keep reporting and using 

this index to compare the transitivity of different dominance hierarchies (e.g. Douglas, 

Ngonga Ngomo & Hohmann 2017). Here we confirm that h’ is strongly affected by 

sampling effort, whether it is measured as the ratio of interactions to individuals or as the 

proportion of known dyads. We thus support and expand the findings of Klass & Cords 

(2011) and Shizuka & Mcdonald (2012), and call for abandoning the use of h’ to avoid its 

potential misuse, which can be particularly problematic when researchers aim to compare 

and conclude about the type or structure of different dominance hierarchies. 

Other additional measures have been proposed for estimating the steepness of the 

hierarchy. For example, de Vries, Stevens & Vervaecke (2006) proposed an index derived 

from the David’s score (David 1987; hereafter DSteep). However, Klass & Cords (2011) 

also raised concern about the effect that the proportion of missing dyads has on the 

estimates of steepness based on David’s score. Here we also confirm those concerns by 

showing that this measure of steepness is strongly affected by sampling effort, whether it 

is measured as the ratio of interactions to individuals or as the proportion of known dyads. 

We thus support and expand the findings of Klass & Cords (2011), and call for 

abandoning the use of this measure of steepness. Finally, we also test the influence of 

sampling effort on another suggested index of steepness, the directional consistency index 

(DCI; van Hooff & Wensing 1987), and found that the DCI is also affected by both 

measures of sampling effort.  

In sum, we conclude that researchers interested in inferring the dominance 

hierarchy of a group, should report, together with the inferred hierarchy, the Ttri, which is 

little affected by sampling effort (see below), and our suggested stable measure based on 

the repeatability of Elo-ratings (see main text) as standardized measures of transitivity and 
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steepness, respectively. This will allow future studies to correctly compare the transitivity 

and steepness of different dominance hierarchies. 

Materials and Methods 

We followed a similar approach to that described in the main text: (i) we generated 

artificial datasets containing individuals of known rank, (ii) we simulated interactions 

among those individuals under different hierarchy scenarios of varying steepness and 

propensities to interact, and (iii) we tested the behaviour of the different indices under the 

three different scenarios. We explored three hierarchy scenarios of decreasing steepness 

from equation 1 (see main text), where b = 5, and a = 30, 15 and 10. We assessed 

interactions datasets containing an increasing ratio of interactions to individuals of: 1, 4, 7, 

10, 15, 20, 30, 40, 50 and 100. For each scenario and ratio of interactions to individuals, 

we simulated 100 independent interaction datasets and estimated each of the four indices 

(i.e. h’, Ttri, DCI, DSteep). In addition, we estimated the proportion of known dyads for 

each simulated dataset, in order to show the relationship between those four indices and a 

measure of sparseness. We ran this procedure three times, one for each group size studied 

(i.e. N = 10, 25 and 50 individuals). Furthermore, for each group size, we ran two set of 

simulations, one where the propensity to interact follows a Poisson process and another 

where it follows a uniform process. We used the R packages “aniDom” (Farine & 

Sánchez-Tójar 2017) and “compete” (Curley 2016). 
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Figure S2.5.1. Poisson process and ratio of interactions to individuals. Relationship between the ratio of 
interactions to individuals and the value of four different dominance indices under three different hierarchy 
scenarios. Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% 
quantiles. Dot size represent the proportion of significant estimates (p < 0.05) for each ratio of interactions to 
individuals. The reduced right-hand side panels show the specific set of hierarchies simulated for generating 
the interaction datasets. 

 

Figure S2.5.2. Uniform process and ratio of interactions to individuals. Relationship between the ratio of 
interactions to individuals and the value of four different dominance indices under three different hierarchy 
scenarios. Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% 
quantiles. Dot size represent the proportion of significant estimates (p < 0.05) for each ratio of interactions to 
individuals. The reduced right-hand side panels show the specific set of hierarchies simulated for generating 
the interaction datasets. 
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Figure S2.5.3. Poisson process and proportion of known dyads. Relationship between the proportion of 
known dyads and the value of four different dominance indices under three different hierarchy scenarios. 
Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% quantiles. Dot 
size is proportional to the number of estimates for each proportion of known dyads. Only significant 
estimates (p < 0.05) are shown. The reduced right-hand side panels show the specific set of hierarchies 
simulated for generating the interaction datasets. To aid visualization, the estimates are grouped in 10 groups 
in relation to the proportion of known dyads. A proportion of known dyads of 1 refers to estimates within 
the range 0.9 < estimate ≤ 1.0; proportion of known dyads of 0.9 refers to estimates within the range 0.8 < 
estimate ≤ 0.9, etc.  

 

Figure S2.5.4. Uniform process and proportion of known dyads. Relationship between the proportion of 
known dyads and the value of four different dominance indices under three different hierarchy scenarios. 
Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% quantiles. Dot 
size is proportional to the number of estimates for each proportion of known dyads. Only significant 
estimates (p < 0.05) are shown. The reduced right-hand side panels show the specific set of hierarchies 
simulated for generating the interaction datasets. To aid visualization, the estimates are grouped in 10 groups 
in relation to the proportion of known dyads. A proportion of known dyads of 1 refers to estimates within 
the range 0.9 < estimate ≤ 1.0; proportion of known dyads of 0.9 refers to estimates within the range 0.8 < 
estimate ≤ 0.9, etc.  
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Figure S2.5.5. Poisson process and ratio of interactions to individuals. Relationship between the ratio of 
interactions to individuals and the value of four different dominance indices under three different hierarchy 
scenarios. Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% 
quantiles. Dot size represent the proportion of significant estimates (p < 0.05) for each ratio of interactions to 
individuals. The reduced right-hand side panels show the specific set of hierarchies simulated for generating 
the interaction datasets. 

 

Figure S2.5.6. Uniform process and ratio of interactions to individuals. Relationship between the ratio of 
interactions to individuals and the value of four different dominance indices under three different hierarchy 
scenarios. Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% 
quantiles. Dot size represent the proportion of significant estimates (p < 0.05) for each ratio of interactions to 
individuals. The reduced right-hand side panels show the specific set of hierarchies simulated for generating 
the interaction datasets. 
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Figure S2.5.7. Poisson process and proportion of known dyads. Relationship between the proportion of 
known dyads and the value of four different dominance indices under three different hierarchy scenarios. 
Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% quantiles. Dot 
size is proportional to the number of estimates for each proportion of known dyads. Only significant 
estimates (p < 0.05) are shown. The reduced right-hand side panels show the specific set of hierarchies 
simulated for generating the interaction datasets. To aid visualization, the estimates are grouped in 10 groups 
in relation to the proportion of known dyads. A proportion of known dyads of 1 refers to estimates within 
the range 0.9 < estimate ≤ 1.0; proportion of known dyads of 0.9 refers to estimates within the range 0.8 < 
estimate ≤ 0.9, etc. 

 

Figure S2.5.8. Uniform process and proportion of known dyads. Relationship between the proportion of 
known dyads and the value of four different dominance indices under three different hierarchy scenarios. 
Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% quantiles. Dot 
size is proportional to the number of estimates for each proportion of known dyads. Only significant 
estimates (p < 0.05) are shown. The reduced right-hand side panels show the specific set of hierarchies 
simulated for generating the interaction datasets. To aid visualization, the estimates are grouped in 10 groups 
in relation to the proportion of known dyads. A proportion of known dyads of 1 refers to estimates within 
the range 0.9 < estimate ≤ 1.0; proportion of known dyads of 0.9 refers to estimates within the range 0.8 < 
estimate ≤ 0.9, etc. 
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Figure S2.5.9. Poisson process and ratio of interactions to individuals. Relationship between the ratio of 
interactions to individuals and the value of four different dominance indices under three different hierarchy 
scenarios. Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% 
quantiles. Dot size represent the proportion of significant estimates (p < 0.05) for each ratio of interactions to 
individuals. The reduced right-hand side panels show the specific set of hierarchies simulated for generating 
the interaction datasets. 

 

Figure S2.5.10. Uniform process and ratio of interactions to individuals. Relationship between the ratio 
of interactions to individuals and the value of four different dominance indices under three different 
hierarchy scenarios. Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 
97.5% quantiles. Dot size represent the proportion of significant estimates (p < 0.05) for each ratio of 
interactions to individuals. The reduced right-hand side panels show the specific set of hierarchies simulated 
for generating the interaction datasets. 
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Figure S2.5.11. Poisson process and proportion of known dyads. Relationship between the proportion of 
known dyads and the value of four different dominance indices under three different hierarchy scenarios. 
Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% quantiles. Dot 
size is proportional to the number of estimates for each proportion of known dyads. Only significant 
estimates (p < 0.05) are shown. The reduced right-hand side panels show the specific set of hierarchies 
simulated for generating the interaction datasets. To aid visualization, the estimates are grouped in 10 groups 
in relation to the proportion of known dyads. A proportion of known dyads of 1 refers to estimates within 
the range 0.9 < estimate ≤ 1.0; proportion of known dyads of 0.9 refers to estimates within the range 0.8 < 
estimate ≤ 0.9, etc.  

 

Figure S2.5.12. Uniform process and proportion of known dyads. Relationship between the proportion of 
known dyads and the value of four different dominance indices under three different hierarchy scenarios. 
Solid lines and dots represent the mean simulated value; shading shows the 2.5% and 97.5% quantiles. Dot 
size is proportional to the number of estimates for each proportion of known dyads. Only significant 
estimates (p < 0.05) are shown. The reduced right-hand side panels show the specific set of hierarchies 
simulated for generating the interaction datasets. To aid visualization, the estimates are grouped in 10 groups 
in relation to the proportion of known dyads. A proportion of known dyads of 1 refers to estimates within 
the range 0.9 < estimate ≤ 1.0; proportion of known dyads of 0.9 refers to estimates within the range 0.8 < 
estimate ≤ 0.9, etc. 
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Supplementary Information 3.1: PRISMA flow diagram 

PRISMA flow diagram (Moher et al. 2009) displaying the systematic review conducted 

for the present meta-analysis. 
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Supplementary Information 3.2: summary of across-study methodology 

 

Table S3.1. Summary of key differences in methodology among published and unpublished studies testing 
the relationship between dominance rank and bib size in male house sparrows (N = 19 studies).  

Variable Levels Number 
of studies 

Order of 
preference 

Group  
composition 

Males and females 11 - 
Males only 8 - 

Resource 
competed for 

Food only 12 - 
Food, water and roosting place 6 - 
Female 1 - 

Type of  
interactions 

Aggressive only 12 - 
Aggressive and non-aggressive 7 - 

Interactions  
recording 
protocol 

Live observations 11 - 
Video 6 - 
Live and video observations 2 - 

Type of bib  
size measured 

Visible 14 1 
Hidden 2 2 
Both 3 - 

Beak angle 
during 
measurement 

90° 8 1 
180° 3 2 
Both 1 - 

Season 
Non-breeding 13 - 
Breeding 5 - 
Both 1 - 

Study 
location 

Captive 16 - 
Wild 2 - 
Both 1 - 

 

 

Table S3.2. List of the different methods used to estimate bib size in published and unpublished studies 
testing the relationship between dominance rank and bib size in male house sparrows (N = 19 studies, 8 
different methods). Note that some studies used more than one method to estimate bib size. 

Method to estimate  
bib size 

Number of 
times used 

Order of 
preference 

Area# 8 1 
Møller 1987’s equation 6 2 
Length and width* 3 2 
Length only 2 3 
Møller 1987’s drawings 1 4 
Veiga 1993’s equation 1 5 

#Area was measured from pictures (N = 5 studies), by tracing and weighing (N = 2 studies), and by tracing 
and ranking (N = 1 study). *The combination of length and width allows estimating the area using the 
equation of Møller (1987) or Veiga (1993). 
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Table S3.3. List of the different methods used to estimate dominance rank from dyadic interactions in 
published studies testing the relationship between dominance rank and bib size in male house sparrows (N = 
13 studies, 11 different methods). Note that some studies used more than one method to estimate dominance 
rank and that unpublished studies are not included in this summary. See Sánchez-Tójar et al. (2017) for 
more information regarding the performance of different methods to estimate dominance hierarchies.  

 

Additional comments on some of the published studies: 

- Ritchison (1985): according to the original publication, the total number of birds 

studied was 35, as opposed to the 25 individuals used in the meta-analyses of 

Nakagawa et al. (2007) and Santos et al. (2011). 

- Hein et al. (2003): the total number of birds included in our re-analysis of the 

primary data is smaller than that presented in the original publication. This is 

because our re-analysis only included fully identified individuals (e.g. birds 

missing rings could not be included). 

- Dolnik & Hoi (2010): 32 males were selected for the experiment, but one bird was 

excluded before the start of the experiment. Thus, n was set to 31 individuals for 

this study. 

- Buchanan et al. (2010): 96 birds were separated in 24 aviaries of four individuals 

each. The final n of several aviaries was less than four individuals, and therefore, 

these aviaries were not included in our meta-analyses (see main text, section 

“Materials and Methods”). 

- Rojas Mora et al. (2016): according to the primary data, one male did not interact, 

and thus, n was set to 59 individuals for this study. 

Increasing across-study consistency in methodology. 

Overall, our systematic review highlights that there is across-study inconsistency in 

methodology. We found that 11 different methods have been used to infer dominance 

hierarchies across the 13 published studies identified (see above). This is probably 

reflected by the mean heterogeneity based on study ID (I2
study ID) being ca. 20-21% (main 

Method to estimate dominance rank Number of  
times used 

Order of 
preference 

Proportion of contests won 4 4 
Proportion of initiated contests 3 5 
Kendall’s linearity index 2 3 
Proportion of contests won per dyad 2 6 
Proportion of initiated contests won 2 6 
David’s score 1 1 
I&SI: de Vries 1998 1 2 
Landau’s linearity index 1 3 
Proportion of the received attacks won 1 6 
Proportion of birds dominated 1 6 
Proportion of contests won per dyad + linear assumption 1 6 
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text, Table 3.2). The lack of methodological consistency likely impedes ascertaining the 

function of bib size in male house sparrows. Thus, there is an urgent need to increase 

across-study consistency in methodology, and we offer some guidelines on how to 

accomplish that. 

First, agonistic dyadic interactions should be video recorded and subsequently 

analysed. This procedure should decrease the high rate of errors that is likely to occur 

during live observations (e.g. misidentifications, uncertain contest outcomes, etc). 

Additionally, researchers need to shift the focus towards non-aggressive dyadic 

interactions because it is those that are expected to carry more precise information 

regarding status signalling (Rohwer 1975). Recent automated tracking technologies open 

new and exciting avenues for the study of non-aggressive interactions (Alarcon-Nieto et 

al. 2017). Second, to guarantee more accurate conclusions, dominance hierarchies should 

be inferred using highly reliable methods such as the randomized Elo-rating (Sánchez-

Tójar et al. 2017b). Researchers should avoid the use of unreliable but commonly used 

methods such as the proportion of contests won (Sánchez-Tójar, results not shown). 

Additionally, we suggest to follow Drews (1993)’s definitions of dominance rank and 

status to avoid the misuse of these terms. In short, dominance rank and status should only 

be inferred from agonistic dyadic interactions, whereas other behaviours (e.g. foraging 

efficiency) should not be considered synonyms of dominance rank and/or status. Third, 

researchers have measured bib size in a variety of ways, for example, some have estimated 

bib size as the amount of visible black on the throat and chest (e.g. Solberg & Ringsby 

1997), whereas others have measured the extent of black at the base of the feathers (i.e. 

hidden or total bib; e.g. Møller 1987; Tables S3.1-S3.2). We suggest focusing on the 

visible bib because it is this trait that is expected to be visually recognized by other 

individuals, and to measure bib area from pictures. However, further research should be 

allocated to test how and what part of the bib could potentially be used in these 

interactions (e.g. do individuals display their bib by stretching their neck when 

interacting?). These procedures, we believe, will increase within- and across-study 

consistency in bib area measurements, and overall, will increase agreement among studies. 
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Supplementary Information 3.3: results based on published effect sizes only 

Additionally, we ran two multilevel meta-analyses that included: a) published effect sizes 

obtained from summary data (“published 1”); b) published re-analysed effect sizes 

together with the remaining published effect sizes obtained from summary data (i.e. those 

for which primary data were unavailable) (“published 2”).  

The results of these two meta-analyses showed a medium sized meta-analytic 

mean that did not overlap zero (Table S3.4, Figure S3.1). The uncertainty of the meta-

analytic mean (i.e. the 95% credible intervals) seemed larger for published 2 than for 

published 1 (Table S3.4, Figure S3.1). The main differences between the two meta-

analyses were: (1) the degree of standardization of methodology across studies (higher in 

published 2 than published 1; see “Materials and Methods” in main text); and, (2) the 

average sample size across studies (higher in published 1 [median = 16.5 individuals, 

range = 6 to 59] than published 2 [mean = 4.0, range = 4 to 41]), which is the consequence 

of more studies incorrectly pooling birds across groups/aviaries without accounting for 

group/aviary ID in published 1 than in published 2. Thus, the difference in the uncertainty 

of the meta-analytic mean between the two meta-analyses suggests that the results of 

published 1 are likely overconfident. Further, since we did not have access to the primary 

data of some studies where birds from different groups/aviaries were pooled together (5 

studies: Ritchison 1985; Andersson & Åhlund 1991; Riters et al. 2004; Lindström et al. 

2005; Dolnik & Hoi 2010), it is likely that the results of published 2 (and those of meta 1 

and meta 2, see main text) are still overconfident (i.e. that the 95% credible intervals of 

our estimates are smaller than they should be). 

The overall heterogeneity (I2
overall) was moderate (46%) in both meta-analyses, but 

the uncertainty around the heterogeneity estimate seemed slightly smaller for published 2 

than published 1 (Table S3.4, Figure S3.1).   

In sum, contrary to the meta-analyses including unpublished data (i.e. meta 1 and 

meta 2, see main text), the results based on published data only showed a medium robust 

effect size for the correlation between dominance rank and bib size across studies. This 

effect is very similar to that estimated by the previous meta-analysis on house sparrows 

(Nakagawa et al. 2007b). 
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Table S3.4. Results of the multilevel meta-analyses on the relationship between dominance rank and bib 
size in male house sparrows based on published studies only. Additionally, the results of the Egger’s 
regressions are shown. Estimates are presented as standardized effect sizes using Fisher’s transformation 
(Zr). Credible intervals not overlapping zero are highlighted in bold. 

Meta-
analysis k 

Meta-analytic 
mean 

[95% CrI] 

I2population ID 

[95% CrI] 
(%) 

I2study ID 

[95% CrI] 
(%) 

I2overall 

[95% CrI] 
(%) 

Egger’s 
regression 
[95% CrI] 

published 1 20 0.45 
[0.26,0.63] 

17 
[0,51] 

17 
[0,53] 

46 
[15,78] 

0.42 
[-0.73,1.48] 

published 2 53 0.40 
[0.11,0.67] 

14 
[0,46] 

13 
[0,42] 

46 
[17,72] 

-0.25 
[-0.73,0.26] 

k = number of estimates; CrI = credible intervals; I2 = heterogeneity. 

 

Figure S3.1. Forest plot showing the overall effect size of the relationship between dominance rank and bib 

size in male house sparrows based on published studies only. We show posterior means and 95% credible 

intervals from multilevel meta-analyses. Estimates are presented as standardized effect sizes using Fisher’s 

transformation (Zr). Light, medium and dark grey show small, medium and large effect sizes, respectively 

(Cohen 1988). k is the number of estimates. 

 

Figure S3.2. Funnel plots of the meta-analytic residuals against their precision for the meta-analyses based 

on published studies only. Estimates are presented as standardized effect sizes using Fisher’s transformation 

(Zr). Precision = square root of the inverse of the variance. 



181 
  
 

Supplementary Information 3.4: power analysis 

Power analysis based on meta-analytic mean. 

R code used and explanations: 

First, we need to clear up the memory and load the pwr library. 

# clear memory 

rm(list=ls()) 

# package needed 

library(pwr) 

Furthermore, we create a function to transform Zr values into r values. This is because our 

meta-analysis was based on Zr values, but the power analysis is based on r values. 

# function to convert Zr to r         

Zr.to.r<-function(Zr){ 

  r<-(exp(2*Zr)-1)/(exp(2*Zr)+1) 

} 

Next, we estimated the sample size necessary to find an effect size as small as the one 

estimated by our meta-analysis (Zr = 0.20). We used a significance level of 0.05, and the 

recommended 80% statistical power (Cohen 1988). 

pwr.r.test(r = Zr.to.r(0.20), sig.level = 0.05, power = 0.8) 

##      approximate correlation power calculation (arctangh transformation)  

##  

##               n = 198.3401 

##               r = 0.1973753 

##       sig.level = 0.05 

##           power = 0.8 

##     alternative = two.sided 

This shows that we would need the dominance rank and bib size of 198 individuals to find 

a significant r correlation of 0.20 with an 80% statistical power. 

Additionally, we estimated the across-study statistical power of the tests on status 

signalling in house sparrows to compare it with the overall statistical power found in the 

behavioural ecology literature (Jennions & Møller 2003). 
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pwr.r.test(n = 10, r = Zr.to.r(0.20), sig.level = 0.05) 

##      approximate correlation power calculation (arctangh transformation)  

##  

##               n = 10 

##               r = 0.1973753 

##       sig.level = 0.05 

##           power = 0.08474157 

##     alternative = two.sided 

This shows that the statistical power of the sparrow literature on status signaling is as low 

as 8.5%, which is alarming. 
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Supplementary information 4.1: overview of the data 

Table S4.1. Number of dyadic agonistic interactions that had to be discarded due to missing information. 

Reason Number of interactions 

Outcome uncertain 473 

Identities uncertain 734 

Sex uncertain 4 

Bird missing ≥1 colour rings 3045 

Duplicated colour codes 27 

Total Excluded 4638 

 

Table S4.2. Summary statistics for the Lundy Island house sparrow full and pruned pedigree (Figure 4.1). 
Only the pruned pedigree was used to estimate the heritability of social dominance in the Lundy Island 
house sparrow populations. 

 Variable Full pedigree Pruned pedigree 

Records 9077 772 

Maternities 7470 705 

Paternities 7604 706 

Full sibs 36351 545 

Maternal sibs 97749 1403 

Maternal half sibs 61398 858 

Paternal sibs 112177 1522 

Paternal half sibs 75826 977 

Maternal grandmothers 6674 639 

Maternal grandfathers 6886 651 

Paternal grandmothers 6665 633 

Paternal grandfathers 6702 636 

Maximum pedigree depth 17 16 

Founders 1419 56 

Mean maternal sibsip size 14.04 2.75 

Mean paternal sibsip size 13.36 2.78 

Non-zero F 4886 545 

F > 0.125 505 34 

Mean pairwise relatedness 0.041 0.082 

Pairwise relatedness >= 0.125 0.091 0.248 

Pairwise relatedness >= 0.25 0.012 0.040 

Pairwise relatedness >= 0.5 0.001 0.007 
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Figure S4.1. Barplot on the frequency of observations recorded per month to estimate individual survival in 

the Lundy Island house sparrow population (period: Oct 2013 to Dec 2017). The plot shows four different 

observational methods: captures, visual sightings, and RFID antenna recordings from a feeder and eighteen 

nest-boxes (more details in section “Materials and Methods”). RFID data was reduced to one observation 

per individual per date. Note that bars are super plot on each other. 

 

 

Figure S4.2. Histogram on the number of days that each individual was observed interacting agonistically at 

a feeder in the Lundy Island house sparrow population (more details in section “Materials and Methods”).  
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Figure S4.3. Histogram on the number of repeated measures of randomized Elo-ratings per individual in the 

Lundy Island house sparrow population (more details in section “Materials and Methods”). 

 

 

 

Figure S4.4. Histogram on the number of dyadic agonistic interactions per individual per event on the 

Lundy Island house sparrow population (more details in section “Materials and Methods”). 
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Figure S4.5. Dominance hierarchy shape for the 2013.5 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 

 

 

 

Figure S4.6. Dominance hierarchy shape for the 2014.0 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 
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Figure S4.7. Dominance hierarchy shape for the 2014.5 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 

 

 

 

Figure S4.8. Dominance hierarchy shape for the 2015.0 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 
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Figure S4.9. Dominance hierarchy shape for the 2015.5 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 

 

 

 

Figure S4.10. Dominance hierarchy shape for the 2016.0 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 
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Figure S4.11. Dominance hierarchy shape for the 2016.5 dominance event recorded on the Lundy Island 

house sparrow population. The function plot_hierarchy_shape() from the R package “aniDom” 1.1.3 (Farine 

& Sánchez-Tójar 2017; Sánchez-Tójar et al. 2017b) was used to create this plot. 

 

 

 

Figure S4.12. Age is positively related to survival to the following season in the Lundy Island house 

sparrow population. Lines and shadings represent model fits and 95% credible intervals for females (orange) 

and males (blue) of a binary GLMM, respectively. Filled circles correspond to raw data. 
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Supplementary Information 4.2: social brood and maternal effects 

To estimate other than additive genetic and permanent environment effects on social 

dominance, we ran two additional animal models. Both animal models were intercept-only 

LMMs where the response variable was the randomized Elo-rating, and where pedigree-

link bird identity and bird identity were included as random effects to quantify additive 

genetic (VA) and permanent environment (VPE) effects, respectively:  

1. Model 1 (M1) also included the identity of the social brood where each bird was 

raised to test for early effects of brood competitiveness on post-fledging social 

dominance (VSB).  

2. Model 2 (M2) included mum identity to test for maternal effects (VM). 

Both LMMs were run using the package “MCMCglmm” 2.24 (Hadfield 2010), and were 

ran for 5 million iterations (burn-in = 1,250,000, thinning = 2,500) using also inverse-

Gamma priors (V = 1, nu = 0.002). The results suggest than neither social brood nor 

maternal effects are important for social dominance in the Lundy Island house sparrow 

population (Table S4.1, Figure S4.1). 

Table S4.3. Results of several animal models to estimate additive genetic (VA, h2), permanent environment 
(VPE, PE), social brood (VSB, SB) and maternal (VM, M) effects on social dominance in the Lundy Island 
house sparrow population.  

 M1 M2 

Absolute  

variance 
Estimate 

Lower 

95% CrI 

Upper 

95% CrI 
Estimate 

Lower 

95% CrI 

Upper 

95% CrI 

VA 3983 0 8099 *3701 *0 *7399 

VPE *5492 *1203 *9607 5640 1906 9775 

VSB 132 0 859 -   - - 

VM - - - 218 0 1295 

VR 17389 15176 19835 17382 14971 19623 

Proportion  

of variance 
   

   

h2 0.146 0.022 0.296 *0.136 *0 *0.261 

PE *0.204 *0.074 *0.378 0.210 0.076 0.359 

SB 0.005 0 0.032 - - - 

M - - - 0.008 0 0.048 

R 0.645 0.552 0.732 0.646 0.552 0.729 

Results from two intercept-only LMMs with randomized Elo-rating as response variable: M1 (N = 351 ind, 
639 obs) and M2 (N = 436 ind, 787 obs). CrI: Credible interval. *posterior distribution suggested some 
convergence issues. VR: residual variance; R: proportion of residual variance. 
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Figure S4.1. Neither social brood nor maternal effects are important for social dominance in the Lundy 

Island house sparrow population. Density posterior distributions for the proportion of phenotypic variance 

explained by the random effects: (a) social brood identity, and (b) mum identity. 
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Supplementary Information 5.1: extra figures and tables 

 

Figure S5.1. Map of the whole Lundy Island house sparrow population. Red rectangles show the locations 

where the nest-boxes are erected. Numbers of nest-boxes at each location are shown in black. Satellite 

photograph obtained from Google Maps. 

 

Figure S5.2. Adults’ proportions of visits to the 18 RFID equipped nest-boxes in the Lundy Island house 

sparrow population during the winter of 2011. Only birds that did not lose their transponder and that bred in 

at least one of the 18 nest-boxes in either 2011 or 2012 are represented (N = 15 individuals). Coloured 

rhombi correspond to the individual’s breeding nest-box/es in 2011 (blue) and/or 2012 (green). Circle size 

represent the proportion of visits. Notice that two individuals bred in two different nest-boxes in a year. 
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Figure S5.3. Adults’ proportions of visits to the 18 RFID equipped nest-boxes in the Lundy Island house 

sparrow population during the winter of 2012. Only birds that did not lose their transponder and that bred in 

at least one of the 18 nest-boxes in either 2012 or 2013 are represented (N = 14 individuals). Coloured 

rhombi correspond to the individual’s breeding nest-box/es in 2012 (green) and/or 2013 (purple). Circle size 

represent the proportion of visits. Notice that two individuals bred in two different nest-boxes per year. 

 

Figure S5.4. Adults’ proportions of visits to the 18 RFID equipped nest-boxes in the Lundy Island house 

sparrow population during the winter of 2014. Only birds that did not lose their transponder and that bred in 

at least one of the 18 nest-boxes in 2014 are represented (N = 15 individuals). Coloured rhombi correspond 

to the individual’s breeding nest-box/es in 2014 (orange). Circle size represent the proportion of visits. 
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Figure S5.5. Detailed winter sample sizes of individual birds recorded visiting nest-boxes, birds that did not 

die or lose the transponder (i.e. the subset included in the analyses), and individual birds tested for post-

fledging and nestling activity in the Lundy house sparrow population. 

 

Figure S5.6. Histogram on the number of winters individuals that were either recorded visiting the nest-

boxes or tested for post-fledging activity in the Lundy house sparrow population. 
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Table S5.1. Total number of visits per winter for all adults (N=39) from which the proportion of visits were 
estimated (shown in Figure 5.1 and S5.3-S5.5). In red those five cases where the proportionally most visited 
nest-box did not correspond to the individual’s breeding nest-box. Notice how those five cases correspond to 
cases where the number of visits was very small, which may explain the disagreement. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

     

 

 

 

 

Individual 2011 2012 2013 2014 

ID01 37 - - - 
ID02 25 - - - 
ID03 40 126 109 - 
ID04 54 - - - 
ID05 2 - - - 
ID06 - 57 84 - 
ID07 96 - - - 
ID08 178 119 181 - 
ID09 47 - - - 
ID10 109 - - - 
ID11 59 - - - 
ID12 - 88 108 38 
ID13 43 123 - - 
ID14 54 - - - 
ID15 131 97 130 - 
ID16 2 59 5 - 
ID17 5 37 - - 
ID18 - 107 126 100 
ID19 - 51 80 - 
ID20 - 110 128 132 
ID21 - 105 130 135 
ID22 - 139 35 - 
ID23 - 86 121 73 
ID24 - - - 19 
ID25 - - 133 - 
ID26 - - 244 134 
ID27 - - 113 - 
ID28 - - 196 135 
ID29 - - 153 - 
ID30 - - 11 - 
ID31 - - 1 - 
ID32 - - 147 - 
ID33 - - - 137 
ID34 - - 21 2 
ID35 - - - 9 
ID36 - - - 120 
ID37 - - - 142 
ID38 - - - 28 
ID39 - - - 38 
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Supplementary Information 6.1: updated function, uniform distribution 

 

I followed the procedure shown in Box 6.2 but I used a uniform process to generate an equal propensity 
for each individual to interact.  

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure S6.1. The updated version of the 
randomized Elo-rating function (R package: 
“aniDom” forthcoming version 0.1.3) is the 
best method to infer reliable dominance 
hierarchies. Solid lines and dots represent the 
mean Spearman rank correlation coefficient 
between the original and the inferred hierarchy; 
shading shows the 2.5% and 97.5% quantiles. 
The reduced right-hand side panels show the 
specific hierarchy simulated for generating the 
interaction datasets. Overall, panels are sorted 
from very steep (panel a) to intermediate 
(panels b and c) and very shallow hierarchies 
(panel d). The different hierarchy scenarios 
shown were created following equation 1. 
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Supplementary Information 6.2: bib and reproduction 
Table S6.1. Bib size predicts the annual number of genetic fledglings and recruits produced in the Lundy 
Island house sparrow population.  

 Fledglings Recruits 
  Lower Upper  Lower Upper 

Fixed effects Estimate 95% CrI Estimate 95% CrI 
Intercept 5.41 4.61 6.25 -1.51 -2.04 -0.99 
Bib length 1.03 0.44 1.57 0.19 -0.09 0.49 
Age 1.53 0.77 2.28 0.37 -0.05 0.79 

Age2 -0.60 -1.04 -0.18 -0.08 -0.29 0.13 

Tarsus length 0.64 0.09 1.21 -0.01 -0.28 0.26 

Year 2015* 0.14 -1.11 1.39 1.51 0.88 2.13 

Year 2016* -1.18 -2.75 0.34 1.74 1.07 2.43 
Random effects       
Bird ID 0 0 0 0.13 0.10 0.17 
Residual 2.91 2.56 3.32 - - - 

Results from an LMM and a Poisson GLMM. N = 100 males (119 observations). 95% credible intervals 
(CrI) not overlapping zero are highlighted in bold. *Relative to year 2014. 

 

Table S6.2. Bib size predicts the annual number of genetic fledglings in the Lundy Island house sparrow 
population also when a potential outlier is not included in the analysis. 

 Fledglings 
  Lower Upper 

Fixed effects Estimate 95% CrI 
Intercept 5.15 4.41 5.86 
Bib length 0.59 0.05 1.11 
Age 1.45 0.78 2.12 

Age2 -0.55 -0.94 -0.17 

Tarsus length 0.61 0.13 1.10 

Year 2015* 0.38 -0.73 1.49 

Year 2016* -0.96 -2.30 0.39 
Random effects    
Bird ID 0 0 0 
Residual 2.58 2.26 2.94 

Results from an LMM. N = 99 males (118 observations). 95% credible intervals (CrI) not overlapping zero 
are highlighted in bold. *Relative to year 2014. 
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Supplementary Information 6.3: bib and age 
Table S6.3. Bib size increases with age due two processes: within-individual increase, and selective 
disappearance of small bib individuals in the Lundy Island house sparrow population. 

  Lower Upper 
Fixed effects Estimate 95% CrI 
Intercept 51.04 49.80 52.27 
Between-subject age 0.58 0.27 0.89 
Within-subject age 0.89 0.44 1.31 

Tarsus length 0.39 0.04 0.72 
Random effects    
Bird ID 4.35 3.77 5.01 
Event ID 2.76 1.35 4.69 
Residual 1.68 1.57 1.81 

Results from an LMM. N = 240 males (373 observations) measured across 8 events. 95% credible intervals 
(CrI) not overlapping zero are highlighted in bold.  

 

 




