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Abstract 

Kinship plays a fundamental role in the evolution of social systems and is 

considered a key driver of group living. The quantity and quality of an individual’s 

social relationships can have significant fitness effects, and individuals often 

preferentially associate with close relatives, behavior which amplifies such benefits via 

inclusive fitness. Nevertheless, reproductive variation, dispersal, and mortality can alter 

kin availability. Here I investigate the repercussions of kin availability on social network 

structure in a fission-fusion population of Indo-Pacific bottlenose dolphins in Shark Bay, 

Western Australia. In my first chapter, I used data from next-generation sequencing to 

assign parentage and estimate genetic relatedness within the study population. I 

compared relatedness estimates to a multi-generational maternal pedigree and showed 

that these methods could classify up to third-degree kin with over 85% accuracy.  

Additionally, I conducted a series of social network analyses to measure how accuracy 

and precision of relatedness estimation influenced statistical power in these downstream 

analyses. In my second chapter, I assess different social association indices for their 

ability to predict interaction rates. Group membership is commonly used as a proxy for 

interaction, and this assumption can rarely be tested for cetaceans due to the difficulty of 

observing interactions which are often infrequent at the sea surface. To validate this 

assumption, I used two different data streams, group scan-sampling, used to generate 
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group membership and association rates, and individual focal follows, used to calculate 

interaction rates. I input several association indices into a spatially explicit null model, 

and compared interaction rates between affiliates, i.e., pairs whose association rate 

significantly exceeds expectations, and non-affiliates. I show that an index incorporating 

group size performs the best across most examined scenarios, but the most commonly 

used indices, half-weight and simple ratio, perform similarly. In my third chapter, I 

investigate how the availability of kin shapes individual position within a social 

network. I measured females’ propensities to form relationships with both related and 

unrelated individuals, and showed that females have strong preferences for both close 

matrilineal kin and close non-matrilineal kin. Individuals also frequently affiliate with 

more distant kin, and only the availability of distant kin affects the total number of 

affiliative bonds that an individual forms. Individuals with fewer close matrilineal kin 

formed more bonds with unrelated individuals. These models suggest that while 

dolphins have strong kin preferences that shape some aspects of gregariousness, they 

are also socially plastic, and can compensate for the lack of preferred kin partners by 

forming affiliations with unrelated individuals. Together, my results provide guidelines 

for studying the effects of relatedness on social networks in wild populations. I further 

demonstrate significant effects of kin availability on both direct and indirect connectivity 

within a social network, which have implications for understanding the structure and 

function of networks in animal societies.  
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1. General Introduction  

Group living presents a paradox. For an organism to acquire food, secure mating 

opportunities, avoid disease, and remain undetected by potential predators, it should 

benefit from avoiding conspecifics. Yet, amongst mammals, solitary species are the 

exception rather than the rule. Moreover, many species characterized as solitary have 

been discovered to engage in complex social interactions under certain ecological 

conditions (e.g., humpback whales, Weinrich et al. 2006; orangutans, van Schaik 1999; 

urban feral cats, Finkler and Terkel 2010). Quantifying the effects of social behavior on 

fitness is one of the foremost aims of behavioral ecology. Here I review briefly the 

benefits of group-living and the conditions under which it is expected to arise, with 

particular attention to the circumstances under which individually-specific relationships 

are formed. Next, I discuss the interplay of social structure and genetics in an 

evolutionary context. Then I introduce my study system and describe why it is an ideal 

laboratory for questions related to sociogenetic structure, and conclude by describing 

my primary research objectives.   

1.1 Group living 

Groups may be more visible than individuals to potential predators, but 

groupmates can afford protection through various effects, including: dilution; mobbing; 

vigilance sharing; and alarm signaling (Krause and Ruxton 2002; Micheletta et al. 2012). 

In addition, groupmates may cooperate to defend resources from competitors, such as 
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hyenas working together to defend a kill from kleptoparasitism by lions (Smith et al. 

2008). Individuals may also cooperate to defend against harassment, sexual coercion, or 

infanticide from conspecifics (Parish 1996). Animals may cooperate to obtain food 

resources, as in pack-hunting (Boesch 2002), bubble-net feeding in humpback whales 

(Hain et al. 1982), or the use of food calls to share information on resource location 

(Dittus 1984). Members of the group may share tasks related to offspring care such as 

allonursing (Packer et al. 1992) or babysitting (Whitehead 1996). Males may form 

coalitions to consort and guard females from other potential mates (Bygott et al. 1979; 

Connor et al. 1992). These direct benefits can also lead to secondary social benefits, such 

as reduced production of stress hormones in the presence of preferred partners (Wittig 

et al. 2008).  

Many of these behaviors incur asymmetrical costs, with one group member 

bearing a disproportionate cost to provide a group benefit, such as the increased risk of 

detection borne by an individual making an alarm call (Cheney and Seyfarth 1985). In 

kin-based groups, these interactions can be explained through inclusive fitness 

(Hamilton 1964; Alexander 1974; Smith 2014), where the individual recoups the cost by 

distributing the benefits to the copies of their genes that their partners share.  

However, many mammals live in groups and engage in cooperative behaviors 

with unrelated individuals (Clutton-Brock 2009). In some cases, this could result from 

misidentification of non-kin as kin by utilizing proxies such as range overlap or 
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familiarity to identify potential partners (Grafen 1990; Cantor and Farine 2018), or when 

there is high within-group relatedness and a sufficient cost to discrimination, such that 

indiscriminate sharing provides the highest gain. The degree to which individuals are 

able to recognize kin, especially paternal kin in the absence of paternal investment, is 

variable, with some species recognizing paternal kin through vocal cues or olfaction 

(Widdig 2007). Many cooperative behaviors that cannot be explained by kin selection 

have, instead, been attributed to reciprocal altruism (Trivers 1971), where partners take 

turns incurring the costs and receiving the benefits of each positive interaction (Axelrod 

and Hamilton 1981). Systems that rely on reciprocal altruism are vulnerable to 

exploitation, particularly if one partner defects after receiving a benefit, rather than 

reciprocating. Therefore, many of these systems are expected to rely on individual 

identification and long term social memory to punish or avoid interactions with cheaters 

(Moreira et al. 2013). Discriminating between and retaining information about all 

potential partners in a large population comes with considerable cognitive costs (Nowak 

and Sigmund 2005), which individuals can reduce by forming long term bonds with a 

select number of social partners (Silk 2002).  

The patterning of these bonds— their frequency, distribution, and resulting 

topology—creates a network that itself can be subject to selection and evolutionary 

forces (Kurvers 2014).   
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1.2 Social networks as a substrate for evolution 

Numerous studies have shown that social metrics can impact survival and 

reproductive success (Silk et al. 2003, Cameron et al. 2009). Individuals can benefit from 

the global structure of their network, for example, if they are part of an efficiently 

organized network which facilitates information flow, or a network that is robust to 

disturbance (Lusseau and Newman 2004). Fitness can also be correlated with an 

individual’s location within their network, or their centrality (Figure 1). Recent studies 

have highlighted correlations between network position and reproductive success, 

based on indirect rather than direct metrics, i.e., from an individual’s location with the 

network, as a result of their combined direct and indirect connections, rather than just 

the number and strength of their direct connections (reviewed in Brent 2015). Similar 

linkages have been found between indirect connections and survival (Stanton and Mann 

2012; Ellis et al. 2017). However, little is known about how the mechanisms that generate 

variation in centrality, especially indirect centrality, although some metrics have been 

shown to be heritable in certain populations (Fowler et al. 2009), and correlated with 

known genetic variants (Brent et al. 2013).  
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Figure 1: An example network with nodes ranked by their relative value of different 
centrality metrics. The top row shows the nodes ranked by their degree (number of 

connections) and strength (summed weight of connections) which are direct metrics, 
while the bottom panel shows indirect metrics, eigenvector centrality and 

betweenness. Eigenvector centrality includes the relative importance of a node’s 
neighbors in its rank, while betweenness counts the number of shortest paths 

between other pairs of nodes that pass through the node.  

In additional to affecting the fitness of individuals, social network structure can 

also have effects on the genetic diversity of a population or species (Whitehead 1998; 

Nonacs and Kapheim 2007). This network structure can act as a barrier to gene flow by 

limiting dispersal and mating opportunities (Storz 1999) or facilitate selective sweeps by 

advancing the spread of alleles that hitchhike on cultural processes (Laland et al. 2010).  
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Less is known about the factors that influence the topology of animal social 

networks and the positions of individuals within them. Some higher-order network 

structures may be emergent properties of the number and distribution of ties 

(Mastrandrea et al. 2014), but others may be generated by more complex processes that 

cannot be captured at the level of the dyad (Rankin et al. 2016). What factors generate 

these complex network structures is a largely unanswered question, although they are of 

substantial importance to our understanding of sociality and fitness, given the correlates 

of indirect centrality measures on survival and reproductive success.   

1.3. Study system –bottlenose dolphins in Shark Bay 

Dolphins (approximately 35 species of Delphinid cetaceans) are an ideal group in 

which to investigate questions about the factors shaping sociogenetic structure. Over the 

past 10 million years, Delphinids have experienced rapid evolutionary radiation from a 

common ancestor (Vilstrup et al. 2011), colonizing a variety of habitats, while evolving 

intriguing social and behavioral analogs with primates (Pearson 2011; Yamagiwa and 

Karczmarski 2014). 

Bottlenose dolphins are one of the best studied cetacean species, thanks to their 

global distribution in temperate and tropical estuarine, coastal, and pelagic systems 

(Connor et al. 2000). Currently, there are two widely recognized species, the common 

bottlenose dolphin, Tursiops truncatus, and Indo-Pacific bottlenose dolphin, Tursiops 

aduncus (LeDuc et al. 1999), as well as a recently proposed third species, the Burrunan 
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dolphin (Tursiops australis) (Charlton-Robb et al. 2011). These species are distinguishable 

morphologically by body size, skull morphology, and pigmentation, although there is 

ongoing discussion surrounding whether Tursiops is a polyphyletic genus, and whether 

T. australis represents a distinct species (Moura et al. 2013; Jedensjö et al. 2017). At the 

species level, bottlenose dolphins are in good conservation status, although individual 

populations face threats from human activity including: pollution (Schwacke et al. 2013); 

bycatch (Fruet et al. 2012); vessel-strikes (Wells and Scott 1997; Dwyer et al. 2014); 

aquaculture (Watson-Capps and Mann 2005); and the effects of tourism (Bejder et al. 

2006; Steckenreuter et al. 2012; Foroughirad and Mann 2013). 

Bottlenose dolphins have garnered both popular and academic attention as a 

species with high cognitive function and social complexity on par with the great apes 

(Marino 2002; Connor 2007). The mean encephalization quotient (brain to body size 

ratio) within the Delphinidae family is second only to the genus Homo (Marino 1998); 

bottlenose dolphins demonstrate mirror self- recognition (Reiss and Marino 2001), and 

long-term social memory lasting decades (Bruck 2013).  One of the factors believed to 

underpin the evolution of such large and energetically expensive brains is the cognitive 

cost of developing and maintaining the complex social relationships necessary for 

survival and reproductive success, a theory first developed in primates (Whiten and 

Byrne 1988; Dunbar 1992) and later applied to cetaceans (Connor et al. 1998).  
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Bottlenose dolphins live in societies that exhibit fission-fusion dynamics (Wells et 

al. 1987; Aureli et al. 2008), characterized by high temporal variation in spatial cohesion 

and group membership. Such patterns are rare among mammals, but bottlenose 

dolphins share this pattern of social structure with several other species, including 

spider monkeys and chimpanzees (Symington 1990), bats (Kerth and Koënig 1999), 

elephants (Moss and Poole 1983), and spotted hyenas (Holekamp et al. 1997). 

Such complex social dynamics are likely driven, or at least facilitated, by 

resource distribution, but the existence of behaviorally-specific preferred associates 

(Gero et al. 2005) and avoidance relationships (Frère et al. 2010b; Strickland et al. 2017) 

provide strong evidence for complex social cognition. 

Strong social cognition is further substantiated in bottlenose dolphins by the 

presence of multi-level alliances in which males cooperate to consort with females and 

defend them from other males. Males form alliances in pairs or trios to consort females 

in other populations (Wells et al. 1987; Möller et al. 2001; Parsons et al. 2003), but 

alliances in Shark Bay also cooperate with each other in nested second-order alliances to 

defend females against intrasexual competition (Connor et al. 1992). In addition, some 

males participate in a super- alliance, in which pairs and trios cooperate, but the 

subunits are labile (Connor et al. 1999; Connor et al. 2001), and recently evidence has 

been put forward to support a third-order alliance structure in this population (Connor 

et al. 2011). The vast majority of paternities assigned in the population fall to males in 
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alliances (Krützen et al. 2004), although much more research is needed into the 

relationship between alliance stability, partner choice, and paternity. 

Bottlenose dolphins in Shark Bay also provide the best example of cetacean tool 

use (Mann and Patterson 2013), in which individuals use basket sponges during 

extractive foraging for benthic prey (Smolker et al. 1997; Mann et al. 2008). This behavior 

is socially learned (Krützen et al. 2005) and fulfills definitions of cultural behavior, by 

explaining variation is social patterns in which animals that share the sponging behavior 

also preferentially associate with one another (Mann et al. 2012). 

My dissertation does not seek to determine whether bottlenose dolphins fit into 

any particular definition of cognitive capacity or social complexity. Rather, the 

information presented here supports the assertion that individuals in Shark Bay form 

measurable non-random social bonds, despite hundreds of thousands of changes in 

group composition over the course of a lifetime, and therefore are good candidates for 

recognizing and responding to the types of third-party relationships that comprise 

higher-order network structure (Cheney 2011).  

1.4 Data collection 

The Shark Bay Dolphin Project database includes 33 years of continuously 

collected data on the population of bottlenose dolphins (Tursiops aduncus) in the eastern 

gulf of Shark Bay, Western Australia. Individual animals are recognized through 

photographic identification of dorsal fins (Würsig and Jefferson 1990) and body 
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pigmentation (Bichell et al. 2017), and the catalogue currently contains over 1700 

individuals. Over 90% of the individuals encountered in the main study site can be 

matched to the catalogue and 51% of these animals are of known parentage (maternal 

line). 

Behavioral data are collected through both survey records and focal follows. 

Survey records are short opportunistic sightings of groups which record individual 

identities, predominant group activity, and environmental variables. Group composition 

is defined by a 10-meter chain rule in which dolphins are considered in the same group 

if they are within 10 meters of each other or connected by intermediary individual(s) 

within 10 meters. Focal follows are more detailed records in which a single individual 

(or a mother and her dependent calf) are observed and the activity and group 

composition of that individual is recorded every 1-2.5 min, with behavioral events 

recorded continuously (Altmann 1974; Mann 1999). Estimates of age are generated from 

observation of individuals as calves or juveniles, through age at first reproduction, or 

from ontogenetic patterns of ventral speckling (Krzyszczyk and Mann 2012). Sex is 

determined through direct observation of the genital area, the presence of a dependent 

calf, or from sex-chromosome detection in DNA obtained from skin samples (Gilson et 

al. 1998; Foroughirad et al. in press). Skin and blubber samples are obtained from remote 

biopsies using the PAXARMS (NZ) system (Krützen et al. 2002). 
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1.5 Research objectives 

I followed three specific research objectives to inform the broad-scale questions 

identified above. First, I used genetic information generated from next-generation 

sequencing to improve relatedness estimation and kinship assignment within the 

population. I also investigated, in detail, how the increased pedigree resolution derived 

from these methods would affect inference regarding the role of relatedness on social 

structure. These results provide both practical guidance regarding the interaction of 

sample size and sequencing techniques for future studies, as well as thresholds for post 

hoc interpretation of previous analyses comparing relatedness and social bond 

formation. 

Next, I delved into the methods available for predicting interaction rates from 

group sightings. The frequency of co-group-membership derived from spatial 

associations is commonly used as a proxy for interaction probabilities in the analysis of 

social behavior (Whitehead and Dufault 1999; Franks et al. 2010). This is especially 

prevalent for species in which interactions are infrequent or difficult to observe, or in 

sampling protocols that measure only proximity, such as those derived from telemetry 

data. Whether or not these indices have suitable predictive power for social analyses has 

been subject to some debate, and their utility may depend on the underlying social 

organization of the species as well as data collection protocol. In this second chapter, I 

leveraged data from two different data streams, group scan-sampling and individual 
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focal follows, to compare how edge weights calculated from the former predict 

interaction probability in the latter. I examined both traditional and new association 

indices and compared their relative predictive power for interaction probabilities and 

rates. I then used each of the indices against a spatially-explicit null model, and compare 

interaction rates between affiliates, i.e. pairs whose association rate significantly exceeds 

expectations, and non-affiliates. 

I used the results from the first two chapters to inform my third chapter, where I 

investigate the repercussions of kin availability on female sociality. Females in Shark 

Bay vary widely in gregariousness, but since both sexes are philopatric, both have 

matrilineal and non-matrilineal kin available as potential associates. I used genetic 

relatedness data from the first chapter and a robust spatially-explicit null model to 

measure females’ propensities to form relationships with related and unrelated 

individuals. I investigated how far strong kin preferences extend, and compared 

preferences for matrilineal versus non-matrilineal kin, and discussed what this might 

indicate regarding kin recognition in a polygynandrous mating system. I proposed and 

tested three hypotheses for how available kin might shape individual network position, 

as well as individual preferences for unrelated individuals, and compared how the 

variation in number of affiliations and direct and indirect social metrics was influenced 

by the genetic composition of an individual’s social environment.   
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Finally, I conclude by speculating on what my findings mean for understanding 

the interactions between social plasticity and genetic diversity, the mechanisms that 

influence higher-order network structure, and how this information could be leveraged 

to inform conservation. 
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2. Effects of variance in genetic relatedness estimation on 
power and precision in social structure analysis1 

2.1 Introduction 

Genetic data have given us invaluable insights into understanding social 

structure (McCracken and Bradbury 1981; Amos et al. 1993; Morin et al. 1994), kin 

selection and inclusive fitness (Dickinson and Akre 1998; Burland et al. 2001), and the 

heritability of phenotypes (Ritland 2000). Estimating relatedness between individuals is 

a fundamental first step in investigating all these phenomena. The precision and 

accuracy of genetic information used in estimating relatedness is dependent on the type 

and number of markers used, the method of marker discovery, filtering processes, and 

the method of estimation, in addition to the naturally varying characteristics of the 

population and genome in question. Within behavioral ecology, genetic relatedness has 

typically been calculated using small sets of highly polymorphic markers such as 

microsatellites or amplified fragment length polymorphisms. Microsatellites are the 

most common marker employed to infer parentage and kinship in wild animal 

populations (Jones et al. 2010; Städele and Vigilant 2016), favored for their tendencies to 

be highly polyallelic and conserved between species (Sawaya et al. 2012). 

                                                      

1 A version of this chapter has been accepted for publication as: Foroughirad, V., Levengood, A., Mann, J., 
and Frère, C. H. in press. Quality and quantity of genetic relatedness data affect the analysis of social 
structure. Molecular Ecology Resources.  
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As sequencing technology improves in cost and efficiency, genotyping-by-

sequencing methods that can capture more abundant markers, such as single nucleotide 

polymorphisms (SNPs) are quickly rising in popularity (Narum et al. 2013). Methods 

such as restriction site associated DNA sequencing (RAD-sequencing) (Davey and 

Baxter 2011), have allowed researchers to obtain large sets of genome-wide sequence 

data in the absence of known markers, greatly expanding the number of informative loci 

that can be quickly characterized for non-model organisms.  

Comparisons of SNPs and microsatellites have demonstrated that even small 

numbers of SNPs perform as well or better than microsatellites in estimating kinship 

and parentage (Santure et al. 2010; Hauser et al. 2011; Kaiser et al. 2017; Attard et al. 

2018). In addition, studies of model organisms and domesticated species have shown 

that large panels of SNPs (>10,000) can produce genetic relatedness estimates that 

perform as well or better than expected values obtained from multigenerational 

pedigrees (Li et al. 2011; Bérénos et al. 2014; Wang 2016; Sun et al. 2016). These advances 

in kinship assignment may alleviate a longstanding shortcoming of previous methods, 

in which averaged relatedness values within kinship categories accurately reflected 

expected values, but high variation within categories prevented using genetic 

relatedness values to unambiguously assign pairs to specific kinship categories, 

especially for more distantly related pairs (Van Horn et al. 2008; Taylor 2015). The ability 

to accurately classify pairs into distinct relationship categories has the potential to 
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greatly increase our understanding of how kin recognition and kin selection operate in 

the wild as well as the evolution of social systems more generally.  

These methodological advances should be complemented by empirical 

validation of the power and precision of relatedness estimation methods from species 

with different mating systems, dispersal patterns, and levels of inbreeding (Pemberton 

2008; Kopps et al. 2015). Such guidance is necessary for researchers to make informed 

decisions regarding research design tradeoffs in effort and cost, such as between sample 

collection and sequencing methods. While progress has been made to characterize error 

in the relatedness estimates themselves, usually in relation to pedigree-based 

expectations (Wang 2016; Goudet et al. 2018), there is still little information about how 

accuracy and precision of these estimates affect downstream analyses of kinship, social 

behavior, and social bonding.   

In this analysis, I use demographic and behavioral records from a long-term 

study of residential Indo-Pacific bottlenose dolphins (Tursiops aduncus) in Shark Bay, 

Western Australia to investigate variance in relatedness estimation with differing 

quantities of data and carry these results forward to investigate their downstream effects 

on inference in social structure. This system comes with the advantages of a 

multigenerational observed maternal pedigree combined with three decades of social 

associations. The Shark Bay population is bisexually philopatric (Tsai and Mann 2013), 

allowing researchers to continue to observe both sexes throughout their adult lives. 
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Furthermore, their fission-fusion social system means that individuals frequently 

encounter both male and female maternal and paternal kin as well as unrelated 

individuals within their home ranges, and so can choose from all kinship categories 

when selecting social associates. Previous studies have demonstrated that despite 

bisexual philopatry, mothers maintain much closer ties to daughters than sons (Tsai and 

Mann 2013; Wallen et al. 2017) and relatedness is likely most important in social bonds 

between adult females (Frère et al. 2010b), while males may employ different social 

strategies dependent on alliance formation (Krützen et al. 2003). 

I use genotyping-by-sequencing to generate a moderately-sized panel of high-

quality independent SNPs and conduct parentage assignment, which is validated 

against the observed multigenerational maternal pedigree and combined to produce 

expected relatedness coefficients. I then use a combination of simulations and 

subsampling of the dataset to investigate, in detail, the relationship between the amount 

of genetic data (number of individuals and number of markers) and increased kinship 

resolution. I then carry the sets of relatedness estimates forward into a social network 

analysis investigating the impact of relatedness on social associations. These analyses 

serve to illustrate how power and effect size can vary between models constructed with 

different amounts of data, and has implications for the comparison of social 

organization between populations.  
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This study contributes to a growing body of literature aimed at understanding 

the power of SNP markers and genotyping-by-sequencing methods to assess kinship in 

wild mammals (Attard et al. 2018; Andrews et al. 2018). Further, this is to my knowledge 

the first study for any mammalian species to investigate how the accuracy and precision 

of such relatedness estimation affects inference in the analysis of social structure.  

2.2 Methods  

2.2.1 Data collection 

Data were obtained from a longitudinal study of Indo-Pacific bottlenose dolphins 

(Tursiops aduncus) in the eastern gulf of Shark Bay, Western Australia. The population 

is resident and stable, with little evidence of migration and both sexes exhibiting natal 

philopatry (Tsai and Mann 2013). Since 1984, a study area of about 300km2 has been 

regularly surveyed and demographic, behavioral, and ecological data collected on over 

1700 individuals. Birth years are known for most individuals born since the 1980s and 

were determined either from observing individuals as calves or from the degree of 

ventral to dorsal speckling (Krzyszczyk and Mann 2012).  

Social associations were determined during these surveys by grouping 

individuals using a 10-meter chain rule (Smolker et al. 1992). GPS locations of the groups 

were recorded when the boat was within 50 meters of the group.  

Between 2013 and 2017, skin samples were obtained during boat-based surveys 

using a remote biopsy system (Krützen et al. 2002) in accordance with the University of 
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the Sunshine Coast Animal Ethics Committee approval. Samples were collected 

opportunistically, but with preference for animals that could be matched to a catalog in 

real time for inclusion in behavioral analyses. Tissue samples were stored in either 

dimethyl sulfoxide or an RNA-stabilizing buffer and DNA was extracted via 

isopropanol precipitation with the Qiagen Gentra Puregene Tissue kit. This study 

includes genetic data from 272 animals, 128 males and 151 females, which represent 44% 

of animals greater than two years of age encountered in the study site during the 

sampling period (Figure A19). 

2.2.2 Sequencing and SNP selection 

DNA was sequenced using restriction-associated digest methods at Diversity 

Arrays Technology in Canberra, Australia using their proprietary DArTseqTM 

technology. DArTseq is a reduced representation sequencing approach, similar to RAD-

sequencing. DNA was digested with PstI and SphI barcoded, multiplexed, and 

sequenced on an Illumina HiSeq 2500. Sequencing generated an average of 2.04 million 

77 bp reads per sample. Single nucleotide polymorphisms (SNPs) were identified using 

the DArTsoftS pipeline (Kilian et al. 2012; Cruz et al. 2013) and mapped to a 114.5x high-

coverage Tursiops truncatus genome (NIST Tur_tru v1) using NCBI BLAST (Altschul et 

al. 1990). This resulted in 9928 SNPs called with an average density of 30.8 reads per 

sample per locus, 86.6% of which mapped to the genome with an E-value below 2.4x10-6. 
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Seven samples were run in duplicate from which was calculated a mean genotyping 

error rate of 0.01895 (range 0.005-0.047) per sample.  

SNPs were selected for analysis if they were typed in at least 95% of individuals, 

had an average read depth of at least 10 and a minor allele frequency (MAF) of at least 

0.01 (Anderson et al. 2010; Goudet et al. 2018). SNPs were checked for Hardy-Weinberg 

equilibrium using the mid-p adjustment routine in plink 1.9 (Graffelman and Moreno 

2013) and any SNP that fell outside of the 0.05 p-value cutoff was removed. To control 

for linkage disequilibrium, large scaffolds (n=216; x̄=9.8 Mbp) were treated as 

independent and a sliding window filter was used with a window size of 50, a shift of 5, 

and a variance inflation factor threshold of 2, also implemented in plink 1.9 (Chang et al. 

2015). I set a maximum heterozygosity filter of 0.6 to remove any potentially paralogous 

loci, and additionally removed five SNPs that segregated perfectly by sex and were 

assumed to be XY paralogs (Table A11). I checked for the presence of mitochondrial 

DNA in the sequences by blasting against a South Australian Tursiops aduncus 

mitochondrial genome (GenBank accession KF570335.1; Moura et al. 2013) but no 

matches were returned within the default thresholds, so I assumed the reads were all 

from nuclear DNA. Lastly, I removed any SNP that had been mistyped between two or 

more pairs of duplicate samples. This resulted in a total of 4235 SNPs with a mean minor 

allele frequency of 0.17 to be used in downstream analyses. I retained all samples that 

were typed at a minimum of 95% of these loci (x̄ ± sd 99.86 ± 0.004; n = 272). 
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2.2.3. Relatedness estimation 

To choose an appropriate relatedness estimator for the dataset, I first tested 

several estimators on a set of simulated genotypes that had characteristics similar to the 

dolphin data. I used the software COANCESTRY (Wang 2011) to simulate 100 pairs of 

genotypes for dyads in each of five categories: (1) parent-offspring r = 0.5, (2) half-

siblings r = 0.25, (3) half-avuncular (e.g., aunt-niece) r = 0.125, (4) half-cousins r = 0.0625 

and (5) unrelated pairs r = 0. I selected these categories as representative of the kinship 

categories most likely to be encountered in a polygynandrous population. The simulated 

genotypes had the same number of SNPs and distribution of alleles frequencies as found 

in the real data, as well as the same amount of missing data. I set the genotyping error 

rate to be the same for all loci at 0.019 based on the error rate calculated from samples 

run in duplicate. I then compared six relatedness estimators, four moment-based 

estimators: Wang (Wang 2002), LynchRd (Lynch et al. 1999), Ritland (Ritland 1996), and 

QuellerGt (Queller and Goodnight 1989), and two maximum likelihood estimators, 

DyadML (Milligan 2003) and TrioML (Wang 2007).   

I evaluated estimators by comparing the Pearson correlation coefficients between 

the estimated and expected relatedness values and calculating the root-mean-square 

error (RMSE) within and across kinship categories in the simulated dataset. 

Once I had determined which estimators performed well on the simulated data, I 

used those estimators to calculated genetic relatedness between all pairs of individuals 
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in the real data. I then tested the sensitivity of those estimators to the sample size of 

individuals and loci by resampling the real data and calculating population-wide 

variance in relatedness estimates. I compared results for seven smaller quantities of 

SNPs {50, 100, 200, 400, 800, 1600, 3200} and individuals {10, 20, 30, 40, 50, 100, 150} by 

randomly subsampling the data, recalculating allele frequencies and pairwise 

relatedness, and then computing the discrepancy between each pairwise relatedness 

value in the subsampled and full data set. I compared all variations of number of 

markers and number of individuals for a total of 64 combinations, running 100 iterations 

of each combination and reporting the median root mean-square error for each level of 

subsampling. 

2.2.4 Parentage assignment and pedigree reconstruction 

I verified that these data could be used to recover the observed mother-offspring 

relationships by running a naïve parentage assignment using the R package Sequoia 

(Huisman 2017). Sequoia uses a maximum-likelihood based approach to assign 

parentage based on the log-likelihood ratios of first, second, and third-degree over 

unrelated relationships. The Sequoia input parameters were set to match to the observed 

genotyping error rate and the default number of mismatches and minimum and 

threshold log-likelihood ratios. Sex and birth year were included for all sampled 

individuals. The run included sibship clustering, which imputes predicted shared 

parents for sibling dyads in which the shared parent was not included in the dataset. I 
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used the full set of 4235 SNPs and set the maximum number of offspring to 20 for 

sibship clustering, as females have only been observed to have a maximum of about 

seven offspring that survive past weaning over the course of the lifetime but the number 

of offspring a male could produce is unknown and possibly much greater. 

2.2.5 Pedigree and genetic relatedness comparison 

I used the parentage assignments generated by Sequoia and the observed 

maternal pedigree to calculate expected pedigree relatedness values for a subset of pairs 

with known kinship status. I included all first-degree relatives (r = 0.5) but limited other 

relationships to only those pairs in which all four parents were known. I further 

required that third-degree and fourth-degree relative pairs (r = 0.125 and r = 0.0625) had 

to have at least three out of four parents genotyped in the sample, and all unrelated 

pairs had to have all four parents genotyped to be included. I used the R package 

kinship2 (Thernaeu and Sinnwell 2015) to calculate the expected pedigree relatedness 

coefficient. For the individuals that had only one known parent, I imputed unique 

second parents. I examined correlations and RMSE between pedigree and genetic 

relatedness for all pairs, and classification rates between pairs with expected pedigree 

relatedness values in the set {0, 0.0625, 0.125, 0.25, 0.5}, excluding pairs with pedigree 

relationships intermediate to the categories above, e.g., r = 0.1875, for simplicity. I used 

the simulated data to set classification thresholds for the genetic relatedness estimates 

between the five kinship categories such that each category included the maximum 
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amount of correct assignments (true positives) while limiting incorrect assignments 

(false positives) to less than 5% within each category. I then applied these genetic 

relatedness thresholds to the empirical data and compared classification rates that could 

be achieved from relatedness coefficients calculated from different number of markers 

{50, 100, 200, 400, 800, 1600, 3200}. Allele frequencies were set to those calculated using 

all individuals in the study. 

2.2.6 Genetic relatedness and social network structure 

Finally, I examined how the accuracy and precision of the relatedness 

measurements would affect inference about the relationship between relatedness and 

social associations in the population. To do this I modelled association rates between 

pairs of individuals using network-based regressions that included their genetic 

relatedness, age difference, and home range overlap. As the Shark Bay population is 

highly sex segregated (Galezo et al. 2018) and males and females are suspected to 

employ different strategies with respect to forming kin-based relationships (Krützen et 

al. 2003; Frère et al. 2010b), I did not examine mixed-sex relationships and instead ran 

separate models for male-male and female-female pairs.  

These models included data from 176 individuals, 92 females and 84 males, who 

had at least 35 sightings post-weaning. Individuals in the population are typically 

weaned at around 4 years of age, but with a range of 2 to 8 years (Mann et al. 2000; 

Karniski et al. 2018). I selected an inclusion threshold of 35 sightings in order to 
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accurately capture the degree of spatial overlap between individuals (see Appendix A 

for details), as well as each individual’s position in the social network (Stanton and 

Mann 2012). I estimated the association rate between each pair of individuals using the 

simple ratio index (SRI; Cairns and Schwager 1987) with a one-day sampling period 

(Eqn [1]). 

 𝑆𝑆𝑆𝑆𝑆𝑆 =
𝑋𝑋

𝑋𝑋 + 𝑌𝑌𝑎𝑎 + 𝑌𝑌𝑏𝑏 + 𝑌𝑌𝑎𝑎𝑏𝑏 
 [1] 

X is the number of days both individuals (A and B) were seen in the same group, 

Ya is the number of days individual A was seen without B, Yb is the number of times 

individual B was seen without A, and Yab is the number of days both individuals were 

seen but in separate groups. I selected the simple ratio index instead of the more 

commonly used half-weight index as the simple ratio performs more consistently on 

sampled data in the absence of information on true association rates (Hoppitt and Farine 

2018). For each pair, the index was only calculated over the time frame where both 

individuals were alive and post weaning. I censored availability by either death dates or 

six months after the last sighting date as death dates could not always be accurately 

estimated for individuals in the population. I modelled association indices as a weighted 

binomial response variable, taking the numerator of the association index (number of 

days seen together) to be the number of successes and the denominator to be the number 

of trials (Whitehead and James 2015). As network regressions perform poorly in the 
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presence of missing data, I set the response for pairs that did not overlap in time (0.03% 

of pairs) to 0 with the number of trials (observation weights) equal to 1.  

Age was included as the absolute difference in years between each pair. Home 

range overlap was measured as the volume of intersection between each pair’s home 

ranges. Home ranges were estimated using kernel-based utilization distributions (UDs) 

implemented in adehabitatHR (Calenge 2006). Utilization distributions were calculated 

using individually-specified reference bandwidth smoothing parameters (Worton 1995), 

and a simplified boundary derived from the coastline was included as a barrier 

(Benhamou and Cornelis 2010). Any remaining land area was removed from all final 

UDs and the probability densities of each UD were restandardized to 1 as in Strickland 

et al. (2017). Volume of intersection was then calculated for all pairs using the 90% 

kernel of the UD for each individual. Because this population is bisexually philopatric 

and lives in an overlapping mosaic of home ranges, I expected relatedness values to 

positively correlate with home range overlap. Therefore, I examined the correlation 

between these parameters and variation inflation factors before hypothesis testing.  

For each model, I varied the number of individuals and the number of markers 

used to calculate their relatedness coefficients according to the subsampling scheme 

described above, keeping the values for the response variable and all other predictors 

fixed. I ran 100 iterations of each model with each of {20, 30, 40, 50, 60, 70, 80} 

individuals and {50, 100, 200, 400, 800, 1600, 3200, 4235} SNPs. Allele frequencies were 
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obtained from a subsample of individuals twice as large as those included in each 

model. For example, in the model with 20 female subjects, allele frequencies were 

calculated using 40 individuals, under the assumption that even when modelling a 

single sex, samples from both sexes would have been collected. I implemented each 

model as a logistic regression, using the multiple regression quadratic assignment 

procedure (MRQAP) to assess parameter significance. MRQAPs are a method of 

hypothesis testing specifically developed for non-independent network data. MRQAPs 

use matrix permutations designed to reduce type I error that can result from the 

inherent autocorrelation of network data, which violates traditional regression 

assumptions (Krackhardt 1988). I used the Dekker double semi-partialing method 

(Dekker et al. 2007) as implemented in the R package sna (Butts 2016), using the netlogit 

function modified to accept a weights parameter (number of trials). I chose the Dekker 

double semi-partialing method to minimize the correlation between the variable of 

interest and the control variables under permutation. I used the z-value pivotal test 

statistic and 1000 permutations to assess significance.   

To compare the effect size of relatedness between the datasets with different 

sample sizes of individuals and different numbers of markers, I used the generalized 

partial coefficient of determination (RV2) as described in Zhang (2017) and implemented 

in the R package rsq (Zhang 2018). I note that the calculation of effect sizes and power 

for network-based regressions are poorly understood, and therefore caution that the 



 

28 

results presented should only be interpreted as relative rather than absolute measures of 

power. 

Lastly, I compared the prevalence of type II error, i.e. falsely accepting the null 

hypothesis that relatedness has no effect on social association, in the subsampled models 

using alpha = 0.05 to assess significance throughout. All analyses were performed in R 

environment version 3.5.1 (R Core Team 2018) unless otherwise noted. 

2.3 Results 

2.3.1 Genetic relatedness estimation 

When I compared relatedness estimators on simulated data, I found that the 

maximum likelihood estimators consistently outperformed the moment-based 

estimators with respect to correlation between expected and observed relatedness, and 

RMSE within and across kinship categories (Figure A20; Table A12), with the exception 

of the LynchRd estimator which performed best for the half-cousin (r = 0.0625) category. 

Overall, however, all estimators gave comparable estimates on the simulated dataset 

with correlation coefficients above 0.99 and all RMSE below 0.04. As the dyadic and 

triadic maximum likelihood estimator performed almost identically on the simulated 

data, I chose the dyadic maximum likelihood estimator for subsequent analyses based 

on its computational speed.  

When I applied the estimators to the real data, population-wide estimates of 

relatedness among the full and subsampled datasets showed obvious differences in the 
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degree to which estimates improved with additional data (Figure 2). The maximum 

likelihood estimator had a third of the error of the non-likelihood estimators at the 

smallest sample sizes, but including more individuals actually increased population-

wide error when low numbers of markers were used. Since the best estimates on 

simulated data compared to expected values produced RMSE values at or below 0.03, I 

took 0.03 as an arbitrary threshold to assess convergence relative to the full dataset. 

Using the maximum likelihood estimator, this level of convergence was achieved with 

as little as 800 SNPs for any number of individuals. In comparison the QuellerGt reached 

the same threshold with 3200 SNPs and 40 individuals, or 1600 SNPs and 100 

individuals. The average relatedness calculated using the dyadic maximum likelihood 

estimator for all 272 individuals sampled was 0.014 ± 0.045 (mean ± sd) and ranged from 

0 to 0.57. 
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Figure 2: Variance in population-wide relatedness estimates when varying numbers 
of individuals and SNPs are used. Median deviation is the median of the root mean 

square error relative to the full dataset over 100 randomized subsamples at each level 
of data. The estimators shown are ML = dyadic maximum likelihood (Milligan 2003) 
on the left in blue and QG = QuellerGt (Queller and Goodnight 1989) shown on the 

right in green. 

 

2.3.2 Parentage assignment and pedigree reconstruction 

Of the 81 known mother-offspring pairs in the dataset, 98.8% were correctly 

genetically assigned to their observed mother, with one individual not assigned a parent 

although the mother was in the sample. Six additional pairs were assigned in which the 

mother was not observed in the years immediately following the putative offspring’s 

birth, but in no case was a mother genetically assigned that conflicted with the 

behavioral observation. Estimated mean confidence probabilities in the assignment 

calculated using Sequoia's EstConf function and 20 simulated pedigrees with 60% 

missing parents were 0.9696 for dams and 0.9722 for sires. Altogether, 87 mother-
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offspring and 53 father-offspring pairs were assigned, with an additional 4 mother-

offspring and 23 father-offspring pairs imputed from the sibship clustering. I detected 

three pairs of full siblings in the dataset, but the majority of sibling pairs (n = 129) were 

half-siblings. When I added these data to the known partial pedigree and calculated 

expected related coefficients for pairs with known kinship, I had 149 pairs at r = 0.5 level, 

129 pairs at r = 0.25, 48 at r = 0.125, 20 at r = 0.0625, and 492 at r = 0, or unrelated (Figure 

3). 

2.3.3 Pedigree and genomic relatedness comparison 

In the simulated dataset, I was able to use the estimates of genetic relatedness to 

discriminate between all five kinship categories by achieving true positive classification 

rates of 85-100% for all categories while limiting false positives to less than 5% (Figure 

A22). When I applied the classification thresholds derived from simulated data to the 

empirical data, using all available markers there was no misassignment between pairs 

related at the 0.5, 0.25, and 0 levels. However even in the full dataset, there was some 

misassignment between half-cousin (0.0625) and half-avuncular level relatedness (0.125), 

and half-avuncular and half-siblings (0.25) (Figure 4). I found 95% correct classification 

could be achieved for r = 0, 0.25, 0.5, and 80% correct classification for the r = 0.125 

category, but never more than 65% correct classification in the r = 0.0625 category with a 

high rate of false positives (Table 1). Some of the discrepancy between classification 

ability in the simulated and empirical datasets may stem from missing data in the 
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pedigree, as there were few individuals for which more than 1-2 ancestral generations 

were known and genotyped.  

When I applied the classification thresholds to the subsampled datasets, I found 

that the r = 0.5 category only required 50 SNPs for 80% correct classification and 200 

SNPs for 95%, r = 0.25 required 400 SNPs for 80% correct classification and 1600 for 95%, 

r = 0.125 required 3200 SNPs for 80% correct classification but did not achieve 95% 

correct classification, and unrelated required 800 SNP for 80% correct classification, and 

1600 for 95% classification with the designated thresholds (Table 1). 
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Figure 3: Distribution of genetic relatedness estimates calculated with different numbers of markers 
against expected relatedness values derived from the pedigree. Number of SNPs used is showed in 
the upper left-hand corner of each panel. Smoothed density curves are shown using shaded regions 
for the most common pedigree categories (0, 0.0625, 0.125, 0.25, 0.5), and pedigree values are slightly 

jittered for visualization purposes. Horizontal lines represent the mean for those categories. 
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Figure 4: Confusion matrix of relatedness category assignments for five categories of pedigree 
relatedness. Number of pairs assigned to each category is reported within each square and the 

number of SNPs used is reported above each panel. 
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Table 1: Pedigree versus genetic relatedness category assignment comparison. True positive rates are 
the proportion of pairs assigned in the same category using genetic data and the pedigree. False 

positive rates are the proportion assigned to each relatedness category using genetic data that do not 
belong in that category according to the pedigree. 

 

   Relationship Category Assignment 

   0 0.0625 0.125 0.25 0.5 

Number 
of SNPs 

Correlation 
Coefficient 

RMSE 
True 

Positive 
False 

Positive 
True 

Positive 
False 

Positive 
True 

Positive 
False 

Positive 
True 

Positive 
False 

Positive 
True 

Positive 
False 

Positive 

50 0.843 0.126 0.640 0.092 0.250 0.929 0.188 0.907 0.450 0.583 0.940 0.251 

100 0.887 0.102 0.587 0.062 0.550 0.897 0.271 0.893 0.550 0.478 0.926 0.169 

200 0.942 0.071 0.673 0.065 0.200 0.966 0.354 0.828 0.667 0.196 0.993 0.069 

400 0.970 0.050 0.744 0.029 0.300 0.951 0.521 0.688 0.791 0.073 0.993 0.013 

800 0.984 0.036 0.864 0.027 0.250 0.938 0.604 0.442 0.868 0.059 1.000 0.013 

1600 0.991 0.027 0.965 0.019 0.400 0.784 0.667 0.289 0.930 0.024 1.000 0.000 

3200 0.994 0.023 0.990 0.016 0.500 0.565 0.854 0.146 0.953 0.000 1.000 0.007 

4235 0.994 0.022 0.990 0.012 0.650 0.480 0.854 0.146 0.953 0.000 1.000 0.000 
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2.3.4 Power in social structure analysis 

I examined how the variation in relatedness estimation affected the analysis of 

social structure by conducting a series of network regressions on subsampled data.  

The Spearman rank correlation coefficient between home range overlap and 

pairwise relatedness in the full social data set (n = 176) was 0.26, and variation inflation 

factors were all less than 2 (Zuur et al. 2010), so I incorporated both home range overlap 

and relatedness as predictors in the same models. I first ran two models using the full 

dataset, one for male-male and one for female-female associations. For female-female 

pairs, both relatedness and home range overlap significantly predicted association rate, 

but age difference did not. I found that unlike for females, relatedness was not a 

significant predictor of association strength for male-male pairs in the model (Table 2). 

Therefore, I conducted the subsequent subsampling analysis using only female data.  

 

Table 2: Model results from the logistic regression with multiple-regression quadratic 
assignment procedure for both male-male (n=84) and female-female (n=92) networks 

with 1000 permutations each. 

Model Covariate Coefficient Std. Error z-value p-value 
Female-Female Intercept -7.421 0.036 -205.191 - 

 Relatedness 1.820 0.069 26.290 <0.001 

 Home range overlap 6.585 0.051 129.342 <0.001 

 Age difference -0.012 0.001 -9.018 0.171 

   
    

Male-Male Intercept -7.727 0.042 -183.024 - 

 Relatedness 0.278 0.161 1.723 0.658 

 Home range overlap 7.778 0.052 148.793 <0.001 
  Age difference -0.078 0.002 -40.596 <0.001 
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In the female model, relatedness was a significant parameter which explained 

about 12.8% of the variance as measured by partial RV2. I defined a type II error rate as 

the proportion of subsampled models in which the estimated effect of relatedness did 

not meet the threshold for significance even though it was a significant parameter in the 

full dataset. I found that it took at least 60 individuals and 800 SNPs before a type II 

error rate less than 5% was achieved. Low numbers of SNPs resulted in higher rates of 

type II error and on average lower partial RV2 values, though with high variation (Figure 

5). For models with smaller numbers of individuals, I found that the set of individuals 

chosen had a strong effect on the value of partial RV2, even when relatedness estimates 

were obtained from the full dataset. 
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Figure 5: MRQAP results where box plots show the coefficient of partial determination (RV2) for 

relatedness across logistic network-based regressions with different levels of data. Box heights are 
the interquartile ranges (IQR) bisected by median values, and whiskers extend to 1.5 times the IQR. 
The black dotted line is the RV2 value obtained from the full dataset. The overlaying solid red lines 

show type II error rates, or the proportion of models in which the p-value obtained for the 
relatedness parameter is above the alpha = 0.05 threshold resulting in a type II error when the full 

dataset is taken as truth.  Red dashed lines show the 20% type II error rate (80% power) and 5% type 
II error rate (95% power).
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2.4 Discussion 

In this study I investigated whether deriving genotypes via DArT sequencing 

could produce more precise estimates of kinship than those reported from studies using 

smaller numbers of markers from more traditional methods (e. g., microsatellites). I then 

investigated whether those improved estimates provided increased power when 

modelling the effect of relatedness on social structure.     

2.4.1 Genotyping-by-sequencing and relatedness estimation 

I demonstrate successful parentage assignment and good correspondence 

between pedigree and genomic relatedness using a moderately-sized panel of SNPs 

generated from DArTSeq. The correlation between pedigree and genomic relatedness 

achieved was comparable to that predicted by previous simulation-based studies using 

similar numbers of SNPs (Kopps et al. 2015).  

Though I could not directly compare the results with those generated from 

microsatellites for the same set of individuals, there are about 26 microsatellites that 

have been characterized for bottlenose dolphins with an average of about 6 alleles each 

in the population (Kopps et al. 2014). This suggests a scaling factor for translating 

informativeness from the number of microsatellites to number of SNPs to be within the 

5-10 range reported in previous studies (Santure et al. 2010; Städele and Vigilant 2016; 

Wang 2016), and therefore the power one would get from microsatellites is probably 

most analogous to the results I obtained using about 200 SNPs.  
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I find that the correlation between relatedness estimates and expected pedigree 

relatedness improves up to about 1600 independent SNP markers in a sample of at least 

20 individuals. These estimates alone can also be used to develop classification 

thresholds that can distinguish between several kinship categories (parent-offspring, 

half-sibling, unrelated) with greater than 95% accuracy, and more distant categories 

(e.g., half-avuncular) with 80% accuracy. I note that the pedigree I used to assign 

expected relatedness coefficients was incomplete, and therefore some of the discrepancy 

between pedigree and genetic relatedness in the analysis may be inflated because of 

missing data. However, I also left out some relatively rare kinship categories (e.g., those 

with an expected r = 0.1875) and more distant (e.g., r = 0.03125) expected categories of 

kinship from the relatedness category assignment as they were either rare in the 

population, or rarely detected due to the shallow pedigree. Therefore, I had limited 

power to assess their accuracy and how they would affect the accuracy of other 

categorical assignments.   

Maximum likelihood estimation of relatedness was the most robust estimator for 

the data over a range of sample sizes, but results suggest significant diminishing returns 

to prioritizing number of samples over number of markers. Relative error in some cases 

increased when a larger proportion of the population was sampled (Figure 2; Figure 

A21). Though somewhat counterintuitive, this result has been found in other studies 

(Kopps et al. 2015), and is a consequence of the error in estimating allele frequencies 
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when the frequencies are calculated from small samples of individuals. For example, in 

the case of biallelic SNPs, if a dyad in a sample of 10 individuals shares a private allele 

that is identical by state, that minor allele’s frequency is calculated as 0.20, which is 

considered when weighting the likelihood that the allele is actually identical by descent. 

Alternatively, if a dyad in a sample of 100 individuals shares a private allele that is 

identical by state, that minor allele’s frequency is 0.02, which gives greater weight to the 

likelihood that the allele is identical by descent than 0.2 would. With large numbers of 

loci, a private or otherwise rare allele that is identical by state will have much less 

weight on the overall likelihood of coancestry, but with small numbers of loci this will 

result in the tendency to overestimate relatedness, especially for pairs near the boundary 

condition (0 or unrelated). Since most pairs in the sample will be unrelated, this bias will 

outweigh any improvement for related pairs with rare alleles that are actually identical 

by descent. The method-of-moments estimators such as Queller and Goodnight’s do not 

have a boundary condition at 0 and are statistically unbiased, but in many cases the 

increased variance in their estimates results in greater overall error than the maximum 

likelihood estimator. These effects may be somewhat remedied by choosing a higher 

minor allele frequency threshold, but this will result in fewer total loci included. 

Balancing these effects may depend on the precise research question, and in some cases 

false discovery rate procedures may also be appropriate (Skaug et al. 2010). Even with 

large amounts of SNP data, other parameters such as genotyping error, allelic dropout, 
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and the true distribution of allele frequencies in the population may affect estimator 

accuracy and precision (Attard et al. 2018), and I recommend conducting simulations to 

choose the best estimator for each study.  

As more annotated genomes become available, incorporating patterns of shared 

alleles along chromosomes and the use of more sex-linked and mitochondrial markers 

may improve relatedness estimation, especially in discriminating among classes of 

relatedness that share the same expected coefficient, such as grandparents and half-

siblings (both r = 0.25). Combining log-likelihood ratios with relatedness coefficients 

may also improve categorical discrimination in some cases (Städele and Vigilant 2016), 

and new relatedness estimators are rapidly being proposed and evaluated (Goudet et al. 

2018). Importantly, much of the evaluative framework assumes that genetic relatedness 

is informative because it allows us to estimate a socially meaningful kinship category, 

rather than an absolute percentage of genome sharing (Speed and Balding 2015; Wang 

2016). Depending on the method of kin recognition in each species, estimation of 

different aspects of relatedness may be more relevant. 

2.4.2 Relatedness estimation and power in social structure analysis 

In the social network analysis, I found that model precision (bias and variance in 

effect size estimates) consistently improved up to about 400 SNPs, with similar results 

for model power. In the dataset, 80% power could be achieved with 40 individuals using 

relatedness estimates derived from 1600 SNPs, or with 50 individuals using as little as 
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200 SNPs. After about 400 SNPs, model power and precision benefited much more from 

increasing the sample size than from increasing the resolution of the relatedness 

estimates.  

Statistical assessment of the effect of relatedness on social associations in the wild 

will often suffer from low power for several reasons, including that network 

observations are by nature non-independent, and within the networks, kin can be 

relatively rare. The lack of independence in dyadic observations and potential structural 

autocorrelation can make them unsuitable for traditional ordinary least squares 

regressions because of high rates of type I error (Krackhardt 1988). As a result, methods 

that correct for this bias, including MRQAPs, are conservative by design. Regarding 

questions involving kinship and relatedness, the highly skewed distribution of 

relatedness also means that there could be very different proportions of kin in small 

subsamples. In the sampled population about 1 out of every 16 dyads share a 

relatedness coefficient greater than or equal to r = 0.0625. Therefore, in models with 20 

individuals (190 pairwise relationships), there are only 12 (95% CI 6-19) or so pairs that 

can be classified as kin, and the actual proportion may vary widely based on whether 

the individuals are sampled randomly from the population, or in groups as they are 

encountered. This variation in the proportion of relatives due to sampling protocol 

could have significant effects on model output. Sex differences in kin affinity are also 

common in many populations and could affect the power and precision of network-
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based regressions if models are not split by sex. MRQAP methods cannot assess 

interaction effects, and including both sexes in a model in which there was an interaction 

effect would further reduce power.  

In this analysis, I focused on a commonly used analytical framework in the 

interest of providing comparable and interpretable estimates of power rather than 

precise inference. While generalized linear models, and especially network extensions 

such as MRQAPs are a popular hypothesis testing framework for these types of analyses 

(Carter et al. 2013; Van Cise et al. 2017; Louis et al. 2018), the skewness inherent in the 

distribution of relatedness values and the potential for interactions between predictors 

may make this framework unsuitable for some types of social analyses. I note that with 

both moderate numbers of individuals (e.g., 30 of one sex, which may require sampling 

60 individuals total) and markers (e.g., 200 SNPs, equivalent to about 30 microsatellites) 

I obtained a type II error rate greater than 50%. I suggest that some studies that use 

similar levels of data and find no effect of kinship on social associations employ caution 

when interpreting their results. This is also a potential explanation for why previous 

studies have been unable to find a generalized effect of relatedness on social structure 

between social and sub-social systems (Bouskila et al. 2015). 

There are other types of models which may offer more power with less data, 

such as exponential random graph models (Silk and Fisher 2017), and structured 

randomization tests (Croft et al. 2011), especially those that incorporate appropriate null 
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models (Farine 2017; Strickland et al. 2017). However, there has not yet been a 

comparison of these modelling approaches that has focused on inference about 

relatedness, especially when incorporating parameter resolution. Such a study would be 

very beneficial to questions about kin recognition, kin selection, and altruism in wild 

populations.  

2.4.3 Conclusions 

Accurate measures of relatedness and how kinship affects the formation and 

maintenance of social bonds is important for understanding the adaptive value of 

sociality and the evolutionary drivers of group living (Silk 2007a). Making inferences 

based on kin selection and inclusive fitness theory (Hamilton 1964) relies on knowing 

the relatedness between pairs of interacting individuals in order to properly weight the 

cost versus benefit equations. For long-lived, slow reproducing, and polygynandrous 

species with cryptic paternity, estimating relatedness from shared genetic markers may 

be the only way to obtain kinship information.        

The interplay of relatedness and social structure have implications for 

conservation-based studies as well. A review of recovery trends in cetaceans found that 

more social species may be particularly slow to recover from disturbance or exploitation 

at the population level (Wade et al. 2012). This may be due to the disruption of social 

networks, disturbances to which may interfere with reproductive activities or stop the 

flow of ecological knowledge (Snijders et al. 2017). Conservation of slow reproducing 
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species should place stress on monitoring and improving conditions for reproduction as 

well as survival when assessing conservation risks (Manlik et al. 2016). This will require 

an understanding of the demographics and mating system of a population, which often 

can be uncovered only from high quality genetic relatedness data.  

SNPs are set to become the marker of choice for relatedness estimation, and the 

advantage of SNPs over the more commonly used microsatellites have been reviewed 

extensively (Morin et al. 2004; Weinman et al. 2015; Attard et al. 2018). SNP genotyping 

is still expensive relative to microsatellite analyses for many ecological and 

conservation-based projects (Puckett 2017; Flanagan and Jones 2018), but the increase in 

information provided may justify these costs depending on the research question.     

Our results both demonstrate feasibility and provide practical guidelines for 

minimum sample sizes and sequencing depth for future studies of genetic relatedness in 

wild populations, as well as thresholds for post hoc interpretation of previous analyses. I 

look forward to the increased incorporation of relatedness data and pedigree 

reconstruction derived from SNP data in models seeking to answer questions about 

social evolution.
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3. Measuring social relationships: Does association index 
matter? 

3.1 Introduction 

The gambit of the group assumption posits that all individuals in a group are 

associating with all other group members (Whitehead and Dufault 1999). This 

assumption is a practical tradeoff that allows relational data to be efficiently collected in 

wild animal populations, usually by conducting scan-sampling of group composition 

where groups are delineated using a predefined combination of distance, linkage, and 

behavioral rules, and then repeating the process for as many groups as possible during a 

sampling period.  

For fission-fusion species with constantly changing group membership, repeated 

observations of these temporary groups are combined over time to calculate a weighted 

coefficient of association between each dyad, which is then often used to weights edges 

within a social network. These weighted edges provide more information and are more 

robust to sampling error than binary networks alone (Lusseau et al. 2008; Franks et al. 

2010; Farine 2014) and are biologically meaningful (Rankin et al. 2016). Nevertheless, 

there are many methods used to construct these indices and selecting the appropriate 

measure and sampling protocol for the species is essential in order to extract the 

underlying relationship information from the proxy of shared group membership. 
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Use of the gambit of the group approach can elucidate network structure much 

more quickly than other methods of data collection, such as focal follows (Davis et al. 

2018), but comes at the cost of the systematic collection of interaction data between 

specific dyads. As a result, not all studies are able to validate the use of association 

indices as interaction proxies, and those which have attempted have sometimes come to 

different conclusions regarding whether the same social information is contained in 

networks constructed using the different inputs (Castles et al. 2014; Farine 2015).  

Most association indices were originally derived from indices used in ecology to 

compare plant species assemblages (Sørenson 1948), and later co-opted by animal 

behaviorists for use in quantifying social associations. All indices considered here have 

in their numerator x, the number of times two individuals, A and B, are observed 

associating, which is then divided over the total number of observations to calculate the 

association rate. To calculate the number of observations in the denominator, up to four 

observed counts are combined, x, ya, yb, and yab, where ya and yb are the count of 

observations of one individual apart, and yab is the count of observations of both 

individuals apart during a single sampling period. Each term can also be modified by 

various weighting parameters, and all indices evaluate to between 0 and 1, with 1 

representing perfect observed co-occurrence (Table 3). 
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Table 3: Formulations and abbreviations for established association indices (reviewed 
in Whitehead 2008) and a recently proposed generalization (M-weight, Hoppitt and 

Farine 2018) compared in this study.
 Index Notation Formula 

Simple ratio SRI 
𝑥𝑥

𝑥𝑥 + 𝑦𝑦𝑎𝑎𝑏𝑏  +  𝑦𝑦𝑎𝑎  +  𝑦𝑦𝑏𝑏
 

Half-weight HWI 
𝑥𝑥

𝑥𝑥 + 𝑦𝑦𝑎𝑎𝑏𝑏 + 1
2 ⋅ (𝑦𝑦𝑎𝑎 + 𝑦𝑦𝑏𝑏)

 

Twice-weight TWI 
𝑥𝑥

𝑥𝑥 +  2 ⋅ 𝑦𝑦𝑎𝑎𝑏𝑏  + 𝑦𝑦𝑎𝑎  +  𝑦𝑦𝑏𝑏
 

Social affinity SAI 
𝑥𝑥

𝑥𝑥 +  𝑦𝑦𝑎𝑎𝑏𝑏  +  𝑚𝑚𝑚𝑚𝑚𝑚(𝑦𝑦𝑎𝑎 , 𝑦𝑦𝑏𝑏)
 

Very simple ratio vSRI 
𝑥𝑥

𝑥𝑥 + 𝑦𝑦𝑎𝑎𝑏𝑏
 

M-weight MWI 
𝑥𝑥

x + 𝑦𝑦𝑎𝑎𝑏𝑏 + 𝑀𝑀 ⋅ (𝑦𝑦𝑎𝑎 + 𝑦𝑦𝑏𝑏) 

 

Cairns and Schwager (1987) were among the first to evaluate some of the most 

common association indices used by zoologists for the purpose of assigning weights to 

observed relationships, and their recommendations are some of the most commonly 

cited as justification for choice of index. Their primary recommendation was that 

researchers derive a maximum likelihood estimator for their population and data 

collection protocol, but this has been rarely incorporated due to its complexity and the 

underlying assumptions about sampling that must be incorporated (but see Klaich 
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2011). Barring that, they recommended the half-weight index be employed when a bias 

exists in the probability of locating two individuals when they are apart rather than 

together, the twice-weight index when the bias is toward observing individuals 

together, and the simple ratio index when no bias is believed to be present. Later 

authors, such as Ginsberg and Young (1992), criticized this approach, and instead 

advocated for using the simple ratio, combined with discussion of relevant biases. Other 

authors have echoed Cairns and Schwager’s call to match choice of index to data 

collection protocol (Whitehead 2008), leading to a split between use of the two most 

common indices (half-weight and simple ratio) in the literature (Webber and Vander 

Wal 2019).   

Recently, studies have examined the performance of these indices under 

different data collection protocols, group location errors, and individual identification 

errors, in an effort to discern under which scenarios each index is statistically unbiased 

(Hoppitt and Farine 2018; Weko 2018), though they issue slightly different 

recommendations regarding index selection. Hoppitt and Farine echo the Ginsberg and 

Young opinion, that the simple ratio should be used unless relevant calibration data can 

be obtained to formulate a study-specific maximum likelihood estimator. Weko, on the 

other hand, defends the half-weight index as an unbiased estimator under certain 

conditions, recommending again the approach of matching index to data collection 

protocol.   
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Weko also emphasizes two separate considerations when evaluating index 

performance, one statistical and one biological. The statistical consideration is whether 

there is bias in measurement error of the true association rate, while the biological 

consideration concerns the degree to which the index best reflects the underlying 

information of interest (such as interaction probability or affiliation) in the social 

behavior model. When choosing an estimator, most studies validate their choices based 

on minimizing statistical bias rather than whether their association index is a relevant 

biological indicator (Farine 2015). This is likely due to the assumption that the 

relationship between proximity and interaction is species, population, or even time 

period specific (Castles et al. 2014), and this combined with the paucity of data 

connecting proximity and group membership to interaction rates make it difficult to 

offer generalizable recommendations.  

Nevertheless, there are several studies that do demonstrate significant 

correlations between edge weights calculated from spatial proximity (Seyfarth 1980; 

Farine 2015) or shared group membership (Leu et al. in revision) and interaction rates, 

although the correlation often depends on the type of interaction measured, for example, 

whether it is affiliative or aggressive. A study by Lusseau (2007) found that for adult 

male dolphins, a network of aggressive interactions was inversely correlated with 

associations, while a network of affiliative interactions showed no relationship. In adult 

female chimpanzees, dyadic associations and grooming interactions were positively 
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correlated for females if they associated more than expected based on home range 

overlap but were variable for those that associated less than expected (Foerster et al. 

2015).  

While many studies have evaluated the validity of association indices, to my 

knowledge, none have asked whether choice of association index matters for predicting 

interaction. In this study, I compare how edge weight values calculated using multiple 

traditional and new association indices from group scan-sampling data are able to 

predict the probability and rate of a specific type of affiliative interaction during focal 

follows of wild bottlenose dolphins: synchronous surfacing events.  

Though interactions between dolphins are infrequently observed and difficult to 

quantify precisely, with some inevitably occurring underwater in limited visibility 

conditions, observations of synchronous surfacing events may be a good operational 

signal for an affiliative relationship (Sakai et al. 2010; Senigaglia et al. 2012). Synchrony 

rates for male dolphins have been shown to be stronger within an alliance than between 

alliances and are thought to function in an adaptive signaling context (Connor et al. 

2006b). Synchronous breathing events by definition occur at the surface and can 

therefore be the most systematically collected during the course of a focal follow.  

I evaluate both established indices (Table 3), one recently proposed index, 

Hoppitt and Farine’s M-weight index, and a new index, which I call the pairwise-
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weighted association index (PWAI), which combines the M-weight index with group 

size information.  

Lastly, in addition to calculating raw edge weights, I also compare the values of 

the edge weights to a null model in order to classify pairs with weights that are 

significantly higher than expected, and are therefore assumed to be affiliated (Strickland 

et al. 2017). I then compare interaction rates between these pairs of affiliates and the rest 

of the sample.  

3.2 Methods 

3.2.1 Index calculation 

3.2.1.1 The M-weight index 

The M-weight index is a generalization of the half-weight index, where the 

1
2

(𝑦𝑦𝑎𝑎 + 𝑦𝑦𝑏𝑏) term is replaced instead by  𝑀𝑀 ⋅ (𝑦𝑦𝑎𝑎 + 𝑦𝑦𝑏𝑏) which can then be fit using 

calibration data based on known rates of group location error, or the relative 

probabilities of missing individuals when they are apart compared to missing them 

when they are together. As explained in Weko (2018), setting M = 1
2
 is a reasonable 

assumption that will produce an unbiased estimate if we imagine the case in which we 

are surveying a portion of a set of compartments, and individuals are together if they are 

in the same compartment, and apart when they are in different compartments. It is then 

intuitive that the probability of missing individuals when they are together (in a single 

compartment) is on average twice as likely as missing them when they are apart (in two 
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compartments), because when individuals are together one would have to survey twice 

as many compartments to have the same probability of detecting them. Hoppitt and 

Farine (2018) disagree that this should be the default assumption, and Weko does 

explain that when groups are defined by a chain-rule instead of location within a 

compartment then the assumption does not necessarily hold. One factor when searching 

for groups defined using the chain-rule is that larger groups may be more likely to be 

detected than smaller groups (Karniski et al. 2015) which could increase the probability 

of missing individuals when they are apart relative to the probability of missing them 

when they are together. This combination of scenarios likely results in cases in which the 

simple-ratio underestimates, and the half-weight overestimates, the true association rate.  

Therefore, calibrating an M-weight parameter may allow us to balance these two 

observation biases, and Hoppitt and Farine suggest some ways of estimating M when a 

corresponding set of perfect detection data is available. Here, I use their 

recommendation with simulated data that shares similar properties to the real data to 

estimate M and then compare the resulting index along with the others (see Appendix B 

for simulation details). 

3.2.1.2 The pairwise-weighted association index 

The newly proposed index, which I term the pairwise-weighted association 

index, is calculated similarly to the M-weight index, but additionally weights the x 

parameter (number of times the pair is observed together) by group size. I note that this 
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is different in formulation from the pairwise association index (Pepper et al. 1999), 

which also incorporates group size, but is instead intended to correct for gregariousness.   

The pairwise-weighted association index takes a similar set of parameters as the 

other indices, but with the x term weighted by the size of the group, relative to the 

population mean. I use X for the group-specific value to distinguish it from the 

aggregated terms. The terms ya, yb, and yab are the same as in the other indices, and it 

includes the terms M and number of potential partners s (group size -1) from the set of 

observed groups i = {1, 2, 3, 4…n} 

 

 

∑ 𝑋𝑋𝑖𝑖 ⋅
�̅�𝑠

𝑠𝑠𝑖𝑖 − 1
𝑛𝑛
𝑖𝑖=1

𝑀𝑀 ⋅  (𝑦𝑦𝑎𝑎 + 𝑦𝑦𝑏𝑏) + 𝑦𝑦𝑎𝑎𝑏𝑏 + ∑ [𝑋𝑋𝑖𝑖 ⋅
�̅�𝑠

𝑠𝑠𝑖𝑖 − 1
𝑛𝑛
𝑖𝑖=1 ]

 

 

 

Eqn [1] 

This follows from the presumption that in a group of size s there is a 

1
𝑠𝑠𝑖𝑖−1

 probability that any pairwise interaction that individual A engages in will be with 

individual B. In the case that A and B are the only two individuals in a group, they are 

assigned a full weight of 1 for that association. In the case where A is in a group with 

both B and C, A and B are assigned a weight of 0.5 for the group encounter, under the 

assumption that there is a 50% chance that each pairwise interaction of A will occur 

between A and B as opposed to A and C, and so forth. Groups are then scaled by the 

mean number of partners (group size – 1) in the population, or �̅�𝑠.  
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3.2.1.3 Additional association indices evaluated 

I also evaluate three other commonly used indices discussed by Whitehead 

(2008), the twice-weight, social affinity, and the very simple ratio (also known as “both 

identified”) indices. The twice-weight is a monotonic version of the half-weight index, 

used when individuals are more likely to be identified when associated. The social 

affinity index has been suggested for use when individuals differ in how identifiable 

they are, such as when one member of a pair is much more distinctive or gregarious 

than the other. The very simple ratio is likewise an unbiased estimator for cases where 

individuals differ in their identifiability as it only includes observations in which both 

individuals are sighted.   

3.2.2 Data collection 

I compared data from two types of sampling protocols, group surveys and 

individual focal follows, described below. Sex was determined for all individuals in the 

study either via observation of the genital area, presence of a dependent calf, or from 

DNA obtained from a skin sample (Krützen et al. 2002). Age was determined from 

observation as a young calf, size or degree of ventral speckling (Mann et al. 2000; 

Krzyszczyk and Mann 2012). I excluded any dependent calves from the study.  

Focal follow data has been conducted primarily on mothers and their dependent 

offspring throughout the history of the project, so I used only a subset of data from 2010 
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to 2017 in which focal follows were also widely conducted on juveniles, non-lactating 

females, and males. 

3.2.3 Association data from the survey record 

The first data set consists of group membership from survey records (n = 4640 

group sightings) containing 631 uniquely identified non-calf individuals.  

Survey sightings are short (minimum five minutes) encounters with groups, in 

which group composition and activity are record via scan sampling, with the survey 

usually concluded as soon as all individuals present are photographically captured and 

the activity state of the group recorded (Karniski et al. 2015). Groups are delineated 

using a 10-meter chain rule, in which any pair with 10 meters (approximately five body 

lengths) is connected, and individuals are subsequently “chained” together if they share 

a group member in common (Smolker et al. 1992). Groups were sampled 

opportunistically with between 1 and 29 group sightings occurring on each survey day, 

with an average of 6.52 ± 4.48 (mean ± standard deviation) sightings per day. Mean group 

size across surveys was 4.04 ± 4.61, with 80% of groups containing less than 6 

individuals, and 95% containing less than 12.  

The eight-year dataset was divided into four two-year time periods {2010-2011, 

2012-2013, 2014-2015, 2016-2017}, in order to optimize the tradeoff between amount of 

data collected, and demographic turnover and exogenous network effects across time. I 
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selected one sighting per individual per day to treat as independent within the one-day 

sampling periods.    

Group size included all individuals present including unidentified individuals 

and calves, and in the cases when group size was reported as an estimate in the field I 

took the maximum of the estimated range.  

These group sightings were then used to calculate each of the seven association 

indices described in Table 3 and Equation 1, hereafter referred to as the simple ratio 

(SRI), half-weight (HWI), twice-weight (TWI), social affinity (SAI), M-weight (MWI), 

and pairwise-weighted (PWAI) indices. For each pair of individuals, indices were only 

calculated over the time period in which both individuals were post-weaning and alive. 

3.2.4 Interaction data from individual focal follows 

Focal follows were conducted either on a single individual or simultaneously on 

a mother and her dependent calf. During a focal follow, group composition is recorded 

during one-minute point sample intervals, using the same 10-meter chain rule used in 

the survey record. Interactions between the focal individual and others, including 

synchronous breathing events, were recorded continuously (Altmann 1974; Karniski et 

al. 2015).  

I calculated interaction probabilities and rates from a set of 571 focal follows 

collected for 143 different focal individuals. Each individual focal follow lasted between 

10 minutes and 6 hours for an average of 104 ± 64 minutes per follow and a total of 986 
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hours of observation. The average number of focal follows conducted on a specific 

individual was 4 but ranged from 1 to 31, and the minimum required hours varied by 

analysis.   

I use synchronous breathing events, hereafter referred to as synchs, as the 

interaction proxy as these are the most frequent interactions observed, and by definition 

occur at the surface of the water unlike many other behaviors which may occur at depth 

and out of the observer’s view. The exact function of synchronous surfacings is 

unknown and they may have different functions depending on behavioral context 

(Hastie et al. 2003). Although synchronous surfacings do not necessarily involve 

physical interaction, they do require coordination and communication between the 

dyad. Adult males in the population also engage in synchronous displays in the context 

of mating (Connor et al. 2006b), which I do not include in the analysis.  

I pooled data for each focal individual within each of the four two-year time 

periods, and calculated the total amount of time each focal was observed, along with the 

total amount of time (number of point samples) they were observed with each of their 

group members and the total number of synchronous interactions that they engaged in 

with each group member. Synchronous events between the same pair that occurred 

within the same minute were treated as a single event.  
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3.2.5 Association and interaction comparisons 

I investigated the relationship between the value of association indices calculated 

from the survey record and synchronous interactions from focal records under three 

different scenarios. First, I compared association indices for all pairs sighted together 

either in the focal record or survey record against their interaction probability coded as a 

binary variable, 1 if any synchronous interactions were observed between them and 

otherwise 0. Second, I compared association indices against the probability of 

synchronous interaction only for pairs that were observed in the same group during a 

focal follow, i.e. asking what the probability is that a pair will interact give they are in 

the same group. Lastly, I compared association indices against the synchrony rate 

(synchs per hour) for pairs that were observed together in the same group for at least 10 

minutes. I refer to these three evaluated scenarios as the unconditional probability of 

interaction, the conditional probability of interaction, and the interaction rate.   

Individuals were observed much more often in the survey record than the focal 

record with 30 times as many group sightings as there were focal follows. Therefore, the 

first scenario estimates the joint probability that individuals observed together in the 

survey record will be also observed together during a focal follow and that they will 

interact, while the second condition estimates whether the pair will interact, given that 

they are already observed together during the follow.   
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To evaluate the predictive ability of the different indices under each of the three 

scenarios, I included each of them as covariates in a logistic regression along with four 

additional covariates. These included the sexes and age classes of the pair, as male-male 

pairs tended to have higher synchrony rates than females, and juvenile female or mixed-

sex pairs have higher rates than adults (Table 4).  

 

Table 4: Synchrony rates (number of synchronous interactions observed per hour that 
the pair was in the same group) for all pairs in the focal record by age and sex class of 

the pair. Mean, standard deviation, and number of pairs in each category are 
presented. 

  Age Class 
 

 
Juvenile-Juvenile Juvenile-Adult Adult-Adult 

 Male-Male 2.23 ± 4.79 (n = 46) 1.38 ± 3.24 (n = 46) 2.67 ± 4.97 (n = 104) 
Sex Female-Female 0.94 ± 2.23 (n = 133) 0.68 ± 2.06 (n = 351) 0.45 ± 1.29 (n = 322) 
 Female-Male 0.57 ± 1.60 (n = 126) 0.24 ± 0.94 (n = 295) 0.38 ± 1.68 (n = 395) 

 

 

I also included the logged length of observation of the focal animal, and the time 

period as a categorical variable. I then compared model performance using three 

statistics, area under the receiver-operator characteristic (ROC) curve (AUC), Cohen’s 

Kappa statistic (κ) and, a generalized R2 value (Nagelkerke 1991) obtained from each 

regression. For modelling interaction probability, I only included focal individuals that 

had been observed for at least 8 hours within each time period. When modelling 
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interaction rate, I included all focals but only dyads which were observed in a focal 

follow together for at least 10 minutes.  

I compared values of Cohen’s Kappa (κ) (Cohen 1960; Kuhn and Johnson 2013) 

rather than model accuracy, due to the heavy imbalance in classes as most dyads (91.0 % 

unconditional model, 82.9% in the conditional model) were never observed interacting. 

Therefore all models could have achieved high accuracy just by predicting the dominant 

class (no synchronous interaction) at a high frequency. Cohen’s Kappa extracts more 

information about model performance by computing the increase in model accuracy 

over the expected accuracy based on class proportions. The Kappa statistic takes the 

general form 

 

𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 =  
𝑂𝑂𝑂𝑂𝑠𝑠𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 −  𝐸𝐸𝑥𝑥𝐾𝐾𝑂𝑂𝐸𝐸𝐸𝐸𝑂𝑂𝑂𝑂

1 −  𝐸𝐸𝑥𝑥𝐾𝐾𝑂𝑂𝐸𝐸𝐸𝐸𝑂𝑂𝑂𝑂
 

 

Where the observed accuracy is compared to the expected accuracy from a 

random classifier. I calculated the Kappa statistic from 100 iterations of a 10-fold cross-

validation using the R package caret, and report the mean and 5th to 95th percentiles 

(Kuhn 2008).  

3.2.6 Detection of significant relationships via a null model 

Lastly, I generated a distribution of expected edge-weights using a null model, 

and compared those to the observed edge-weights in order to detect statistically 
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significant affiliates. The details of the null model are explained in detail in Chapter 3 

and in Strickland et al. (2017), but I summarize them again here briefly. Only individuals 

that had at least 35 sightings in the survey record and were observed in focal follows 

were included, for a total of 721 pairs of individuals.  

The spatially explicit null model was created by simulating the process of 

collecting survey data over a probability grid of ranging information for all individuals. 

Home ranges were calculated using kernel utilization distributions as in Chapter 1, and 

for each day of simulated observation, I sample a subset of dolphin locations from the 

area surveyed in accordance with the probability of locating them in that portion of the 

study site. Those dolphins were then clustered based on their distance to one another 

such that the number of groups in the simulation matched those observed in the real 

data. The simulation was repeated 1000 times, and the observed association index was 

compared to the distribution of association indices generated for each pair. Observed 

indices which fell above the 97.5th percentile of the null distribution were categorized as 

significant affiliations. I then compared interaction rates for these affiliated pairs relative 

to interaction rates in the rest of the sample. I repeated this this process using the 

pairwise-weighted, simple ratio, and half-weight indices.   
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3.3 Results 

I observed 1468 total synchronous events between the focal individuals and their 

group members. In aggregate, dyads that were observed to engage in a synchronous 

interaction during a focal follow did so an average of 4.64 ± 6.48 times per hour.  

In the unconditional interaction scenario, which sought to predict the probability 

of observing a dyad engage in a synchronous interaction based on the value of their 

association index, I found that the pairwise-weighted association index had the most 

predictive power, followed by M-weight and simple ratio (Figure 6). The PWAI 

produced the highest AUC value in the logistic regression, AUC = 0.796, followed 

closely by the M-weight and simple ratio indices both with AUC = 0.786. With the 

exception of the social affinity and both-identified indices, all other ROC curves often 

intersected and produced similar estimates.  
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Figure 6: ROC curve for predicting which pairs of individuals will be observed 
engaging in a synchronous interaction, out of all pairs (n = 2236) sighted together in a 

group in either the focal or survey record, according to each association index.   

Under the k-fold cross validation, the PWAI produced the highest Kappa 

statistic, κ = 0.1938 (5-95th percentile = 0.1823-0.2068), and the lowest AIC (R2 = 0.220). 

Again, all indices except social affinity and very simple ratio produced very similar 

values (Table 5). When association index values were binned by decile, all except vSRI 

appear to correlate with an exponential increase in interaction probability (Figure 7). 
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Table 5: Accuracy and Kappa for 100 replications of 10-fold cross-validation for 
logistic regressions on the probability of observing an interaction between a pair 
during a focal follow, based on their association index derived from the survey 

record.  The top panel is the results of the model for all pairs (unconditional), while 
the bottom model shows the results for pairs given that they were observed together 

during the focal follow. Nagelkerke’s generalized R2 values are presented for the final 
models. The values from the best models are highlighted in bold. 

 Association 
Index 

Accuracy Kappa 
Kappa 
5th 

Kappa 
95th 

R2 

Unconditional Simple ratio 0.9122 0.1639 0.1506 0.1785 0.210 

 Half-weight 0.9100 0.1389 0.1259 0.1535 0.209 

 Twice-weight 0.9102 0.1397 0.1288 0.1525 0.205 

 Social affinity 0.9066 0.0419 0.0366 0.0477 0.137 

 Very simple ratio 0.9073 0.0023 -0.0059 0.0118 0.102 

 M-weight 0.9115 0.1552 0.1439 0.1726 0.213 

 Pairwise-
weighted 

0.9122 0.1938 0.1823 0.2068 0.220 

Conditional Simple ratio 0.8373 0.2155 0.1974 0.2327 0.222 

 Half-weight 0.8383 0.2240 0.2043 0.2458 0.225 

 Twice-weight 0.8371 0.2107 0.1942 0.2297 0.220 

 Social affinity 0.8293 0.1654 0.1509 0.1828 0.217 

 Very simple ratio 0.8260 0.1127 0.0970 0.1268 0.182 

 M-weight 0.8383 0.2225 0.2072 0.2384 0.225 

 Pairwise-
weighted 

0.8390 0.2320 0.2201 0.2453 0.232 
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Figure 7: Probability that a pair will be observed engaging in synchronous behavior 
during a focal follow as a function of the association index from the survey record.  
Associations indices are grouped into bins by decile, with the first bin combining the 
first two deciles to encompass the proportion of zero values in the dataset. Pearson 
correlation coefficients between interaction occurrence and association indices shown 
in inset. 
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In the conditional interaction scenario, which sought to predict the probability of 

observing a dyad engage in a synchronous interaction, given that they were observed 

together during a focal follow, I again found that the pairwise-weighted index produced 

the highest AUC value in the logistic regression, AUC = 0.783, followed closely by the 

half-weight index with AUC = 0.775, and all ROC curves largely overlapped (Figure 8). 

 

Figure 8: ROC curve for predicting which pairs of individuals within a group will be 
observed engaging in a synchronous interaction, conditional on being observed 

together in the focal record (n = 1178), according to each association index.   

In the k-fold cross validation, the pairwise-weighted index produced the highest 

Kappa value, K = 0.232 (5-95th percentile = 0.220-0.245), followed by the half-weight 

index with K = 0.224 (5-95th percentile = 0.204-0.246). The regression with PWAI had the 

highest R2 = 0.232 (Table 5), and highest overall correlation r = 0.385 (Figure 9).  
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Table 6: Model results from the best performing logistic regression, predicting the 
probability that a pair will be observed engaging in a synchronous interaction given 

that they are observed together in the focal record. 
 

Estimate Std. Error P - value 
Intercept -5.4998 2.1044 - 
PWAI 13.9673 1.5192 > 0.0001 
Female-Male -0.6969 0.1815 0.0001 
Male-Male -1.2431 0.5934 0.0362 
Adult-Juvenile -0.1082 0.2209 0.6242 
Juvenile-Juvenile 0.7798 0.2755 0.0047 
log(Length of Focal Observation) 0.5424 0.3141 0.0842 
Time Period 2012-2013 -0.0978 0.2506 0.6964 
Time Period 2014-2015 -0.2333 0.2452 0.3414 
Time Period 2016-2017 0.1223 0.3711 0.7417 
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Figure 9: Probability that a pair within a group will be observed engaged in 
synchronous interaction during a focal follow as a function of the association index 
from the survey record, conditional on being observed together in the same group 
during the focal follow.  Associations indices are grouped into bins by decile, with 
the first bin combining the first three deciles to encompass the proportion of zero 
values in the dataset. 

For synchrony rates measured as the number of synchs observed per dyad per 

hour, I found that the pairwise-weighted index again performed best. The PWAI 

produced the greatest reduction in AIC relative to a null model with just the non-index 

covariates (Table 7), as well as the highest correlation coefficient r = 0.26 (Figure 10).  
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Figure 10: The synch rate defined as the number of synchronous interactions observed 
per hour, for pairs that are observed together during a focal follow as a function of 
their association index calculated from the survey record (n = 1818). Associations 
indices are grouped into bins by decile, with the first bin combining the first three 
deciles to encompass the proportion of zero values in the dataset. As twice-weight and 
half-weight are monotonic only half-weight is shown. 
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Table 7: Model results for the interaction rate between a pair based on their 
association index, conditional on their being observed together in the same group 

during a focal follow for at least 10 minutes. Generalized R2 values are presented for 
the final models. 

Association Index ∆ 𝐀𝐀𝐀𝐀𝐀𝐀 Nagelkerke’s R2 

Pairwise-weighted 28.07 0.204 

Very simple ratio 19.70 0.200 

Half-weight 12.83 0.197 

Twice-weight 6.67 0.194 

M-weight 6.44 0.194 

Simple ratio 6.09 0.194 

Social affinity 3.43 0.192 

 

 

I also examined the indices for bias resulting from the joint number of sightings 

(Figure 11). All indices resulted in edge weights that were biased upwards at low 

numbers of sightings (minimum 10), but this was least severe for the pairwise weighted 

index.  
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Figure 11: All non-zero edge weight values for association indices for compared to the joint number 
of sightings per dyad (minimum 10 sightings). Black lines are simple linear regressions of joint 

number of sightings on edge weight. While all indices show some positive bias with small numbers 
of sightings, the pairwise-weighted association index shows the least amount of bias. 
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Lastly, I compared the interaction rates for pairs that were designated as 

significant affiliates relative to the null model expected values. I found that defining the 

association index using the PWAI resulted in fewer affiliates (n = 85) than the SRI or 

HWI (n = 285 and n = 297, respectively) and PWAI-designated affiliates had the highest 

interactions rates relative to other pairs (Figure 12).  

 
Figure 12: Average number of synchronous interactions per hour for affiliates (red) 

versus non-affiliates (black) when using each index (pairwise-weighted, simple ratio, 
half-weight) to compare observed vs expected association rates. 

 

When the association indices were ranked based on their performance for each 

combination of condition and evaluation metric, the pairwise-weighted index 

technically performed best in all test cases, though the margin was usually quite small. 

The most commonly used indices, SRI and HWI, as well as the MWI all performed very 
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similarly. I found that using simulations (Appendix B) to set a value for the M-weight 

index led it to perform slightly better than either the HWI or SRI in aggregate, but in 

most cases the differences in predictive power were negligible. The SRI and MWI 

performed slightly better in the first scenario (would a dyad both join and interact) and 

the HWI performed slightly better in the other scenarios where interaction probabilities 

and rates were predicted given that that dyad was already observed together. In general, 

the SAI and especially vSRI had the least predictive power across all examined 

scenarios.  

3.4 Discussion 

In this study I demonstrate that edge weights calculated from shared group 

membership can predict interaction probabilities and rates across age and sex classes in 

a highly fission-fusion society. This complements previous studies which have 

examined correlations between spatial associations and interaction rates in this (Connor 

et al. 2006b; Leu et al. in revision) and other species (Farine 2015). I extended the analysis 

further to examine how choice of association index impacts this correlation, and found 

little difference between the most commonly used indices (SRI versus HWI). While these 

indices may have different biases in relation to true association rates (Cairns and 

Schwager 1987), as proxies for interaction rates, the distinctions were negligible.   

I attempted a method for calculating the M parameter for the recently proposed 

M-weight index in the absence of appropriate calibration data utilizing simulations, and 
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I find that the implementation of the M-weight (𝑀𝑀� = 0.56) did not outperform either the 

simple-ratio (M = 1) or half-weight (M = 0.5) consistently. It is possible that the 

simulations did not match the real sampling biases present in the dataset, and that the 

M-weight was misspecified. Nevertheless, it is also likely that biases in the dataset will 

be smaller than the biases predicted in other simulation-based studies (Weko 2018), 

which I discus below.  

Biases in association rates are a function of both data collection protocols and 

how these interact with population parameters (group size, population size), as well as 

the raw association rates. Therefore, these biases can be especially difficult to correct for 

as there often no clear estimator that would be unbiased for every pair within a 

population. Based on what I know about the real population, I should expect relatively 

little bias in indices compared with results from other recent papers, likely because the 

distribution of the true association rates is considerably different than those used to 

generate estimates of bias. Specifically, association indices in this population tend to be 

much lower than those used in previous evaluations. This may be partly a function of 

dolphin biology (gregarious, with high fission-fusion rates). In addition, evaluative 

studies aggregate biases over the full range of possible indices (0-1) while the majority of 

calculated non-zero indices in this population (>95%) are below 0.2 (using HWI). As a 

result, the most extreme biases, which are generally most severe for indices around 0.5, 

are unlikely to affect the majority of the datapoints. The real association rate distribution 
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in this population does have a heavy right tail, and how biases affect values in the tail 

may be of interest as these are likely to be the most biologically relevant dyads, that is, 

affiliative pairs or those with active preferences (Whitehead and James 2015). 

Nevertheless, in most population-wide analyses, biases within the small subset may not 

affect results either because they are rare, or because the magnitude of their difference 

from the rest of the population outweighs any potential biases generated by the 

estimator. Consequently, as most of the indices examined preserved ordinal ranks, their 

predictive power is virtually identical.   

Overall, I find that incorporating group size may produce a stronger correlation 

between shared group membership and interaction rates than correcting for group 

location error. Whether or not this should be employed in future studies should depend 

on the particular research question (Carter et al. 2015), specifically whether association 

indices are being calculated as a proxy for interaction rates, or whether shared group 

membership is the intended value being quantified. It may also have limited 

applicability when group sizes are large, or when there is limited variability in group 

size.  Within this study system, the choice of synchronous surfacings to represent 

meaningful biological interactions in itself will need further validation. Though there is 

evidence that these interactions are affiliative (Connor et al. 2006b; Sakai et al. 2010), 

other factors such as activity state and group composition may also affect their 

frequency (Hastie et al. 2003) such that they no longer follow a neutral probabilistic 
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model with association (Carter et al. 2015). The relationship between association, 

synchronous surfacing interactions, and other affiliative behaviors such as petting and 

rubbing behaviors should be investigated more thoroughly, which will likely require 

dedicated focal follow effort across a range of sex and age classes.     

One additional advantage of the PWAI is that it minimizes the biases resulting 

from small numbers of observations (Figure 11), which may be useful for studies 

examining the effects of weak or indirect links within networks (Brent 2015; Granovetter 

1973), by decreasing the minimum sample sizes need for analyses, though this deserves 

further exploration.   

Despite the marginally increased performance of the PWAI, overall I show that 

as a proxy for interactions, many association indices have very similar predictive ability. 

This suggests perhaps that biases in these indices are negligible compared to the error in 

estimating that relationship. Whether or not this may fulfil the criteria of “negligible 

bias” needed for comparative studies remains to be seen.   

Another major source of bias that Cairns and Schwager and others have 

identified that I did not explore occurs when the probability of identifying pairs changes 

based on whether or not they are associated. This scenario may be more or less likely 

depending on group size, population (catalog) size, distinctiveness and identifiability of 

the species in question. One scenario for the population where such a bias could occur in 

examining mother-offspring associations, as young offspring may be more difficult to 
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identify when not in the presence of their mother as they have not yet accumulated 

many scars or markings. However for pairs of juveniles and adults, there may not be 

any reason to assume an association-by-identification relationship. For species with 

large group sizes or more cryptic classes of individuals in which all animal identities 

may be very difficult to record, these biases may be more severe (Farine and Whitehead 

2015) and warrant further investigation.   

I excluded from the comparison methods of calculating association indices that 

include additional individual or pairwise parameters such as gregariousness of the 

individuals (Pepper et al. 1999; Godde et al. 2013) or home range overlap (Whitehead 

and James 2015), as I consider those potential variables of interest in this context, rather 

than elements to control for, and the PWAI could be incorporated into one of those 

methods as I did with the spatially explicit null model.  

I further validate the use of spatially explicit null models to aid in identifying 

meaningful social relationships without resulting to arbitrary cutoffs in edge weight or 

number of top associates (McFarland et al. 2014). Depending on index used, affiliates 

had at least three to five times higher interaction rates than non-affiliates. I do note that 

when using the PWAI, the null model comparison produced much more conservative 

results (fewer significant affiliations) relative to other indices, and this result merits 

further examination. It could be that when interactions are the quantity of interest, a 

smaller set of individuals meet the threshold for a significant departure from the null.  
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Finally, I echo the suggestion of Webber and Vander Wal (2019), that though 

researchers should worry less about choice of association index, they should report the 

summary statistics for association indices and observations and potential sources of 

biases to facilitate comparative studies. These association networks, both in and of 

themselves and as a proxy for interactions, will be pivotal for our understanding of 

disease transmission (Sah et al. 2017), information flow (Snijders and Naguib 2017), and 

the fitness consequences of sociality (Wey at al. 2008).  
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4. Effects of kin availability on female gregariousness and 
network position in a fission-fusion society 

4.1 Introduction 

Female philopatry is favored in most mammals (Greenwood 1980), especially 

when food resources are temporally and spatially predictable (Clutton-Brock and Lukas 

2012). Philopatric females will have kin in close proximity, and social species are 

expected to favor living in kin-based groups hereby maximizing the inclusive fitness 

benefits of group-living (Hamilton 1964; Smith 2014). Several studies have also shown 

that females will form social bonds with unrelated individuals that positively affect 

fitness (humans, House et al. 1988; feral horses, Cameron et al. 2009; bottlenose dolphins, 

Frère et al. 2010a; greater anis, Riehl and Strong 2018). In some cases, social bonds 

between unrelated adults may be the only social option as females have socially 

dispersed from their natal groups (e.g., Linklater and Cameron 2009). However, there 

are also female philopatric species in which individuals can and do form simultaneous 

bonds with both close relatives and unrelated individuals through fission-fusion (e.g., 

bats, Metheny 2008; dolphins, Möller et al. 2006; Frère et al. 2010b).  

Maintaining individually-specific long-term social bonds, especially in fission-

fusion societies, presents several costly socio-cognitive challenges to an individual in 

terms of partner recognition, discrimination, and reunification (Dunbar 1998; Aureli et 

al. 2008). Therefore, understanding the conditions under which the bonds are beneficial 
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is important to the understanding of the evolution of social complexity. Of special 

interest are cases such as those above in which individuals form bonds with non-kin 

even when close relatives are potentially available.  

In this analysis, I investigate several novel questions within this study system 

regarding the interacting effects of forming strong social bonds with both kin and non-

kin. I investigate the extent to which kin are preferred partners, under which 

demographic conditions individuals form bonds with non-kin, and how bonds with 

both kin and non-kin combine to shape the gregariousness and social network position 

of the individual. I then speculate on what these patterns might mean in evolutionary 

terms if social position is considered as a proxy for fitness (Silk 2007b; Alberts 2018).   

Shark Bay bottlenose dolphins are an ideal system in which to test these 

questions as they live in highly variable social networks, with up to three orders of 

magnitude variation in the number of social associates each female has (Gibson and 

Mann 2008). The Shark Bay population meet the criteria for high fission-fusion dynamics 

(Aureli et al. 2008), in which temporary social groups change composition on average 

over five times an hour (Galezo et al. 2018). Females have highly differentiated bonds 

and demonstrate social partner choice through both preferences and avoidances within 

their home ranges (Strickland et al. 2017), indicating a high degree of relational social 

complexity (Lukas and Clutton-Brock 2018). To date, evidence suggests that females 

gain fitness benefits from forming bonds with other reproductively successful 
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individuals and from having consistent long-term social bonds (Frère et al. 2010a; 

Miketa 2018), but, other than correlation with some foraging tactics (Mann et al. 2008; 

Mann et al. 2012), little is known about what drives the high degree of variation 

observed.  

Females show strong kin preferences (Frère et al. 2010b) and have both maternal 

and paternal kin available as both sexes are bisexually philopatric (Tsai and Mann 2013). 

However even if females prefer kin, they may experience different levels of kin 

availability due to variation in the survival and reproductive success of them and their 

relatives. The high average degree and presence of bonds with unrelated females 

suggests that, on average, female networks are larger than can be created from only 

associating with kin (Mann et al. 2012). Therefore, the variation in gregariousness 

between individuals will reflect both the availability of their preferred kin partners and 

their affinity for unrelated individuals.  

In order to test how kin availability relates to social position, I first examine the 

extent to which kin preferences are affected by lineage (matrilineal or non-matrilineal) 

and degree of relatedness. I expect strong matrilineal kin recognition and preference 

because of the long infancy period in which the relationship between the mother and 

offspring can be readily observed (Mann et al. 2000), while non-matrilineal kin 

recognition may depend on other less reliable cues, and therefore affect preferences 

more subtly. Once I have determined which types of kin are recognizable and salient to 
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social decisions, I then examine the relative propensity for individuals to also form 

bonds with non-kin and increase their network centrality. I propose three hypotheses 

and predictions concerning the relationship between kin availability, non-kin bonds, 

and female centrality:   

1) H1 kin-proportioned: Individuals preferentially associate with kin, and there is 

no relationship between kin availability and an individual’s propensity to associate with 

unrelated individuals. Network centrality metrics are positively correlated with kin 

availability.   

2) H2 kin-compensated: Individuals preferentially associate with kin, and there is 

an inverse relationship between kin availability and an individual’s propensity to 

associate with unrelated individuals. Social bonds have adaptive value, so individuals 

without preferred kin partners compensate by forming bonds with non-kin. Network 

centrality is not correlated with kin availability.    

3) H3 kin-accelerated: Individuals preferentially associate with kin, and there is a 

positive relationship between kin availability and an individual’s propensity to associate 

with unrelated individuals, because individuals bond both with their kin and the 

partners of their kin in a transitive fashion. Network centrality is strongly positively 

correlated with kin availability.   

Both the first and third hypotheses predict that at least some of the variation in 

social behavior can be attributed to kin availability. If individuals with more kin are 
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more central in their networks, and if centrality is positively correlated with fitness as 

has been demonstrated for many species, kin availability could be the direct underlying 

mechanism through which sociality affects fitness (Brent et al. 2017).  

To test these hypotheses, I leverage a 30-year dataset of demographic and 

ranging data along with recent high-quality relatedness estimates from next-generation 

sequencing data (Foroughirad et al. in press). I compare simultaneously collected 

observations of social behavior against a robust spatially explicit null model (SENM) in 

order to extract affiliations and residual network metrics from opportunistic survey 

data. SENMs are robust measures of social affiliations because they incorporate 

individually-specific fine-scale home range utilization, population-level gregariousness, 

and demographic turnover (Carter et al. 2009; Strickland et al. 2017). Our model further 

incorporates the observation biases that result from uneven sampling of the study site in 

both time and space. I use the null model both to detect statistically significant 

associations, and to calibrate individual-level centrality metrics against variation 

attributable to sampling bias. The use of SENMs are important to the study of kin 

recognition and kin preferences, especially in populations where some or all individuals 

exhibit natal philopatry. These populations are characterized by high encounter rates 

between kin, which are expected to produce correlations between relatedness and 

associations even in the absence of kin recognition. SEMNs allow us to marginalize these 

expected rates of association to determine whether these relationships are driven by 
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more than just accessibility. Although many studies have examined kin preferences in 

affiliative behavior, this is to my knowledge the first study which has examined the 

correlation between kin availability, non-kin social bonding, and gregariousness and 

social network position for a fission-fusion species. 

 4.2 Methods 

Social networks were generated from a subset of 10 years of data from January 

2008 - December 2017, comprising 836 survey days and 3657 unique group encounters. I 

restricted the data to this subset in order to create a robust network in which a large 

proportion of individuals had been biopsied and genetically genotyped.  

4.2.1 Identifying kin and assigning lineage 

Relationships between individuals were assigned either via an observed 

maternal pedigree or through calculation of a genetic relatedness coefficient. Genetic 

relatedness was obtained using single nucleotide polymorphism (SNP) markers 

generated from RAD-sequencing as described in Foroughirad et al. (in press). A quality-

filtered panel of 4235 SNPs were used to calculate relatedness coefficients using the 

dyadic maximum likelihood estimator (Milligan 2003) implemented in the 

COANCESTRY software (Wang 2011). Parentage assignments were conducted with the 

R package Sequoia (Huisman 2017) and used to help assign lineage. I defined close 

relatives as predicted first-, second-, and third-degree relatives assigned either through 

the pedigree or based on a minimum genetic relatedness coefficient of 0.0935 to allow for 
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the expected amount of relatedness variation due to recombination and genotyping 

error (Foroughirad et al. in press). In a polygynandrous mating system, these are 

expected to primarily include mother-offspring, grandmother-grand offspring, half-

sibling, and half-aunt-niece relationships. I note that the genetic assignments are 

approximations of kinship categories and may not always accurately reflect the true 

pedigree relatedness.         

Where possible, close relatives were split into two lineage categories, matrilineal 

and non-matrilineal. Matrilineal kin were defined as those from the same maternal 

lineage who directly shared a common female ancestor. Non-matrilineal kin included 

both paternal kin and maternal kin related via a shared male ancestor (see Figure 13 for 

clarification). Kin were segregated into lineages using a combination of the 

reconstructed pedigree and mitochondrial haplotypes obtained as in Krützen et al. 

(2003). Five distinct mitochondrial haplotypes were present in the sample, and kin with 

different haplotypes were coded as non-matrilineal. Those with the same haplotype 

were coded as matrilineal only if a common maternal ancestor could be identified. 

Individuals with shared inheritance from both lineages (such as full siblings) were 

assigned to the matrilineal category. Any ambiguous pairs were removed from lineage 

analyses.  
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Figure 13: Example pedigree demonstrating assignment of matrilineal and non-
matrilineal kin from the perspective of the focal individual (circled in black). Note 
that some maternal kin, such as the mother’s paternal half-siblings, are classified as 
non-matrilineal with respect to the focal. 

 

4.2.2 Categorizing affiliations with a spatially explicit null model  

Affiliations were assigned to pairs of individuals by comparing observed 

association indices against expected results obtained from the spatially explicit null 
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model. Spatially explicit null models are simulation-based networks that provide 

expectations of individual behavior based on demography, sampling effort, and other 

population-level parameters (e.g. mean group size), allowing for the robust 

quantification of inter-individual variation (Carter et al. 2009; Strickland et al. 2017). All 

females that had greater than 10 sightings post-weaning were included in the 

simulations (n = 157).  

First, home ranges were constructed for all females as in Strickland et al. (2017) 

using the R package adehabitatHR (Calenge 2006) to create kernel utilization 

distributions (UDs) across 100 x 100m grid cells. While social data was restricted to 

survey records between 2008-2017, I used all available location data of females including 

data from earlier time periods, under the assumption that home ranges are consistent 

throughout a female’s adult life (Tsai and Mann 2013). Locations were filtered to include 

only the last point per day per individual to increase independence between points in 

order to achieve the best home ranges estimates.   

To create the null model, I simulated the 10 years of survey effort on a day-by-

day basis. For each sampling day, I created a search area polygon based on the portion 

of the study site covered by boat in that day’s survey effort. I then intersected the 

boundaries of that search area with the set of calculated home range areas for all 

individuals. A set number of dolphins was then randomly drawn from that area based 

on the size of the surveyed area and assuming a constant density throughout the study 
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site (calculated as 0.28 female dolphins per km2 for the sample). The individual dolphins 

were randomly sampled with a probability equal to the proportion of their home range 

within the search area and in accordance with their temporal availability. Each dolphin 

was then assigned to a random grid cell within the search area, chosen with a 

probability equal to the proportion of their UD on that cell, and their location within the 

cell was randomized.   

Within each simulated day, the set of sampled dolphin locations was clustered 

into groups using k-means clustering (Hartigan and Wong 1979) and setting the number 

of clusters to equal the expected number of groups encountered on the simulated day 

based on average group size in the real data. Average group size for the simulated 

groups (mean ± sd 2.07 ± 1.04) matched well with the observed group size (1.98  ± 1.76).  

Pairwise associations were calculated between all individuals in the simulated 

groups and the real data using the simple ratio index (SRI; Cairns and Schwager 1987; 

Hoppitt and Farine 2018) restricted to the time period in which both individuals were 

available to associate (from post-weaning till either death or six months after the last 

sighting date). I chose to use the simple ratio index over other indices presented in 

Section 3 for two reasons, first though the PWAI presented performed slightly better at 

predicting interaction probability, it gave much more conservative affiliation predictions 

when relationship significance was assigned using an SENM, so I believe that particular 

property of the index should be investigated more thoroughly before use in this 
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application. Second, I did not find meaningful statistical differences between the 

generalized M-weight indices (HWI, SRI, MWI), so I choose SRI for consistency with the 

first analysis in Section 2.      

The simulation was repeated 1000 times to create a distribution of expected 

associations indices for all pairs. 

A relationship between a pair of females was deemed a statistically significant 

affiliation (hereafter affiliation), if the observed simple ratio index fell above the 97.5th 

percentile of their expected indices from the simulation, and the pair associated over 

multiple years. I further restricted calling affiliations to only those pairs in which both 

individuals had at least 35 sightings (n = 95), the minimum number needed to accurately 

calculate home range overlap (Foroughirad et al. in press). This method can be viewed as 

conservative in that it will only classify relationships as affiliative when dyads are 

observed together more than expected based both on the spatiotemporal patterns of the 

dolphins and of the observers, and because of this and the filtering of individuals, not all 

true affiliations will meet the threshold for inclusion.  

4.2.3 Pairwise affiliative behavior and relatedness 

I tested the effect of lineage on the affiliation probability between pairs of close 

relatives as compared to unrelated pairs (relatedness coefficient = 0) using a logistic 

regression including lineage (matrilineal, non-matrilineal, or unrelated) amount of home 

range overlap (calculated as volume of intersection (VI) of the UDs) and age difference 
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in years. To ensure similar distributions of relatedness coefficients for matrilineal and 

non-matrilineal kin, I removed all mother-offspring pairs from the model, although 

results remained similar when included (Table C14). The minimum amount of home 

range overlap between a pair of close relatives was VI = 0.025, so I selected only those 

unrelated pairs which had an equal or greater amount of overlap to ensure that all pairs 

of individuals had the ability to encounter one another and choose whether or not to 

affiliate.   

I examined the probability of affiliating with more distant relatives by 

additionally comparing the likelihood of affiliation for predicted fourth-degree pairs 

compared to both close kin and unrelated individuals. I first assigned pairs using 

pedigree information, and then genetic relatedness when pedigree information was 

absent, using the relatedness category thresholds in Foroughirad et al. (in press). I note 

that genetic relatedness estimation is less accurate for classifying more distantly related 

pairs, but I use the affiliation probabilities to determine whether this is a socially 

meaningful category.  

4.2.4 Individual gregariousness and kin availability 

I then modelled the effect of kin availability on an individual’s propensity to 

form affiliative relationships, as well as the propensity to affiliate specifically with 

unrelated individuals. For the models at the level of the individual, focal females were 

those who had at least 5 years of observation as an adult (≥ 10 yrs) during the study 
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period and additionally filtered to those who had at least 60% of their associates 

genotyped (n = 73). The 60% cutoff ensured that there was no relationship between the 

proportion of an individual’s network genotyped and the number of kin detected in her 

network.  

I used Poisson generalized linear models (GLMs) where the response was either 

the total number of affiliations or the total number of unrelated affiliations and 

predictors included age, predominant habitat type, home range size (in km2), and the 

logged number of observations. Each model also included the number of close 

matrilineal kin, close non-matrilineal kin, and distant kin as predictors.  

Habitat types were classified using the method described in Patterson (2012). The 

core area of the Shark Bay study site is comprised of embayment plains (5–13 m), 

shallow sand flats (0.5–4 m), seagrass beds (0.5–4 m), and bisecting deep channels (7–13 

m), which can be classified into six different habitat types, 1) channel, 2) deep open, 3) 

seagrass, 4) sand, 5) deep ecotone, and 6) shallow ecotone (Figure C26). Individual 

sightings within the core area were assigned to one of the six habitats, and resource 

selection ratios were calculated for each individual and habitat type using the type II 

design (Manly et al. 2002). Individuals were then clustered into four groups using 

Partition Around Medoids (PAM) clustering (Kaufman and Rousseeuw 2005) with the 

general distance measure (Walesiak 2008). The four resulting clusters were designated as 



 

94 

Deep Open, Channel, Seagrass, and Shallow Ecotone based on their dominant selected 

habitat type (Table C13; Figure C27).    

4.2.5 Residual centrality metrics  

The simulated data from the null model were also used to calibrate centrality 

values for the set of the focal females. Because each individual is set to have the same 

social tendencies in the simulation, the interindividual variation in the simulation results 

is expected to predominantly reflect sampling biases. Therefore, I used residual 

centrality metrics (observed – simulated) in order to marginalize the variation in 

centrality due to observational effort. For these metrics, each focal female’s pairwise 

association indices were calculated only over the time period in which she was available, 

and therefore were not always symmetrical in cases where either individual reach 

adulthood or died during the study period. Four centrality metrics were calculated, two 

direct (degree, strength) and two indirect (betweenness and eigenvector centrality). 

Degree is the number of associations, and strength is the sum of an individual’s 

associations weighted by the association index. Betweenness is the number of shortest 

paths between two nodes that cross through the individual, and eigenvector centrality is 

the eigenvalue of the first eigenvector from the matrix of associations and measures the 

influence of a node based both on its connections and the connections of its neighbors. 

The indirect metrics were chosen as those were the two ego-level centrality metrics 

found to be least correlated with degree and strength in dolphin networks (Rankin et al. 
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2016). The same metrics were calculated both for the real observed network and for each 

of the simulated networks using the R package igraph (Csardi and Nepusz 2006), and 

then the residual metric was obtained from subtracting the individual’s mean simulated 

value from the observed value. 

I tested the effect of kin availability on the residual centrality metrics using linear 

models. In addition to the kin availability variables, I included age of the female (taken 

as her age in years in the midpoint of the study period), home range size (in km2), 

number of observations, and habitat cluster. Again I represented kin availability as three 

variables, the number of close matrilineal kin, close non-matrilineal kin, and distant kin. 

Variables in all models were checked for multicollinearity using variance inflation 

factors (VIF), and all VIF were < 10, indicating no severe collinearity. All analyses were 

done in R v3.5.2 (R Core Team 2018). 

4.3 Results 

4.3.1 Kin identification and lineage assignment 

I identified 149 pairs of close relatives between pairs of females that both met the 

stricter sighting threshold (n = 95). Out of these pairs, 138 (91%) could be assigned to 

either a matrilineal (n = 64) or non-matrilineal (n = 74). Numbers of relatives detected 

within the whole network were similar in proportion (Table C14). Of the focal 

matrilineal kin pairs, 29 were mother-offspring pairs and so were removed from the 

analysis in order to avoid bias from first-degree pairs only being present in one group, 
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although results were very similar when these pairs were included (see Table C15). 

There were 2665 pairs of individuals that had a relatedness value of 0 and a minimum 

home range overlap greater than VI = 0.025 for comparison.  

There were an additional 348 pairs of individuals in the network classified as 

tentative fourth degree relatives, which I refer to as distant kin. Since I could not 

separate many of these purported distant kin unambiguously by lineage, I retained them 

as a separate kin category in all regressions.  

4.3.2 Affiliations    

For the set of 95 focal females, there were 381 total statistically significant 

affiliations detected out of 4459 possible pairwise relationships retained based on 

mutual availability (Figure 14). The average female had a mean ± sd of 8.02 ± 6.85 

affiliations, ranging from 0 to a maximum of 24. The average association index (SRI) for 

an affiliation was 0.095 ± 0.067, with a range of 0.018 to 0.440. The average genetic 

relatedness between an affiliated pair was 0.077 ± 0.139, compared with 0.011 ± 0.036 for 

unaffiliated pairs. Out of the 381 affiliations, 35.7% were between pairs with a 

relatedness coefficient of 0, and at least 48.7% of these pairs also had different 

mitochondrial haplotypes.   
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Figure 14: Affiliation network of the 95 focal females in the study. Only associations 
between pairs that exceded the 97.5th % of the expected association rates are shown.  
Nodes are positioned on each individual’s centroid and node size is proportional to 

the total number of affiliations. Edges are weighted by residual tie strength (observed 
– mean simulated association index). The launch site is represented by the yellow 

point located at S 25° 47’ 52.4”, E 113° 43’ 12.9”. 
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4.3.3 Kin discrimination  

Both matrilineal and non-matrilineal close kin were significantly more likely to 

affiliate than unrelated pairs (Figure 15). Distant kin were also more likely to affiliate 

than pairs of unrelated individuals (Figure 16). Home range overlap was significantly 

positively correlated, and age difference was significantly negatively correlated with 

affiliation probability (Table 8). Overall close matrilineal kin were predicted to be 11 

times more likely to affiliate than unrelated pairs, and close non-matrilineal kin 2.9 times 

more likely to affiliate, compared with 1.6 times for distant kin. I ran the same model on 

only close relatives and including relatedness coefficient as a predictor, and found that 

degree of relatedness within the close relative category was non-significant (Table C16), 

so I did not separate close relatives by degree of relatedness in the rest of the models. 

 

Table 8: Estimates from logistic regression on probability of forming an affiliation 
based on kin category (over unrelated), age difference, and home range overlap. 

Significant values shown in bold. 

 Estimate Std. Error Z value P value 
Intercept -5.7008 0.3196 -17.837 - 

Close Matrilineal Kin 2.3514 0.5079 4.6300 <0.0001 

Close Non-Matrilineal Kin 1.0745 0.3195 3.3630 0.0008 

Distant Kin 0.4741 0.2235 2.1210 0.0339 

Age Difference (years) -0.0468 0.0111 -4.2080 <0.0001 

Home Range Overlap 8.0655 0.5208 15.486 <0.0001 
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Individuals affiliated with most, but not all, of their available matrilineal kin. 

Mother-daughter pairs affiliated in 72% of cases (n = 29), while confirmed maternal 

sisters affiliated in 100% of cases (n = 13), and aunt-nieces affiliated 87.5% of cases (n = 8). 

Confirmed paternal sisters affiliated in 41% of cases (n = 17). Confirmed kin are those in 

which the linking animal in the pedigree was also genetically sampled in order to 

disambiguate among the possible relationships present at each relatedness category. 

Though rates of affiliation with close matrilineal kin were very high, there were also at 

least 12 cases where females had higher estimated associate rate with unrelated affiliates 

than with their available close matrilineal kin.      
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Figure 15: Predicted probability of association by kin lineage (close kin only) for focal 
females (n = 95). Thicker lines are the based on the estimated coefficients for home 
range overlap and kin type holding age difference constant at the mean. Thin lines 
represent the 95% prediction intervals based on draws from a normal approximation 
of model coefficients estimated using the variance-covariance matrix. Circles above 
and below the lines are the observed data points.  
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Figure 16: Probability of affiliation by relatedness coefficient. Error bars are 
bootstrapped 95% confidence intervals. Dotted lines represent, from left to right, the 
threshold between unrelated individuals and distant kin, and the threshold between 
distant kin and close kin. See Section II for how relatedness coefficient bins were 
determined.  
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4.3.4 Effect of kin availability on number and type of affiliations  

There were 73 focal females which had at least 60% of the individuals in their 

network genotyped (mean ± sd 0.804 ± 0.076). A correlation test showed that the was no 

significant relationship within this group between the proportion of the focal’s network 

that was genotyped and the number of kin (close and distant) in the network (Pearson’s 

product-moment correlation t = 1.2362, df = 71, p-value = 0.2205).  For these females I 

summed the total number of kin each individual had in each category—close 

matrilineal, close non-matrilineal, and distant—and compared distributions for 

variability, coefficient of variation (CV), and skew (Figure 17). I found that close non-

matrilineal kin were most variable (CV 1.43) followed by close matrilineal (CV 0.90) and 

the distant (CV 0.55). There was no correlation between the amount of close and distant 

kin that an individual had (r = -0.03, Pearson's product-moment correlation t = -0.28181, 

df = 71, p-value = 0.7789). I then modelled how the number of kin of each type predicted 

the total number of affiliates.  
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Figure 17: Distribution of relatives in each category for the n = 73 individually 
modelled females. All kin includes all relatives above the 0.0362 relatedness 

coefficient threshold. Blue dashed lines are medians and black dotted lines are means 
for each category. 

 

The number of distant, but not close kin was positively correlated with the total 

number of affiliations (Table 9). Age was negatively correlated with the total number of 

affiliations, as was selecting predominant channel habitat. Home range size positively 

corrected with total number of affiliations.  
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Table 9: Model results from the Poisson generalized linear model on the total number 
of affiliations and the total number of unrelated affiliations. The reference category 

for the habitat variable is channel. Significant values are shown in in bold. 

Total Affiliations Estimate Std. Error Z value P value 
Intercept -1.611 0.505 -3.193 0.001 
Close Matrilineal Kin -0.014 0.043 -0.321 0.748 
Close Non-matrilineal Kin 0.014 0.026 0.531 0.595 
Distant Kin 0.071 0.017 4.215 <0.001 
Age (years) -0.024 0.007 -3.553 <0.001 
Habitat - Deep Open 0.330 0.156 2.115 0.034 
Habitat - Seagrass 0.311 0.148 2.107 0.035 
Habitat - Shallow Ecotone 0.310 0.247 1.256 0.209 
Home Range Size (km2) 0.004 0.001 3.171 0.002 
log(Observations) 0.820 0.125 6.554 <0.001 
Unrelated Affiliations Estimate Std. Error Z value P value 
Intercept -5.368 0.984 -5.455 <0.001 
Close Matrilineal Kin -0.174 0.078 -2.225 0.026 
Close Non-matrilineal Kin -0.048 0.047 -1.029 0.303 
Distant Kin 0.019 0.029 0.660 0.509 
Age (years) -0.036 0.012 -3.106 0.002 
Habitat - Deep Open 0.619 0.137 0.276 0.497 
Habitat - Seagrass 0.043 0.272 0.159 0.874 
Habitat - Shallow Ecotone 0.676 0.176 0.421 0.418 
Home Range Size (km2) 0.008 0.002 3.532 <0.001 
log(Observations) 1.624 0.244 6.644 <0.001 
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Figure 18: Partial effects of close matrilineal kin availability, age, and home range size 
on number of affiliative relationships with unrelated individuals. Thick lines are 
model estimates, thin lines are prediction intervals for the model coefficients. Rug 

along the bottom axis represents sample size at each level of the independent variable 
(lines for discrete variables are slightly jittered for visualization). 

Among unrelated affiliates, the relationship between the number of affiliations 

and available close matrilineal kin was negative (Table 9, Figure 18). In other words, 

those with fewer close matrilineal kin had more unrelated affiliations. Age was also 

again negatively correlated, with older individuals having fewer affiliative relationships 

with unrelated individuals. Number of observations positively correlated with number 

of affiliates in both models.  



 

106 

4.3.5 Effect of kin availability on network centrality 

For the set of 73 females, the spatially explicit null model on average tended to 

overestimate their observed degree and eigenvector centrality values, while 

underestimating strength and betweenness (Table C17). Among the residual metrics, 

strength and eigenvector centrality were strongly positively correlated (Pearson’s r = 

0.858), while degree and strength and degree and eigenvector were moderately 

positively correlated (r = 0.645 and r = 0.663 respectively). Betweenness did not appear to 

be correlated with any other metric (degree, r = 0.247; strength, r = 0.074; eigenvector 

centrality, r = 0.112). As strength and eigenvector centrality were strongly correlated in 

the dataset, I chose to only model the simpler variable, strength.  

Degree was negatively correlated with age and positively correlated with home 

range size, with the model explaining approximately 15% of the variance in degree 

(adjusted R2 = 0.154). Strength was also negatively correlated with age, and did have a 

positive correlation with number of observations, explaining approximately 21% of the 

variance (adjusted R2 = 0.210). Betweenness was the only metric that was significantly 

affected by kin availability. The number of close maternal kin had a negative 

relationship with betweenness, while the number of close maternal kin had a positive 

relationship (adjusted R2 =0.141). Selecting seagrass habitat was also negatively 

correlated with betweenness compared to the reference category (Table 10). 
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Table 10: Linear model results for all centrality metrics for focal females (n = 73). 
Significant values in bold. All centrality metrics decline with age, but only 

betweenness is affected by kin availability.  

Degree Estimate Std. Error Z value P value 
Intercept -26.30 16.14 -1.629 0.108 
Close Matrilineal Kin 0.147 1.217 0.121 0.904 
Close Non-matrilineal Kin -0.121 1.018 -0.119 0.906 
Distant Kin 0.627 0.505 1.241 0.219 
Age (years) -0.603 0.233 -2.582 0.012 
Habitat - Deep Open 0.764 -1.569 5.213 -0.301 
Habitat - Seagrass -2.259 4.689 -0.482 0.632 
Habitat - Shallow Ecotone 0.615 4.437 8.768 0.506 
Home Range Size (km2) 0.120 0.044 2.707 0.009 
log(Observations) 3.052 3.940 0.775 0.441 
Strength Estimate Std. Error Z value P value 
Intercept -1.059 0.680 -1.557 0.124 
Close Matrilineal Kin 0.068 0.051 1.322 0.191 
Close Non-matrilineal Kin -0.005 0.043 -0.126 0.900 
Distant Kin 0.023 0.021 1.079 0.285 
Age (years) -0.024 0.010 -2.444 0.017 
Habitat - Deep Open 0.269 0.220 1.227 0.224 
Habitat - Seagrass 0.384 0.198 1.942 0.057 
Habitat - Shallow Ecotone 0.196 0.369 0.531 0.597 
Home Range Size (km2) 0.003 0.002 1.621 0.110 
log(Observations) 0.348 0.166 2.098 0.040 
Betweenness Estimate Std. Error Z value P value 
Intercept 106.3 322.9 0.329 0.743 
Close Matrilineal Kin -54.32 24.36 -2.230 0.029 
Close Non-matrilineal Kin 54.26 20.37 2.664 0.010 
Distant Kin -6.723 10.11 -0.665 0.508 
Age (years) -3.299 4.672 -0.706 0.483 
Habitat - Deep Open -110.6 104.3 -1.060 0.293 
Habitat - Seagrass -209.6 93.83 -2.234 0.029 
Habitat - Shallow Ecotone -76.55 175.5 -0.436 0.664 
Home Range Size (km2) 0.434 0.889 0.489 0.627 
log(Observations) 42.69 78.84 0.542 0.590 
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4.4 Discussion 

Overall, the relationship between female sociality and kin availability can best be 

described by the compensation model with respect to close kin. Females with fewer 

close matrilineal relatives had more affiliations with unrelated individuals compared to 

females with more close matrilineal kin. Furthermore, direct centrality metrics (strength 

and degree) were not significantly correlated with availability of close kin. This inverse 

relationship between available close matrilineal kin and number of affiliations with 

unrelated individuals suggests that though individuals preferentially form strong bonds 

with their close kin, the quantity and quality of their social bonds are not determined or 

restricted by the availability of close kin.  

I also found that kin preferences extend to more distant (i.e., probable fourth-

degree) kin, which follow the kin-proportional model. Females with more distant kin 

had more total affiliations, but not more affiliations with non-kin, suggesting that they 

incorporate distant kin into their network as affiliates when present, but that distant kin 

don’t necessarily affect centrality by serving as links to other portions of the network. 

Alternatively, if gregariousness has a strong heritable component which correlates with 

fitness, more gregarious individuals may have more distant kin because they come from 

successful lineages. If the latter were true however, I might also expect the same pattern 

with close kin, which I did not find. As Shark Bay dolphins are polygynandrous, 

individuals in the distant kin category are expected to be primarily half-cousins, though 
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grand-aunt-niece pairs or full second cousins would also be included. Though I could 

not unambiguously assign many distant kin to either a matrilineal or non-matrilineal 

lineage due to the shallowness of the reconstructed pedigree, I expect that the effect is 

likely driven by matrilineal cousins. My reasoning is based on the strong bias for 

matrilineal kin overall, though non-matrilineal kin may also be relevant. Lastly, a 

detection bias is possible given that on average, individuals only had about 80% of their 

networks genetically typed (though this proportion is quite high for a cetacean). I also 

consider this possibility remote given the lack of a correlation between the proportion of 

a focal’s network typed and the number of kin detected in the sample.  

I find high variation in the amount of close non-matrilineal kin an individual has, 

and a significant link between having more close non-matrilineal kin available and 

higher betweenness. This implies that links between non-matrilineal kin may serve as 

important bridges between clusters within the network. Those individuals with more 

close matrilineal kin also have lower betweenness in addition to fewer affiliations with 

unrelated individuals. This may be because groups of close matrilineal kin are more 

insular, and have either less opportunity or need to incorporate unrelated individuals 

into their networks.      

Our population shows no paternal investment (Mann et al. 2000) and strong sex 

segregation (Galezo et al. 2018), yet I find that females affiliate with close non-

matrilineal kin at a higher rate than expected given their range overlap and age 
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similarities. This supports the potential for kin recognition, perhaps through phenotype 

matching, and suggests that kin selection may be a driver of sociogenetic structure 

rather than a side effect of a simpler familiarity heuristic (Cantor and Farine 2018). One 

potential mechanism individuals may use to discriminate non-matrilineal kin is age 

proximity if male reproduction is concentrated into a short windows that produces large 

sibling cohorts (Alberts 1999). I explored this possibility by adding an interaction term 

between age difference and kintype in the logistic regression for kin affiliations (Table 

8), but found no support.  

However, an alternative mechanism which could produce this effect could be 

male tendency to consort and reproduce within groups of affiliated females. Those 

females would in turn pass those affiliations on to their offspring, and thus shared 

paternal kin affinity would be inherited through the network. These explanations are not 

mutually exclusive and could also act in concert, i.e., social inheritance of maternal 

networks could reinforce kinship bonds within and external to the matriline. More data 

on paternity and mate choice is needed, however the open social network structure in 

the population may make concentrating reproduction to within one social group 

unlikely (Randić et al. 2012).  

Out of the non-kinship factors I attempted to control for, home range size, habitat 

type, and age were significantly correlated with gregariousness. Individuals that 

selected predominantly channel habitat within the study site formed fewer total 
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affiliations than those in the seagrass and deep open habitat clusters. Many of the 

individuals that forage in this habitat (9 out of 19 in the dataset) use marine sponges as 

tools to forage and vertically transmit this tactic from mother to offspring (Mann et al. 

2012; Sargeant and Mann 2009).  These females preferentially associate (controlling for 

kinship and location) and are more cliquish (Mann et al. 2012). When I removed these 

females from the analysis, there was no longer a significant distinction between habitat 

preferences and total number of affiliations. This suggests that the culturally insular 

community of sponge-foragers may have driven the result.  

It is also interesting to note that male alliance size varies along a latitudinal 

gradient that encompasses variation in habitat type (Connor et al. 2017), with larger 

first-order alliances in the northwest, which has a high proportion of Deep Open habitat 

compared to the southeast. The authors suggest this pattern may be due to lower 

population density in the south, perhaps driven by more marginal habitat quality as the 

water becomes more saline (Walker 1985), or predation pressure from tiger sharks 

(Heithaus et al. 2002), with individuals experiencing lower predation risk in the 

southeast and therefore forming fewer protective relationships. This socioecological 

relationship may also emerge as a result of the distribution and gregariousness of 

females, and a much more detailed examination of habitat quality and complexity and 

population density throughout the study site is necessary to understand this pattern.    
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Age was negatively correlated with both total and unrelated affiliations and with 

degree and strength, with older individuals being less socially connected. Female pairs 

in the population have relationships lasting at least 18 years, and long-term bonds are 

positively correlated with reproductive success (Miketa 2018). This suggests that 

important social relationships could be formed with peers early in life, and then 

gradually disappear due to age-related mortality (Archie et al. 2014). More research into 

the ontogeny of social relationships and the relationship between longevity and sociality 

is needed.  

The number of observations did not affect degree or betweenness, as expected by 

correcting for sampling effort with the spatially explicit null model, I did find a 

correlation between strength and number of observations. This could be due to the 

model not adequately controlling for survey effort. Surveys are also more likely to detect 

larger groups than lone individuals (Karniski et al. 2015), which may also have some 

effect on the correlation between number of sightings and the strength of social 

relationships. When I applied a more stringent filter to the dataset for the detection of 

statistically significant affiliations, number of observations was again significant, likely 

because individuals with fewer sightings had more of their potential affiliates removed 

from the network via the filter. 

Nevertheless, after accounting for these individual attributes, kin availability still 

plays some role in shaping female gregariousness and network position, though 
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different classes of kin have different roles. The significant positive effect of probable 

fourth degree kin suggests that grandmothers may have the potential to affect the social 

lives, and consequently fitness, of their grand offspring by indirectly supplying them 

with cousins. Although there may be a social advantage for individuals from large 

matrilines, whether such partnerships gained from distant kin availability translate to 

reproductive success is not known. The result that females form affiliations with 

unrelated individuals at a rate inversely correlated with the availability of their 

preferred close matrilineal partners suggests that individuals can compensate socially, 

meaning that their social relationships are not limited by the availability of close kin, 

and may instead vary strategically in accordance with other environmental or 

endogenous factors. Over a third of all affiliative relationships were between individuals 

with a relatedness coefficient of 0, and the number of proportion of affiliations between 

unrelated individual may been even higher if a larger margin of error in genetic 

detection of unrelated pairs was accounted for (Foroughirad et al. in press). Conversely, 

only 35% of affiliations occurred between pairs of close or distant kin, meaning that even 

though they are the most likely relationships formed, they only make up a modest 

portion of the total social network.  

This social compensation is likely part of the mechanism that maintains 

mitochondrial genetic diversity in the population. In fact, a recent review of haplotypic 

diversity in cetaceans listed the Shark Bay population as having the highest regional 
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mitochondrial haplotype diversity of any species for which there was data (Whitehead 

et al. 2017). This is in spite of the fact that Shark Bay females share close matrilineal 

bonds and maternally-inherited cultural practices with the other matrilineal whales, that 

in the case of the latter lead to severely reduced mitochondrial diversity through cultural 

hitchhiking (Whitehead 1998; Whitehead et al. 2017). While some matrilineal whales 

such as sperm whales and killer whales live in hierarchical societies (Whitehead and 

Kahn 1992; Bigg et al. 1990) with some associations between units involving unrelated 

pairs (Konrad et al. 2018), it is assumed that individual network position and 

gregariousness are to some degree limited to matriline size. There is evidence from male 

killer whales that less central network positions negatively affect survival (Ellis et al. 

2017), thereby linking kin availability with fitness consequences. Cultural processes and 

their complex feedback into sociogenetic structure can result in rapid specialization and 

adaptation, but these forces can also lead higher rates of group extirpation (Whitehead 

and Ford 2018), further limiting diversity. The social limitations of these types of 

communities may be why some species are especially sensitive to disturbance and are 

slow to recover (Wade et al. 2012). Alternatively, if Shark Bay females can reap the 

benefits of kin selection, but switch strategies to compensate when necessary, this could 

preserve genetic diversity, and perhaps contributes to the ubiquity of the species 

worldwide, often in areas of high human impact.   
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Though there are many correlates between reproductive success and sociality, it 

remains to be seen which aspects of sociogenetic structure, (e.g., close kin, distant kin, 

non-relatives) have fitness consequences. Additionally, even though I find females can 

compensate for the lack of close matrilineal kin, much of the variation in sociality is still 

not accounted for. Female social strategies are likely to be more nuanced and relate to 

many social, demographic and ecological factors. Future research into the evolutionary 

drivers of sociogenetic structure will not only need to take potential partner availability 

into account, but a range of influences, including the species’ evident social plasticity.  
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5. General Conclusions 

This dissertation combines fine-scale kinship assignment generated from next-

generation sequencing methods and 33 years of observational data to precisely quantify 

how kin availability shapes social network structure in a marine mammal. Shark Bay 

dolphins, by virtue of bisexual philopatry, have both maternal and paternal kin 

available as potential social partners, and their fission-fusion social system allows 

individuals to choose any combination of kin and non-kin with which to associate. 

Though females have strong preferences for their close matrilineal kin (Frère et al. 

2010b) and variation in the number of these kin available to them, these kin actually 

have little effect on the quantity and quality of social bonds that an individual forms. 

Rather, females appear to compensate for lack of close matrilineal kin by forming bonds 

with unrelated individuals, signaling that these relationships have adaptive value (Silk 

et al. 2006a,b). Nevertheless, females can and do vary significantly in their 

gregariousness (Gibson and Mann 2008). Within the population, relatively solitary and 

cliquish sponge foragers do not have any measurable differences in calving success 

compared to their more socially connected counterparts (Mann et al. 2008; Mann et al. 

2012), suggesting that females can successfully employ different social strategies within 

the same population. Here I demonstrate that these strategies are not necessarily 

constrained by the size of their kin group, indicating a significant degree of social 

plasticity.  
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Whether this translates into social flexibility on a more dynamic time scale is an 

important avenue for future research (Schradin et al. 2012). The consistent negative 

correlations between age and social metrics suggest that females may form their close 

social bonds early in life (Krzyszczyk et al. 2017), and that the extended juvenile period 

may be important for social bond formation (Fairbanks 1993; Pagel and Harvey 1993). 

This may allow individuals to choose partners with whom they can maximize their 

reproductive synchrony (Möller et al. 2008) and form long-term bonds (Miketa 2018). 

Though the number of close kin does not shape the number of affiliations an 

individual has, I did find some evidence for a role of distant kin, and with improved 

kinship assignment methods such as those presented in Chapter I, future studies could 

begin investigate in more detail the roles that distant kin may play relative to non-kin in 

shaping social structure.   

The work described here is one of the first to propose and evaluate a potential 

mechanism underlying variation in an indirect centrality metric. Namely I found that 

betweenness, the number of shortest paths between two individuals that pass through 

the focal individual, is shaped by both matrilineal and non-matrilineal kin, but in 

different ways. Betweenness decreased with increasing number of close matrilineal kin, 

suggesting that groups with lots of female kin may become more insular, or play more 

redundant roles with a network. In contrast, females with more non-matrilineal kin had 

significantly higher betweenness, and may act as brokers within their network (Freeman 
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1977), acting as bridges between clusters of bonded matrilineal kin. The distribution of 

matrilineal and non-matrilineal kin and their relative affiliation strengths may then 

contribute to why global betweenness measures are different to those expected from the 

degree and strength sequences of the network (Rankin et al. 2016), and may be an 

example of a simple dyadic rule that can generate complex network patterns (Firth et al. 

2017).   

Finally, how can we use these findings to inform our understanding of issues 

related to conservation and the recovery of exploited populations? First, knowledge of 

animal social networks and culturally transmitted behaviors are essential components of 

designating evolutionary significant units for conservation (Brakes et al. 2019). Data on 

the drivers and function of social structure are important to generate informative 

baselines that can be monitored for changes in network strength and stability (Snijders et 

al. 2017). The social structure of Shark Bay dolphins likely relies on the relatively high 

density of the dolphin population (Ermak et al. 2017), which allows individuals to 

remain resident in their natal habitat without sacrificing mating opportunities with non-

kin. If non-matrilineal kin pairs act as brokers within their networks, they may serve as 

important conduits of ecological and cultural knowledge. Therefore, population density 

in addition to abundance is likely an important component of reproductive success and 

overall population health (Manlik et al. 2016).  
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These data also contribute to our knowledge of the interaction between social 

plasticity and resilience to disturbance (Ansmann et al. 2012). Reviews of threatened 

cetacean populations (Wade et al. 2012) have noted that complex social structure can be 

a hindrance to recovery, possibly because of Allee-type effects resulting from the loss of 

social support partners (Allee 1931), and the subsequent loss of cultural knowledge 

(Whitehead et al. 2004; Brakes et al. 2019). There is likely an interaction between social 

complexity and social plasticity and flexibility such that not all sociality will have the 

same effects on recovery potential. Species such as bottlenose dolphins may be much 

more resilient to disturbance than the much more structured societies of killer whales 

(Brent et al. 2015) or pilot whales (Foote 2008). Even within the delphinids, information 

about one species cannot substitute for others, highlighting that an understanding of 

each specie’s or populations’ unique biology is needed to inform conservation efforts.  
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Appendix A  

 

 

Figure A19: Map of the study site with locations of sampled animals marked. Yellow 
circles are the centroids of individuals included in the behavioral analysis (n = 176), 

red triangles are the sampling locations of the individuals included only in the 
genetic analysis (n = 96, total n = 272). Landsat-8 image courtesy of U.S. Geological 

Survey. 
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Table A11: Five SNPs on four reads that were found to segregate perfectly by sex.  All 
sequences were blasted against the Bos Taurus genome (the closest species with 

assembled chromosomes available on NCBI GenBank). Sequence (1) matched to a 
predicted Bos taurus lysine (K)-specific demethylase 5C (KDM5C) on the X-

chromosome which is a known XY paralog (Gaboury et al. 2012) 

AlleleID Male 
Allele Sequence Accession Scaffold 

Position 

15024211|F 
0-5:T>C-
5:T>C 

 
T 

TGCAGTGCTACCAGCA
GTGCCAGTATGGTCTC
CAGGCGTGGGCGCCGT
GAGCGCATGAGATCG
GAAGAG 

NW_017843730 11313771 

15035552|F 
0-6:G>A-
6:G>A 
0-50:G>A-
50:G>A 

 
G 
G 

TGCAGCGTGGGCCGG
GAGGGAGGGACAAGG
CAGTGGCAGCCTCCTT
GGTAGTAAAGCATGA
GATCGGAA 

NW_017842725 3010755 

21678180|F 
0-38:T>C-
38:T>C 

 
C 

TGCAGAGGAAACCTCT
TGAGTATTCAGCATAG
CACTGATATGCAAATG
CATGAGATCGGAAGA
GCGGTT 

NW_017842814 15334578 

15035836|F 
0-19:A>G-
19:A>G 

 
G 

TGCAGGGCGCATGGG
CTCTATAGTTTGCGGC
ATGAGATCGGAAGAG
CGGTTCAGCAGGAATG
CCGAGAC 

NW_017844507 25165800 
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Figure A20: Estimates of relatedness coefficients for simulated pairs of known 
relatedness. Estimators are four moment-based estimators: Wang (Wang 2002), 

LynchRd (Lynch et al. 1999), Ritland (Ritland 1996), and QuellerGt (Queller and 
Goodnight 1989), and two maximum likelihood estimators, DyadML (Milligan 2003) 

and TrioML (Wang 2007). All estimators were calculated using the software 
COANCESTRY (Wang 2011), with the maximum likelihood estimators set to account 

for a genotyping error rate of 0.019 across all loci. 
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Table A12: Correlation coefficients and root mean square error between expected and 
estimated relatedness coefficients calculated using different estimators. PCC is the 

Pearson correlation coefficient. Best estimates are in bold. 

  Root Mean Square Error PCC 

 Parent 
Offspring 

Half 
Sibling 

Half 
Avuncular 

Half 
Cousins 

Unrelated Overall  

Wang 0.0148 0.0245 0.0241 0.0261 0.0267 0.0236 0.9913 
LynchRd 0.0215 0.0233 0.0207 0.0168 0.0156 0.0198 0.9940 
Ritland 0.0342 0.0269 0.0221 0.0169 0.0156 0.0241 0.9910 

QuellerGt 0.0149 0.0236 0.0222 0.0227 0.0221 0.0213 0.9930 
DyadML 0.0123 0.0209 0.0197 0.0185 0.0136 0.0174 0.9960 
TrioML 0.0120 0.0208 0.0197 0.0185 0.0135 0.0173 0.9960 
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Figure A21: Median bias in the maximum likelihood estimates relative to the full data 
set across subsampled sizes of markers and individuals. Note that the estimator bias 
is in opposite directions for more marker / fewer individual subsamples compared to 

fewer marker / more individuals subsamples. See Milligan (2003) for a general 
discussion of the biases in this estimator and Section 2.4.1 for an explanation of this 

particular pattern.  
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Figure A22: Relationship classification thresholds derived from simulated genotypes 
of known kinship in COANCESTRY. Dotted lines represent the cutoffs used to 

discriminate between adjacent categories, selected to maximize the inclusion of true 
positives limiting the false positives to less than 5% per category. The thresholds 

resulted in 97% true positive and 5% false positive classifications for r = 0, 85% true 
positive and 5% false positive classifications for r = 0.0625, 96% true positive 5% false 

positive classifications for r = 0.125, 100% true positive 0% false positive 
classifications for r = 0.25, and 100% true positive and 0% false positive classification 

for r = 0.5. 
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Appendix A1: Home range overlap analysis 

I used data from 83 individuals which had at least 100 surveys post weaning to 

calculate convergence in measurements of home range overlap. Home range overlap 

was measured as the volume of intersection (VI) between each individual’s kernel 

estimation of their utilization distribution (UD). Utilization distributions were calculated 

using adehabitatHR (Calenge 2006), with individually-specified reference bandwidth 

smoothing parameters (Worton 1995). A simplified boundary derived from the coastline 

of the Peron peninsula was included as a barrier (Benhamou and Cornelis 2010), and any 

remaining land area was removed from all final UDs and the probability densities of 

each UD were restandardized to 1 as in Strickland et al. (2017). For each number of 

surveys {15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75} I randomly sampled that number 

of surveys for each individual and constructed home ranges as described above. I then 

calculated the volume of intersection between the 90% kernels of the subsampled home 

ranges for each pair (n = 3403). I repeated this 10 times for each number of surveys to get 

a measure of standard deviation between the random samples (Figure A23). I also 

measured the averaged volume of intersection of the 90% kernels within the subsampled 

home ranges for each individual (Figure A24). I then selected as the minimum number 

of surveys the level at which I achieved on average 90% correlation in both measures, 

which was 35 survey sightings. 
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Figure A23: Correlation between the sets of pairwise home range overlap (volume of 
intersection) calculated from individuals whose home ranges were constructed with 

different numbers of randomly sampled relocations from surveys. The selected 
threshold was the minimum number of surveys that created a home range overlap 

between pairs that correlated ≥ 0.90 with the home range overlap created from a 
different subsample with at least that number of surveys. 



 

128 

 

Figure A24: Correlations within each individual’s home ranges constructed 
with different numbers of survey sightings. 
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Appendix B 

Appendix B1: M-weight estimation via simulation  

 I simulated sets of true and estimated association rates for a hypothetical 

population with parameters similar to the Shark Bay dolphins. I first designated a 

population of 200 individuals assigned to one of 50 groups during each sampling period 

for a mean group size of 4. For each of 100 sampling periods, individuals are randomly 

assigned to one of an overlapping set of 10 individually-specific groups, in ordering to 

mimic some spatial segregation of individuals. Groups were allowed to be empty. This 

resulted in a mean association rate was 0.022 ranging from 0 - 0.25 in the set of 

simulations. I note that though this only represents a quarter of the total possible range, 

it is higher than the average (HWI estimated) association rate (0.0075) and the range 

encompasses over 96% of the non-zero values observed in the real dolphin dataset.  

For each simulated sampling day, 10 groups were observed in proportion to their 

group size (larger groups more likely to be selected), multiplied by a randomly assigned 

level of spatial observation bias (such that the most observed group is 5 times more 

likely to be observed than the least). This resulted in a mean group size of about 5 in the 

sampled data compared to 4 in the full data, comparable to the bias reported between 

survey sightings and focal follows in this population (Karniski et al. 2015). The 

subsampled data was filtered for all individuals observed at least 10 times, and then the 

simple ratio and half-weight indices were calculated.  
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 In order to fit the M parameter, I compared all possible values of M from the 

interval 0,0.01,0.02…1, selecting the value that minimizes the function 

mean(true_association_rate – 𝑥𝑥
𝑥𝑥+𝑦𝑦𝑎𝑎𝑎𝑎+𝑀𝑀⋅(𝑦𝑦𝑎𝑎+𝑦𝑦𝑎𝑎)  ). The simulation was repeated 100 times 

and the average value of M , 0.56, was taken as the final parameter value. 

 

Figure B25: Bias in the estimated association index relative to the true association 
index in the simulation. High variance in the estimates around higher indices are due 

to small sample sizes. 
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Appendix C  

 

 

Figure C26: Habitat types classified as in Patterson (2012) 
 

 

Table C13: Mean selection ratios in each of the six habitats for individuals 
classified into four clusters.  

Cluster Channel Deep 
ecotone 

Deep 
open Sand Seagrass Shallow 

ecotone 
1- Channel 2.763 0.9257 0.1268 0.0484 0.3189 0.2366 

2- Deep open 0.2593 0.6579 2.896 0.0274 0.2994 0.1679 
3- Seagrass 0.6044 1.907 0.7187 0.2081 2.143 0.6869 
4- Shallow 

ecotone 
0.2654 1.532 1.140 0.5285 1.167 2.904 
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Figure C27: 90% kernel contours for sightings of individuals classified into each of 
the four habitat preference clusters. 
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Table C14: Total pairs of close relatives detected in the network by lineage. 
 

Focal Females (n = 95) All Females (n = 157) 
Close Kin 149 240 

     Assigned Lineage 138 220 

          Matrilineal 64 118 

          Non-matrilineal 74 102 

Distant Kin 221 348 

 

 

 

Table C15: Estimates from logistic regression on probability of forming an affiliation 
(with mother-offspring pairs included). 

 
Estimate Std. Error Z value P value 

Intercept -5.8242 0.3523 -16.5300 _ 

Matrilineal Kin 1.9783 0.3708 5.3350 <0.0001 

Non-Matrilineal Kin 1.0782 0.3215 3.3540 0.0008 

Age Difference (years) -0.0434 0.0122 -3.5650 0.0004 

Home Range Overlap 8.2311 0.5747 14.3220 <0.0001 
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Table C16: Estimates from logistic regression on probability of forming an affiliation 
within close relatives when relatedness coefficient is included (mother-offspring 

pairs included). 
 

Estimate Std. Error Z value P value 
Intercept -0.1131 0.1706 -0.6630 

 
Non-Matrilineal Kin -0.1999 0.0897 -2.2300 0.0275 

Relatedness Coefficient -0.1095 0.2809 -0.3900 0.6973 

Age Difference (years) -0.0118 0.0042 -2.7910 0.0060 

Home Range Overlap 1.4817 0.1854 7.9920 <0.0001 

 

 

Table C17: Centrality metrics for 73 focal females from observed data and residuals 
from null model 

 Observed (mean 
± sd) 

Observed 
range 

Residual (mean 
± sd) 

Residual 
range 

Degree 39.22 ± 15.73 6 - 70 -12.86 ± 14.85 -52.79 - 16.72 
Strength 1.39 ± 0.68 0.150 - 3.07 0.532 ± 0.656 -0.595 - 2.07  
Betweenness 221.57 ± 370.76 0 - 1935 73.42 ± 295.92 -752.6 - 1129.8 
Eigenvector 
Centrality 

0.235 ± 0.242 0.008 - 1 -0.369 ± 0.189 -0.743 - 0.227 
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Figure C28: Expectations of the influence of kin availability on the propensity to form 
relationships with unrelated individuals and a measure of network centrality. 
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