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Abstract

Humans live in large, complex social groups, where relationships are thought to be managed

through complex social and communicative abilities. Despite extensive evidence that having

a larger social network is associated with positive life outcomes, the individual characteristics

associated with the formation and maintenance of social ties and why some individuals have

larger social networks than others, are not well understood. In this thesis, I studied the

relationship between social network size and individual differences in personality,

expressivity, and reactivity to stress. This thesis focuses on how this relationship presents in

older adults- an overlooked population in individual differences research who may be at

particular risk of the consequences to having a smaller social network.

First, I outline the findings from a secondary analysis of a large, nationally representative

sample of older adults, which indicated that the personality traits, extraversion, and

agreeableness, were strong predictors of social network size. Next, I expanded the study of

socio-communicative traits to include self-rated and observed facial expressivity. The

findings from this online survey indicated that extraversion, agreeableness, and openness

were strongly associated with social network size, though expressive traits were not. Finally, I

studied the impact of stress on facial behaviour and how facial and physiological reactivity to

stress may be related to social network size. I found that stress had an effect on smiling

behaviour during social interactions but did not prompt a change in overall expressivity.

Indices of reactivity to stress were not related to social network size, but as in my previous

studies, I found that extraversion was related to social network size, as was expressive

impulse control.

Overall, this thesis contributes to the discussion on how socio-communicative traits may have

evolved to help us succeed in a complex social environment, as well as contributing evidence

on how individual differences influence social outcomes in older people.
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Introduction

Social Networks and Health

It is well established that social networks are vital for our health and wellbeing.

Larger social networks can be protective against mental health disorders such as anxiety,

depression, sleep disturbance and fatigue, and have been associated with better quality of life,

and greater wellbeing and happiness (Chan & Lee, 2006; Cho et al., 2019; Domènech-Abella

et al., 2019; Rafnsson et al., 2015; Santini et al., 2015). Most notably, research has found that

social networks are protective against early mortality, with greater protective impact than

more proximal factors such as losing weight, quitting smoking, or reducing alcohol

consumption (Holt-Lunstad et al., 2010). Social networks have both structural (e.g., size) and

instrumental (e.g., social support) components. While some studies have found that both the

structural and instrumental elements of human social networks are important for physical and

mental wellbeing (Holt-Lunstad et al., 2010; Li et al., 2019), others suggest that one or the

other are important for particular diseases, illnesses, and behaviours. For example, having a

smaller social network size (structural) was associated with an increased risk of being

diagnosed with PTSD, while having lower perceived support (instrumental) was not (Platt et

al., 2014).

There are two prominent models for how social relationships can be beneficial for

health. The main effects model stipulates that social relationships are directly valuable to

health irrespective of whether the individual is experiencing high or low levels of stress

(Cohen & Wills, 1985; House et al., 1988). The main effects model proposes that social

networks are consistently advantageous to health and wellbeing by providing positive

experiences, helping one avoid negative experiences such as economic hardship and through

positive influence on health-related behaviours . Whereas the stress-buffering model proposes
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that social relationships can help to diffuse or reduce stress in times of high pressure (Cohen

& Wills, 1985). According to the stress-buffering model, buffering can occur at two pivotal

points in the stress response. Firstly, the stress-buffering can occur at the point of appraisal -

the perception of support from network members may lead to the situation or trigger being

evaluated as less stressful - or it can occur after the situation has been appraised as stressful –

the received support from network members may alleviate stress by providing solutions or

helping the individual avoid maladaptive behaviours (Cohen & Wills, 1985).

Evidence for the main effects model is provided by the many studies that have found

a positive association between social network characteristics and health  (Cohen et al., 1997;

Holt-Lunstad et al., 2010, 2015; Rafnsson et al., 2015). To demonstrate the validity of the

stress-buffering hypothesis researchers must show that social network characteristics are

related to reduced reactivity to stress or highlight how stress mediates the relationship

between social support and health. Since its inception, many studies have provided support

for the stress buffering hypothesis. Lab-based studies have found that the presence of an

affiliate during exposure to an acute stressor can moderate the biological stress response in

both humans and animals (Heinrichs et al., 2003; Kiyokawa et al., 2018; Roberts et al., 2015).

Similarly, perceived social support from social network members, in the case where none are

physically present, has been associated with reduced activation of the autonomic nervous

system in response to an acute stressor (Ditzen & Heinrichs, 2014; Howard et al., 2017;

Nausheen et al., 2009). Social relationships have been shown to be protective against

long-term stress related illnesses, such as PTSD, and have been linked to improved immune

system functioning (Ford et al., 2006; Platt et al., 2014). In line with the stress-buffering

theory, those with more social resources (e.g., larger social networks) would be less likely to

suffer the negative effects of stress.
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A possible mechanism for the association between stress and social outcomes is the

impact stress can have on social behaviour. While the experience of stress has largely been

described in terms of the physiological response, there are also significant changes in social

and affiliative behaviour following stress exposure. The tend-and-befriend hypothesis

stipulates that in times of stress humans tend to seek out social contact with others

(Baumeister & Leary, 1995; Taylor, 2006). This hypothesis has been supported by

experimental research which has demonstrated that exposure to stress can lead to an increase

in prosocial behaviour such as sharing and trusting others (von Dawans et al., 2012). Stress

can also impact facial expression perception - an important tool for social communication by

positively and negatively affecting facial expression recognition ability (Chen et al., 2014;

Daudelin-Peltier et al., 2017; von Dawans et al., 2020). However, there has been little

research devoted to the study of the relationship between stress and facial expression

production, which is another key part of social communication. Those studies that do exist

indicate that facial behaviour can be influenced by the experience of acute stress (Gao et al.,

2014; Viegas et al., 2018). Although this research has largely been limited to the immediate

impact of stress, rather than how stress affects subsequent facial expressions, which is

arguably more relevant to the study of social interactions. If stress were to have a negative

impact on social communication this could result in negative social outcomes, such as a

reduced ability to build and maintain social relationships.

From the existing literature it is clear that social relationships are pivotal for health

and wellbeing, and that having a larger social network can be protective against a number of

negative physical and mental health outcomes. It has been proposed that social relationships

affect health either directly, as stated in the main effects model, or by way of the stress

protection advantages social network members provide, as according to the stress-buffering

hypothesis. Therefore, this thesis will test the stress-buffering hypothesis by assessing
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whether social network size relates to various measures of stress, namely perceived stress in

daily life and reactivity to acute stress in a laboratory setting. Since stress is known to affect

subsequent social behaviours, we will study how stress affects facial behaviour and how this

may relate to social network characteristics.

Sociality and Group Living

Primates, including humans, have unusually large brains compared to their body size.

Primates are also highly social animals, which has led to the idea that sociality is a driver of

the development of advanced communicative and cognitive abilities (Byrne & Whiten, 1988;

Humphrey, 1976; Jolly, 1966).The social brain hypothesis (SBH) proposes that primates have

developed especially large brains to handle the cognitive demands of living in large, complex

social groups (Dunbar, 1992, 1998; Dunbar & Shultz, 2007). Living in a large social group

requires the retention of knowledge about in-group members, and how they relate to one

another, the ability to read the mental states of group members and minimise conflict. It is

thought that the socio-cognitive abilities that are afforded by having a larger brain enable

species to manage these social demands of living in complex social networks.

An important prediction made by the SBH is that the average neocortex size of a

species correlates with that species’ average social group size (Dunbar, 2014). It has been

proposed that neocortex size constrains the number of social relationships a species can

maintain. Comparative studies across primate species have consistently found that relative

neocortex size has a positive relationship with social group size (Dunbar, 1992; Dunbar &

Shultz, 2007). For humans, based on relative neocortex size, the predicted group size is

approximately 150 members (Dunbar, 1993). In support of this, studies have observed that

contemporary hunter-gatherer communities consist of approximately 100-200 members, and
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in modern western societies Christmas card mailing lists consist of an average of 150

recipients (Dunbar, 1993; Hill & Dunbar, 2003).

In further support of the SBH, neuroimaging research has provided evidence of a

positive association between the volumes of particular brain regions and social network size.

Individual differences in brain regions such the prefrontal cortex and the amygdala, which

have been implicated in social cognition and social behaviour, correlate with human social

network size (Bickart et al., 2011; Kanai et al., 2012; Kwak et al., 2018; Powell et al., 2012).

Furthermore, findings suggest that the relationship between relative brain size and social

network size may be mediated by the individual’s socio-cognitive skills (Powell et al., 2012).

Socio-cognitive abilities refers to the skills that are used to successfully manage one’s social

environment, which will include the processing, storage, and use of information about social

network members. As such socio-cognitive capabilities are expected to directly relate to

social network size. Research in this area has illustrated those cognitive abilities relevant to

social success, such as memory capacity and mentalising (the ability to understand beliefs

held by others), correlate with human social network size (Lewis et al., 2011; Stiller &

Dunbar, 2007). In summary, research has shown that the success of primate species, including

humans, depends on the ability to operate within large, dynamically complex social groups.

For this to be possible, the species requires the socio-cognitive capacity to retain, process and

use information about group members. It is thought that this demand fostered the evolution of

larger brains which enabled advanced socio-cognitive skills relevant to successful

communication to develop. Support for this theory comes from interspecies comparisons-

wherein species with larger brains and more advanced cognitive and communicative skills

tend to have larger social groups- and from within species – in humans larger brain size and

superior socio-cognitive skills are positively associated with having larger social networks. In

this thesis, I propose that as well as socio-cognitive skills, social traits that are relevant to
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communication in social relationships, will similarly be related to social network size in

humans.

Following the social brain hypothesis, the social complexity hypothesis for

communication complexity (Freeberg et al., 2012) proposes that groups which operate within

more complex social systems require more complex communicative systems to manage their

social interactions and relationships,  compared to groups with simple social systems.

Freeberg and colleagues (2012) explain that complex social systems are generally

characterised as having a greater number of group members and more distinct types of

relationships between group members. Existing within these social systems requires social

knowledge, such as being able to recognise group members and memory for past interactions,

as well as the ability to influence the behaviour of others (Freeberg et al., 2019), the latter

being most readily achieved through communication (Freeberg et al., 2019). To affect the

outcomes of social interactions with others, individuals must be flexible and adapt their

communicative signals to deal with different group members, with whom they have different

relationships.

Evidence for the social complexity hypothesis largely stems from the study of vocal

communication in animals and humans. In a comparison of infant isolation calls across eight

bat species, it was found there was a positive association between the species’ colony size

and the amount of information in the species’ isolation call (Wilkinson, 2003); probably

reflecting the need for accurate parent-offspring recognition when colonies reach a certain

size. Similarly, in a comparative study of 42 non-human primates, vocal repertoire size was

related to both time spent grooming (a measure of social bonding) and social group size - two

correlates of social complexity (McComb & Semple, 2005). In humans, there is a strong

association between speaker population size and the size of the phonological inventory and
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linguistic morphological complexity (Nettle, 2012). In addition, languages spoken by a

greater number of people are more likely to be more complex than those spoken by fewer

people (Lupyan & Dale, 2010).

More recently, the social complexity hypothesis has also been applied to visual

communication signals - having a greater repertoire of individual facial movements has been

found to relate to social group size in a number of non-human primates  (Dobson, 2009).

Most of the research on the relationship between communicative complexity and social

complexity compares different species, whereas fewer studies have focused on within species

communicative variation. An experimental study with a bird species (Carolina Chickadees -

Poecile Carolinensis) found that when group size was manipulated in an aviary setting,

individuals who had resided in a larger group used vocal calls of greater communicative

complexity than those housed in smaller groups (Freeberg, 2006). This study suggests that

individual differences in social group size may relate to individual differences in

communicative complexity within a species.

The social brain hypothesis and the social complexity hypothesis for communication

explain that skills and traits relevant for social interactions correlate with social group size

and complexity. Thus far this relationship has been demonstrated for several socio-cognitive

skills in humans and primates, and for communicative skills in some animal species. To

extend upon these ideas, this thesis will apply the evolutionary theories of the social brain

hypothesis and the social complexity hypothesis for communication to the study of

socio-communicative traits and social network size in humans.
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Social Network Composition

Human social networks are formed of ego-centric layers, the further the layer is from

the centre the less the contact frequency with and the emotional closeness to the focal

individual (Hill & Dunbar, 2003; Zhou et al., 2005). The innermost network layer, known as

the support clique, consists of the relations closest to the individual; those who the focal

individual would be most likely to be called upon in times of distress. The next layer, known

as the sympathy group, contains the principle circle of friends and is defined as those who

would be saddened if the individual passed away (Buys & Larson, 1979). The two innermost

layers of one’s social network are the most likely to involve the provision of social support,

which can include mutual or directional support. Social network layers tend to be roughly

three times larger than the previous layer (Dunbar, 2014). The support clique layer tends to

contain approximately 3-5 members and the sympathy group typically contains 9-15

members (Zhou et al., 2005). These layers are nested within the affinity group of

approximately 50 members and then the active network of approximately 150 individuals

(Sutcliffe et al., 2012). Studies have consistently found this pattern in the size of social

network layers, however, there is considerable individual variation in social network sizes

(Hill & Dunbar, 2003; Roberts et al., 2009). For example, support cliques can consist of

anywhere between 0 and 14 individuals (Dunbar & Spoors, 1995).

Not only do social network layers vary in size between individuals, but also in their

composition. Most networks include kin and non-kin relationships. Those with a greater

number of family members in their social network tend to have fewer friends, suggesting a

prioritisation of family relations (Roberts et al., 2009). Kin relationships appear to be more

immune to deterioration over time. A longitudinal study of kin and non-related friends found

that lack of contact with friend but not kin relations led to a decline in reported emotional
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closeness (Roberts & Dunbar, 2011). Similarly, lifespan research indicates that friendship

networks decrease in size with age, whereas kin networks tend to remain more stable (Wrzus

et al., 2013). This could be related to the costly nature of friendship relationships, in terms of

time investment (Roberts & Dunbar, 2011) and the lesser cognitive processing required to

manage familial over friend relationships (Dunbar, 2014). Compared to kin relationships,

friendships are more likely to involve an initial formation period, which is characterised by

an initial attraction, and the sharing of thoughts, feelings, and experiences (Adams &

Blieszner, 1994). As such, the process of forming and maintaining friend and kin

relationships differ, and perhaps friendships may be more heavily reliant upon successful

social communication and the traits that aid this goal.

Social networks are characterised by a consistent hierarchical structure, formed of

layers defined by emotional closeness and contact frequency, as well as a relatively even

distribution of kin and non-kin relationships. However, the size of each of these layers and

overall social network size varies greatly between individuals. This variation could in part be

related to individual differences in how people communicate that are consequential to

successful social interactions, and therefore the successful maintenance of social

relationships.

Communication

Following the social brain hypothesis and the social complexity hypothesis, advanced

communicative skills and communicative complexity are likely to relate to social network

characteristics. A pivotal mechanism by which humans and non-human primates

communicate is through facial displays (Waller et al., 2022). Similar to socio-cognitive traits,

it has been theorised that facial communication (along with other communicative skills) may

have developed as a result of increased brain size and therefore should also correlate with
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social group size in primates (Dobson, 2009; Sherwood et al., 2005). Indeed, research with

non-human primates has demonstrated that facial mobility- having greater range of muscle

movements and control of facial movement – is associated with social group size and relative

neocortex size (Dobson, 2009, 2012). And particular brain regions such as the facial motor

nuclei (a collection of neurons in the brainstem engaged in the control of facial muscles), are

more developed in primate species that have larger social groups (Dobson & Sherwood,

2011; Sherwood et al., 2005). As a result, it has been proposed that the development of the

facial motor nuclei, and the related facial movement, could have been motivated by the

demands of living in larger, complex social groups (Sherwood, 2005).

In humans, a link between communicative impairment and social network size has

been identified, though research has almost exclusively sampled clinical populations. Smaller

social network sizes have been found in individuals with communicative difficulties, such as

survivors of laryngeal cancer and individuals with aphasia (Blood et al., 1994; Davidson et

al., 2008). Having some form of communicative difficulty in later life, controlling for

comorbid health disorders, is also associated with having a smaller social network and having

any kind of communicative impairment is related to having fewer friends and less social

support (Palmer et al., 2016, 2019).

At present, similarly to research on other communicative traits, research on human

facial expressivity has primarily been conducted in clinical populations. Reductions in facial

expressivity are classed as symptoms of physical and psychological health conditions such as

depression, anorexia nervosa, schizophrenia, and autism (Bylsma et al., 2008; Davies et al.,

2016; Kring & Moran, 2008; Trevisan et al., 2018). Such conditions that are known to affect

facial expression production are related to having issues with social interactions. For

example, people with peripheral facial palsy - a condition that impacts facial muscle control -

report nervousness toward social interactions (Cuenca-Martínez et al., 2020). Furthermore,
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reduced expressivity has been associated with reduced social competence for some of these

clinical disorders (e.g., schizophrenia: Brüne et al., 2009) and between expressivity and

peer-ratings (e.g., autism: Stagg et al., 2014). These studies focus on communicative

impairments that stem from physical or cognitive deficits, primarily in clinical groups. Very

few studies have investigated individual differences in communicative traits in a typical

population and, to our knowledge, none have specifically studied individual differences in

facial expressivity and social network size.

One way individual differences in facial behaviour can be measured in humans, and

other animals, is by using tools to capture facial muscle activation or movement. An objective

tool for measuring the movement of individual facial muscles is the human Facial Action

Coding System (FACS: Ekman et al., 2002; Ekman & Friesen, 1978). Using FACS, the

smallest observable movements of distinct facial muscles (Action Units, AU’s) can be

catalogued. This anatomically based tool allows for the reduction in subjectivity, bias, and

ambiguity. And, since the development of coding systems for use with other animals (e.g.,

with chimpanzees: Vick et al., 2007), FACS can also facilitate cross species comparisons

(Waller et al., 2020). FACS coding tends to be manually performed on video data on a

frame-by-frame basis by qualified FACS coders, though recently, automated facial coding

systems have become more accurate and accessible (Fasel & Luettin, 2003; Sariyanidi et al.,

2015), with the expectation that the continued advances in the area of machine analysis will

lead to greater use of this technology for facial expression analysis. FACS is used throughout

this thesis in the development of measures of facial expressivity, in a way that is objective

and replicable.

There are two prominent theories on the function of facial expressions in humans.

The basic emotion theory (BET) of emotional expression (Ekman et al., 1969) proposes that
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facial expressions are ‘windows’ to the mind, from which one can infer internal emotional or

mental states from the external facial display. Whereas the behavioural ecology view of facial

displays (BECV: Fridlund, 1994) suggests that faces are functional tools for social

interaction, used to influence the target audience and thus the outcome of the social

interaction (Crivelli & Fridlund, 2018). Evidence in support of the BECV, comes from

observational research which has found that expressions are driven by the presence of others

rather than emotions. For example, in a study of judo fighters, facial behaviour was predicted

by social interactions with the audience rather than the winning of the match (thought to be

the peak of felt emotion) (Crivelli et al., 2015). Regardless of the underlying function of

facial expressions, there are individual differences in how people perceive and produce facial

expressions. Despite the likely important role of faces in social communication (Jack &

Schyns, 2017), little research has been devoted to the study of individual differences in facial

expression and how they may relate to social network characteristics.

Befitting the social brain theory and the social complexity hypothesis, it follows that

individual differences in facial communicative complexity should be related to social

network characteristics. Evidence from primates suggests that facial repertoire size, a

measure of the diversity of facial movements available to the species, relates to social group

size and relative neocortex size. While evidence from humans has shown that in certain

clinical conditions reduced capacity for facial expressivity relates to less advantageous social

perception and interaction outcomes. Thus far, the individual differences in facial

expressivity in non-clinical populations has not been studied, therefore, this thesis will assess

whether facial expressivity relates to social network size in a typical human sample.
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Personality

Personality traits have consistently been studied in relation to social network

characteristics. Particular attention has been paid to the personality traits extraversion and

agreeableness. Extraverts can be described as being outgoing, lively, thriving in social

groups, and enjoying attention (McCrae & John, 1992). Research has shown that extraverts

are more likely to engage in advantageous social behaviours such as networking and

maintaining contacts in the workplace, seek out social interactions and new connections

(Forret & Dougherty, 2001; Selden & Goodie, 2018). Agreeable individuals are characterised

as individuals who are warm, friendly, and kind. It has been proposed that agreeableness can

be understood in terms of motivation to maintain smooth social relationships, in line with this

theory, agreeableness has been related to social behaviours such as helping behaviour,

conflict resolution and cooperation (Tobin & Gadke, 2015). Extraversion appears to be

related to the formation of new relationships, whilst agreeableness may be more important for

the maintenance (rather than the establishment) of relationships (Harris & Vazire, 2016b).

Thus, extraversion and agreeableness have consistently been identified as the personality

traits most relevant to social interaction and success in the social environment, which may

explain the focus on the relationship between social network size and these two traits.

Extraversion tends to be related to having a larger social network, as well as the

likelihood of adding new members to a social network (Asendorpf & Wilpers, 1998;

Jensen-Campbell et al., 2002; Pollet et al., 2011; Selden & Goodie, 2018; Zhu et al., 2013).

There is less agreement in the literature on the role of agreeableness (Selden & Goodie,

2018). Contradictory evidence has emerged from cross-sectional studies: one study found no

difference in the personal network size of college students scoring high or low for

agreeableness, whereas another found that agreeableness correlated with social network size.
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A study conducted with children, found that both extraversion and agreeableness were related

to number of friends and peer acceptance, though the authors propose that agreeableness was

the trait most relevant to positive social outcomes (Jensen-Campbell et al., 2002).

Longitudinal studies with young adults have shown that extraversion and agreeableness are

predictive of future network size. A study of high school leavers found that extraversion was

a good predictor of future social network size three years later (Wagner et al., 2014),

similarly, research with new university attendees found that the personality traits

extraversion, agreeableness, and conscientiousness, predicted the number of peer

relationships over a 18-month period (Asendorpf & Wilpers, 1998).

Fewer studies have specifically focused on the relationship between personality traits

and the size of distinct social network layers, those that do have produced mixed results. On

the one hand researchers have found that more extroverted individuals have larger social

network layers: including at the support, the sympathy, and outer group layers (Pollet et al.,

2011). On the other hand, extraversion has been found to be important to the prediction of the

closest network layer – the support clique – but not the sympathy group layer (Molho et al.,

2016).

Most of the research investigating the role of personality in social network size has

been conducted with younger adult samples. However, in studies with older samples or

considering the impact of age, the relationship between personality traits and social network

size becomes less apparent. In a study of adults aged 20 to 57, a positive correlation between

extraversion and social network size at the support group layer was found, but once age was

taken into account the relationship was no longer significant (Roberts et al., 2008). In studies

with solely older samples the relationship between social network size and personality traits

is lacking empirical support. One such study of adults over the age of 60, found that none of
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the Big Five personality traits were related to social network size, though there was evidence

that lower agreeableness and extraversion may be associated with higher self-reported

loneliness (Schutter et al., 2019). In another study, with adults aged 62+, extraversion was

associated with friendship network size, but it was not related to overall network size, nor

were any of the other Big- Five personality traits (Iveniuk, 2019). On the other hand, a recent

study with a substantial sample of older Europeans, found that some personality traits,

namely extraversion, agreeableness, and openness, are positively associated with personal

network size, although the associations were relatively weak (Litwin & Levinsky, 2022).

Overall, there is a great deal of evidence to suggest that personality traits play a role

in how people form and maintain social relationships. Though, once each personality trait is

considered in turn, it becomes apparent that the relationship between each trait and social

network size differs in the direction and degree of the relationship. The evidence on the

personality-social network size relationship primarily stems from research with younger

samples and with various measures of personal social network size. In order to fully

understand the relationship between personality traits and social network size, it follows that

researchers should sample older individuals to understand how this relationship manifests in

later life.

Social Networks, Socio-Communicative Traits and Ageing

Social networks are prone to changes over time, as network ties are gained and lost.

However, the research findings concerning the relationship between social network size and

ageing are inconsistent. Lifespan studies have produced different accounts of the lifetime

trajectory of network size. One study summarises that social network size grows in young

adulthood, plateaus in mid-life and declines through later life (Wrzus et al., 2013). This is

supported by other studies which have found a negative correlation between social network
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size and age (Cornwell et al., 2010; Litwin & Levinsky, 2022). Whereas other researchers

have observed that social networks can experience a period of growth, are more likely to

expand than decline, or remain stable in later life (Cornwell et al., 2014; Cornwell &

Laumann, 2015; Van Tilburg, 1998).

Network change in later life may also affect social network layers differently.

Socioemotional selectivity theory (SST) explains that the perception of time horizons shrinks

as people age, which can lead to the prioritisation of close relationships, and subsequently

result in older adults having smaller, more meaningful social networks (Carstensen, 2021).

Following this theory, inner network layers may be less vulnerable to decay over time than

more distant network groups. Similarly, kin relationships are thought to remain more stable

throughout one’s lifetime, with friendship networks being more volatile and subject to

fluctuations (Roberts & Dunbar, 2011). This could mean that the inner network layers are less

prone to change over time, as they consist of a large proportion of kin and affiliated kin (e.g.,

in-laws).

As previously discussed, social networks have a powerful influence on the health and

wellbeing of older people. Losing social network ties in later life is associated with declines

in physical health, for instance, in a longitudinal study, functional impairment was more

likely to occur in older adults who had lost confidants from their social network, whilst those

who had gained new confidants were less likely to experience functional impairment and

more likely to have better self-rated and psychological health (Cornwell & Laumann, 2015).

Correspondingly, physical disability and higher levels of depressive symptoms have been

linked to a decline in the social network size of older adults in rural communities (Cerhan &

Wallace, 1993). In fact, much of the evidence on the relationship between network

characteristics and health stems from research with older samples (e.g., Loprinzi & Joyner,
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2016; Rook, 2015; Santini et al., 2020). Despite a focus in the literature on the health-related

outcomes of having a small social network in later life, there is far less research available on

the individual differences that predict social network size in older compared to younger

adults.

Older adults may be at a greater risk of suffering the negative outcomes of having a

smaller social network. Social support, and the possible stress buffering benefits, may be

even more important for older adults as they are more likely to experience stressors such as

illness and bereavement (Hughes et al., 1988). The study of social networks is particularly

important in later life, as it is a period where simultaneously health declines and the need for

social support increases. Indeed, in recent years, there has been a new focus on public health

strategies that aim to facilitate and encourage successful ageing, such as the World Health

Organisation’s ‘Global strategy and action plan on ageing and health’ , as well as the

instigation of governmental roles such as the UK’s ‘Minister for Loneliness’. The World

Health Organization (WHO) includes in its definition of health ageing the ability to build and

maintain relationships (Beard et al., 2016).

As people age, they experience various internal physical and psychological changes.

As well as the known shifts in terms of cognitive functioning, physical abilities and

age-related illnesses, there are also documented changes in the socio-communicative traits

that are studied in this thesis. Communicative difficulty is more prevalent as people age

(Yorkston et al., 2010), though language and verbal communication skills are thought to be

preserved in older adults without related health disorders. There are very few studies that

investigate the impact of ageing on facial expression production, those that do tend to study

emotional expressions using emotion elicitation techniques such as watching emotive clips,

for example. The results of the studies that do exist are inconsistent, though some show some
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age-related differences in the expression of particular emotions (e.g., Gross et al., 1997).

Facial expression perception has been more readily studied, the findings of which indicate

that expression perception tends to decline with age (Ruffman et al., 2008; Williams et al.,

2009). Historically it has been assumed that personality traits are stable over time (Debast et

al., 2014), however, more recent evidence suggests that changes in personality can occur at

any point and the degree of change is comparable to other known transitional factors such as

income or marital status (Boyce et al., 2013). Considering large cross-sectional surveys on

age and personality, extraversion and openness scores appear to be negatively associated with

age, whereas agreeableness appears to be positively associated with age (Lucas & Donnellan,

2011; Soto et al., 2011). Similarly, longitudinal research has found extraversion tends to

remain stable in adulthood and decline in later life, while agreeableness tends to linearly

increase over time (Terracciano et al., 2005). Like many of the traits we have discussed thus

far, there are individual differences in personality change, as people demonstrate unique shifts

in personality traits over time, which appear to be related to specific life experiences that the

individual experiences (Roberts & Mroczek, 2008).

It is debated whether, in general, older age is associated with social network size

decline. However, it is clear that later life is a period of change. Social networks shift as

members are gained and lost, partly through external circumstances such as bereavement or

relocation, and partly due to the motivations and behaviours of the individual. Likewise, later

life is characterised by changes within the individual, such as with physical and psychological

health, as well as communicative skills and personality traits. A great deal of evidence has

confirmed the importance of social networks for health and wellbeing in later life, though the

study of individual differences that are predictive of social network size focuses on younger

samples. Making this age group particularly interesting and important in the study of the

relationship between socio-communicative traits and social network size.
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Thesis Aims and Research Questions

The overall aim of this thesis is to contribute to our understanding of the individual

differences that relate to social network size in older adults, and how this in turn relates to

stress. This thesis will explore individual differences in socio-communicative traits, perceived

stress, reactivity to stress and how they relate to social network size in older adults, with the

intention of gaining insight into the communicative and social skills that aid the formation

and maintenance of social relationships. In three empirical chapters which utilise three

distinct research designs, I aim to address the following research questions:

1. Do socio-communicative traits (personality traits, verbal communication,

facial expressivity) relate to social network size?

2. Do individual differences in perceived stress and reactivity to stress relate to

social network size?

3. Does stress impact facial expression production and perception?

The aim of Chapter 2 was to establish whether there is a relationship between

personality and communicative traits, and social network size in a large sample of older

adults. This study utilised data from a nationally representative cohort study – the English

Longitudinal Study of Ageing (ELSA). Unlike previous studies on communication and social

network size in humans, this sample is from a typical population, as opposed to a clinical or

subclinical population. Cross-sectional and first-last change analyses allowed us to study the

relationship between socio-communicative traits and social network size at a fixed time point,

as well as whether socio-communicative traits were related to social network size change

over time.
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In Chapter 3, I extended the study of socio-communicative traits to include

self-reported expressivity and observed facial expressivity (from video) in an online study of

older adults. Facial videos submitted by participants were manually FACS coded to provide

an objective measure of facial expressivity. Facial expressivity was then studied, along with

self-reported expressivity, personality traits and perceived stress, in its relationship to social

network size. This design allowed for a comparison of effects between individual differences

to establish which factors have a stronger relationship with social network size.

Chapter 4 focused on the impact of stress on facial behaviour and the relationship

between reactivity to stress (physiological and behavioural) and social network size in

younger and older adults. This study is one of the first of its kind to assess how facial

behaviour changes from before to after exposure to acute stress using an experimental design.

This study tests the stress-buffering hypothesis, which proposes that having superior social

resources (such as having a larger social network) would be expected to play a role in

reducing reactivity to stress and evaluations of the stress experience. Originally, this study

would also have compared the younger adult and older adult groups, however, data collection

was ended prematurely due to COVID-19 related lockdowns.
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Chapter 2. Personality traits predict social network size in older

adults

Abstract

Humans live in unusually large groups, where relationships are thought to be maintained

through complex socio-communicative abilities. The size and quality of social networks are

associated with health and wellbeing outcomes throughout life. However, how some

individuals manage to form larger social networks, is not well understood. If

socio-communicative traits evolved to form and maintain relationships, personality traits

should be associated with variation in network size. Here, using the English Longitudinal

Study of Ageing (ELSA), we investigate the impact of extraversion, agreeableness, and

verbal communication on network size (N=5202) and network size change over time

(N=1511) in later life for kin and friend networks. Higher levels of extraversion and

agreeableness were associated with greater social network sizes but did not predict network

size change over 14 years. The findings are discussed considering the evolutionary

hypothesis that communicative and affiliative traits may have evolved to support the

maintenance of social networks.

Keywords

Social Networks, Social Groups, Older adults, Extraversion, Agreeableness, Communication
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Introduction

An abundance of research has linked larger social networks to positive physical and

mental health outcomes. Larger social networks can be protective against depression (Santini

et al., 2015), and are associated with increased happiness (Chan & Lee, 2006), better life

satisfaction (Huxhold et al., 2013), reduced sleep disturbance and fatigue (Cho et al., 2019) as

well as reduced mortality risk (Holt-Lunstad et al., 2015). Meta-analytic findings have also

shown that strong social relationships (based on structural qualities such as network size as

well as quality) are associated with decreased mortality risk, over and above more proximal

health indicators, such as body mass index (BMI,) smoking, alcohol consumption and

physical activity (Holt-Lunstad et al., 2010). Larger social networks are likely associated with

these various positive outcomes because they allow the individual to access social resources

in the form of instrumental and emotional support (Van Tilburg, 1995). However, despite the

crucial role of social networks in life outcomes, the factors that are predictive of individual

differences in social network sizes are not well understood. The fundamental psychological

processes underpinning social network formation and maintenance need to be understood if

we are to understand how people engage with these processes at an individual level.

Theoretical Framework

Individual differences in human social network size are well documented (e.g. Dunbar

& Spoors, 1995; Pollet et al., 2011). The social brain hypothesis (Dunbar, 1998; Freeberg et

al., 2019) offers a framework within which to understand these individual differences in

social network formation. Proponents argue that human and non-human primates have

developed large brains and superior social abilities to handle the demands of living in

complex social groups. Species in large social groups encounter more demanding social

interactions, such as the requirement to deceive, form coalitions and maintain group cohesion

(Dunbar & Shultz, 2007); these species have larger brain sizes than species operating in
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smaller, simpler social systems. Neuroimaging studies indicate that the social brain

hypothesis is not only applicable across species, but also within humans. For example, the

amygdala is implicated in social communication skills, and amygdala volume has been found

to positively correlate with social network size and complexity (Bickart et al., 2011).

Furthermore, the structure of focal regions of the human brain- that have been identified as

important for social living- are similarly associated with the number of online social contacts

(Kanai et al., 2012). Thus, individual differences in brain structure associated with

socio-communicative skills and traits are predictive of the number of network members

someone has in their social network. However, a direct relationship between

socio-communicative traits and social network size has not yet been clearly demonstrated.

Social networks are characterised as being made up of group layers corresponding to

different levels of intimacy (Hill & Dunbar, 2003). The innermost subgroup is the support

clique - people the focal individual feels the closest to and could turn to for advice or support.

The next layer is the sympathy group, made up of friends and kin, sometimes defined as those

whose death the individual would find upsetting (Buys & Larson, 1979). Lastly, the outer

layer of one’s social group: this group could include workplace acquaintances and neighbours

(Hill & Dunbar, 2003). The average number of individuals in an individual’s active social

network is approximately 125 (Hill & Dunbar, 2003). This corresponds closely to the

estimated upper limit of network size of approximately 150 members, based on the

relationship between group size and neocortex size in primates (Dunbar, 1993; Roberts,

Dunbar, Pollet & Kuppens, 2009). The mean size of each network layer has been reported to

lie between 3-5 for the support clique, 12-20 for the sympathy group, and 30-50 for outer

layer (Zhou et al., 2005). It has been argued that this linear relationship between closeness

and number of ties at each layer is a product of the costs of maintaining closer relationships

(Sutcliffe, Dunbar, Binder & Arrow, 2012). However, there is wide variation in the reported
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range of network sizes. This could be partly due to methodological differences between

studies, but also due to the individual differences within and between the populations studied

(Dunbar & Spoors, 1995; Hill & Dunbar, 2003).

Social networks are also characterised by changes over time, as network ties are

gained and lost, however, the research concerning the relationship between social network

size and ageing are inconsistent. Some research indicates that network size depletes in later

life, with a lifespan trajectory of network size gain in adolescence and young adulthood,

reaching a plateau in one’s early 30’s followed by a steady decline into later life (Wrzus et al.,

2013). Others have suggested that total network size remains stable throughout later life (Van

Tilburg, 1998), or contradictorily, that network sizes may be more likely to experience a

period of growth in later life (Cornwell et al., 2014). Socioemotional selectivity theory (SST)

suggests that as people age, and their perception of time horizons become more limited,

people prioritise close relationships and form smaller, more meaningful social networks than

their younger counterparts (Carstensen, 2021). This theory is likely to be more applicable to

adults in late later-life, when time is perceived to be more finite, rather than younger older

adults, so it would be expected that the older sample members would have smaller social

network groups. In summary, previous findings suggest that the relationship between social

network size and age may not follow a linear trajectory; particularly when studying a group

that spans multiple stages of later late.

Individual Differences and Social Network Size

Inter-individual variation in both total network size and at the different hierarchical

layers, could be due, in part, to individual differences in socio-communicative characteristics.

Research examining the link between communicative characteristics and social networks has

focused almost exclusively on atypical populations, however. For example, individuals

suffering from aphasia following a stroke were more likely to have smaller network sizes and
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communicate with fewer friends than those who did not develop aphasia (Davidson et al.,

2008). Similarly, survivors of laryngeal cancer with poorer communication had a smaller

social network (Blood et al., 1994). Although, it can be difficult to isolate the impact

communication can have on network size when there is co-morbidity with physical disability.

A new approach tackled this issue by controlling for health conditions, and found that

communication difficulty remained associated with smaller network sizes (Palmer et al.,

2016). The latter study supports the hypothesis that communicative ability is an independent

predictor of network size regardless of physical disability. As communication difficulty is

more likely to be more prevalent as people age (Yorkston et al., 2010), it is important to

investigate the impact communicative traits can have on older adults’ social networks.

There is evidence that aspects of personality and individual differences may also be

predictive of network size, but the findings are inconsistent across age groups. In a study of

young adults who were new university attendees, extraversion, agreeableness and

conscientiousness predicted the number of peer relationships and social support at frequent

follow-ups (Asendorpf & Wilpers, 1998). Correspondingly, some studies found that those

who were more extroverted had larger social network sizes at all levels of their network;

including the support group, the sympathy group and outer layers (Pollet et al., 2011). In

contrast, others have found that extraversion is important at only some network layers - such

as the support clique (Molho et al., 2016). However, some findings suggest that the positive

relationship between extraversion and network size is not found once age is taken into

account, perhaps due to a decline in extraversion as people age (McCrae & Terracciano,

2005; S. G. B. Roberts et al., 2008). Thus, there is a need to further examine the relationship

between personality and social network size specifically in older people. Contrary to the

findings with younger people, the link between extraversion and social network size in older

adults is not as clearly defined or consistent. A study with older adults in the Netherlands
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found that the big five personality factors, including extraversion and agreeableness, were

unrelated to network size in depressed and non-depressed participants once confounds such

as age, relationship status and health were controlled for (Schutter et al., 2019). Similarly, a

study using a longitudinal nationally representative sample of older adults in America found

that while extraversion was reliably related to strength of social ties, the relationship between

extraversion and social network size was weak (Iveniuk, 2019).

The Present Study

The present study reports the results of two secondary analyses of the English

Longitudinal Study of Ageing (ELSA). ELSA is a nationally representative cohort survey

study of adults over the age of 50 years, collected in England from 2002 until present. We

present cross-sectional single-wave and first-last change analyses to address whether

socio-communicative traits predict social network size in older adults and investigate whether

these traits are important for network size change in later life. Of the big five personality

factors, extraversion and agreeableness are most applicable for research concerning

interpersonal relationships: extraverted individuals are outgoing, enthusiastic and inclined to

be sociable with others, and agreeable individuals are warm, kind and sympathetic (McCrae

& John, 1992). Therefore, as in previous studies (Jensen-Campbell et al., 2002; Tov et al.,

2016), this study will focus on the personality traits extraversion and agreeableness. As

previous research has highlighted the importance of communicative ability, we will also

utilise ELSA data related to verbal communication. It is hypothesised that the

socio-communicative traits: extraversion, agreeableness, and verbal communication, will be

positively associated with network size in the cross-sectional analysis. Furthermore, it is

expected that the socio-communicative traits found to be important to network size in the

cross-sectional analysis, will be predictive of network size change over a 14-year period.
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Some previous research has identified a need to separate out the kin and friendship

network size, with the former being more likely to remain stable throughout the lifespan and

the latter more volatile (Roberts & Dunbar, 2011). Likewise, research has found that whilst

friendship network size decreases with age, family networks do not suffer the effects of age

(Wrzus et al., 2013). This could in part be due to the costly nature of friendship relationships,

which has been shown to be more vulnerable to decay when there is a lack of regular

maintenance through shared activities and frequent contact (Roberts & Dunbar, 2011). Unlike

most kin relationships, friendships undergo a formation process, which can vary across

friendships, but usually involves an initial attraction to a potential friend followed by the

sharing of thoughts, feelings and experiences (Adams & Blieszner, 1994). This process relies

upon successful communication during interactions, which could be aided by

socio-communicative traits. Therefore, an exploratory analysis was conducted to separate the

kin and the friendship relationships, to explore the impact socio-communicative traits have on

these different network types.
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Methods

Participants

The English Longitudinal Study of Ageing (ELSA) is a population-based longitudinal

panel study of adults aged 50 years and above. ELSA data is collected from individuals

bi-annually (Steptoe et al., 2013), at the time of writing, 8 waves (data collection periods)

were available. Wave 1 data was collected in 2002/3 with an original sample of 12,099

participants. Sample size at each wave fluctuates as original participants leave the sample and

replenishment participants join. The ELSA data cannot be made available in conjunction with

this article due to copyright, however, the data is freely available to download from the UK

data service (Oldfield et al., 2020) (see Appendix A for more information) .

For the cross-sectional single wave analysis, the sample included core members from

wave 5 of ELSA; the wave in which trait data was collected. Participants under the age of 50

(n = 355), who did not attend a full interview in person (n =567) and who did not provide

responses to all the analysis variables (n = 1847) were excluded. This resulted in a sample

size was 7505 (55.7% female). Cross-sectional survey weights are only available in the

ELSA for core members, therefore other member types (such as core partners, younger

partners etc.) were excluded (n= 635). There was a high intra-class correlation between

individuals within households (household members had similar network sizes), and so we

randomly excluded one person per household in households that had two core members (n=

1668). The final sample size for the cross-sectional analysis was 5202 (57.8% female).

As the first-last change analysis investigated network size change from wave 1 to 8

this sample included participants who were present in waves 1 (baseline) and 8 (end).

Participants also had to have been present in wave 5 (when personality and verbal

communication data were collected). This sample was extracted based on the cross-sectional

analysis sample, therefore those under 50, those who did not complete the full interview in
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person and those who did not provide a response to the outcome/predictor variables had

already been excluded. Of this clean dataset, 4524 participants were in either wave 1 or 8,

when this was filtered to only include those who were present in both waves the final sample

size was 1511 (56.3% female). We report all manipulations, measures, and exclusions in

these studies.

Table 2.1
Sample Characteristics per Analysis

Analysis

Cross-sectional
analysis

(N= 5202)

Change analysis
(N = 1511)

Gender
Male
Female

2194 (42.2%)
3008 (57.8%)

660 (43.7%)
851 (56.3%)

Age 66.8 (8.62)
65 [52, 89]

Social network size 7.31 (4.98)
6 [0, 79]

Friend network size 3.72 (3.28)
3 [0, 40]

Family network size 4.15 (3.12)
4 [0, 59]

Age at baseline 59.4 (6.43)
58 [50-76]

Social network size
change

0.07 (5.34)
0 [-62- 36]

Friend network size
change

0.3 (4.00)
0 [-68- 27]

Family network size
change

-0.02 (3.21)
0 [-25- 30]

Extraversion 5.95 (1.47)
6 [2, 8]

6.06 (1.41)
6 [2-8]

Agreeableness 7.05 (1.08)
7 [2, 8]

7.06 (1.10)
7 [2-8]

Verbal
Communication

3.07 (0.87)
3 [1, 4]

3.07 (0.87)
3 [1-4]

Note. Count (Percentage) presented for Gender only. Mean (Standard Deviation), Median
[Range] presented for all other variables.
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Measures

Social Network size, Friend Network Size and Family Network Size

As in (Rafnsson et al., 2015), we calculated social network size from the sum of three

questions in ELSA, which ask the number of children, family members (other than spouse or

children) and friends participants ‘felt close to’. The framing of these questions attributes

intimacy with group members as participants are asked to report the number of children,

family, and friends they ‘feel close to’. Therefore, social network size in this study is likely

representative of the two innermost levels of an individual’s social network- the support

clique and the sympathy group- based on the descriptions in the literature of these two layers

(Hill & Dunbar, 2003).

Friend network size was the response to the question ‘how many friends do you feel

close to?’ to which participants provided a numerical response. Family network size was the

sum of the numerical responses to the questions ‘how many of your children do you feel

close to?’ and ‘how many family members (other than your spouse or children) do you feel

close to?’.

Extraversion and Agreeableness

Items included in ELSA were chosen based on similarity to the ten-item personality

inventory (TIPI) (Gosling et al., 2003). In wave 5 of ELSA, participants were asked to

indicate how well particular personality traits describe them, indicating ‘A lot’, ‘Some’, ‘A

little’, ‘Not at all’, giving a score of 1 – 4. This was reverse scored in the analysis so that 4

represented the highest score.  For extraversion, the responses to the following traits were

summed: ‘outgoing’ and ‘lively’. For agreeableness, the scores for ‘warm’ and ‘sympathetic’

were summed. The sum of these variables resulted in scores of 2-8 for both extraversion and

agreeableness. Internal consistency for these measures was acceptable (extraversion:
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Cronbach's α = .70; agreeableness: α = .62). These values are similar, greater even, to those

found with the TIPI (α = .68, α = .40) (Gosling et al., 2003).

Verbal communication

Verbal communication was based on responses to one item- how talkative the

individual reported themselves to be. Based on the responses ‘Not at all, ‘A little’, ‘Some, ‘A

lot, the verbal communication variable had a score from 1 – 4, with 1 being the least and 4

being the most talkative. This variable, as with the personality trait data, was only collected in

wave 5 of ELSA, therefore the individuals’ score was copied across waves for the change

analysis. In this study ‘talkativeness’ has been used as a proxy for verbal communication, to

the authors knowledge this variable of the ELSA has not been used in this way before.

Therefore, an additional online study with adults aged 50+ (n = 101) was performed to assess

the measure’s concurrent validity with previously validated measures of communicative

competence and preference (see Appendix A for full details). The results of the online study

indicated that trait verbal communication was associated with self-assessed communicative

competence, as assessed by the Interpersonal Communication Competence Scale (ICCS-SF:

Rubin & Martin, 1994), and perceived communicative competence, as assessed by the

Self-Perceived Communication Competence Scale (SPCC: McCroskey & McCroskey, 1988).

Though there was not a clear relationship between verbal communication and communication

preference, as assessed by the Willingness to Communicate scale (WTC: McCroskey &

Richmond, 1987).

Covariates

Age, gender, relationship status and general health were also included in the models.

Socioeconomic status was included in the cross-sectional analysis only, due to inconsistencies

in socio-economic data types across waves. Gender was coded as 1 for male and 2 for female.

Relationship status was based on whether an individual was single or cohabiting/married
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(coded as 2 and 1 respectively). General health was a score of 1 – 5 (representing answers

‘poor’, ‘fair’, ‘good’, ‘very good’, ‘excellent’) given for the question: “How is your health in

general?”. Employment data was collected in ELSA interviews, participants were scored

from 1 – 8 (‘Higher managerial and professional occupations’ – ‘Never worked or long-term

unemployment’). To ease interpretation of the regression outputs, this was reverse scored in

the analysis so that a higher score reflected higher managerial and professional occupations.

In the quadratic model, baseline age was transformed by the addition of a second-order

polynomial - a quadratic term. In the ELSA dataset individuals aged 90+ were classed as 90

years old. ELSA research administrators apply this transformation to maintain anonymity,

due to the small number of participants in this age range.

Survey Weights

Cross-sectional survey weights for Wave 5 are available as part of the ELSA dataset.

These survey weights ensure representativeness of the sample, with respect to the participants

propensity to respond and age according to the national population.

Social Network size, Friend Network Size and Family Network Size Change

Network size change was calculated by assessing the difference between network size

at wave 1 (2002/3) and wave 8 (2016/17). A positive number indicates an increased network

size, while a negative indicates a decreased network size over the 14-year period. The same

procedure was carried out for social, friend, and family network size. For the binomial

regression, each change score was converted into 0 or 1, 0 represented a decrease in network

size and 1 represented either a stable network size (no change) or an increased network size.

This grouping was chosen to assess whether socio-communicative traits would be protective

against network size decline.

Baseline/end of study scores (change analysis only)

42



Baseline age was taken from wave 1, final relationship status and health status were

taken from wave 8.

Data Analysis

Data cleaning, preparation and analysis was performed in R programming software,

(R Core Team, 2018) using version 4.1.0. Supplementary R scripts are available in the

following repository: https://osf.io/2ua95/.

The cross-sectional analysis utilised linear regression modelling, while the change

analysis utilised binomial logistic regression - R package ‘lme4’, version 1.1-27.1 (Bates et

al., 2015). Survey weights were applied to the linear model using the R package ‘survey’

(Lumley, 2004). Models were compared using the ‘ANOVA’ function in the R package ‘car’

(Fox & Weisberg, 2011) which tests for a significant improvement in model fit using

chi-squared test of difference. Models were also compared based on R2 values and AIC

values. VIF calculations indicated a lack of multicollinearity if all VIF values were below 2.5

(excepting quadratic terms),which is deemed a conservative acceptable level (Johnston et al.,

2018). Assumptions checks are available to view in the supplementary materials (Appendix

A). We used the inbuilt squaring function (^2) within R statistical software package ‘lme4’

for adding higher-order polynomials. This allows the relationship between the outcome

variable and the predictor to have a curvilinear relationship in the model. In the present study

we have utlised Cohen’s f2 to measure local effect sizes, which is calculated using the

following formula (Selya et al., 2012):

𝑓2 =
𝑅

 𝐴𝐵
2 − 𝑅

 𝐴
2

1−𝑅
 𝐴𝐵
2

Single Wave Analysis

All variables were input as fixed effects to predict social network size, friend network

size and family network size. In the case of all three analyses, the outcome variables (the
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network sizes) were log transformed to achieve normal distribution of model residuals, a

constant of 1 was added to each network size to avoid exclusion of 0 responses.

Social Network Size

A null model (Model 1.1) formed of only the control variables was compared against

a full model (Model 1.2) with the addition of the socio-communicative traits- extraversion,

agreeableness, and verbal communication. The full model was also compared with a

quadratic model (Model 1.3) which also considered the non-linear relationship between

network size and age, which was indicated in visual exploration of the raw variables (see

Appendix A). Additional models were also computed to assess the impact of the addition of a

single variable of interest at a time.

The dependent variable- social network size- was log transformed. Visual inspection

of residuals indicated an approximately normal distribution and formal checks of

independence indicated no violations. However, checks suggested there was an issue of

heteroscedasticity, therefore a robust regression was computed using the R package

‘sandwich’, which provides more accurate standard errors (Zeileis et al., 2020).  In the

quadratic model, there was high multicollinearity between age and age2, therefore, this model

was run with mean-centered continuous variables.

Friend Network Size

A non-linear relationship between age and friend network size was indicated in

visualisations of the raw data, therefore the full model (Model 2.1) (consisting of control

variables and variables of interest) was compared to the quadratic model (Model 2.2)

consisting of the full model with the addition of a polynomial term for age. Visual inspection

of residuals indicated an approximately normal distribution. Formal checks of independence

and heteroscedasticity indicated no violations. In the model with the quadratic term for age,
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there was high multicollinearity between age and age2, therefore the model was run with

mean-centered continuous variables.

Family Network Size

Visual inspection of residuals indicated an approximately normal distribution. Formal

checks of independence and collinearity indicated no violations. However, checks for

heteroscedasticity indicated a violation, therefore robust standard errors were computed using

the ‘sandwich’ R package. The full model (Model 3.1) comprised of control variables and

variables of interest is presented in Table 2.3.

Change Analysis

In this analysis six models were computed. Three binomial logistic regression models

investigated whether socio-communicative traits were protective against network size (social,

friend, and family) decline. The outcome variable in each model was whether the social,

friend or family network size change had decreased or not (represented by a ‘0’ for a

decreased network size, and by ‘1’ for a network size that had remained the same or

increased). Each model was compared against a null model formed of the covariates (age at

baseline, gender, relationship status at final wave and general health at final wave).

Results

Single-wave analysis

Social Network Size

Model comparison indicated that model fit was improved between the null and the

full model, χ² (3) = 229.93, p <.001, (Model 1.1 AIC= 9309; Model 1.2 AIC = 9016). Model

fit was further improved between the full model and the quadratic model (full model plus a

quadratic term for age), χ² (1) = 7.75, p <.05, (Model 1.2 AIC= 9016; Model 1.3 AIC = 9007,

f2 = 0.002).  The final model for the single-wave analysis of social network size was the
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quadratic model. Indicating that our hypothesis that socio-communicative traits are predictive

of social network size in older adults is supported.

Considering the effects of each variable independently, the addition of each variable

(extraversion, agreeableness, and verbal communication) to the null model in three separate

models improved model fit (see Appendix A). However, the addition of variables of interest

to the null model at step, in the following order: extraversion, agreeableness and verbal

communication, resulted in a significant improvement for the inclusion of extraversion (χ² (1)

= 184.40, p <.001), then agreeableness (χ² (1) = 45.32, p <.001), but not for the addition of

verbal communication (χ² (1) = 1.07, p = .30). This suggests that verbal communication is not

as important to social network size as extraversion or agreeableness.

The fixed effects considered in the null model accounted for 2.4% of the variance

between individuals, while the quadratic model accounted for 8%. This suggests that the

socio-communicative traits were important predictors of network size in comparison to the

covariates and had a significant positive effect on network size in the cross-sectional analysis.
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Table 2.2
Cross-Sectional Analyses: Linear Regression Model Estimates for Predictors of Social
Network Size

Null Model (Model 1.1) Quadratic Model (Model 1.3)
 Social Network size (log) Social Network size (log)
Predic

tors E B
CI b S

E B
CI

Age
.002 .001 .03

-0.00
03 

– 0.0
04

095
0

.003
0

.001 .05
0.002 – 

0.004

Gende
r .14 .02 .12

0.11 
– 0.18 .001

0
.10

0
.01 .09

0.09 – 0
.11

Relati
onship status 0.04 .02 0.03

-0.08 
– -0.003 033

-
0.03

0
.01 0.02

-0.04 – 
-0.01

Gener
al health .04 .01 .08

0.03 
– 0.06 .001

0
.02

0
.004 .03

0.008 – 
0.02

Socioe
conomic
status

.01 .01 .04
0.001

 – 0.02 026
0

.01
0

.002 .05
0.01– 0.

02

Age2 -
0.0003

0
.0001 0.05

-0.0004
 – 

-0.0002
Agree

ableness
0

.06
0

.004 .12
0.06 – 0

.07

Extra
version

0
.06

0
.003 .16

0.06 – 0
.07

Verbal
communicati
on

0
.01

0
.005 .02

0.002 – 
0.02

Model Information
N 5202 5202
R2 0.024 0.080
AIC 9309 9007
Resid

ual Dev
1739 (df=5196) 1638 (df= 5193)

Note. b = beta estimates, SE B = standard error, CI-levels = confidence intervals, β = Standardised
beta estimates.
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The standardised beta coefficients indicate that extraversion had the greatest effect on

network size, followed by agreeableness and then gender (Table 2.2). Higher extraversion

and agreeableness scores as well as being female were associated with larger social networks.

In the final model, accounting for all other variables a one unit increase in either extraversion

or agreeableness equated to an increase in network size of 0.06, whereas for verbal

communication a one-unit increase resulted in a network size increase of 0.01 (see Appendix

A for calculation); these trends are presented in Figure 2.1. Verbal communication had a

weaker association with network size compared to extraversion and agreeableness, but the

effect was equivalent to the association between network size and relationship status. Married

or cohabiting participants, and those of higher socioeconomic status had larger network sizes.

The non-linear relationship between network size and age is characterised by smaller network

sizes in the youngest and oldest participants.

To attain the local effect size for each predictor, we subtracted one predictor at a time

from the quadratic model (Model 1.3).  The results indicated that extraversion and

agreeableness had the greatest effect on network size compared to the other variables,

although these effects are rather small (extraversion f2 =0.02; agreeableness f2 = 0.01).

However, the effect of extraversion on social network size in this study is similar to the

association found between extraversion and support and sympathy group size (both f2 = 0.04)

found in previous research (Pollet et al., 2011).
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Figure 2.1
Effect Plot for Predicted Social Network Size by Extraversion and Agreeableness based

on the Quadratic Model (1.3) with 95% confidence intervals

Note. The outcome variable has been back transformed from the log-scale, however, a
constant of 1 was added to the raw data as a constant to allow log-transformation of zero
responses, therefore the network size presented here is the original numerical response +1.
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Friend Network Size and Family Network Size

For friend network size, model comparison showed the model with a quadratic term

for age (Model 2.2) had a superior fit to the model with a linear term for age (Model 2.1), χ²

(1) = 9.63, p <.05 (AIC’s: 8161 and 8151, respectively). Final models for each network type

are presented in Table 2.3.

Table 2.3
Cross-Sectional Analyses: Linear Mixed Effects Regression Model Estimates for Predictors of

Friend and Family Social Network Sizes

Friend Network Model (Model 2.2) Family Network Model (Mode
 Friend Network Size (log) Family Network Size (log
Predict

ors
b S

E B
β CI p b S

E B
β CI

Age
0

.002
0

.001
0

.03

0-.
0003 – 

0.0
05

084
0

.01
0

.006
0

.08
-0.0

07 –0.02

Age2

-
0.0004

0
.0001

-
0.06

-0.
001 – 

-0.
0001

002

Gender -
0.01

0
.02

-
0.01

-0.
05 – 0.03 515

0
.13

0
.01

0
.11

0.11
 – 0.14

Relatio
nship status

0
.07

0
.02

0
.06

0.0
3 – 0.11

<
.001

-
0.11

0
.01

-
0.09

-0.1
2– -0.10

Genera
l health -

0.001
0

.01
-

0.001
-0.

02 – 0.02 933
0

.003
0

.004
0

.006
-0.0

04– 0.01

Socioec
onomic status

0
.02

0
.005

0
.08

0.0
2 – 0.03

<
.001

-
0.01

0
.002

-
0.03

-0.0
1– -0.004

Agreea
bleness 0

.05
0

.01
0

.08
0.0

3 – 0.07
<

.001
0

.06
0

.004
0

.11
0.05

– 0.06

Extrav
ersion 0

.08
0

.01
0

.19
0.0

6 – 0.09
<

.001
0

.02
0

.003
0

.06
0.02

 – 0.03

Verbal
communicatio
n

0
.004

0
.01

0
.01

-0.
02 – 0.03 770

0
.007

0
.01

0
.01

-0.0
03– 0.02
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Model Information
N 4587 5050
R2 0.064 0.051
AIC 8151 8520
Residu

al Dev
1499 1522

Note. b = beta estimates, SE B = standard error, CI-levels = confidence intervals, β =
Standardised beta estimates.

Analysis of friend and family network sizes separately indicated that friend networks

are more likely to be influenced by extraversion than family networks. A one unit increase of

extraversion equated to an increase in friend network size of 0.08 members, and an increase

in family network size of 0.02. Whereas for agreeableness and verbal communication the

relationships with friend and family network sizes were similar. In figure 2.2, the stronger

effect of extraversion on friend (f2 = 0.02) compared to family networks (f2 = 0.002), and the

similar effect of agreeableness on friend and family network sizes (f2 = 0.01 for each) can be

seen.
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Figure 2.2
Friend and Family Network Size by Extraversion and Agreeableness

Note. Count data is presented, the size of the datapoint indicates the number of respondents.
One datapoints is not presented in Figure. 2 – the participant with a reported family network
sizes of 59 is not shown due to reducing the clarity of the figure.

The predictors accounted for 6.4% of the variance between participants for friend

network size and a lesser 5.1% of the variance for family network size. For friend network

size, extraversion was the best predictor, followed by agreeableness, and socioeconomic

status. Whereas for family network size, agreeableness and gender were the best predictors

followed by relationship status and age, then extraversion.

52



There were some noteworthy differences in the control variables between friend and

family networks. Being single, compared to married or cohabiting, had a positive relationship

with friend network size but a negative relationship with family network size. The latter

could be due to acquiring shared family networks from partners/spouses as well as an

increased likelihood of having had children. Gender was more important to family than friend

networks with female participants having significantly larger family networks than males,

whereas for friend networks there was less discrepancy between genders.

As with social network size, friend network size had a non-linear relationship with

age. This relationship was characterised by a greater number of friends for those in mid-later

life and fewer friends for those in early and late-later life.
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Change analysis

Table 2.4
Count for the Direction of Network Size Change for Social, Friend and Family
Network Size Change

Direction of Network Size Change
Decreased No change Increased

Social 648 185 678
Friend 409 270 579
Family 575 349 509

For social network size, over the 14-year period, a similar number of participants’

social network size decreased as increased. Whereas a greater number of participants had

their friend network increase, and their family network decrease.

For social network size change, model comparison indicated that model fit was not

improved between the null and the full model, χ² (3) = 4.50, p= .21, (null AIC= 2065; full

AIC = 2067).  The same was true for friend and family network size change; the null models

for each were not improved by the addition of the socio-communicative traits (χ² (3) = 1.57,

p= .67, null AIC= 1585; full AIC = 1590; (χ² (3) = 7.04, p= .07, null AIC= 1935; full AIC =

1934).  Our hypothesis that variables found to be important predictors of social network size

in the cross-sectional study would also predict social network size change is therefore not

supported and the null hypothesis is accepted.
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Table 2.5
Change Analyses: Binomial Regression Results for First-Last Change in Social, Friend, And

Family Network Size Change
 Social Network

Size
Change

Friend Network
Size Change

Family Network
Size Change

Predictors Odd
s Ratio (CI) E

Odd
s Ratio (CI) E

Odd
s Ratio (CI) E

Age at
baseline

0.99
(0.97 – 1.01

)
.01 .222

0.97
(0.95 – 0.99

)
.01 .008

0.99
(0.97 – 1.00

)
.01 .121

Gender 0.85
(0.68 – 1.06

)
.10 .153

0.86
(0.66 – 1.11

)
.11 .245

0.87
(0.69 – 1.09

)
.10 .216

Relationshi
p at close

1.07
(0.84 – 1.35

)
.13 .594

1.10
(0.84 – 1.45

)
.15 .506

1.10
(0.86 – 1.41

)
.14 .453

General
health at close

1.07
(0.97 – 1.18

)
.06 .188

1.07
(0.95 – 1.21

)
.07 .270

1.01
(0.91 – 1.12

)
.05 .870

Agreeablen
ess

0.92
(0.83 – 1.03

)
.05 .141

0.93
(0.82 – 1.05

)
.06 .263

0.94
(0.84 – 1.05

)
.05 .302

Extraversio
n

1.09
(0.99 – 1.19

)
.05 .071

1.04
(0.93 – 1.15

)
.06 .521

1.06
(0.97 – 1.17

)
.05 .187

Verbal
communication

0.94
(0.82 – 1.08

)
.07 .381

1.04
(0.88 – 1.22

)
.09 .672

0.85
(0.73 – 0.98

)
.06 .027

Model Information
Observatio

ns
1511 1258 1433

R2 Tjur 0.009 0.010 0.009
AIC 2066.680 1589.806 1933.568
Note. CI = confidence intervals, SE = Standard error.

The binomial regression models indicate that socio-communicative traits, as well as

the control variables included in these analyses were poor predictors of whether network

sizes decreased or not, accounting for 1% or less of the variance between individuals.

Verbal communication had a negative relationship with the odds of having family

network size decrease over time. Meaning that those who had scored higher for verbal
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communication had greater odds of family network size decline- a one unit increase in verbal

communication increased the odds of the loss of at least one family network member by a

factor of 1.18.  This could possibly be due to those with poorer communication skills

requiring instrumental help from close family members, leading to more time spent with, and

closer relationships with, those relatives.
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Discussion

In this research, greater extraversion, and agreeableness, were associated with larger

social network sizes. These findings remained intact once other variables such as age, gender

and general health were controlled. Together, extraversion, agreeableness, and verbal

communication accounted for more of the between-person variance in network size than all

other examined variables. Extraversion and agreeableness were positively related to social,

friend, and family network sizes, though extraversion appears to be more influential for

friend than family network size, while agreeableness had a similar effect on both kin and

friend network size. The findings of this research offer support to and extend the social brain

hypothesis, as similarly to cognitive social skills, socio-communicative traits are related to

social network size.

Extraversion and social network size have been linked in the literature in numerous

studies. Within younger samples the relationship between these variables appears to be

reliably positive, whereas the evidence from studies with older adults has produced varied

results. The results from the current research points to a similarly positive relationship

between extraversion and social network size in older adults as has been found in younger

samples. The conflicting findings from previous research with older adults may be due to

differences between research samples. Firstly, the sample size in this research is somewhat

larger than many prior studies. For example, Iveniuk’s (Iveniuk, 2019) research, found only a

weak tie between extraversion and social network size in a sample of 2,261 participants,

which is approximately half the sample size of the cross-sectional analysis in the present

study. Secondly, studies with older adults suffer from a lack of classification of ‘later life’,

there is no absolute or agreed age at which someone enters ‘later life’ or is classed as an

‘older adult’. In the present study research the youngest participants were 50 years old,
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whereas in other studies different age limits are set (e.g. youngest age was 62 in (Iveniuk,

2019)).

The finding of this research that more extraverted or agreeable individuals have larger

social networks is somewhat intuitive. Both extraversion and agreeableness are described by

traits linked to social interaction or behaviours. Extraverts are often characterised as being

outgoing, thriving in groups and enjoying the attention of others among other more proximal

characteristics such as being enthusiastic or lively (McCrae & John, 1992). Extraverts are

also more likely to engage in networking behaviours such as socializing or maintaining

contacts (Forret & Dougherty, 2001) and may be more likely to develop new friendships or

seek new connections (Asendorpf & Wilpers, 1998; Selden & Goodie, 2018).  This is

supported by the findings in this study that extraversion had a greater impact on friendship

compared to family network size. Agreeable individuals are often described as being warm,

friendly, and kind. Some researchers propose that agreeableness can be understood in terms

of motivation to maintain smooth social relationships and is strongly related to social

behaviours such as helping behaviour, conflict resolution and cooperation (Tobin & Gadke,

2015).  Research indicates that whilst extraversion appears to be a driver of relationship

formation, agreeableness may be the trait that is pivotal for the maintenance (rather than the

establishment) of relationships (Harris & Vazire, 2016a).

Age was a significant predictor of social network size, and for friend network size.

Age had a non-linear relationship with both social network size and friend network size,

suggesting that for friendship ties, at least, there could be a period of both growth and

reduction of ties in this age group. In this study, individuals with the greatest social network

size were those of approximately 65-75 years of age. The average age of retirement in the UK

is 63.9 for women and 65.1 for men (DWP, 2018), therefore, the findings of this research

could be indicative of a network size growth spurt in the years following retirement from
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additional friendship ties. This is contrary to previous studies which have found retirement

does not relate to changes in overall social network size (Fletcher, 2014; Van Tilburg, 1998).

Although, the current study investigates the size of one’s close social network rather than a

global network size (which is more likely to include workplace acquaintances). Therefore, it

is possible that the larger network sizes found in this sample around retirement age is related

to having more time to invest in close relationships.

Lifespan studies report vastly different accounts of the direction and size of the

network size change over time, some studies suggest network size gradually decreases in later

life, others claim overall network size does not change or may actually increase in later life

(Cornwell et al., 2014; Van Tilburg, 1998; Wrzus et al., 2013). Our findings suggest that

network sizes remain largely stable over time: the mean social, friend, and family network

size change was close to zero. There was not strong support for a relationship between

socio-communicative traits and network size change. The addition of socio-communicative

traits to the models did not improve the models of network size change. Though it should be

noted that the covariates were also not strong predictors of network size change. This is

somewhat surprising as previous longitudinal research has found demographic variables such

as gender and health to be significant predictors of network size change (English &

Carstensen, 2014).  Of the covariates, age at baseline had a significant relationship with

friend network size change; those who were older at baseline were more likely to have had

their friend network size decline by the final wave. However, this was not the case for family

network size change or social network size change.

There could be a few reasons why we do not see any influence of

socio-communicative traits on social network size change. Firstly, in the ELSA, self-reported

traits that formed our measures of personality and verbal communication were only collected

at wave 5. Consequently, this study cannot look at the time-varying effects of these traits,
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which could be particularly important as extraversion and verbal communication decrease

with age. For example, poor health in old age is related to changes in personality traits,

including decreases in agreeableness and extraversion (Kornadt et al., 2018). It is also the

case that the relationship between maintenance behaviours, such as time spent with friends,

and extraversion becomes less significant in later life (Wrzus et al., 2016). Therefore, the

positive impact of extraversion on social network size at a fixed time point may not translate

into an association with network size change. Secondly, it is possible that the positive

influence of extraversion and agreeableness on network size are counteracted by other

individual differences or contextual events. For example, the Differential Investment in

Resources Model proposes that individual changes in capacity and motivation may alter the

amount of time and energy one may invest into social ties (Fiori et al., 2020). Furthermore,

extrinsic reasons for network size change cannot be identified in this research, events such as

the death of close friend or family member will result in a change in network size, but that

variation has not been captured.

Communication, in its many forms, is vital for social interaction. Evolutionary theory

proposes that communicative ability may be strongly connected to the number and quality of

potential relationships, in that species with superior socio-cognitive skills are capable of

maintaining more social connections (Dunbar, 1998). Within humans, research on the

relationship between communication and social network size has been limited predominantly

to research in clinical populations - with diverse communicative deficiencies. Quite

consistently this research has highlighted that those individuals with communicative disorders

are at risk of having smaller social networks (Palmer et al., 2016). This research attempted to

study communicative ability in a typical (non-clinical) population of older adults. In this

research this variable had a weak association with social, friend, and family network size.

While this does suggest that talkativeness is not as important to social network size as
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extraversion and agreeableness, there are some measurement issues that could influence this

result. In this study verbal communication was derived from a single item in the ELSA

dataset-self-reported ‘talkativeness’, which implies both ability and preference to

communicate. In an online concurrent validity study, we found that this measure had a

moderate-strong correlation with communication competence, but only a small association

with communicative preference. Which suggests that verbal communication may be more

analogous to self-assessed communicative ability and does not capture the individual

differences in trait communicative preference. Perhaps preference to communicate with

others is more important than communicative ability to the formation and maintenance of

social relationships, which could explain why we have found only a weak relationship

between verbal communication and social network size here. Future work could address the

question of whether communicative preference relates to social network size or the outcomes

of social interactions.

A limitation of this study is that we consider only the inner layers of an individual’s

social network- the support clique and the sympathy group.  The size of one’s outer network,

formed of weaker ties, can also impact wellbeing, and reported happiness.  A greater number

of interactions with weak ties can positively impact happiness and sense of belonging

(Sandstrom & Dunn, 2014). As can having a larger number of weak ties; researchers have

found that having more weak ties present in a social network can positively influence

emotional wellbeing over time in older adults (Huxhold et al., 2020). Extraversion has been

shown to relate to having a larger number of weak ties in the outer layer of the network in

adult samples (Pollet et al., 2011).  Therefore, socio-communicative traits may well be

consequential to size of the outer layers of older adults’ social network, but this could not be

addressed in this study.
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This study, like many household panel surveys, is limited by the reliance on

self-reported data. Most ELSA data is collected via Computer Assisted Personal Interviewing

(CAPI), where an interviewer verbally asks the survey questions and records the responses,

allowing for the inclusion of participants who may be unable or uncomfortable using a

computer. While the interviewer ensures ease for the participants and inclusivity, the presence

of an interviewer may reduce the sense of anonymity, which may affect some responses.

Further, the ELSA has not used standardised measures to assess personality traits and verbal

communication, these are derived from traits responses taken at wave 5. Consequently, it is

difficult to generalise to studies that use other methods of quantifying these traits. There are

also limitations of using single item and two item measures. The internal consistency of the

Extraversion and Agreeableness measures in this study were acceptable, but the Verbal

Communication measure consisted of a single item. The value of the research would be

improved by using previously validated measures with a wealth of reliability information. A

future body of research by this research team will utilise varied measures and techniques to

investigate the link between socio-communicative traits and social network size.

Conclusion

Network size has been found to be a protective factor in health, wellbeing, and

cognition. It is vital, therefore, to understand the factors that predict network size. In this

study, we found that extraversion and agreeableness predict older adults’ social network

sizes, overall, and at the family and friend network level. Supporting the evolutionary theory

that socio-communicative abilities may be associated with larger social networks. However,

socio-communicative traits were not protective against network size change. This study

illustrates the importance of considering individual differences in social network research.
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Chapter 3: Personality characteristics are associated with social

network size in older adults

Abstract

Despite widespread evidence that social network size is associated with various life

outcomes, the individual characteristics associated with the formation and maintenance of

social ties and why some individuals have larger social networks than others, are not well

understood. In this online survey, the relationship between social network size and individual

differences in personality, stress and expressive traits were investigated in a sample of older

adults (n =180) in the UK and US. Multiple regression analyses revealed that extraversion

and agreeableness were associated with having a larger social network, whereas openness

was associated with having a smaller social network. Observed facial expressivity and

self-reported expressivity had weak (non-significant) relationships with social network size,

and one another. Recommendations for future approaches to studying human expressivity and

how this may impact formation and maintenance of relationships are discussed.
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Introduction

Social network characteristics are important predictors of physical and mental health

outcomes. Smaller social network size has been implicated as a predictor of early mortality,

where the effect of network size is comparable to or even greater than more proximal health

behaviours such as smoking cessation, alcohol abstinence and being overweight

(Holt-Lunstad et al., 2010). Smaller social network size is also a risk factor for mental health

disorders such as anxiety and depression (Domènech-Abella et al., 2019). In healthy

individuals, social network size has also been found to be associated with greater quality of

life, wellbeing and happiness (Chan & Lee, 2006; Rafnsson et al., 2015). The social buffering

hypothesis, where network members act as stress diffusers through both practical and

psychological support, provides a potential explanation for why social network size relates to

life outcomes in this way (Cohen & Wills, 1985). Practically, network members may offer

instrumental support in the form of resources, financial aid and help with tasks.

Psychologically, members may offer emotional support, advice, and companionship. Many

studies have provided support for the social buffering hypothesis. For example, perceived

social support has been associated with reduced activation of the automatic nervous system,

and social network integration has been linked to immune system functioning (Ditzen &

Heinrichs, 2014; Ford et al., 2006).  Likewise, in lab-based experiments, the presence of, or

social support from, an affiliate during exposure to an acute stressor reduces biological stress

responses in both animals and humans (Kiyokawa et al., 2018; Roberts et al., 2015). The

buffering hypothesis may explain why individuals with larger social networks have superior

health outcomes - they possess a larger number of network ties to call upon to enact social

support in times of psychological stress.

Human social networks have an upper limit of approximately 150 members, and

consist of hierarchical groups based on closeness to the focal individual (Hill & Dunbar,
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2003; Zhou et al., 2005). The two innermost layers belong to the support clique and the

sympathy group. The support clique is made up of those closest to the individual- those who

would be called upon in times of distress. Above this layer is the sympathy group, consisting

of the principle circle of friends, and can be defined as those who would be deeply affected

by the death of the focal individual (Buys & Larson, 1979). At the support clique layer there

are approximately 3-5 members and at the sympathy group there are approximately 9-15

members (Zhou et al., 2005). While studies have consistently found this pattern in the size of

social network layers, there is considerable individual variation in social network sizes. In

one study, for example, support cliques consisted of anywhere between 0 and 14 individuals

(Dunbar & Spoors, 1995).

Evolutionary theories addressing species level differences in social network size

might also be useful to understand the individual level differences within species. The social

brain hypothesis argues that the ability to operate within larger more complex social groups is

facilitated by superior social abilities which are afforded by having a larger brain (Dunbar,

1998). Among primates, brain size (relative to body size) correlates with indicators of social

complexity, such as social group size- primates with larger relative neocortices tend to have

larger social group sizes (Dunbar, 1992; Dunbar & Shultz, 2007). Likewise, on an individual

level, social network size has been found to correlate with amygdala volume in adult humans;

even across a broad age range of 19-83 years (Bickart et al., 2011). Social network size has

also been associated with cognitive abilities important for social living such as mentalising

and memory capacity (Dunbar, 2012).

In an extension of the social brain hypothesis, researchers have also begun to study

the relationships between social group size and individual traits such as empathy and

personality, with some evidence for an association between social group size and each of

these factors (Kardos et al., 2017; Pollet et al., 2011). However, research on the link between
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social network size and personality traits (with a particular focus on extraversion) has

produced inconsistent results (Malcolm et al., 2021). There may also be differences between

the different layers of the social network: in a previous study extraversion and openness to

experience related to the size of one’s support clique, but not to their sympathy group size

(Molho et al., 2016). The lack of clear evidence for the personality-social network size

relationship is even more apparent in studies sampling diverse or older populations. In a

study with a sample aged 20-57, researchers found that once age was accounted for in the

analysis, extraversion was no longer related to social network size, calling into question the

relationship found between these variables in younger samples (Roberts et al., 2008). In some

senior samples, social network size has been shown to be unrelated or only weakly associated

with traits such as extraversion (Iveniuk, 2019; Schutter et al., 2019). However, a recent study

by the present authors found that socio-communicative traits such as extraversion and

agreeableness were better predictors of social network size in older adults than more

fundamental individual differences such as age and gender (Rollings et al., 2022).

Aside from personality and empathy, there are other socio-communicative capabilities

that may be important for social network sizes. It has been argued that facial communication

(along with other communicative skills) may have co-evolved with brain development and

thus may also correlate with social group size (Dobson, 2009; Sherwood et al., 2005).

Particular brain regions such as the facial motor nuclei (a collection of neurons in the

brainstem involved in the control of facial muscles), are more developed in primate species

that have larger social groups (Dobson & Sherwood, 2011; Sherwood et al., 2005). The

development of the facial motor nuclei, and the subsequent increased ability for facial

control, could have been driven by the demands of living in complex groups with numerous

social relationships (Parr et al., 2005). Further evidence from non-human primate research

has demonstrated that facial mobility, in the form of the number of distinct facial movements
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and facial motor control, is positively associated with both social group size and relative

neocortex size (Dobson, 2009, 2012).  In humans, certain conditions that affect one’s facial

expression production can inhibit social interactions with others. For example, people with

peripheral facial palsy - a condition that impacts facial muscle control - report trepidation

towards social interactions; possibly due to difficulty with producing and recognising facial

expressions (Cuenca-Martínez et al., 2020).

Social network size increases during early adulthood but then declines in older

adulthood (Wrzus et al., 2013), making older adults at particular risk of the problems

associated with smaller social networks. Prevalence rate estimates of social isolation,

characterised by a lack of social contact with social ties, differs across countries, but can be

as high as 29% of the older population in Western countries (Cudjoe et al., 2020; Smith &

Hirdes, 2009). Social support, and the possible stress buffering benefits, from these networks

may be even more important for older adults as they are more likely to experience stressors

such as bereavement and physical health concerns (Hughes et al., 1988). Our previous

research with older adults investigated individual differences and social network size using

data from the English Longitudinal Study of Ageing (Oldfield et al., 2020); our results

highlighted the importance of personality to social network size in this age group (Rollings et

al., 2022). However, our previous study was based on approximate measures of social

network size and personality, so, to improve and extend this research, in the present study we

will use standardised measures of social network size and personality, as well as consider

other individual differences in social communication.

We argue here that socio-communicative traits are important for social interaction and

thus are likely to play a role in relationship formation and maintenance. Therefore, the

present study investigated whether personality, facial expressivity and psychological stress

predicted social network sizes in older adults. An online survey was conducted with adults
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aged 50+, in both the US and UK, requiring participants to answer psychometric

questionnaires and upload a video greeting for facial expression analysis. We investigated

two types of social network size - overall social network size, and close social network size,

which are similar to the two innermost social network layers - the support clique and the

sympathy group.  We hypothesised that psychological stress and socio-communicative traits

would predict social network sizes. We expected that there would be positive relationships

between higher extraversion, agreeableness, conscientiousness, emotional stability, and

openness to experience and social network sizes. Additionally, we hypothesised that social

network sizes would relate positively with expressivity, both self-reported and observed from

facial behaviour. Finally, in line with the social buffering hypothesis, we expected that

perceived psychological stress, would have a negative relationship with both overall and

close social network sizes. As this study was conducted during the coronavirus (COVID-19)

outbreak in 2020, many of the sample population were living under national lockdown rules

and restrictions. These restrictions included limiting face-to-face social contact with people

outside of the home, which may be particularly detrimental to older adults who are already at

greater risk of social isolation. This period of social disruption is expected to have a

significant toll on mental health and wellbeing (Hotopf et al., 2020); therefore, this study also

examined how social network size and other individual differences impact wellbeing during

social isolation.

Methods

Participants

181 participants (52% male) were recruited via Prolific, an online platform for the

recruitment and payment of survey volunteers. Conditions were applied in Prolific so that the

survey was only advertised to a specific group of participants. The conditions applied in this

research were that the participant be aged 50+, fluent in English, currently living in the
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United Kingdom or the United States and be willing to share a video for the purpose of the

research. Once the survey was live, survey participants were accepted on a first come first

served basis. Survey places were released periodically over a two-day period (in May 2020)

to ensure both UK and US participants could participate.

135 participants were included in the social network size analyses. After initial video

review, 137 out of 181 participants were found to have produced an eligible video for facial

analyses. A further 2 participants were identified as statistical outliers and excluded from this

analysis (more details are provided in the data analysis section). 149 participants were

included in the COVID-19 analyses; the 32 participants who were not in lockdown at the

time of data collection were excluded from this analysis.

Materials

Overall Social Network Size

In the present study overall social network size was determined using the Social

Network Index (SNI: Cohen et al., 1997). The SNI examines participants’ participation in 12

different social relationships - partners, children, parents, parents-in-law, close family

members, friends, colleagues, classmates, fellow volunteers, religious group affiliates and

fellow group members (e.g., social, recreational, political groups). Usually, social network

size is assessed by asking how many members of each of these 12 relationships types the

participants had contact with - either in person or on the phone - in the last two weeks.

However, as this study was conducted during the coronavirus outbreak many people were

socially isolating or social distancing, so, in the present study we asked participants to

respond to each question based on a normal two-week period. In this study SNI item 12a

(number of social group contacts) was capped at 7 to correspond with the other 11 questions

on number of contacts. A more detailed description of this measure, including how it also can

be used to assess social network diversity and the number of embedded social networks is
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available elsewhere (Cohen et al., 1997). The SNI has good test-retest reliability (ICC = 0.70)

and scores from the SNI correlate well with other social network measures (Ruan et al., 2008;

Simmons & Lehmann, 2013). The SNI has been used in many fields, for example, it has been

used to demonstrate the relationship between social network characteristics and common

colds, PTSD and amygdala volume (Cohen et al., 1997; Platt et al., 2014; Bickart et al.,

2011).

Close Social Network Size

We calculated a close social network size using responses to items 1, 2a, 3a, 4a, 5a

and 6a on the SNI (Cohen et al., 1997). This inner network size was based on whether the

participant was in a relationship, how many of their children, parents, parents-in-law, other

relatives, and friends they spoke to in the last two weeks.

Personality

We used the Ten-Item-Personality-Inventory (TIPI: Gosling et al., 2003) to assess the

Big Five Personality traits - Extraversion, Agreeableness, Conscientiousness, Emotional

Stability and Openness to Experience. The TIPI asks participants to indicate on a 7-point

Likert-scale response, ranging from ‘Disagree Strongly’ to ‘Agree Strongly’, how much they

agree they are alike to pairs of descriptive words. Each of these descriptive word pairs

correspond to one of five personality traits measured with this tool. Each personality trait is

measured with two-word pairs. For example, the word pairs ‘Critical, quarrelsome’ (reverse

scored) and ‘Sympathetic, warm’ correspond with the personality trait agreeableness. The

score for each of the word pairs are then averaged to give a score per trait- resulting in a

minimum score of 1 and maximum score of 7 per trait. As the TIPI measures each trait with

only two responses the internal consistency is lower than other measures in this study and

other measures of personality (α = 68, .40, .50, .73, and .45 extraversion, agreeableness,

conscientiousness, emotional stability, and openness to experience respectively). However,
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the TIPI has good test-retest reliability, (r = .72) and has been shown to have solid construct

validity when compared to other measures of personality, such as the Big-Five Inventory

(BFI: Gosling et al., 2003). To minimise survey fatigue, the researchers in the present study

chose this measure both for its time value, as well as its validity and reliability. In this study,

the agreeableness and openness subscales of the TIPI had low internal reliability (α = 0.51)

and (α = 0.54), whereas the subscales for conscientiousness (α = 0.67), emotional stability (α

= 0.78), and extraversion (α = 0.79) had acceptable to good internal reliability.

Psychological Stress

The Perceived Stress Scale (PSS-10:Cohen & Williamson, 1988) is a ten-item

questionnaire designed to assess the respondents perceived stress in the past month. The

questions begin with a reminder of the timeframe and are phrased to investigate how often a

person has felt a particular way, e.g. ‘In the last month, how often have you felt nervous and

“stressed”?’. Each question requires a Likert-style response on a 5-point scale (0-4) ranging

from ‘Never’ to ‘Very Often’. Of the three versions of the PSS (3-item, 10-item, and

14-item), the 10-item scale has the best psychometric properties. The PSS-10 has good

internal consistency (α = .78) and acceptable concurrent criterion validity with reported stress

experienced during an average week (r = .39) (Cohen & Williamson, 1988). The PSS is one

of the most popular tools for measuring psychological stress and has been utilised in medical,

psychological, and social research, this tool has also been validated for research with older

adults (Ezzati et al., 2014). In the present study the PSS had excellent internal reliability

(0.91).

Expressivity

Self-report

The Berkeley Expressivity Questionnaire (BEQ: Gross & John, 1997) was used to

measure participants self-evaluated expressivity. The BEQ assess individuals’ perception of
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how likely they are to partake in expressive behaviours in different common situations.

Participants are asked to indicate their agreement with statements such as “I laugh out loud

when someone tells me a joke that I think is funny”, on a 7-point Likert scale from ‘Disagree

Strongly’ to ‘Agree Strongly’. The BEQ can be scored as a whole or as three separate facets

of emotional expressivity: negative expressivity, positive expressivity, and impulse strength.

In the case of this study, authors were interested in overall expressivity, therefore the total

expressivity score from the BEQ was used in analysis. The BEQ has very good internal

consistency (α = 0.86 for total expressivity score) and has demonstrated convergent validity

through a moderate to strong correlation (r = .58) between self- and peer rated BEQ scores,

and a strong correlation (r = .78) with an alternative measure of emotional expressivity

(Emotional Expressivity Scale; Kring et al., 1994). BEQ scores have also has been shown to

be correlated with expressive behaviour while watching amusing and sad films (Gross &

John, 1997). In the present study the BEQ had good-very good internal reliability (α = 0.87).

FACS

The second measure of expressivity was gathered from observed facial behaviours

coded from participants’ video clips. Participants were asked to upload a video of themselves

acting out a greeting- they were instructed to act in a manner akin to greeting a friend. Facial

behaviour in these videos was assessed using an objective tool for analysing facial behaviour,

the Facial Action Coding System (FACS; Ekman et al., 2002). FACS coding was performed

in BORIS behavioural observation software, which allows frame by frame and slow-motion

observation (Friard & Gamba, 2016). In this study, all action units (AU’s) and action

descriptors (AD’s) in the FACS ethogram could be coded, excepting eye movements (AU’s

41-46 and 61-69). The researchers decided to exclude these action units due to an inability to

distinguish whether eye movement was relevant to the performed greeting or was due to the

individual’s attention on camera setup and operation. As specified in the FACS manual,

72



action units- but not action descriptors- were coded for intensity on a scale of A-E,

representing trace, slight, marked or pronounced, severe or extreme and maximum intensities.

174 participants successfully uploaded facial videos. Of these, 37 videos were deemed

to be of poor quality, or the speech task was performed incorrectly, this resulted in 137

eligible videos. All eligible videos were initially coded by the first author, 5% (7 videos) were

then coded by a second coder. Both coders hold FACS coding accreditation from the Eckman

foundation. To determine inter-rater reliability, we applied Wexler’s ratio to this subset of

coded videos. Wexler’s ratio is used to assess competency on the FACS certification test, for

which an agreement of 0.70 indicates competency, and has been commonly used as a measure

of reliability for FACS data (Ekman et al., 2002; Wathan et al., 2015). Wexler’s ratio is

calculated by multiplying the number of AU’s both coders identified by 2, then dividing this

by the total number of AU’s scored by both coders. An agreement ratio was calculated per

video, then an average was taken across all dual coded videos. The overall agreement was

0.77, demonstrating good reliability across coders.

After coding, action units were converted into AU frequencies- the number of times

any action unit was carried out during the greeting- and mean AU intensity (for intensity

scored AU’s). Mean AU intensity was then multiplied by AU frequency to give an overall

expressivity score which gathers frequency and intensity information into a single score per

participant. This expressivity score was then used in the analysis.

COVID-19 questions

As this survey was distributed in May 2020 the researchers deemed it relevant and

necessary to ask participants questions concerning the social and wellbeing outcomes of

COVID-19 and the associated national lockdowns in both the UK and the US. In the UK

lockdown measures were implemented on the 23rd of March 2020 and continued past the end
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of this study’s data collection period. In the US, individual states imposed lockdown

measures on different dates throughout March and April 2020 with differing durations,

following the US government “Stay-at-home” advisory on the 16th of March 2020 (Lin et al.,

2020). Participants were asked about the frequency of their current social contact and whether

they were currently in lockdown. Those who were, were also asked who they were living

with and whether lockdown had impacted their wellbeing. Impact on wellbeing was

measured on a 7-point Likert-style scale ranging from very negatively to very positively- this

was treated as numeric data in the analysis.

Procedure

After electing to take part in the survey, participants followed a link through to the

online survey, hosted on SurveyGizmo. Participants were first presented with instructions and

asked to indicate their informed consent with tick boxes. At this point participants were asked

to indicate whether they were happy for their ‘greeting’ videos to be used for future research

or not. Next, participants were presented with detailed instructions on how to complete and

upload the video task, they were also reminded that if they did not want to complete this task,

they could exit the survey at any time. Participants then completed the TIPI, the PSS, the

BEQ, the SNI, demographics questions and finally questions about their social interactions

and wellbeing during the coronavirus (COVID-19) outbreak. On the final screen participants

were presented with debrief information regarding the survey research questions, contact

details of the researcher, the university complaints department and information on how to

receive compensation on Prolific.

Data analysis

All data cleaning and analysis was performed in R statistics software [R version 3.6.3,

R Studio version 1.2.1335] (R Core Team, 2021). Linear regression models were computed

with the dependent variables overall social network size and close social network size. For

74



each analysis, a null model composed of the control variables gender, age and country of

residence was compared to a full model which included the control variables plus the

variables of interest – psychological stress, personality traits, self-reported expressivity and

observed facial expressivity. An exploratory model was created to study the impact of

individual differences on perceived impact on wellbeing during COVID-19 related national

lockdowns in the US and UK.  The model consisted of gender, age, country of residence,

psychological stress, overall social network size, close social network size, household status

(living with others or alone) and whether the individual has socialised more, less or the same

amount during the lockdown.

Based on Cook’s distance calculations, difference in fits (DFFITS) and observation of

studentized residuals, two influential data points were identified and subsequently removed as

outliers. A binary logistic regression with inclusion/exclusion from analysis as the dependent

variable indicated that none of the variables had a significant relationship with

inclusion/exclusion. More details on outlier exclusion and sample comparison can be found

in the supplementary materials (Appendix B).

Observations of diagnostic plots indicated a normal distribution of residuals for both

full models. VIF calculations also indicated a lack of multicollinearity as all VIF values were

below 2.5, which is deemed to be a conservative acceptable level (R. Johnston et al., 2018).

Models were compared using the ‘ANOVA’ function in R package ‘car’ (Fox & Weisberg,

2011) which tests for a significant improvement in model fit using a chi-squared test of

difference. Models were also compared based on R2 and Akaike Information Criterion (AIC)

values.
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Results

In the present study, the mean overall social network and close social network sizes

were 13.8 and 6.11. These figures are comparable with the predicted group sizes of 9-15 and

3-5 from the literature (e.g., Zhou et al., 2005), supporting our method of measuring the

support clique and sympathy group using a standardised tool – the SNI.

Total (N=181)

Number/Mean (SD) Median [Min, Max]

Sex Male

Female

94 (52 %)

87 (48 %)

Country UK

US

107 (59 %)

74 (41 %)

Age 57.7 (6.98) 56 [50, 87]

Overall Social Network Size 13.8 (8.55) 13. [0, 45]

Close Social Network Size 6.11 (3.70) 6 [0, 20]

BEQ Expressivity 4.44 (0.94) 4.44 [2.38, 6.56]

Psychological stress 15.1 (7.39) 14 [0, 33]

Agreeableness 5.31 (1.26) 5.50 [1.50, 7.00]

Extraversion 4.02 (1.70) 4.00 [1.00, 7.00]

Openness 5.01 (1.31) 5.00 [1.50, 7.00]

Emotional Stability 4.96 (1.49) 5.00 [1.50, 7.00]

Conscientiousness 5.44 (1.31) 6.00 [2.00, 7.00]

Inclusion in video analysis Included

Excluded

137 (76%)

44 (24%)

FACS expressivity N (137) 11.6 (7.03) 11.0 [1.00, 33.0]

Table 3.1
Sample Characteristics
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Figure 3.1
Correlation matrix of dependent and independent variables in the analysis sample (N=135).

Extraversion, agreeableness, and emotional stability had small-moderate correlations

with overall social network size and close social network size. FACS expressivity did not

have meaningful correlations with any of the variables in this study. Interestingly, this

included the score from the Berkeley Expressivity Scale (BEQ) - the relationship between

FACS expressivity and BEQ measured expressivity in this study was not significant (r (135)

= -.11, p = .218). Our results do not support those found by the creators of the BEQ, who

found that BEQ scores to correlated with expressive responses to emotive film clips (Gross &

John, 1997)- although this original study did not use FACS to analyse the expression videos

and the expressivity tasks were different.
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Overall Social Network Size

DV= Overall Social Network Size

 Null Model Full Model

Predictors
b (CI-levels) SE B β p b (CI-levels) SE B β p

Age 0.15
(-0.05– 0.34)

0.10 0.13 0.14 0.16
(-0.02 – 0.35)

0.09 0.15 0.08

Sex 1.61
(-1.01 – 4.23)

1.33 0.21 0.23 1.11
(-1.39 – 3.60)

1.26 0.15 0.38

Country -0.81
(-3.51 – 1.88)

1.36 -0.11 0.55 -0.26
(-2.82 – 2.31)

1.30 -0.03 0.84

Stress -0.01
(-0.24 – 0.23)

0.12 -0.01 0.95

BEQ expressivity 0.61
(-0.94 – 2.17)

0.78 0.08 0.44

FACS expressivity 0.09
(-0.09 – 0.27)

0.09 0.08 0.34

Extraversion 0.97
(0.17 – 1.76)

0.40 0.21 0.02*

Agreeableness 1.12
(0.06 – 2.18)

0.53 0.19 0.04*

Openness -1.18
(-2.20 – -0.15)

0.52 -0.20 0.03*

Conscientiousness 0.80
(-0.26– 1.85)

0.53 0.13 0.14

Emotional
stability

0.56
(-0.72 – 1.84)

0.65 0.11 0.40

Observations 135 135

R2 / R2 adjusted 0.025 / 0.003 0.201 / 0.129

AIC 937.860 927.070
Table 3.2
Multiple linear regression results for the overall social network size null and full

models

Note. b = beta estimates, SE B = standard error, CI-levels = confidence intervals, β =
Standardised beta estimates. Significant p values are in bold.
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Socio-communicative traits appear to be important predictors of overall social

network size. The addition of socio-communicative traits and psychological stress improved

model fit beyond the null model, χ² (8) = 3.37, p <.01. AIC values were lower for the full

model in comparison to the null model (AIC = 927; AIC = 938), indicating better fit of the

full model. The full model accounted for 13% of the variance between individuals in this

sample, whilst the null model accounted for less than 1%. This suggests that the addition of

personality, expressivity and stress variables greatly improved the explanatory power of the

model, implying that demographic variables such as age, gender and country of residence are

not as important to overall social network size as individual differences in

socio-communicative traits.

Table 3.2 illustrates that extraversion, agreeableness and openness were significant

predictors of and had the greatest effect on overall social network size. As can be seen in

Figure 2, extraversion and agreeableness had a positive relationship, whilst openness had a

negative relationship with overall network size. None of the other variables, including

self-reported expressivity, observed expressivity nor psychological stress, had a significant

relationship with network size. Considering the effect sizes, age and gender follow closely

behind the significant personality variables in the model; each with a standardised beta

coefficient of 0.15. This is then followed by the remaining personality variables –

conscientiousness and emotional stability- and then the expressivity variables – BEQ and

FACS. Whilst these variables were not significantly associated with network size in the

model, they did have a small positive effect on overall social network size.
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Figure 3.2
Predicted overall social network size values based on agreeableness, extraversion, and
openness scores with predicted 95%  confidence intervals
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Close Social Network Size

DV= Close Social Network Size

 Null Model Full Model

Predictors b (CI-levels) SE B β p b (CI-levels) SE B β p

Age -0.005

(-0.10 – 0.09)

0.05 -0.01 0.92 -0.01

(-0.10 – 0.08)

0.05 -0.02 0.84

Sex 0.61

(-0.68 – 1.91)

0.65 0.16 0.35 0.38

(-0.85 – 1.62)

0.62 0.10 0.54

Country -0.43

(-1.75 – 0.90)

0.67 -0.11 0.53 -0.23

(-1.51 – 1.04)

0.64 -0.06 0.72

Stress 0.02

(-0.10 – 0.13)

0.06 0.03 0.80

BEQ expressivity 0.31

(-0.46 – 1.08)

0.39 0.08 0.42

FACS expressivity -0.001

(-0.09 – 0.09)

0.04 -0.002 0.98

Extraversion 0.43
(0.03 – 0.82)

0.20 0.19 0.03*

Agreeableness 0.62
(0.09 – 1.14)

0.26 0.21 0.02*

Openness -0.36

(-0.87 – 0.15)

0.26 -0.13 0.16

Conscientiousness 0.004

(-0.52 – 0.53)

0.26 0.002 0.99

Emotional
stability

0.57

(-0.06 – 1.21)

0.32 0.22 0.08

Observations 135 135

R2 / R2 adjusted 0.010 /- 0.013 0.181 / 0.108

AIC 747.090 737.416
Table 3.3
Multiple linear regression results for the close social network size null and full models
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Note. b = beta estimates, SE B = standard error, CI-levels = confidence intervals, β =
Standardised beta estimates. Significant p values are in bold.

Similarly, to overall social network size, socio-communicative traits, in particular

personality traits, were predictive of close social network size. The addition of

socio-communicative traits and stress improved model fit between the null and full models, χ²

(8) = 3.22, p <.01. AIC values were less for the full model than the null model (AIC = 737;

AIC = 747). As can be seen in Table 3.3, for the prediction of close social network size, the

addition of personality, expressivity and stress variables accounted for approximately 10% of

the variance between individuals – the full model accounted for 11% while the null model

accounted for 1%. In this analysis only extraversion and agreeableness were significant

predictors of close social network size, both had a positive relationship with close network

size. However, it is worth noting, the variable with the largest effect on close social network

size was emotional stability, closely followed by agreeableness and extraversion.

COVID-19 lockdown and wellbeing

Approximately 62% of participants who were in lockdown at the time of the survey

(82% of the total sample), said lockdown had impacted their wellbeing negatively; this is

despite 51% of survey respondents reporting experiencing more social contact than usual.

Correspondingly, model results indicated that frequency of social contact did not predict

impact on wellbeing during lockdown, nor did psychological stress or age of the participant.

There was also no significant difference in the impact lockdown had on wellbeing between

males and females nor between those living in the UK or US (see Appendix B for model

output).

Regression model results indicated that only close social network size and whether an

individual lived alone predicted self-reported impact on wellbeing during lockdown (β = .25,

p <.05; β = .24, p <.01, respectively). However, overall social network size did not predict
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lockdown impact on wellbeing (β = -.16, p = .15, n.s.). Overall, a significant multiple linear

regression model was found (F(8,140) = 2.825, p < .01), with an R2 value of .14 and an

adjusted R2 value of .09. Suggesting that individual differences in living situation and close

social network size were important for impact on wellbeing during the COVID-19 lockdowns

in the UK and US.

Figure. 3.3
Predicted impact on wellbeing based on close social network size
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Discussion

In this study, greater extraversion and agreeableness predicted both overall social

network size and close social network size in older adults in the UK and US, while openness

had a negative relationship only with overall social network size. Controlling for gender, age,

and country of residence, those who were more extraverted and agreeable had larger social

network sizes, whereas those who were more open had a smaller overall social network size.

This study provides support for the extension of the social brain hypothesis (Dunbar, 1998),

by demonstrating that some socio-communicative traits are crucial to understanding why

individuals social network sizes differ considerably. Overall network size and close social

network size in this study are akin to the sympathy group and the support clique. Therefore,

we provide evidence that the personality traits extraversion and agreeableness are important

for the prediction of the size of each of these social network layers in older adults.

Our results support those found in previous research conducted by the present authors:

that extraversion and agreeableness are important predictors of social network size in older

adults (Rollings et al., 2022). However, the results are contrary to some previous studies in

this field, which have found that personality traits are unrelated to older adults’ social

network size or that once age is considered, personality traits no longer predict social network

size (Iveniuk, 2019; Roberts et al., 2008). The results are more comparable, however, to the

literature on younger adults, which has repeatedly, but not entirely consistently, found that the

personality traits extraversion and agreeableness are linked to the social network

characteristics (e.g. Asendorpf & Wilpers, 1998; Harris & Vazire, 2016). Of the big five

personality traits, extraversion and agreeableness are the most pro-social and relevant to

interpersonal relationships; the definitions of these traits are replete with descriptions of

communicative and social characteristics. For example, extraverts are described as

enthusiastic, outgoing, and inclined towards socialising with others and agreeable people are
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described as warm, kind and sympathetic (McCrae & John, 1992). It has been suggested that

these traits may have alternate roles in their impact on social relationships - extraversion has

been linked with the acquisition of new friends and acquaintances, whereas agreeableness has

been implicated in the maintenance of social and romantic relationships (Harris & Vazire,

2016a). The literature on openness and social network size is less abundant and less clear.

However, other studies have found no relationship between or negative associations between

openness and social network sizes (Jensen-Campbell et al., 2002). Theoretical accounts

suggest that more open people may be keen to explore new relationships and may, therefore,

be less motivated or have less time to maintain existing close ties (Wu et al., 2008). This

could mean more open individuals have fewer close social ties and comparatively more

acquaintances and low-contact ties which are external from the sympathy group and support

clique studied here.

At the time of the study the UK and most US states were under lockdown measures,

these included limiting social contact outside the home. The COVID-19 lockdown measures

presented a unique opportunity to explore the impact of social disruption on wellbeing, 62%

of those in lockdown reported that lockdown had had a negative effect on their wellbeing,

compared with 19% who said it had had a positive impact. Undoubtedly other external

factors will also have affected how our participants felt at the time of completing this study.

However, our results indicate that social factors were uniquely important for perceived

impact on wellbeing. Living with others was beneficial to the impact on wellbeing of

individuals in lockdown. This finding is supported by the emerging COVID-19 literature

linking living factors during the pandemic to aspects of wellbeing, such as loneliness and

changes in mental health (Groarke et al., 2020; Robb et al., 2020). Controlling for age,

gender, country of residence and whether the individual lived alone or not, close social

network size was also related to the reported impact lockdown had on wellbeing; those with
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smaller close social networks reported that lockdown measures had a harsher impact on their

wellbeing. Our results did not support the social buffering hypothesis as it is not evident that

the relationship between wellbeing and close social network size was related to psychological

stress. Instead, the results lend support to the main effects model of social support, which

suggest that support from one’s social network promotes positive outcomes irrespective of the

individuals current stress level (Cohen & Wills, 1985). This study highlights the greater risk

to older adults with smaller close social networks or those living alone under COVID-19

restrictions, suggesting these groups should be the target of community and social

interventions.

The demographic variables, age, gender, and country of residence were not

significantly related to either overall or close social network size in this research. This is

intriguing as past research has found robust relationships between social network size and

age, and social network size and gender. While there has been little agreement on whether

age has a positive, negative, or non-linear relationship with social network size, many studies

have found an association between social network size and age (Cornwell et al., 2010;

English & Carstensen, 2014; Rollings et al., 2022; Wrzus et al., 2013). It is worth noting that

the positive effect of age on overall social network size was only marginally smaller than the

personality variables identified as significant predictors, whereas for close social network

size, age was less important. This could potentially be due to the high representation of kin in

the close social network size studied here, as kin networks are less vulnerable to change over

time (Wrzus et al., 2013). Gender, too, has previously been identified as a predictor of social

network size. In younger and older samples, female participants have consistently been

identified as having larger inner and outer social network sizes (English & Carstensen, 2014;

McLaughlin et al., 2010). In this sample, the mean number of social ties in the overall and

close social network was slightly higher for female participants, but not significantly so.
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In this research participants’ facial expressivity and self-reported expressivity had

only a small (non-significant) effect on overall social network size. The two expressivity

variables also did not correlate with one another. There are a few possible explanations for

these results. Firstly, in this study facial expressivity was assessed from short video clips of a

greeting enactment, which is not a perfect imitation of real life. Whilst participants were not

asked to pose a particular expression, the request of a ‘friendly’ greeting will likely have

prompted certain facial behaviours. Thus, arises the issue of posed expressions, which have

been found to be tangibly different from spontaneous expressions. Spontaneous and posed

expressions differ in their neural pathways (left vs. right hemisphere), there are

morphological differences in production and observers find identification of emotion more

difficult from spontaneous than posed expressions (Buck & VanLear, 2002; Motley &

Camden, 1988; Namba et al., 2017). Secondly, the BEQ may not be the most accurate

indicator of actual facial behaviour: people may not be accurate in their self-appraisal of

expressivity, or the BEQ may instead be a better indicator of emotionality or emotional

expression. The BEQ measures expressive behaviour in response to felt emotions. BEQ items

tend to focus on how one’s facial expressions may appear only when emotion is felt, e.g. “It

is difficult for me to hide my fear”, “When I'm happy, my feelings show”, “What I'm feeling

is written all over my face”. Each of these items attribute facial behaviour to emotions felt.

Facial behaviour is more complex, and whilst they can represent felt emotion, expressions

can be inhibited, exaggerated, or even represent the opposite of a person’s felt emotion

(Barrett et al., 2019; Fridlund & Russell, 2006). Thirdly, the task or the coding method could

be too simplistic to evaluate individual expressivity. Facial expressivity is multifaceted and

difficult to define, it may be the case that action unit presence/absence and intensity of action

units is not nuanced enough to capture individual differences in expressivity. Forthcoming
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advances in the handling and analysis of FACS data, for example the use of network analysis

(Mielke et al., 2021), may offer researchers a greater insight into facial behaviour.

A shortcoming of this study was in the instructions on how to capture the video

greeting. More specific guidelines on face position, lighting and angles would be helpful for

participants and would in turn benefit sample size by way of better-quality video

submissions. Advances in video capture integration with survey platforms may alleviate such

issues in the future. It is worth noting that even though the sample ages range from 50 to 87,

the average age is 58, therefore there may be greater representation of younger older adults;

perhaps due to the data collection method via Prolific or the technical proficiency required to

complete the survey. In future work, this research team will utilise varied methods to

investigate the relationship between socio-communicative traits and social network size,

which will also enable the study of facial expressions in more lifelike social scenarios.

Conclusion

The findings of this study support and extend the social brain hypothesis through the

addition of socio-communitive traits to the repertoire of individual differences that contribute

to determining social network size. Here we demonstrated that the personality traits

extraversion, agreeableness, and openness are important predictors of social network size in

older adults, at the support clique and sympathy group levels. Psychological stress and

expressivity were not associated with social network size, however, alternative methods of

studying facial expressivity in the context of social interaction may produce different results.
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Chapter 4: The impact of stress on facial expressions

Abstract

Stress is prevalent in day-to-day life and chronic stress is a major problem in our

modern society. Stress can provoke a multitude of psychological and physiological changes,

including changes in social behaviour. As facial behaviour is an important part of social

communication, it is important to study the impact stress may have on subsequent facial

expression. In the present study (N=64), facial behaviour during an interaction and whilst

posing expressions was recorded both before and after participants undertook either a stress

or control task. The results indicated that stress did not affect overall facial expressivity,

though it did have an effect on smiling behaviour during social interaction. Those who

experienced stress increased their smiling behaviour from pre to post stress task, while those

in the control group decreased their smiling behaviour from pre to post control task. The

subjective assessment of stress was associated with this change in smiling behaviour. Social

network sizes of participants were predicted by extraversion and expressivity impulse

strength – those who were more extraverted and had greater impulse control had larger

network sizes- but social network size was not associated with reactivity to stress.
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Introduction

Feelings of stress and stress-related illnesses are prevalent. National statistics have

revealed that in the past year (2020/21), stress, anxiety or depression accounted for 50% of

the cases of work-related illness (HSE, 2021). In a nationally representative survey in the

UK, 74% of participants reported feeling so stressed they felt overwhelmed or unable to cope

(Mental Health Foundation, 2018). People experience stress at work, at home, and in their

relationships with others. The experience of stress can invoke successive physical and

psychological responses. The stress response has predominantly been described by the

biobehavioural fight-or-flight response, which stipulates that through activation of the

sympathetic nervous system (SNS) and the hypothalamic-pituitary-adrenocortical (HPA) axis,

the organism is readied for either confrontation or to flee from the threat. However, in

humans, the stress response can also lead to changes in social cognition and affiliative

behaviour. The tend-and-befriend hypothesis explains that humans tend to seek out group

membership during times of threat (Baumeister & Leary, 1995; Taylor, 2006). Experimental

research has shown that a variety of prosocial behaviours such as sharing, trustworthiness,

and trusting others can increase following exposure to acute stress (von Dawans et al., 2012).

Furthermore, studies have shown that the degree of stress (which will be unique to the

individual) can impact pro-social behaviour. For example, a study by Berger and colleagues

(2016), found that there was no difference between the stress and control groups for

appraisals of emotional closeness to an interaction partner, but greater increases in cortisol

was associated with a higher rating of closeness felt toward their interaction partner. Overall,

these findings suggest that exposure to acute stress can lead to important subsequent

behavioural changes, and the individual differences in the stress response can be important

for social outcomes.
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The magnitude of the stress response can differ based on individual differences such as

gender, age, and the presence of, or the perception of social support, from an affiliate.

Lab-based studies have found that support from a close friend or even an unknown

confederate can moderate the biological stress response and self-reported feelings of stress

(Heinrichs et al., 2003; Roberts et al., 2015). Although, the experimental setup - where an

affiliate is present during exposure to acute stress - may not be applicable to real life stress

experiences, so, studies have investigated the relationship between stress responses and

participants’ social network characteristics. Researchers have found that measures of real-life

social support (i.e., functional support and quality of social support) are associated with

reduced cardiovascular reactivity in response to acute stressors (Howard et al., 2017;

Nausheen et al., 2009). The findings of these studies provide evidence for the social buffering

hypothesis, which proposes that social network ties act as stress buffers in times of stress,

through practical and psychological support (Cohen & Wills, 1985). The social buffering

hypothesis has been used to explain the strong link between social group characteristics, such

as social network size and the quality of social relationships, and health and wellbeing

outcomes. For example, having a larger social network size has been shown to be related to

decreased risk of mortality, protective against cognitive decline, depression and anxiety

symptoms, and positively associated with happiness (Chan & Lee, 2006; Holt-Lunstad et al.,

2010; Santini et al., 2020; Sörman et al., 2017). To be consistent with the social buffering

hypothesis, which suggests social networks are protective against stress, reactivity to stress

would be expected to be reduced in people who have larger social networks. Given the

formation and maintenance of social ties relies on successful social interactions, it is

important to study the impact stress may have on forms of social communication.

One element of social communication that has been explored in relation to stress is

facial expression perception. Previous studies have found that stress can enhance or decrease
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facial expression recognition ability and that this is largely dependent on the task type or the

emotional expression that is being presented. For example, one study found that accuracy for

the detection of disgust faces decreased, whereas for surprised faces accuracy increased

following stress exposure (Daudelin-Peltier et al., 2017). Another found that following stress

exposure the expression detection rate was better for happy faces, but worse for angry faces

(von Dawans et al., 2020). Others have found that children exposed to acute stress had

increased sensitivity towards fearful facial cues and reduced sensitivity towards angry facial

cues in ambiguous angry-fearful faces (Chen et al., 2014). At present, the evidence available

does not conclusively suggest an overall increase or decrease in one’s capacity for expression

recognition following acute stress (von Dawans et al., 2021). Despite the existence of

evidence of a relationship between stress and subsequent facial expression perception, there

has been little research investigating the relationship between stress and facial expression

production, which is another key part of the communicative interaction.

Facial behaviour in the context of acute or chronic stress has received some attention

in the scientific literature; but of the few existing studies, most focus on the change in facial

behaviour whilst experiencing acute stress, rather than any impact following the stressful

event. For example, there has been interest in the detection of a ‘stress face’, which could be

useful for the detection of stress in certain situations, such as whilst driving or in

high-pressure work environments (Gao et al., 2014; Viegas et al., 2018). Whilst these studies

have found some common facial behaviours during acute stress across individuals, the

researchers warn that facial movements relevant to stress detection are inconsistent and vary

between participants (Viegas et al., 2018). So, scientists have studied the immediate impact of

stress on facial expressions, however, to the authors knowledge, there has been only one

study conducted on the effects of stress on subsequent facial behaviour. Mayo and colleagues

(2019) investigated corrugator muscle (“frowning”) and zygomatic (“smiling”) muscle
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activity at rest compared to when viewing emotional stimuli before and after the participant

had experienced acute stress. They found that stressed male participants demonstrated an

increase in corrugator activity both at rest and in response to all emotional stimuli, whereas

stressed female participants demonstrated reduced corrugator reactivity towards negative

stimuli only. Stress was not found to affect zygomatic muscle activation in either gender. The

findings from this research suggest that stress may alter some subsequent facial expressions,

although the extent of this effect may differ between males and females.

The present study

In the present study (n=64), we induced stress in half the sample using the Socially

Evaluated Cold Pressor Test (SECPT: Schwabe et al., 2008). Both before and after the stress

or control task we recorded participants’ spontaneous facial behaviour during an interaction

with an unknown individual and whilst posing basic facial expressions. We compared

within-subject change in facial expression production and post-condition facial expression

perception between the stress and control groups. We hypothesised that stress would impact

facial expression perception and production, therefore, we expected the performance of

participants in the stress group to differ from those in the control group. Our secondary aim

was to study individual differences that relate to social networks. To investigate the veracity

of the social buffering hypothesis, we studied the relationship between social network size

and reactivity to stress. We also examined individual differences in personality traits,

self-rated expressivity and observed expressivity in relation to social network size.  It was

expected that the individual differences identified in this research- personality traits,

expressivity, and reactivity to stress - would be related to social network size. Specifically, we

hypothesised that the Big-Five personality traits and expressivity would be positively related

to social network size, whereas reactivity to stress would be negatively associated with social

network size.

93



Methods

Participants

64 (25% male) participants took part in this study. Participants were invited to take

part in this research through a university student recruitment portal, university social media

pages, and community groups. Participants were compensated with course credit or voucher

payment of £10. Participants were randomly assigned to either the stress or control group

(nstress = 31, ncontrol = 33).

Procedure

Participants were brought into the lab by a research assistant, then, after signing a

consent form, participants were video recorded as the lead researcher entered the room and

greeted them. Participants were then asked to face the camera and pose six facial expressions

– anger, sadness, fear, happiness, surprise, and disgust in a randomised order. Then,

participants completed a demographics form, and the psychometric questionnaires. Next,

participants were taken to an adjacent lab room, where they were seated alongside the cold

pressor equipment and connected to the electrocardiography (ECG) and electrodermal

activity (EDA) monitors. Participants took part in either the stress or control condition. At the

end of the task participants were again video recorded as a second research assistant entered

the room and greeted them. Participants then completed subjective assessments of their

experience of the stress or control task. Next, participants were brought back to the original

lab, where they again posed the 6 facial expressions whilst facing the video camera in a

randomised order. Finally, participants completed a computer based facial expression

perception task.
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Figure 4.1
Study Design

Stress Induction Task

The Socially Evaluated Cold Pressor Task (SECPT: Schwabe et al., 2008) was used to

induce stress in the experimental group. The SECPT induces stress through both physical

discomfort - the participants’ hand is submerged in ice-cold water - and social discomfort -

the participant is video recorded, and this video is displayed on a TV screen directly in front

of them. During the procedure, the experimenter acts in an evaluative manner, appearing to

scrutinise the participants performance and take notes. This procedure has been used to

induce stress in many experimental studies and has been shown to provoke stress responses

(measured by cortisol levels in saliva) similar to the Trier Social Stress Test and greater than

the Cold Pressor Test (CPT) alone (Schwabe et al., 2008; Schwabe & Schächinger, 2018).

In the stress condition, the immersion cooler was set to 5°C, which was maintained by

a circulating water bath (Grant instruments, TC120 Heated Circulating Bath). Participants sat

alongside the water bath and were asked to submerge their hand up to their wrist, without

moving their hand, nor making a fist. Hand submersion duration was three minutes. However,

participants were not informed of this time frame, instead, they were asked to submerge their

hand for as long as possible or until the experimenter asked them to stop. In the control

condition participants were not recorded, therefore, they did not watch themselves on a
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screen, the experimenter did not act in an evaluative manner and participants were informed

that they were in the control condition and that they were required to submerge their hand in

water set to a comfortable 37°C.  In both the stress and control conditions, electrocardiogram

(ECG) and electrodermal activity (EDA) responses were recorded for 3 minutes prior to hand

submersion, 3 minutes during submersion and 3 minutes post hand submersion.

Stress Measures

Physiological measures

ECG and EDA data were measured for three minutes before, during and after the

stress or control condition. ECG and EDA data were collected using BioPac H160, electrodes

were placed on participants’ hands and forearms as pictured below. EDA refers to the

variation of the electrical conductance of the skin - Skin Conductance Response (SCR).

Analysis of ECG and EDA data was carried out using AcqKnowledge (version 5.0), heart

rate (HR) and EDA data were extracted for each second of data collection. Subsequently,

average HR and EDA for the three minutes before condition, during condition, and after

condition were calculated for each participant.   
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Figure. 4.2
ECG electrode placement (left) and EDA electrode placement (right)

Note. ECG electrodes were placed on both forearms, pictured above (left) is the setup for right-handed
participants. EDA electrodes were placed on one hand only – depending on handedness.

Self-report measures

Participants were asked to provide subjective assessments of how stressful, painful,

unpleasant, and difficult they found the SECPT task on a scale from 0 to 10, with 0

representing ‘Not at all’ and 10 ‘Very much’. These subjective assessments have previously

been used in studies that have induced stress using the SECPT procedure (Schwabe &

Schächinger, 2018).

Facial Expression Perception Task

The facial expression perception task was conducted using OpenSesame software

(version 3.1.6: Mathôt et al., 2012).  Within the custom program, participants were shown

facial stimuli of 10 female and 10 male faces, which had been chosen at random, out of

possible 67 models, from the Radboud Faces Database (Langner et al., 2010). For each of the

20 stimuli subjects, 6 emotion expressions and 1 neutral expression were presented to the

participants, resulting in a total of 140 responses in the expression perception task.

Participants were asked to decide which of the 7 facial expressions (neutral, anger, sad, fear,

happy, disgust, surprise) were present on the screen using keyboard responses; they were
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asked to try to be both accurate and prompt. An accuracy score (maximum possible score of

100%) was calculated based on correct identification of each facial expression.

Video Data and FACS Analysis

Participants were recorded 4 times throughout the experiment: interacting with the

experimenter and research assistant (once before and once after the stress/control condition),

posing the 6 basic facial expressions – anger, fear, sadness, disgust, happiness, and surprise

(both before and after the stress/control condition).

The Facial Action Coding System (FACS: Ekman et al., 2002) allows for objective

measurement of visible facial behaviour. In FACS, the movement of facial muscles are

described by Action Units (AUs), for example, contractions of the zygomatic major muscle

which pulls up the lip corners (smiling) is described as AU12. FACS coding was performed

using an automated facial coding system- the iMotions Facial Expression Analysis (FEA)

software (version 9.0). iMotions software can identify 20 action units (see Appendix B), the

software provides an estimate of how likely it is that an AU is present per frame - in this

study we set the likelihood threshold at 35% to maintain high confidence in the judgement of

present/absent.

The expressivity measures obtained from the FACS data were overall expressivity,

defined as the percentage of frames per video when any AU was present, and expression

diversity, which was measured by the number of distinct unique AU’s active in a video clip.

For the interaction videos, where the participants interacted with novel researchers, we also

measured smiling behaviour - the percentage of frames where AU12 (lip corner puller) was

present per video. We studied AU12 (smiling behaviour) specifically, as this behaviour is

thought to be related to influencing the affiliative behaviour of the interactant (Crivelli &

Fridlund, 2018). Studies have shown that viewing the smiles of others can influence
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subsequent cooperative decisions (Furl et al., 2012; Scharlemann et al., 2001), which is why

it has been hypothesised that smiles are likely to be important for the formation of

cooperative relationships (Mehu & Dunbar, 2008).

We compared pre- and post-condition videos per participant for each video type

(interaction and posed) based on these expressivity measures. We calculated a change score

for overall expressivity, expression diversity, and smiling behaviour by subtracting the

post-condition score from the pre-condition score.

Individual differences questionnaire Data

Expressivity

The Berkeley Expressivity Questionnaire (BEQ: Gross & John, 1997) was used to

measure participants’ self-evaluated expressivity. The BEQ measures how likely participants

are to partake in expressive behaviours in different situations. Participants are asked to

indicate their agreement with statements such as “I laugh out loud when someone tells me a

joke that I think is funny”, on a 7-point Likert style scale from ‘Disagree Strongly’ to ‘Agree

Strongly’. The BEQ can be scored to give an overall expressivity score, or as three sub-traits

of emotional expressivity: negative expressivity, positive expressivity, and impulse strength.

The BEQ has very good internal consistency (α = 0.86 for total expressivity score) and BEQ

scores have been shown to be correlated with expressive facial behaviour while watching

film clips (Gross & John, 1997).

Social Network Size

In the present study social network size was assessed using the Social Network Index

(SNI: Cohen et al., 1997). The SNI examines contact in the past two weeks with 12 types of

social relations - partners, children, parents, parents-in-law, close family members, friends,

colleagues, classmates, fellow volunteers, religious group affiliates and fellow group
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members (e.g., recreational groups). We elected to cap the SNI item 12a (number of social

group contacts) at 7 to correspond with the other 11 questions on the number of contacts,

which due to response phrasing are limited to 7. A more thorough description of this

measure, including how it can be used to study social network diversity and the number of

embedded social networks, is available elsewhere (Cohen et al., 1997).

Personality Traits

We utilised the Ten-Item Personality Inventory (TIPI: Gosling et al., 2003) to measure

the Big Five Personality traits - Extraversion, Agreeableness, Conscientiousness, Emotional

Stability and Openness to Experience. The TIPI asks participants to indicate how alike they

are to a pair of descriptive words on a 7-point Likert-scale response, ranging from ‘Disagree

Strongly’ to ‘Agree Strongly’. Each of the five personality traits are measured with two-word

pairs. For example, the word pairs ‘Reserved, quiet’ (reverse scored) and ‘Extraverted,

enthusiastic’ correspond with the personality trait extraversion. The scores for each of the

word pairs are then averaged to give a score per trait- resulting in a minimum score of 1 and

maximum score of 7 per trait.

Covariates

Originally, the authors had intended to compare the relationship between stress and

facial expression production and perception between age groups (18-30 and 50+). As there

were fewer participants in the older age group, which would have resulted in very unequal

group sizes, age group was included as a covariate. Previous literature indicates that social

behaviour following acute stress may differ between sexes (e.g., Mayo & Heilig, 2019;

Taylor, 2006), therefore gender was included as a covariate.

Statistical Analysis

100



Statistical analyses and data preparation were performed in R (version 4.1.0: R Core

Team, 2021). Regression analyses were performed using the package ‘lme4’ (Bates et al.,

2015). Model comparison was based on assessment of AIC, R2 values, and significant

improvement in model fit based on a chi-squared test of difference using the ‘ANOVA’

function in R package ‘car’ (Fox & Weisberg, 2011).

Model diagnostics were performed using formal testing in R, as well as visual

inspection of residual plots. Linear models were checked for normality, linearity, and

homogeneity of residuals, as well as multi-collinearity of predictors. We observed

approximately normal distributions of model residuals in diagnostic plots. Models

considering multiple measures of expressivity as predictors suffered from collinearity, so we

removed predictor variables (for example, expressivity during posed expressions was

removed and expressivity during interactions was kept) to satisfy this assumption. Where

heteroscedasticity was detected, we used robust regression analysis tools from the r package

‘Sandwich’ (Zeileis et al., 2020).
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Results

The control group and the stress group did not significantly differ in age, sex,

personality traits or expressivity traits.

Table 4.1
Control
(n=33)

Stress
(n=31)

Overall
(n=64)

Social network size 14.7 (5.08) 16.2 (6.57) 15.4 (5.85)
14.0 [8.00, 27.0] 15.0 [4.00, 30.0] 14.0 [4.00, 30.0]

Sex Female 22 (66.7%) 26 (83.9%) 48 (75.0%)
Male 11 (33.3%) 5 (16.1%) 16 (25.0%)

Age 33.5 (21.1) 32.0 (20.1) 32.8 (20.5)
22.0 [18.0, 73.0] 23.0 [18.0, 78.0] 22.0 [18.0, 78.0]

Missing 0 (0%) 1 (3.2%) 1 (1.6%)
Agreeableness 9.94 (2.34) 9.39 (2.82) 9.67 (2.58)

10.0 [4.00, 13.0] 9.00 [3.00, 14.0] 9.50 [3.00, 14.0]
Extraversion 8.76 (2.78) 9.42 (2.86) 9.08 (2.82)

9.00 [4.00, 14.0] 9.00 [3.00, 14.0] 9.00 [3.00, 14.0]
Conscientiousness 11.1 (2.50) 10.9 (2.34) 11.0 (2.41)

11.0 [6.00, 14.0] 11.0 [7.00, 14.0] 11.0 [6.00, 14.0]
Emotional stability 9.18 (3.03) 8.65 (3.07) 8.92 (3.04)

9.00 [4.00, 14.0] 9.00 [3.00, 14.0] 9.00 [3.00, 14.0]
Openness to experience 9.88 (2.64) 10.2 (2.46) 10.0 (2.54)

10.0 [5.00, 14.0] 10.0 [3.00, 14.0] 10.0 [3.00, 14.0]
BEQ total 4.72 (0.81) 4.54 (1.11) 4.64 (0.97)

4.50 [3.39, 6.47] 4.89 [1.97, 6.00] 4.64 [1.97, 6.47]
Interaction expressivity 0.54 (0.22) 0.54 (0.21) 0.54 (0.21)

0.59 [0.012, 0.90] 0.59 [0.11, 0.79] 0.59 [0.012, 0.90]
Missing 1 (3.0%) 6 (19.4%) 7 (10.9%)

Interaction smiling 0.39 (0.26) 0.40 (0.27) 0.39 (0.26)
0.50 [0, 0.75] 0.47 [0, 0.74] 0.50 [0, 0.75]

Missing 1 (3.0%) 6 (19.4%) 7 (10.9%)
Posed expressivity 0.63 (0.16) 0.58 (0.20) 0.61 (0.18)

0.69 [0.28, 0.83] 0.60 [0.11, 0.92] 0.64 [0.11, 0.92]
Sample Descriptives for the Stress and Control groups
Note. Mean (SD), Median [minimum – maximum] or Number (percentage) presented for each variable.
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Figure 4.3
Correlation Matrix for Analysis Variables

Note. SNI = Social Network Size; BEQ= Berkeley Expressivity Questionnaire. Correlation direction is

indicated by the colour of the circle (blue is positive, orange is negative) and correlation strength is

represented by size of the circle.
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Stress Task Validity

Overall, the stress task manipulation was successful. Participants in the stress

condition, compared to the control condition, experienced increased physiological responses

and self-reported experiencing more stress, as can be seen in Table 4.2.

Participant heart rate increased from baseline to a greater degree in the stress

compared to the control condition, t (60) = 2.16, p = .035, d = 0.54. Participants'

electrodermal activity increased from baseline in the stress condition, whereas it decreased

from baseline in the control condition, t (56) = 4.87, p <.001, d = 1.23.  Participants’

judgements of how stressful, painful, unpleasant, and difficult the task was indicated that the

stress condition induced greater feelings of each compared to the control condition (stressful:

t (38) = 7.66, p < .001, d = 1.96; painful: t (31) = 12.84, p = <.001, d = 3.31; unpleasant: t

(39) = 11.98, p <.001, d = 3.06; difficult: t (32) = 7.31, p = <.001, d = 1.88).

Table 4.2
Stress measures per group

Control
(n=33)

Stress
(n=31)

HR change 2.0 (5.2) 5.0 (5.8) *
0.96 [-14, 14] 3.5 [-3.7, 20]

EDA change -0.41 (1.9) 2.3 (2.5) **
-1.0 [-2.8, 5.1] 2.0 [-3.7, 6.7]

Stressful 0.67 (1.1) 4.7 (2.8) **
0 [0, 3.0] 6.0 [0, 9.0]

Painful 0.091 (0.38) 6.4 (2.7) **
0 [0, 2.0] 7.0 [1.0, 10]

Unpleasant 0.67 (1.2) 7.3 (2.9) **
0 [0, 4.0] 8.0 [1.0, 10]

Difficult 0.33 (0.65) 4.7 (3.2) **
0 [0, 2.0] 5.0 [0, 9.0]

Note. Mean (SD), Median [minimum – maximum] presented for each variable. HR and EDA change are based

on pre-treatment and during treatment average readings, ** p<0.01, * p<0.05
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The impact of stress on facial expression perception

We hypothesised that stress would impact facial expression perception accuracy,

however, the results indicate that we should accept the null hypothesis. The results of a

multiple linear regression model, controlling for age group and sex, indicated that there was

no significant effect of experimental group on facial expression perception accuracy (β =

-1.74, p = .31). The addition of the variable experimental group to the null model did not

improve model fit, χ 2 (1) = 1.04, p = .31. As can be seen in Figure 4.4, participants in the

stress group (M = 85%, SD = 6.55) were approximately as accurate at perceiving facial

expressions as participants in the control group (M = 86.6%, SD = 6.66).

Figure 4.4
Facial expression perception accuracy in the control and stress groups

Note. Horizontal line indicates the median value, the box represents the interquartile range (IQR), and

the whiskers represent 1.5* the IQR.

Separate analyses of emotion categories indicated that stress did not impact the

perception of specific emotional expression (Table 4.3).
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Table 4.3
Regression model results for perception accuracy of each emotional expression type

N = 64 Anger Disgust Fear Happy Sad Surprise

Predictors b p b p b p b p b p b p
Exp group -3.01 .119 -3.01 .112 -2.46 .196 -2.62 .153 -2.44 .175 -2.54 .171

Age group -2.88 .207 -3.40 .130 -3.42 .131 -3.14 .150 -2.91 .172 -3.38 .127

Sex -1.10 .625 -0.49 .824 -0.53 .812 -0.61 .775 -0.69 .744 -0.26 .906

R2 / R2 
adjusted

.057 / .010 .070 / .024 .058 / .011 .060 / .013 .053 / .006 .063 / .016

The impact of stress on facial expression production

Facial expression during interactions

We investigated the change in facial behaviour from before to after the stress or

control task. Six models were created, two per outcome variable (change in: overall facial

expressivity, expression diversity and smiling behaviour). The first were null models which

studied the effect of the control variables (age group, sex) on the change in facial behaviour

during interactions from pre- to post-condition. The second set of models included the

experimental groups (stress, control) as fixed effects. The addition of the experimental group

to the null models predicting overall facial expressivity and expression diversity did not

improve the fit of the models (χ 2 (1) = 0.10, p = .75; χ2 (1) = 0.31, p = .58).  However, the

addition of the experimental group to the null model improved model fit for the prediction of

change in smiling behaviour, χ 2 (1) = 5.48, p < .05, Cohen’s f 2 = 0.09. Controlling for age

group and sex, being in the stress condition was associated with an increase in smiling

behaviour from pre to post condition compared to the control group.
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Figure 4.5
Change in smiling behaviour between pre and post condition per group

Note. Horizontal line indicates the median value, the box represents the interquartile range (IQR), and

the whiskers represent 1.5* the IQR. Negative AU12 change represents a decrease in smiling

behaviour, whereas positive AU12 change represents an increase in smiling behaviour from baseline.

The results suggest that overall facial expressivity during interactions was not affected

by experiencing stress. However, compared to the control group, participants in the stress

group smiled more during a social interaction following exposure to stress compared to

baseline. To study the impact of the subjective experience of stress on change in smiling

behaviour, a multiple linear regression model with the predictors age group, sex, HR, and

EDA change from pre to during stress task, and the subjective assessment of task difficulty

was compared against a null model consisting of only age group and sex, the results can be

seen in Table 4.4.

Table 4.4
N = 24 Predictors R2 Adjusted R2

Model 1 Age group + sex 0.04 -0.06

Model 2 Age group + sex + HR change + EDA change 0.12 -0.07

Model 3 Age group + sex + HR change + EDA change + perceived

difficulty

0.43 0.27

Models predicting change in smiling behaviour in the stress group
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The addition of the physiological and judgement of difficulty variables significantly

improved model fit, χ 2 (3) = 4.09, p < .05. The regression results indicated that perceived

difficulty was the only significant predictor of a change in smiling behaviour, (β = 0.06, p = <

.01), suggesting that within the stress group, as can be seen in Figure 6, those who reported

finding the stress task more difficult had a greater increase in smiling behaviour from pre-to

post-stress during an interaction.

Figure 4.6
Change in smiling behaviour between pre and post stress by difficulty rating

Note. There were no data points at the maximum score for difficulty (10).

Facial expression during posed expressions

It was hypothesised that stress would impact facial expression production during

posed expressions, however, the results suggest that overall expressivity was not affected by

experiencing stress (see Figure 4.7), except when posing sad expressions, which differed

between the stress and control groups. Multiple linear regression models were computed to

study the effect of stress on expressivity whilst posing classic emotion expressions. The first

was a null model which studied the effect of the control variables (age group, sex) on the

change in facial behaviour during posed expressions from pre to post condition. The second

model included the experimental group (stress, control) as a fixed effect.
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The addition of the experimental group to the null model predicting overall facial

expressivity during posed expressions did not improve model fit, χ 2 (1) = 0.04, p = .84.

Figure 4.7 demonstrates that there was no significant difference between the groups for

change in overall facial expressivity during posed expressions. The change in expressivity

within the stress group (M = -0.02 , SD = 0.15) was similar to the change in expressivity

within the control group (M = -0.01, SD = 0.09), though there was greater variation within the

stress group.

Figure 4.7
Change in overall expressivity during posed expressions between pre and post
condition per group

Note. Horizontal line indicates the median value, the box represents the interquartile range (IQR), and

the whiskers represent 1.5* the IQR.

Further study of individual expressions (anger, disgust, fear, happy, sad, surprise)

indicated that the experimental group only influenced the change in facial expressivity for sad

facial expressions (see Appendix C for model tables). Controlling for age group and sex,

being in the stress condition compared to the control group was associated with decreased

overall facial expressivity when asked to pose a sad expression (β = - 0.16, p = <.05). The

addition of the experimental group to the model predicting change in expressivity during a

sad pose significantly increased model fit, χ 2 (1) = 4.26, p = < .05, f 2 = 0.06.
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Individual differences and social network size

The relationship between social network size and reactivity to stress

As can be seen in Table 4.5, social network size had small positive correlations with

change in heart rate from baseline as well as self-assessments of how painful, unpleasant, and

difficult the stress task was.

Table 4.5
Interaction

expressivity

change

Smile

chang

e

Posed

expressivity

change

HR

chang

e

EDA

chang

e

Stressful

assessmen

t

Painful

assessmen

t

Unpleasan

t

assessmen

t

Difficult

assessmen

t

SN

S

-0.04 0 -0.13 0.23 0.16 0.12 0.33 0.2 0.2

Correlations between social network size and measures of stress reactivity within the

stress group

Note. SNS = Social Network Size; HR = Heart Rate; EDA = Electrodermal Activity

To study the importance of these relationships, social network size was used to model

the change in heart rate and the assessment of painfulness in the stress group. Social network

size was not a significant predictor of heart rate change, F (1, 29)= 1.59, p = .22, R2= 0.02.

However, social network size did have some value in predicting the judgement of pain, F (1,

29)= 3.54, p = .07, R2= 0.08, although this effect was not statistically significant. The trend

suggests that those with larger social network sizes were more likely to report a higher

painfulness rating.
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The relationship between social network size and socio-communicative traits

Three regression models were computed to study the relationship between individual

differences in socio-communicative traits and social network size. The first was a null model,

consisting of the control variables - age group and sex. The second model was a full model,

consisting of the control variables plus all the individual differences measured in this study

(personality traits, self-reported expressivity, and observed facial expressivity during an

interaction and whilst posing expressions). In the final model, to reduce model complexity,

predictors were removed based on their relationship with social network size (those with the

smallest effects were removed in order until the lowest AIC and highest adjusted R2 values

were reached).

111



Table 4.6
Model comparison between the null model and the final model for social network size

DV = Social Network Size

 Null Model Final Model

Predictors b β CI p b β CI p

Age group -3.21 -0.23 -6.65 – 0.23 .07 -3.22 -0.24 -6.54 – 0.09 .06

Sex -3.46 -0.59 -6.83 – -0.02 <.05 -2.65 -0.45 -5.98 – 0.68 .12

Extraversion 0.52 0.25 0.01 – 1.04 <.05

Emotional stability 0.40 0.21 -0.14 – 0.93 .15

Negative
expressivity (BEQ)

-0.69 -0.13 -2.19 – 0.81 .36

Impulse strength
(BEQ)

1.44 0.32 0.06 – 2.82 <.05

Observations 64 64

R2 / R2 adjusted 0.09 / 0.06 0.24 / 0.16

As can be seen in Table 4.6, model fit was significantly improved between the null

and the final model, χ 2 (4) = 2.71, p = <.05. In the final model, extraversion, emotional

stability, negative expressivity, and expressivity impulse strength accounted for 10% (f 2 =

0.11) of the variance between individuals’ social network sizes.

112



Figure 4.8
Marginal effects of extraversion and impulse strength on social network size based on

the final model, controlling for the effects of other predictors

Note. There were no data points at the minimum scores for extraversion (2) and impulse strength (1).

In the final model, there was a significant positive relationship between extraversion

and social network size and impulse strength and social network size. Sex had the largest (but

not statistically significant) effect on social network size, followed by impulse strength,

extraversion, then age group (approaching significance). Females and those in the younger

age group tended to have larger social network sizes. As can be seen in Figure 4.8, more

extraverted people and those with greater impulse control were likely to have larger social

network sizes.
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Discussion

Our results indicate that stress does not have a generalised impact on facial expression

perception or production, though our findings do suggest that smiling behaviour during a

social interaction is increased after experiencing acute stress. Those in the stress group

produced AU12 (smiling) more frequently after the stress task, whereas those in the control

group produced AU12 less frequently after the control task. Furthermore, of those in the

stress condition, participants who reported finding the task more difficult were more likely to

have a greater increase in smiling behaviour from baseline to after the stress task. Subjective

assessment of task difficulty was related to a greater increase in smiling behaviour, but this

was not the case for heart rate nor electrodermal response, suggesting that the subjective

experience or perception of stress may be a better predictor of facial behavioural change. Our

findings support the tend-and-befriend hypothesis, as participants who had experienced stress

behaved in a more prosocial manner following acute stress compared to those in the control

group. Previously, the tend-and-befriend hypothesis was applied more so to females than

males (Taylor et al., 2000), however, many studies have since found that the increase in

prosocial behaviour following stress can occur in male participants (Berger et al., 2016; von

Dawans et al., 2012). Consistently, in the present study, the change in smiling behaviour was

predicted by group only (stress compared to control), but not sex or age group.

The change in posed facial behaviour from before to after the experimental tasks did

not differ between the stress and control groups. This could be due to the nature of posed

expressions, which are less likely to be motivated by social, communicative, or emotional

intentions. There are significant differences in the production and perception of posed and

spontaneous facial expressions. Posed expressions of emotion, similar to those we employed

in the present study, have been found to differ from spontaneous expressions in terms of the

action units active and the dynamic sequence of the facial muscle movements (Namba et al.,
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2017). Spontaneous smiles can be attended to more readily and evaluated more positively

than posed smiles (Johnston et al., 2010), perhaps in part due to differences in facial muscle

movement. Indeed, studies suggest that upper facial movements are more intense for

spontaneous smiles compared to posed smiles and that particular muscles around the eyes are

more likely to be active for genuine smiles (Ekman et al., 1990; Park et al., 2020). Posed

expressions are likely to be more homogenous across individuals and to be more consistent

with commonly held beliefs about what an emotional expression looks like (Barrett et al.,

2019). Therefore, posed, and spontaneous expressions are produced and perceived differently,

and as such should be treated as distinct communicative systems.

Facial expression perception did not differ between the stress and control groups.

Previous studies have found that the impact of stress on facial expression perception may be

expression-dependent, based on different emotion expressions or on expression valence

(positive vs. negative) (Chen et al., 2014; Daudelin-Peltier et al., 2017; von Dawans et al.,

2020). However, our investigation of the separate expressions did not yield significant results.

While the present study did not replicate previous findings, there have been only a few

studies on expression recognition following acute stress, the sum of which do not

conclusively suggest a general increase or decrease in this ability (von Dawans et al., 2021).

Furthermore, there were some study limitations which could have impacted the outcome of

the perception task. The facial stimuli employed in this study are posed expressions, and, as

we previously outlined, there are important differences between spontaneous and posed

expressions. Posed expressions are less ambiguous to identify, perhaps as they tend to

conform with commonly held beliefs about how an emotional expression appears (Barrett et

al., 2019; Motley & Camden, 1988). In the present study all participants correctly identified

more than 68% of the facial expressions, which could indicate that this task was relatively

easy. As posed expressions communicate different information from spontaneous
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expressions, and spontaneous expressions are more relevant to social interactions, it would be

valuable to investigate the perception of spontaneous expressions following acute stress in

future work.

Overall, our findings did not support the social buffering hypothesis that perception of

social support reduces the stress response. Social network size was not a good predictor of

stress responses in the stress group, although there was a small (non-significant) effect of

social network size on the participants’ judgments of how painful the stress task was.

Participants in the stress group with larger social network sizes reported feeling more pain

during the task. This is contrary to previous research on pain tolerance and social network

size – the results of which indicate that pain tolerance was greater in those with larger social

networks (Johnson & Dunbar, 2016). The general absence of a relationship between network

size and reactivity to stress could be because there is some discrepancy between social

network size and social support; having a large social network does not necessarily guarantee

a greater availability or perception of social support. Researchers tend to study the structural

(e.g., network size) and functional (e.g., social support) aspects of social networks

independently. While both quantity and quality of social relationships have been found to be

important for physical and mental wellbeing (Holt-Lunstad et al., 2010; Li et al., 2019), some

studies have found that quality over quantity, or vice versa, can be more important for

particular wellbeing outcomes. For example, factors relating to the quality of social

relationships and not the quantity of ties have been found to reduce the risk of dementia or

Alzheimer’s disease (Amieva et al., 2010). On the other hand, researchers have found that

structural characteristics such as social network diversity (having a range of relationship

types) can be more protective against PTSD than perceived social support (Platt et al., 2014).

Thus, the impact of social networks is complex, so, in the study of the protective nature of

social networks against stress it would be advantageous to measure both network size and
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social support. Furthermore, self-report of social network size is not without its limitations,

people are prone to forgetting social network members (Brewer & Webster, 2000), and there

are differences in the values provided by the individual themselves and by others within their

social network (e.g., Kwak et al., 2018).

Social network size was related to age group, extraversion, and impulse strength.

Those in the younger age group (18-30) had larger social network sizes than those in the

older age group (50+). More extraverted participants, those with greater self-reported

expressivity and impulse strength (including ability to control facial behaviour) were more

likely to have larger social networks. The present findings regarding age are consistent with

findings from lifespan research which have indicated that global social network size tends to

increase in early adulthood, and decline in later life (Wrzus et al., 2013). Though our previous

research has indicated that this decline may occur towards late later life, as our previous

findings indicated that adults aged 65-75 had larger social network sizes than those aged

50-65 or over 75 years (Chapter 2, Rollings et al., 2022). This reduction in network size in

later life could be due to age-related changes in health and mobility but could also be due to

redirection of time and energy into maintaining close relationships rather than the upkeep of

numerous loose network ties (English & Carstensen, 2014). The present finding that social

network size is positively associated with extraversion is unsurprising- extraversion has been

consistently related to having a larger social network size in the literature on younger people

(Asendorpf & Wilpers, 1998; Molho et al., 2016; Pollet et al., 2011). Results from studies

with older adults are less unified, however, a recent study by this research team with a

nationally representative survey of people aged 50+, indicated that extraversion was the best

predictor of social network size, over and above more usual factors such as age and health

(Chapter 2, Rollings et al., 2022). There are few studies that investigate the relationship

between social networks and expressivity measures, though there is a plethora of evidence to
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suggest that being more emotionally expressive is positively related to judgments of liking,

and acts as a signal of trustworthiness and cooperativeness (Sabatelli & Rubin, 1986; Schug

et al., 2010; Thomas Boone & Buck, 2003). Our findings regarding impulse strength suggest

that people who have greater control in how they express themselves have larger social

networks, perhaps due to ability to manage the appropriate degree of emotional expression in

social interactions.

One of the limitations of this study is the relatively small sample size (n = 64). While

this sample is not dissimilar to other between subjects studies using the Socially Evaluated

Cold Pressor Test (SECPT) (see: Schwabe & Schächinger, 2018), a larger sample size may

enable the detection of small effects that was not possible here. Another possible limitation is

that there may be an effect of researcher gender on the stressful experience of the stress task,

or, on the behavioural responses during the social interactions. The SECPT is successful at

inducing stress in males and females regardless of the sex of the experimenter, however the

degree of the stress response may differ (very slightly) when the experimenter is of the

opposite sex to the participant (Schwabe & Schächinger, 2018). Whether two people are of

the same or opposite sex is also known to have an impact on social outcomes, for example,

people tend to prefer same-sex over opposite-sex friends (Baumgarte & Nelson, 2009; Rose,

1985). In the present study both researchers were female, it is unclear whether this would

have an impact of the social behaviour following stress, however, future research could

explore or control for this.

Final remarks

Facial expressions are essential tools for social communication (Crivelli & Fridlund,

2018). The behavioural ecology view of facial displays (BECV) suggests that faces are

functional tools for social interaction, used to influence the target audience and thus the

outcome of the social interaction (Crivelli & Fridlund, 2018). Thus, it is important for us to
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understand how stress can alter facial behaviour and, in turn, social interactions. The impact

of stress on subsequent facial behaviour is not well understood. Here, we found that smiling

behaviour during a social interaction increased as a result of acute stress in a sample of

younger and older adults, and that this change in facial behaviour is related to the

self-reported experience of stress. The present study is limited in that we observed an

interaction between a participant and a confederate - which was necessary to maintain

consistency between study groups – however, future studies could investigate how stress

affects facial behaviour during an interaction with a more natural partner, such as another

participant or a social group member. It is also necessary to expand this research beyond

lab-induced stress, to include real-life stressors and explore the impact of not only acute but

chronic stress on facial behaviour.
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General Discussion

Summary of Main Findings

In this thesis, I conducted three empirical studies using different methodologies to

investigate whether individual differences in socio-communicate traits relate to human social

network size, with a focus on how this relationship is expressed in older people. This thesis

aimed to expand upon evolutionary theories which have already established a connection

between social network characteristics and socio-cognitive traits in humans and

communicative traits in primates, while also addressing important applied issues. As social

networks are fundamental to health and wellbeing (Fiori & Jager, 2012; Fuller-Iglesias, 2015;

Rafnsson et al., 2015), especially, perhaps, for older people who may rely more on the social

support that social networks provide (Loprinzi & Joyner, 2016), it is vital to understand how

individual differences contribute to how people form and maintain relationships.

In Chapter 2, I performed a secondary analysis of a large dataset with a representative

sample of adults over the age of 50 and living in the United Kingdom. I found that

socio-communicative traits, extraversion, and agreeableness, were good predictors of social

network size in a cross-sectional analysis of approximately 5000 adults aged 50+. However,

the same socio-communicative traits were not related to social network size change over a

14-year period, suggesting that either social network sizes remain largely stable across the

lifespan or that individual differences are not protective against network size change.

Controlling for factors which have previously been identified as predictors of social network

size – specifically, age, sex, socio-economic status, and self-reported general health –

extraversion, agreeableness and verbal communication were positively associated with

overall social network size. Extraversion was the strongest predictor of overall personal

social network size and of friendship network size. Agreeableness was more closely related to
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family social network size. Verbal communication was weakly associated with overall social

network size but was not a significant predictor of friendship or family network size when

this was studied separately. To our knowledge, this is the first study to investigate the

relationship between social network size and trait verbal communication, as measured by

how talkative the individual is, in a typically developing sample of older people. An online

validation study, which compared this measure with known measures of communicative

competence and preference, indicated that there was a strong correlation between

communicative competence and trait verbal communication as measured in this study, though

it did not correlate strongly with communicative preference.

In Chapter 3, I built on the previous chapter by expanding the study of

socio-communicative traits to include expressivity – both observed (measured using FACS)

and self-reported (using a standardised questionnaire) - as well as the Big Five Personality

traits and perceived stress. Here, I used a novel approach to collect facial data online -

participants provided a video recording of themselves enacting an affiliative greeting, which I

FACS coded, and an expressivity score derived from measures of frequency and intensity of

facial movements. To our knowledge, this is the first study to attempt to create an

observation-based measure of facial expressivity in a typically developing population. Social

network size was measured using the Social Network Index (SNI: Cohen et al., 1997): overall

social network size represents the number of members within 12 social roles with whom the

individual has regular contact, while close social network size consists of only family and

friends. Observed and self-reported expressivity had only a weak relationship with social

network size, and they were only weakly correlated with one another. The results indicate that

the personality traits extraversion, agreeableness, and openness predicted overall social

network size and extraversion and agreeableness predicted the size of close social networks.

The findings of this chapter suggest that personality traits are as important to the social lives
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of older people as they are to the younger populations that have previously been studied. In

fact, the findings illustrate that personality traits have a stronger association with social

network size than more proximal factors such as age and gender in older adults

In Chapter 4, I extended the study of individual differences from the previous chapters

to include individual differences in reactivity to stress and how this may relate to social

behaviours and outcomes. I studied the effects of stress on facial behaviour by comparing the

pre and post facial behaviour of a control and an experimental group of both younger and

older adults. I quantified facial behaviour using FACS during an interaction with an unknown

researcher and while posing facial expressions, both before and after either the stress or

control condition. I found that the facial behaviour in the stress group differed from the

control group in their change in smiling behaviour (AU12) during an interaction, but not in

overall expressivity or expression diversity. There was no difference between the stress and

control groups for change in any expressivity measures for posed expressions. Within the

stress group, self-assessed experience of stress was related to the degree of change in smiling

behaviour. Those who reported experiencing greater difficulty during the stress task had a

greater increase in smiling behaviour. Within the stress group, social network size was not

associated with reactivity to stress, as measured by facial expressivity change, as well as

established physiological measures, refuting the idea proposed by the social buffering

hypothesis that greater social capital (larger social networks) should result in reduced

reactivity to stress.

In the following discussion I will focus on these key findings, how they relate to

evolutionary theory, how they fit with established literature, and a discussion of how this

research could be extended to further our understanding of how socio-communicative traits

may aid the formation and maintenance of social relationships.
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Socio-communicative traits

One of the main aims of this thesis was to establish if there is a relationship between

socio-communicative traits and social network size. Following the social brain hypothesis

(Dunbar, 1998), it was predicted that similarly to socio-cognitive traits (Dunbar, 1998; Powell

et al., 2012; Stiller & Dunbar, 2007), better socio-communicative traits would be associated

with having a larger social network size. Our results indicate only a weak relationship

between communicative traits and social network size , though I found evidence that

personality traits play a key role in the prediction of social network size.

Personality

The relationship between personality traits, particularly extraversion, agreeableness,

and emotional stability (also known as neuroticism), and social network size has been

well-studied in younger adult populations. The findings with younger adults indicate that

some personality traits are important predictors of social network size (e.g., Molho et al.,

2016; Pollet et al., 2011; Wagner et al., 2014). However, less research has been conducted

with older adults, and those studies that do exist have not provided conclusive evidence of a

strong link between personality traits and social network size (Iveniuk, 2019; Litwin &

Levinsky, 2022; Schutter et al., 2019). Here, I outline the findings of this thesis, which

indicate that extraversion, agreeableness, and to some extent openness are important

predictors of social network size in older adults.

The most consistent finding in this thesis is the link between extraversion and social

network size. In Chapters 2 and 3 extraversion was found to have a positive relationship with

social network size in older adults. This relationship remained even when social networks

were broken down into kin and non-kin (Chapter 2), and when focussing on close social
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networks (Chapter 3). Similarly, in chapter 4 I found a positive relationship between social

network size and extraversion, while controlling for age, in a study of both younger and older

adults. Extraversion was the best predictor of non-kin social network size, but only a modest

predictor of kin social network size in Chapter 2, indicating that friendships may be

particularly prone to the influence of extraversion. This finding supports the idea that

extraversion is a driver in the formation of new relationships (Harris & Vazire, 2016a), as

friendships are more likely to have an initial formation period, whereas family relationships

are more likely to be pre-determined. This means that networks consisting solely or mainly of

friendships are more likely to benefit from the positive influence of extraversion. In Chapter

3, extraversion was the best predictor of overall social network size, but agreeableness was

the best predictor of close social network size. This finding suggests that extraversion may be

more important for the formation and maintenance of loose ties such as those in the outer

network, for example, religious group affiliates who are not also considered friends. Research

suggests that extraversion may be even more important at the outer network layer. For

instance, in a study with a wide age range of participants (18-63 years), extraversion

predicted social network size at each social network layer, the support, sympathy and outer

group layers, but was best at predicting the size of the outer layer when studying friendship

ties only (having removed family ties) (Pollet et al., 2011). Compared to other personality

traits, extraversion is the strongest predictor of being liked by others during a first meeting

(Back et al., 2011). This advantage in first impressions may contribute to extraverts having a

greater ability to form new friendships, leading to the larger network sizes we see at various

layers of the social network.

Extraversion and agreeableness have been identified as the personality traits that are

most relevant to social interactions: extraverts tend to be more outgoing, enthusiastic, and

sociable with others, and agreeable individuals are characterised as warm, kind, and
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sympathetic (McCrae & John, 1992). In fact, some researchers who study social outcomes

focus solely on these two personality traits (e.g., Jensen-Campbell et al., 2002; Tov et al.,

2016). Therefore, despite mixed evidence from research with older adults, it is unsurprising

that agreeableness was also reliably associated with older adults’ social network sizes.

Agreeableness had a positive relationship with overall social network size (Chapter 2 and 3),

as well as the size of kin and non-kin networks (Chapter 2) and the size of one’s close social

network (Chapter 3). In Chapter 2, agreeableness was predictive of non-kin and kin network

size; along with gender, agreeableness was the best predictor of kin network size. This

finding suggests that while agreeableness is beneficial to relationships with friends, it may be

even more important for the maintenance of family network ties. In support of this notion,

agreeableness was the best predictor of close social network size in Chapter 3 - close social

networks in this study consisted of partners, children, family members and friends - which is

likely to consist of a greater proportion of family ties than overall network size.

In Chapter 3, openness was found to be a significant predictor of older adults’ overall

network size; the effect was on par with the effects of extraversion and agreeableness.

Openness had a negative rather than positive relationship with social network size, the more

open individuals tended to have smaller social networks. Openness had a smaller

(non-significant) effect on close social network size (Chapter 3). This is contrary to previous

research, which has found a positive association between openness to experience and social

network size - at least at the support group layer (Molho et al., 2016). This could be

indicative of an age-related difference; more open individuals are likely to be eager to meet

new people, which could result in lower motivation and less time to devote to maintaining

existing relationships (Wu et al., 2008). This trait could therefore be advantageous in youth

and early adulthood but could be detrimental to networks in later life, as in this period, people

tend to prioritise more emotionally close ties.
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Similar to previous work on the relationship between personality and network size in

older adults (Litwin & Levinsky, 2022), neuroticism (counterpart to emotional stability) and

conscientiousness were the traits that were least important in the prediction of social network

size. In Chapters 3 and 4, emotional stability and conscientiousness were not significant

predictors of overall or close social network size. In Chapter 4, emotional stability was not

significantly associated with social network size, however, the step-down approach to the

regression model resulted in the retention of emotional stability in the final model predicting

social network size; suggesting emotional stability may play a small part in social outcomes.

Behavioural differences between people are often described in terms of personality,

this is the case in psychological research and increasingly in other fields such as biology

(Réale et al., 2010). So, it is understandable that a large body of work is devoted to the study

of personality traits and the roles these traits play in a number of life outcomes. The work of

this thesis is not novel in the study of how personality traits relate to social network

characteristics, though it contributes instrumentally to the discussion of how these

relationships manifest in older people. The findings of this thesis, which consider a large

sample of older adults in the UK, suggest that personality traits are important predictors of

social network size, and for the size of family and friend networks.

Communication

According to the social complexity hypothesis for communication complexity,

advanced communicative skills are likely to be associated with social complexity (Freeberg,

2006; Freeberg et al., 2012). In non-human primates, communicative complexity has

previously been defined as repertoire size in terms of the diversity of facial movements a

species can produce (Dobson, 2009) and social group size has often been used as a proxy for

social complexity (e.g. Dobson, 2009; Dunbar, 2003; Freeberg, 2006). Following this idea,
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here, I studied facial expressivity in humans by measuring overall expressivity, expression

intensity and diversity (Chapter 3 & 4), as well as self-reported expressivity (Chapter 3 & 4)

and communicative ability (Chapter 2) in how they relate to each other and to one measure of

social complexity, social network size.

Social outcomes have been studied in individuals with particular clinical disorders

that can affect aspects of facial behaviour. For example, facial muscle control is reduced in

people with peripheral facial palsy and impaired production of expressions of emotions is

characteristic in people with schizophrenia. And, within these groups there is evidence of

poorer social function and competence (Brüne et al., 2009; Norris et al., 2019). Outside of

work with clinical populations very little research has directly studied how facial expressivity

may relate to social network characteristics. Though, relevant studies conducted with

non-human primates have found that species with greater facial mobility have larger social

groups (Dobson, 2009). This thesis is the first to attempt to investigate a relationship between

facial expressivity and social network characteristics in a typical human sample. At present,

the findings of this thesis do not provide evidence of a direct link between facial expressivity

and social network size in humans. Indicators of facial expressivity, as measured by FACS,

were not related to social network sizes in Chapters 3 and 4. However, there are several

reasons why we may not see the expected relationship here. Firstly, social network size is

only one aspect of social complexity, proponents of the social complexity hypothesis suggest

that social complexity “relates to the number of interacting individuals, the different types

(social roles) of those individuals and the nature and diversity of interactions among those

individuals” (Freeberg et al., 2012, p.1787). Therefore, social network size alone may not

capture individual differences in social complexity.
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Secondly, the methods utilised in this thesis to capture facial expressivity may be too

simplistic, as facial expressivity is difficult to define. For instance, in Chapter 3, participants

were asked to enact and record a friendly greeting; from this recording an expressivity score

based on AU frequency and intensity was derived. It is possible that this recorded greeting

does not give an adequate representation of the individual's trait expressivity, being based on

a single, artificial interaction. Or there could be limitations in the scoring of expressivity. The

combination of FACS-based measures to form a composite score of expressivity has been

attempted by researchers in the medical field (e.g., Bono, 2018; Tickle-Degnen, 2010),

however, at present these have solely been utilised in clinical populations. Here, I combined

frequency and intensity, but there is a wealth of FACS data that could have been, but was not,

included, such as variability and duration of facial movement. Variability in particular may be

important to include in the definition of facial expressivity (Clark et al., 2020). Consider

these two scenarios of a person enacting a greeting- in one video a participant maintains a

single action unit (AU) at the same intensity level throughout, in another video a participant

uses a variety of AU’s, with varying intensities. The composite score for overall facial

expressivity (frequency x intensity) could produce the same result for each of these

participants. But this value omits the information that the second person varied their

expressions throughout, which could be deemed as being more expressive. Indeed, research

has shown that viewing dynamic facial expressions improves people’s ability to distinguish

between genuine and fake expressions and make emotion-judgments, compared to when

static facial expressions are observed (Krumhuber et al., 2013). So, perhaps, the dynamically

changing configurations of facial expressions convey additional information to observers,

which could be important in the study of expressivity. In Chapter 4, participants were

recorded interacting with the experimenter and whilst posing facial expressions of emotion. I

would argue that the interactions that were recorded and analysed in Chapter 4 were
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somewhat representative of real-life interactions: a person whom the participant had not yet

interacted with enters the room and begins an interaction. However, it cannot be claimed that

this interaction is entirely authentic, as the participant is aware they are being observed, the

environment they are in (lab space) is unusual and the person they are interacting with could

be considered an authority figure (the experimenter). To measure facial expressivity in this

chapter I did not use a composite score, instead, AU frequency and diversity were studied as

separate indices of facial expressivity. The treatment of separate variables from FACS data is

more commonplace than the use of composite scores, for example, some studies focus on the

frequency of AUs (e.g., Galati et al., 2003), others may look at the presence or absence of

specific AUs of interest (e.g., Schmidt et al., 2009). This thesis can be considered a starting

point for the investigation of how facial expressivity may relate to social network

characteristics. At present very little research with a general human population has attempted

to define facial expressivity. As such, the methods employed to measure expressivity are

somewhat exploratory and there is much left to be investigated. In future work, researchers

should attempt to create social interaction scenarios that adhere more closely to real-life

interactions. Furthermore, the detail provided by FACS analysis could be used to create a

more comprehensive scoring system for expressivity that encompasses some of the variables

I have not yet studied, such as variability.

Although it has not previously been framed in an evolutionary context, some general

communicative traits have been studied in humans in relation to social outcomes. Studies

have highlighted that communicative difficulty can be related to poorer social outcomes. For

instance, in a study of individuals who suffered from a stroke, those who subsequently

developed aphasia (a condition that affects one’s ability to communicate) had smaller social

networks than those who did not (Davidson et al., 2008). More broadly, it has been found that

among older adults, communicative impairment is a pivotal predictor of aspects of social
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relationships, such as the number of friends in one’s network and level of social support one

can benefit from (Palmer et al., 2019). The findings from Chapter 2 hint at a similar

relationship between social network size and verbal communication in a typical population of

older adults, as those who rated themselves as being more talkative had larger overall social

networks. Although, once this was separated into kin and non-kin networks, verbal

communication was only a weak, not statistically significant predictor of those network sizes.

Verbal communication, as measured in Chapter 2, appears to relate more strongly with

communicative competence rather than communicative preference, as I demonstrated in a

supplementary online validation study (see Appendix A). It is possible that preference to

communicate and under which type of communicative setting (i.e., with friends, with

acquaintances, with strangers) is more relevant to interpersonal communication than

communicative competence, and future research could explore this area of communicative

traits more closely.

In terms of self-reported expressivity, our findings indicate that the sub-trait

expressivity - impulse strength, which is a measure of people’s emotional response tendencies

- may be related to social network size (Chapter 4) though overall self-reported expressivity

does not appear to have a strong relationship with social network size (Chapter 3 & 4). The

findings indicated that those with higher impulse strength had larger social networks, which

suggests that having a better control at least over emotional expression may have social

benefits. Selecting appropriate expressions and the appropriate intensity of those expressions

could be vital to communication as expressive behaviour that is deemed to be inappropriate,

can lead to poor social outcomes for the producer (Cheshin, 2020; Leander et al., 2012;

Shields, 2005). While this thesis did not explore facial impulse strength, this could also be an

important factor for future studies on social interactions and outcomes.
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In Chapter 3 and 4 I studied both observed facial expressivity, measured using FACS,

and self-reported emotional expressivity, measured using the Berkeley Expressivity

Questionnaire (BEQ). I found that in both chapters observed facial expressivity and

self-reported expressivity were only weakly correlated, suggesting that these variables may

not be as intertwined as common sense would lead us to believe. This lack of association

could be because the BEQ is concerned with emotional rather than communicative

expression. Items in the BEQ assess whether participants are likely to express positive or

negative emotions and the control they exert over those displays (for example, item 6 - “when

I'm happy, my feelings show”). Whereas the facial behaviour recorded in this thesis are not

necessarily driven by emotions, instead the enacted greeting in Chapter 3 and the interactions

captured in Chapter 4 may involve communicative facial behaviour rather than emotional

facial behaviour.

Stress

Another goal of this thesis was to investigate the effect of stress on facial expressions,

and how perceived stress and reactivity to stress may relate to social network size. If

perceived stress and reactivity to stress is lesser in participants who have larger social

networks this would provide evidence for the social buffering hypothesis, which proposes

that having greater social resources will help lessen the perception and reaction towards

stressful experiences (Cohen & Wills, 1985). Our findings provided little support for the

social buffering hypothesis. In Chapter 3, perceived stress, measured by the Perceived Stress

Scale (PSS: Cohen et al., 1983), had only a small, not statistically significant negative

correlation with social network size and close social network size. And, when included in the

statistical models, perceived stress was not a good predictor of either social network size.

Stress was also not a significant predictor of wellbeing during lockdown, though close social
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network size was positively correlated with wellbeing during lockdown. These findings are

perhaps indicative of support for the alternative hypothesis - the main effects model (Cohen

& Wills, 1985); which proposes that social networks are beneficial to health and wellbeing

outcomes regardless of whether the person is experiencing high levels of stress.

Alternatively, it is possible that social network size is not the most appropriate

measure for testing the social buffering hypothesis. Cohen and Wills (1985) explained that

they would not expect structural aspects of social capital, such as social network size, to be

strongly associated with stress buffering as these aspects do not necessarily capture the

degree of social support perceived or received by the individual very well. While social

network size can be highly correlated with social support (e.g., Nabi et al., 2013), having a

larger number of network ties does not guarantee greater levels of social support. Indeed,

some studies have shown that it is social support rather than social network size that

moderate the stress response (e.g., Nausheen et al., 2009). This notion could also explain the

findings from Chapter 4 - that measures of reactivity in response to acute stress, such as the

degree of change in facial behaviour, heart rate and electrodermal activity, were unrelated to

social network size. Furthermore, social ties can be initiators of both positive and negative

social exchanges - “network members can provide help in times of need and day-to-day

companionship, but they can also behave in ways that are inconsiderate, hurtful, or intrusive”

(Rook, 2015, p.45). Therefore, having a larger number of social ties in one’s network could

provide greater opportunity for negative, as well as positive social exchanges. Generally, the

number of social ties in a network that are regarded as positive is greater than the number

considered problematic (Fingerman et al., 2004), however, this will likely differ across

individuals and could be important to consider in social network research.
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A possible mechanism for the link between stress and social capital, is the impact

stress has on how individuals communicate. Studies have shown that stress is a pervasive

problem in modern society, with more than half of work-related absences attributed to

anxiety, depression and stress related disorders (HSE, 2021). If stress were to negatively

impact social communication this could in turn relate to negative social outcomes, such as a

reduced ability to build and maintain social relationships. In Chapter 4, I tested whether

experiencing acute stress impacted subsequent facial behaviour. The findings indicated that

acute stress did not lead to a change in overall expressivity, but it did affect the change in

smiling behaviour- those in the stress group smiled more following stress, compared to those

who experienced the control treatment. This finding is in line with the tend-and-befriend

hypothesis (Baumeister & Leary, 1995; Taylor, 2006), which stipulates that in times of high

stress people have a propensity towards prosocial behaviours - behaviours that in theory

should be beneficial for group cohesion, and therefore better protection from stressors.

Smiling can be seen as a prosocial, affiliative behaviour which encourages approach

behaviours from others (Crivelli & Fridlund, 2018). The increase in smiling behaviour in

those who experienced stress was also greater for participants who judged the stress task as

more difficult, supporting the finding that the degree of felt stress can also impact prosocial

behaviour (Berger et al., 2016). Originally, the tend-and-befriend hypothesis was thought to

apply more so to females than males (Taylor, 2006). Similarly, the only other known study to

investigate how stress affects subsequent facial behaviour, found that stress impacted males

more than females (Mayo & Heilig, 2019). The present results (Chapter 4) indicate that

prosocial behaviour can be fostered by the experience of stress regardless of sex.

Social Networks and Ageing
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In this thesis I elected to focus on the social network sizes of older people. This group

was chosen for several reasons. Firstly, successful ageing is a priority for healthcare agencies

and government policy due to the general ageing of our society. Indeed, it is expected that by

2039, there will be 21.9 million people aged over 60 in the UK, an increase from 14.9 million

people in 2014 (Government Office for Science, 2016). Secondly, social network sizes are

thought to decline in later life, and since social networks are vital for health and wellbeing

this could have detrimental effects for this age group. Thirdly, later life is a time where social

support from social networks is particularly important to alleviate pressure from age related

stressors such as declines in physical health and mobility, as well as external stressors which

are more common in later life such as bereavement (Hughes et al., 1988). Finally, research on

the link between health and social network characteristics in older samples is abundant (e.g.,

Rafnsson et al., 2015; Sörman et al., 2017), yet the research on the individual differences that

predict social network size is more common in younger populations (e.g., Asendorpf &

Wilpers, 1998; Wagner et al., 2014; Zhu et al., 2013). Thus, this thesis aimed to focus on a

group that may be overlooked in individual differences research, whilst being a group that is

particularly vulnerable to adverse social outcomes.

In this thesis I found that social network size does not necessarily decline linearly in

later life, rather social network size appeared to be smaller for those in early later life and late

later life, while those aged approximately 60-75 had the largest network sizes (Chapter 2,

Rollings et al., 2022). This is also supported by the findings in Chapter 3, that age had a

positive association with social network size - as in this chapter the sample consisted of

mainly adults under the age of 75 - suggesting that network sizes are larger for the older

participants in this sample. It is generally thought that networks decline with age, however,

there is no clear consensus in the literature on whether social network size increases,

decreases or remains the same as people age (Cornwell et al., 2014; English & Carstensen,
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2014; Van Tilburg, 1995; Wrzus et al., 2013). Based on the findings of this thesis, it is clear

that the relationship between age and social network size is not linear, it is possible that the

disparity of findings in this area are due to methodological and sampling differences. Later

life is defined differently across studies, some large cohort studies on ageing start their

sample with adults aged 65, others, like the English Longitudinal Study of Ageing (ELSA)

sample adults aged 50 and over.

In this thesis, I did not find an association between socio-communicative traits and

social network size change over a 14-year period (Chapter 2).  However, there could be other

individual traits that may be more relevant to the study of social network change, particularly

when external factors are controlled for in the analysis (e.g., bereavement, divorce etc.).

There is also the issue of personality change over time. In the past it has been assumed that an

individual’s personality remains static throughout their lifetime (Debast et al., 2014),

however, evidence suggests that personality changes can occur at any point over a lifetime,

and the changes in personality will differ between individuals (Roberts & Mroczek, 2008).

With this in mind, I must acknowledge a limitation of Chapter 2, the ELSA collected

personality only at a single time point. The time-varying changes in personality could in fact

be related to changes in social network size but this is beyond the confines of this thesis.

Finally, social network size at two time points does not capture the small changes in the

configuration of a social network. Previous research on network change in older adults had

found that while total network size may remain constant, the number of friends compared to

family members in the network may decrease (Van Tilburg, 1998). According to

socioemotional selectivity theory, such changes in social network composition function are

due to an age-related increase in the priority that people place on close emotional ties

(Carstensen, 2021; English & Carstensen, 2014).
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Future directions

Social network size is one of many social network characteristics, and others may be

more relevant to the individual difference theories explored in this thesis. Social network size

has been used as a proxy for social complexity, but additional, or a more integrated measure

of social network characteristics may be more appropriate to meet this definition. For

example, social network diversity - the number of social roles a person plays within their

network, or the number of different relationship types a person maintains - could provide

greater insight in the study of the relationship between social complexity and communicative

complexity. A promising area of development for social network research is that of network

analysis, which allows for the collection and graphical presentation of detailed social network

information (Newman, 2003). Network analysis can more easily display the complexities of

human social networks, wherein ‘nodes’ represent network members and ‘edges’ the

relationship between those members. By adding more detail to these graphs, we can visualise

the number and type of network ties, how network ties are connected to one another and the

strength of the relationships or contact frequency between individuals. Network analysis can

also facilitate the study of measures which are more difficult to assess using questionnaires

such as the location of the person within the network – how central they are within the

network and the distance between them and network members. While this data can be

cumbersome to collect and analyse, it could be more adept than self-report measures at

capturing social complexity.

In Chapter 2, I performed a secondary analysis on existing data, the English

Longitudinal Study of Ageing (ELSA). In the ELSA social network information was

collected at each wave (bi-annual data collection), but data on the individual’s personality and

communicative traits was only collected in one wave. In the ELSA, participants were asked
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to report the number of children, family members and friends they ‘felt close to’, the sum of

these values provided a measure of social network size. However, this is not a standardised

measure of social network size, unlike the Social Network Index (SNI), which was used to

measure social network size in Chapters 3 and 4. Similarly trait verbal communication was

based on one item - how talkative the individual reported themselves to be. The advantage of

using data from cohort studies is the large sample that can be studied, and often the ability to

study the same individuals over time, however, there is a need to include more standardised

measures in long-term cohort studies to allow for cross-study comparisons.

As previously discussed, defining expressivity can be difficult. One issue with

defining expressivity is the inclusion (or exclusion) of communicative signals from other

sensory modalities and their integration in multimodal signals. In this thesis I studied facial

expressivity, but it is only one channel of communication, and in social interactions facial

expressions rarely occur alone. To study overall expressivity, it would be important to

consider other components (e.g., gestures and body movements) and other modalities (e.g.,

auditory signals as well as visual) (Waller et al., 2022). This could also provide a more

comprehensive measure of communicative complexity to assess the veracity of the social

complexity hypothesis in humans. There is also the potential issue of whether being more

expressive translates into being a better communicator. In Chapter 4, the results indicated that

impulse strength (the ability to control one’s emotional reactivity), was related to social

network size, whilst other expressivity measures were not. These findings lend support to the

idea that expression control, rather than generally being more expressive may be important

for social outcomes. Some studies have found that people are relatively accurate at

self-perception of general emotional expression (Hess et al., 2004) and people have

reasonable awareness of whether they are making a facial expression in response to stimuli

(Qu et al., 2017), however people do tend to overestimate how intense they believe their
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expression to be (Hess et al., 2004). As far as we know, no studies have investigated whether

conscious control of facial behaviour is related to social outcomes. If self-awareness of facial

behaviour is instrumental in social interactions, individual differences in awareness would be

important to study in future work in relation to social outcomes.

The study of human expressivity has been inhibited by the focus on emotional

expression (Waller et al., 2022). For example, studies that have defined expressivity often do

so under emotion specific situations, such as, whether people produce a facial expression in

response to an emotion elicitation task (e.g., Gross et al., 2000). Similarly, appropriateness of

expression is often regarded as whether the individual’s facial expression is emotionally

congruent, rather than whether it conveyed the intended information to the receiver. It would

be more useful to consider both the causes and the functions of facial behaviour (Waller &

Micheletta, 2013). Especially considering that recent research has challenged the widespread

assumption of a strong link between facial expressions and felt emotions (Barrett et al.,

2019). Therefore, to truly explore expressivity, it is important to consider both

communicative and emotional expression. It would be beneficial to the field of expression

research to develop a comprehensive and reliable inventory for expressivity, which

encompasses both the communicative and emotional aspects of facial expression or

expressivity in general. The BEQ (Gross & John, 1997), for example, focuses solely on

emotional expression, and these questions refer to verbal and facial behaviours as well as

some undefined methods of expression. Whereas scales such as The Self-Perceived

Communication Competence scale (SPCC: McCroskey & McCroskey, 1988) focus solely on

verbal communication. To capture individual differences in expressivity a combination of

modalities and function could be considered, this composite measure would, in turn, be useful

in the study of individual differences that relate to social outcomes. Another possible avenue

is to utilise network analysis which has recently been harnessed to study facial expression
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data. The newly developed tool NetFACS enables the user to map AU’s, similarly to how we

might map social network ties (Mielke et al., 2021). Therefore, network analysis may be

uniquely placed to study both the complexity of human social groups and facial behaviour.

In this thesis, I have outlined that there is a relationship between social network size

and some socio-communicative traits, but from this we cannot infer causality. Longitudinal

research has been performed to study the impact of personality traits on future social

outcomes such as the numbers of new peers in one’s social network (Asendorpf & Wilpers,

1998; Wagner et al., 2014). However, this has not been done for facial expressivity.

Longitudinal research employing similar methods could study trait expressivity and how this

trait may influence long term social outcomes. This could be achieved most easily for school

or university populations, wherein, individual differences in socio-communicative traits are

assessed at the start of the academic year, with follow-up assessments to track changes in

communicative traits, as well as changes in social network characteristics.

General Conclusion

This thesis provides evidence for the theory that individual differences in

socio-communicative traits are predictive of social network sizes in humans. Personality

traits, particularly extraversion and agreeableness are important predictors of overall, close,

kin, and non-kin social network sizes in older people. Communicative traits may play a small

role in the formation and maintenance of social relationships, though this needs to be

explored in more detail and with techniques that replicate the characteristics of real social

interactions. This thesis also provides initial evidence of an increase in prosocial facial

behaviour following stress, aligning with the tend-and-befriend hypothesis on the human

stress response. Reactivity to stress and perception of life stress were unrelated to social

network size, perhaps indicating that social relationships are directly beneficial to health, as
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proposed by the main effects model, rather than related to health via the alleviation of stress,

as proposed by the social buffering model.
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Chapter 2 Supplementary material: Personality traits predict social

network size in older adults

1. Additional information on the ELSA data

The ELSA sample was originally drawn from households that had participated in the Health
Survey for England (HSE) from 1998-2001. This original sample, plus younger cohorts
added intermittently to retain the representative sample, were interviewed every 2 years;
these bi-annual interviews are known as waves. The ELSA provides data on mental and
physical health, social engagement, individual traits, attitudes, finances, housing, and social
care, although the exact content is subject to change in different waves (English Longitudinal
Study of Ageing, 2019). A detailed description of sampling and data collection procedures
has been outlined in previous research (Steptoe et al., 2013). For more information on the
variables in this study or any other variable see ELSA’s data dictionaries (English
Longitudinal Study of Ageing, 2016). All data is freely available on the UK data service
(Oldfield et al., 2020).
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2. Additional information on sample characteristics and correlation matrix

Table. 1. Sample Characteristics for Wave 5 ELSA data (n=7505)

Overall (N=7505)

Network size

Mean (SD) 7.30 (5.01)

Median [Min, Max] 6.00 [0, 107]

Friend Network (missing 886 – 11.8%)

Mean (SD) 3.69 (3.40)

Median [Min, Max] 3.00 [0, 97.0]

Family Network (missing 208 – 2.8%)

Mean (SD) 4.16 (3.11)

Median [Min, Max] 4.00 [0, 59.0]

Age

Mean (SD) 66.1 (8.59)

Median [Min, Max] 65.0 [50.0, 89.0]

Gender

Male 3324 (44.3%)

Female 4181 (55.7%)

Relationship

Married/cohabiting 5503 (73.3%)

Single 2002 (26.7%)

General Health

Mean (SD) 3.28 (1.08)

Median [Min, Max] 3.00 [1.00, 5.00]

Socioeconomic Status

Mean (SD) 5.16 (2.01)

Median [Min, Max] 5.00 [1.00, 8.00]

Agreeableness

Mean (SD) 7.04 (1.07)

Median [Min, Max] 7.00 [2.00, 8.00]

Extraversion

Mean (SD) 5.97 (1.45)

Median [Min, Max] 6.00 [2.00, 8.00]

Verbal Communication

Mean (SD) 3.06 (0.860)

Median [Min, Max] 3.00 [1.00, 4.00]
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Table. 2. Sample Characteristics for Core Members Analysis Wave 5 ELSA data (n=5202)

Overall (N=5202)

Network size

Mean (SD) 7.31 (4.98)

Median [Min, Max] 6 [0, 79]

Friend Network (missing 615 – 11.8%)

Mean (SD) 3.72 (3.28)

Median [Min, Max] 3 [0, 40]

Family Network (missing 152 – 2.9%)

Mean (SD) 4.15 (3.12)

Median [Min, Max] 4 [0, 59]

Age

Mean (SD) 66.8 (8.62)

Median [Min, Max] 65 [52, 89]

Gender

Male 2194 (42.2%)

Female 3008 (57.8%)

Relationship

Married/cohabiting 3218 (61.9%)

Single 1984 (38.1%)

General Health

Mean (SD) 3.24 (1.09)

Median [Min, Max] 3 [1, 5]

Socioeconomic Status

Mean (SD) 5.11 (2.01)

Median [Min, Max] 5 [1 , 8]

Agreeableness

Mean (SD) 7.05 (1.08)

Median [Min, Max] 7 [2, 8]

Extraversion

Mean (SD) 5.95 (1.47)

Median [Min, Max] 6 [2, 8]

Verbal Communication

Mean (SD) 3.07 (0.87)

Median [Min, Max] 3 [1, 4]
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Figure. 1. Correlation Matrix for Wave 5 ELSA data (n=5202)

Note. Correlation Matrix of continuous variables using in regression models. NS= Network
Size. SES = socioeconomic status

Figure. 2. Age by Total, Friend and Family Network Size with polynomial fit for age

Note. Figures are on different y-axis and do not account for full range of x responses. These
figures were created to aid inspection of variable relationships only.

Based on comparison of the linear and polynomial fit for age, there appears to be a linear
relationship between age and family network size but for total and friend network size the
relationship appears to be quadratic, see Figure 2. Model comparisons will be carried out to
compare age and age2 in predicting total and friendship network size.
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3. Measure Validation Study

Aim

To investigate concurrent validity between verbal communication as determined by trait
talkativeness from the English Longitudinal Study of Ageing (ELSA) and communicative
competence and preference.

Method

Participants

101 participants were recruited via Prolific.ac, a platform for hosting online surveys.
Participants were prescreened so that the sample included participants aged 50+, fluent in
English and currently residing in the UK. Participants were aged 50-76, the average age was
57.4 (SD = 6.23), 55% were female.

Measures

Verbal Communication

Participants were asked to respond on a scale from ‘Not at all’ to ‘A lot’ how ‘talkative’ they
believe they are, which resulted in a score of 1 – 4. This question is identical to the one asked
in the English Longitudinal Study of Ageing (ELSA). Talkativeness is used in this study as a
proxy for verbal communication.

Communicative Competence

To assess communicative competence, we utlised the Self-Perceived Communication
Competence Scale (SPCC) (McCroskey & McCroskey, 1988) and the Interpersonal
Communication Competence Scale (short version) (ICCS-SF) (Rubin & Martin, 1994).

The SPCC consists of 12 items designed to measure one’s perceived competence in a variety
of communication contexts, this is different from measuring actual communicative
competence. In this study the SPCC had excellent internal reliability (Cronbach’s α = 0.94).

The ICCS-SF consists of 10 items designed to self-assess an individual’s ability to
communicate in interpersonal communication settings. The ICCS-SF has shown concurrent
validity with both cognitive and communication flexibility (Rubin & Martin, 1994).  In this
study the ICCS-SF had good internal reliability (Cronbach’s α = 0.81).

Communicative Preference

To assess preference to communicate we used to Willingness to Communicate scale (WTC;
McCroskey & Richmond, 1987). The WTC measures a person's willingness to initiate
interpersonal communication. The measure consists of 20 items, though eight are used to
distract from the scored items. The WTC had excellent internal reliability in this study
(Cronbach’s α = 0.93).

Social Network Size

Social network questions were identical to those asked in the ELSA, which were the number
of children, family members (other than spouse or children) and friend’s participants ‘felt
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close to’, which required a numerical response. This is then summed to provide an overall
social network size. Friend and family network size is established based on the single item for
each social group.

Covariates

Participants were asked to report on their gender, age, and current place of residence with the
UK (England, Scotland, Wales, Northern Ireland).

Procedure

After signing up to participate on Prolific.ac, participants were routed to the online survey
hosted on Qualtrics. Participants provided informed consent, followed by basic demographic
questions, then the WTC scale, questions regarding their social network, the ICCS-SF and
finally the SPCC. Participants then reached a debrief page with details on how to contact the
experimenter and the relevant complaints officer. Participants were reimbursed after
successful completion of the survey (based on complete responses and correct responses to
attention checks).

Results

The average score for talkativeness was 2.52 (SD = 1.11) out of possible high score of 4.
Social network sizes ranged from 0 – 33 with a mean of 8.51 (SD = 5.60).

Trait verbal communication, based on self-perceived talkativeness, was associated with
communication competence. Both the SPCC and the ICCS-SF had moderate-strong
correlations with verbal communication (r = . 47, p < .001; r = . 60, p < .001) as well as with
one another (r = . 62, p < .001). However, verbal communication had only a small correlation
with communicative preference (r = . 26, p < .01).

Figure. 1. Correlations between communication measures and social network size

Note. SNS = Social Network Size; WTC = Willingness to Communicate; ICCS =
Interpersonal Communication Competence; SPCC = Self-perceived Communication
Competence.

As can be seen in Figure 1, self-perceived communicative competence (as assessed by the
SPCC) and willingness to communicate (as assessed by the WTC) had small correlations
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with overall social network size, whilst  communicative competence (as assessed by the
ICCS-SF) had a moderate correlation with overall social network size.

In a multiple linear regression, the combination of SPCC (β = −.01), t(94) = 1.86, p = .07;
ICCS (β = .08), t(94) = 4.40, p < .001; and WTC (β = −.003), t(94) = −0.56, p = .57,
predicted 37% of the variance between individuals. This is controlling for age, gender, and
whether the individual has or previously had a physical impairment that affected their
communication.

Conclusion

The results indicate that the verbal communication, assessed by trait talkativeness in the
ELSA, is related to interpersonal communicative ability in older adults. Trait verbal
communication had a greater association with measures of communicative competence rather
than communicative preference.
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4. Single-Wave Analysis Supplementary

a. Assumption Testing

Using the R package, “stats” (version 4.1.0) visual inspection of model residuals was
performed. The R package “performance” (version 0.7.2) was used to carry out checks to
assess multicollinearity, independence, and heteroscedasticity.

Total Network Size

Based on the core members dataset (n = 5202) and the following model:

Network size ~ age + sex + relationship + health + SES +Agreeableness + Extraversion +
Verbal Communication, (weighting = wave 5 cross sectional)

Visual inspection of Q-Q plot indicated non-normal distribution of residuals:

So, the outcome variable (network size was log transformed) in the following model:

Log (Network size) ~ age + sex + relationship + health + SES +Agreeableness + Extraversion
+ Verbal Communication, (weighting = wave 5 cross sectional)

Visual inspection of Q-Q plot indicated approximately normal distribution of residuals:
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Assessment of independence of errors and multicollinearity resulted in no violations, the data
met the assumption of independent errors (Durbin-Watson value = 1.95; output = OK:
Residuals appear to be independent and not autocorrelated (p = 0.146) and VIF values are
presented below:

Term VIF Increased SE Tolerance
Age
Gender
Relationship

status
Health
SES
Agreeablene

ss
Extraversion
Verbal

communication

1.16
1.12
1.13
1.17
1.08
1.28
1.65
1.52

1.08
1.06
1.06
1.08
1.04
1.13
1.28
1.23

0.86
0.90
0.89
0.86
0.93
0.78
0.61
0.66

However, assumption checks indicated heteroscedasticity: output = Heteroscedasticity
(non-constant error variance) detected (p < .001).

To counter heteroscedasticity a robust method was employed to calculate heteroscedasticity
corrected standard errors. Using the ‘sandwich’ package in R, new coefficient standard errors
were computed and used in the model tables.

Inclusion of quadratic term for age

Age2 was added to the full model and compared to the full model with no quadratic term for
age. The model fit was improved, however there was the issue of multicollinearity shown
through high VIF values for age and age2.  Therefore, a mean-centered model was fit using:
‘jtools’ ‘center_mod’.

Friend Network Size

Based on the following model:

Log (Friend network size) ~ age + sex + relationship + health + SES +Agreeableness +
Extraversion + Verbal Communication

Visual inspection of Q-Q plot indicated an approximately normal distribution of residuals:
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Assessment of heteroscedasticity (output = OK: Error variance appears to be homoscedastic
(p = 0.738) and independence (output = OK: Residuals appear to be independent and not
autocorrelated (p = 0.716) indicated no violations. Assessment of multicollinearity indicated
no violations:

Term VIF Increased SE Tolerance
Age
Gender
Relationship

status
Health
SES
Agreeablene

ss
Extraversion
Verbal

communication

1.14
1.10
1.12
1.16
1.09
1.31
1.59
1.53

1.07
1.05
1.06
1.07
1.04
1.14
1.26
1.24

0.88
0.91
0.89
0.87
0.92
0.77
0.63
0.65

Inclusion of quadratic term for age

Age2 was added to the full model and compared to the full model with no quadratic term for
age. The model fit was improved, however there was the issue of multicollinearity shown
through high VIF values for age and age2.  Therefore, a mean-centered model was fit using:
‘jtools’ ‘center_mod’.
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Family Network Size

Based on the following model:

Log (Family network size) ~ age + sex + relationship + health + SES +Agreeableness +
Extraversion + Verbal Communication

Visual inspection of Q-Q plot indicated an approximately normal distribution of residuals:

Assessment of independence (OK: Residuals appear to be independent and not autocorrelated
(p = 0.888) and multicollinearity indicated no violations, see VIF values below.

Term VIF Increased SE Tolerance
Age
Gender
Relationship

status
Health
SES
Agreeablene

ss
Extraversion
Verbal

communication

1.14
1.11
1.12
1.20
1.07
1.29
1.72
1.55

1.07
1.05
1.06
1.10
1.03
1.14
1.31
1.25

0.88
0.90
0.89
0.83
0.94
0.77
0.58
0.64

However, assessment of heteroscedasticity indicated a violation of the assumption (output =
Heteroscedasticity (non-constant error variance) detected (p < .001). To counter
heteroscedasticity a robust method was employed to calculate heteroscedasticity corrected
standard errors. Using the ‘sandwich’ package in R, new coefficient standard errors were
computed and used in the model tables.
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b. Additional Model Comparisons

Total Network Size

Model comparison performed using the following command: Anova (model 1, model 2 test =
"Chisq", method = "Wald")

Model Comparison- one variable added to the null per model

d
f

R2 Chi-squared
against Null Model

A
IC

Null
Model

8 .024 9
309

Null +
VC

9 .043 80.67* 9
206

Null +
AG

9 .057 128.99* 9
131

Null +
EX

9 .067 184.40* 9
076

Full
Model

1
1

.078 229.93* 9
016

Note. Null Model included age, gender, relationship, health, socioeconomic status and
controlled for household effect. Full model included VC, AG, and EX. VC = verbal
communication, AG = agreeableness, EX = extraversion.

Model comparison stepwise for the variables of concern

D
f

R2 Chi-squared against
model above

AI
C

Null
Model

8 .024 93
09

Null +
EX

9 .067 184.40* 90
76

Null +
EX + AG

1
0

.078 45.32* 90
15

Full
Model

1
1

.078 1.07(n.s.) 90
16

Full
Model + age2

1
2

.080 7.75* 90
07

Note. Null Model included age, gender, relationship, health, socioeconomic status and
controlled for household effect. Full model included VC, AG, and EX. VC = verbal
communication, AG = agreeableness, EX = extraversion.
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c. Supplementary plots

Total Network Size

Figure. 3.  Network Size by Extraversion and Agreeableness Scores (n=5202)

Note. Point size indicates the number of respondents, linear regression line and
confidence intervals are presented.

d. Interpreting Regression Coefficients

In the final models the dependent variables are log-transformed, therefore a
back-transformation has been applied to interpret the regression coefficients. Regression
coefficients were interpreted using the following formula:

𝑒�̂�1 − 1

Which, for example, in the case of extraversion with the regression coefficient of 0.06 is:

(𝑒^0.06) -1 = 1.0618 -1 = 0.06
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5. Treating the predictor verbal communication as ordinal

Model with continuous
predictor

Model with ordinal
predictor

Predict
or

B (CI) p B (CI) p

Age

Age2

Sex

Relatio
nship status

Health

SES8

Agreea
bleness

Extrave
rsion

VC
continuous

VC
Linear

VC
Quadratic

VC
Cubic

.003***
(.002, .004)

-.0003***
(-.0004,

-.0002)

.100***
(.086, .114)

-.026***
(-.040, -.013)

.015***
(.008, .022)

.014***
(.010, .017)

.064***
(.055, .072)

.062***
(.055, .069)

.012**
(.002, .022)

<0.0
01

<0.0
01

<0.0
01

<0.0
1

<0.0
01

<0.0
01

<0.0
01

<0.0
01

<0.0
5

.043***
(.031, .056)

-.0003***
(-.0004,

-.0002)

.100***
(.086, .114)

-.026***
(-.039,

-.012)

.015***
(.008, .022)

.013***
(.010, .017)

.064***
(.056, .073)

.062***
(.055, .068)

.060***
(.023, .098)

-.045***
(-.074,

-.017)

.004
(-.013,

.021)

<0.
001

<0.
001

<0.
001

<0.
01

<0.
01

<0.
001

<0.
001

<0.
001

<0.
01

<0.
01
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.66
5

Observ
ations

Log
Likelihood

AIC

5,202
-4,493.716
9,007.432

5,202
-4,491.223
9,006.447

Table. 3. Regression model results comparison for the treatment of verbal communication as
continuous and ordinal

Note. VC = Verbal Communication

Table 3 illustrates that by treating verbal communication as continuous or ordinal the model
results do not significantly differ. For the model with the ordinal predictor the linear and
quadratic polynomial contrasts fit the model better than the cubic polynomial contrast.

6. Bootstrapping

Using the R package ‘boot’ bias adjusted confidence intervals were calculated for the
regression coefficients for the quadratic model (one of the final models in the cross-sectional
analysis) and the total social network size change model (one of the final models in the
change analysis). As can be seen in Table 4, the bias for each regression coefficient is very
small, this also results in the bias-adjusted confidence intervals being very similar to those in
the original regression.

Table. 4. Linear regression model for the cross-sectional analysis with bootstrapping
statistics and bias adjusted confidence intervals

 log(Network size with constant)

Predictors Original estimates CI bootBias bootSE BCa CI

Age 0.04 0.013 – 0.065 0.0001 0.014 0.011 - 0.066

Age^2 -0.00 -0.0005 – -0.0001 0.000001 0.0001 -0.0005 - 0.0001

Gender 0.09 0.062 – 0.127 0.0002 0.017 0.061 - 0.127

Relationship status -0.03 -0.064 – 0.002 0.0004 0.017 -0.064 - 0.002

Health 0.02 0.001 – 0.031 0.00002 0.008 -0.0006 - 0.031

SES 0.01 0.004 – 0.020 0.00007 0.004 0.004 - 0.020

Agreeableness 0.06 0.044 – 0.077 0.000003 0.009 0.044 - 0.079

Extraversion 0.06 0.048 – 0.074 0.00004 0.007 0.046 - 0.074

Verbal Communication 0.02 -0.006 – 0.037 0.0002 0.011 -0.006 - 0.038

Observations 5202
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R2 / R2 adjusted 0.077 / 0.075
Note. BCa = Bias Corrected. Number of Bootstrap Replications R=6000. This linear model does not

include the sample weights used in the published analysis.

Table. 5. Sample of 6 bootstrapped regression coefficients per variable of interest

Agreeableness Extraversion Verbal
communication

0.05033747 0.06241620 0.005744720
0.04825647 0.05871622 0.010895593
0.06397733 0.05146202 0.015019088
0.06637231 0.07018442 0.005581667
0.07003489 0.05313521 0.017878026
0.06061550 0.05654466 0.020912631

Note. Code to produce sample of bootstrapped coefficients: head(results$t, digits = 3)

As can be seen in Table 5, the bootstrapped regression coefficients, based on resampling of
6000 replications hover around similar coefficient values.

Figure. 4. Histograms of bootstrap estimated regression coefficients for agreeableness,
extraversion and verbal communication, the blue line represents the original regression
coefficient from the linear model.
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As can be seen in Figure 4, the
original regression coefficients for agreeableness, extraversion, and verbal communication,
are aligned in the middle of the estimated coefficients based on  the bootstrapping analysis
with 6000 bootstrap replications.
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Table. 6. Regression model for the change analysis with bootstrapping statistics and bias
adjusted confidence intervals

 Social network size change
Predictors Original

estimates
bootBi

as
BootSE BCa CI

Age at
baseline

-0.01 0.000
1

0.009 -0.027 -
0.007

Gender -0.16 -0.002 0.113 -0.381 -
0.074

Relationship
at close

0.06 0.000
9

0.120 -0.178 -
0.303

General
health at close

0.07 0.000
6

0.052 -0.038 -
0.172

Agreeablene
ss

-0.08 -0.001 0.055 -0.191 -
0.031

Extraversion 0.08 -0.000
02

0.047 -0.010 -
0.176

Verbal
communication

-0.06 0.000
2

0.072 -0.207 -
0.076

Observation
s

1511

Note. BCa = Bias Corrected. Number of Bootstrap Replications R=4000. This model does not
include the sample weights used in the published analysis.

Table. 7. Sample of 6 bootstrapped regression coefficients per variable of interest

Agreeableness Extraversion Verbal
communication

-0.106772449 0.078770137 0.018177939
-0.035824520 0.046318716 -0.001130897
-0.006173344 0.037120482 -0.049373073
-0.154708065 0.100143469 -0.087043113
-0.079098349 0.003979374 -0.033928997
-0.100491088 0.075267534 -0.061753609

Note. Code to produce sample of bootstrapped coefficients: head(results$t, digits = 3)

As can be seen in Table 7, the bootstrapped regression coefficients, based on resampling of
4000 replications, hover around similar coefficient values.
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7. R Packages

R Studio Version 1.4.1717

Package Version Use

performance 0.7.2 Model diagnostics
and comparison

survey 4.1-1 Applying survey
weights

sandwich 3.0-1 Computing robust
standard errors

lme4 1.1-27.1 Models

stargazer 5.2.2 Tables

table1 1.4.2 Tables

ggplot2 3.3.5 Figures

boot 1.3-28 Bootstrapping
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Chapter 3 Supplementary material: Personality characteristics are

associated with social network size in older adults

1. Correlation Matrix

Figure. 1.  Correlation matrix of dependent and independent variables for the analysis sample (N=135).

Note. Coefficients with colour backing represent significant correlations.
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2. Exclusion of influential datapoints

a. Results of the inspection of influential datapoints:

Results of outlier test (‘car’ package):
rstudent unadjusted p-value Bonferroni p

108 4.497054         1.5532e-05    0.0021278
38  3.928310         1.4066e-04    0.0192700

b. Regression results for the full dataset- prior to the removal of outliers

 DV = Social Network Size

Predictors Estimates CI p

Stress -0.06 -0.33 – 0.21 0.648

FACS Expressivity 0.05 -0.15 – 0.26 0.593

BEQ expressivity 0.93 -0.83 – 2.69 0.299

Extraversion 0.92 0.01 – 1.82 0.047

Agreeableness 1.15 -0.06 – 2.35 0.061

Openness -1.26 -2.42 – -0.09 0.035

Conscientiousness 0.31 -0.87 – 1.50 0.602

Emotional stability 0.48 -0.96 – 1.92 0.513

Age 0.13 -0.08 – 0.34 0.234

Sex 1.16 -1.67 – 3.98 0.419

Country 0.95 -1.94 – 3.85 0.517

Observations 137
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R2 / R2 adjusted 0.145/0.069

3. Checking the difference between participants with and without facial

expression data

a. Binomial regression results with the dependent variable inclusion/exclusion
from analysis

A binary logistic regression with inclusion/exclusion from analysis as the dependent variable
indicated that none of the variables had significant relationship with inclusion/exclusion.
Suggesting that there were no significant differences between the participants with facial
expression data and those without facial expression data.

Table. 1. Binomial Regression results

 DV = Inclusion in video
analysis

Predictors Odds Ratios CI p

(Intercept) 29.08 0.36 – 2624.34 0.135

Social Network Size 1.02 0.96 – 1.08 0.550

Close Social Network Size 1.09 0.95 – 1.26 0.250

Stress 0.98 0.91 – 1.04 0.489

BEQ expressivity 0.75 0.48 – 1.17 0.216

Extraversion 1.11 0.87 – 1.41 0.395

Agreeableness 0.99 0.72 – 1.36 0.954

Openness 1.08 0.80 – 1.46 0.630

Conscientiousness 0.93 0.69 – 1.23 0.597

Emotional stability 0.87 0.59 – 1.25 0.452

Age 0.98 0.94 – 1.04 0.539

Sex 1.03 0.51 – 2.10 0.939

Country 0.95 0.47 – 1.96 0.888

Observations 181

R2 Tjur 0.037
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b. Linear regression results, Model A analyses the sample with the facial
expression data, Model B analyses the sample without facial expression data

A linear model was computed to look at the entire dataset including those without video data
and therefore, without the observed expressivity variable.  The model results are similar to
those found in the analysis sample.

All variable relationships are in the same direction. Extraversion and Agreeableness remain
significant. Age reached significance with this dataset, but not in the analysis sample.
Openness no longer reached significance in this dataset.

Table. 2. Model comparison between Model A (those with facial expression data) and Model
B (including those without eligible facial expression data)

 DV = Social Network Size DV = Social Network Size

Predictors Estimates CI p Estimates CI p

Stress -0.01 -0.24 – 0.23 0.947 0.15 -0.05 – 0.36 0.140

BEQ Expressivity 0.61 -0.94 – 2.17 0.437 0.19 -1.20 – 1.59 0.784

FACS Expressivity 0.09 -0.09 – 0.27 0.335

Extraversion 0.97 0.17 – 1.76 0.018 0.90 0.16 – 1.63 0.017

Agreeableness 1.12 0.06 – 2.18 0.038 1.03 0.04 – 2.03 0.042

Openness -1.18 -2.20 – -0.15 0.025 -0.71 -1.66 – 0.23 0.139

Conscientiousness 0.80 -0.26 – 1.85 0.138 0.70 -0.23 – 1.63 0.137

Emotional Stability 0.56 -0.72 – 1.84 0.389 1.28 0.13 – 2.43 0.029

Age 0.16 -0.02 – 0.35 0.081 0.19 0.03 – 0.35 0.019

Sex 1.11 -1.39 – 3.60 0.381 0.74 -1.48 – 2.96 0.511

Country -0.26 -2.82 – 2.31 0.843 -0.36 -2.64 – 1.91 0.753

Observations 135 179

R2 / R2 adjusted 0.201 / 0.129 0.183 / 0.134
Note. For both models the same two outliers were removed.
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4. Testing assumptions: final models

c. Overall social network size final model diagnostics

i. Visual inspection of residuals

ii. VIF results for Social Network Size Model

Stress Express
ivity

Express
ivity score

Extrave
rsion

Agreea
bleness

Openne
ss

1.98426
5

1.44281
9

1.05370
3

1.22568
3

1.23210
4

1.19176
0

Conscie
ntious-ness

Emotio
nal

stability

Age Gender Country

1.17125
6

2.36246
4

1.07566
8

1.05245
9

1.06431
2
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d. Close social network size final model diagnostics

i. Visual inspection of residuals

ii. VIF results for Close Social Network Size Model

Stress Express
ivity

Express
ivity score

Extrave
rsion

Agreea
bleness

Openne
ss

1.98426
5

1.44281
9

1.05370
3

1.22568
3

1.23210
4

1.19176
0

Conscie
ntious-ness

Emotio
nal

stability

Age Gender Country

1.17125
6

2.36246
4

1.07566
8

1.05245
9

1.06431
2
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5. COVID-19 wellbeing analysis

Table. 3. Multiple Regression results for the COVID-19 wellbeing analysis

 
DV = COVID Wellbeing

Predictors Estimates CI p

(Intercept) 2.99 1.04 – 4.95 0.003

Close Social Network Size 0.09 0.01 – 0.16 0.023

Social Network Size -0.02 -0.06 – 0.01 0.154

Stress 0.02 -0.01 – 0.05 0.189

Age -0.01 -0.04 – 0.02 0.595

Sex 0.22 -0.20 – 0.65 0.297

Country -0.18 -0.61 – 0.26 0.422

Lockdown living status 0.77 0.25 – 1.28 0.004

Social contact frequency -0.12 -0.40 – 0.16 0.407

Observations 149

R2 / R2 adjusted 0.139 / 0.090

a) VIF results for COVID-19 wellbeing model

SN
I

clo
se

SN
I

Str
ess

Ag
e

Ge
nder

Co
untry

Ho
usemate

Sta
tus

Co
vid

So
cial

1.9
03328

1.9
77554

1.0
58225

1.0
68192

1.0
68789

1.0
49894

1.0
89006

1.0
39409
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Chapter 4 Supplementary material: The impact of stress on facial

expressions

1. Experiment protocol

1. Participants brought into the lab by a confederate

2. Informed consent

3. Interaction 1 (with experimenter)

4. Demographics questionnaires

5. Posed facial expressions 1 (random order: fear, anger, sad, happy, surprise, disgust)

6. Questionnaires (SNI, BEQ, PANAS, TIPI)

7. Stress/control condition in lab next door

8. Interaction 2 (with research assistant)

9. Questionnaires (SPUP rating, PANAS)

10. Posed facial expressions 2 (random order: fear, anger, sad, happy, surprise, disgust)

11. Facial expression perception task

12. Debrief

2. Additional information on the perception task

10 males and 10 females were chosen at random from the stimuli database using the excel formula
‘RAND’. Each emotion expression (6 basic emotions and neutral expression) was shown once for
each of the 20 chosen stimuli subjects. The subject ID’s chosen were: 1, 2, 3, 4, 9, 15, 16, 18, 23, 25,
31, 32, 33, 38, 46, 47, 49, 57, 58, 61.  Participants viewed a total of 140 faces in the expression
perception task. Keyboard responses corresponding to the emotional expression were presented as a
key at the top of the screen at all times.
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3. Additional information on video data

Table. 1. Video data collected from each participant

Type of video Video cuts
Interaction recordings Pre-condition

From the moment the experimenter enters
the room until the initial greeting ends.

Post-condition
From the moment the research assistant

enters the room until the end of the greeting.
Posed expression recordings Pre-condition

Pose 6 basic expressions. Recordings cut to
onset of expression and either offset or just before
the start of the next expression.

Post-condition
Pose 6 basic expressions. Recordings cut to

onset of expression and either offset or just before
the start of the next expression.

Table. 2. Action Units (AUs) coded in iMotions Analysis

AU iMotions Name Cod
ed for in
spontaneou
s
expression

Co
ded for in
posed
expression
s

1 Inner Brow Raise X X
2 Brow Raise X X
4 Brow Furrow X X
5 Eye Widen X X
6 Cheek Raise X X
7 Lid Tighten X X
9 Nose Wrinkle X X
10 Upper Lip Raise X X
12 Smile X X
13 Smirk
14 Dimpler X X
15 Lip Corner Depressor X X
17 Chin Raise X X
18 Lip Pucker X X
20 Lip Stretch X X
24 Lip Press X X
25 Mouth Open X
26 Jaw Drop X X
28 Lip Suck X X
43 Eye Closure
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Note. Mouth open was not coded for in the spontaneous interactions as these clips involved speech for
all participants.
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4. Additional information on expressivity change variables

Table. 4. Descriptives for change in facial behaviour in the control and stress groups

control
(N=33)

stress
(N=31)

Interaction expressivity change

Mean (SD) 0.02 (0.284) 0.07 (0.31)

Median [Min, Max] -0.006 [-0.62,
0.58]

0.12 [-0.64,
0.62]

Missing 2 (6.1%) 7 (22.6%)

Interaction smiling behaviour change

Mean (SD) -0.08 (0.20) 0.11 (0.31)

Median [Min, Max] -0.03 [-0.59, 0.22] 0.12 [-0.35,
0.81]

Missing 2 (6.1%) 7 (22.6%)

Posed expressivity change

Mean (SD) -0.05 (0.09) -0.02 (0.15)

Median [Min, Max] -0.03 [-0.18, 0.21] 0.01 [-0.39,
0.28]

Missing 1 (3.0%) 0 (0%)
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5. Model results for change in facial behaviour between pre and post for

interactions
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Change in AU percent present during interactions

 Null Model Exp Model

Predictors Estimates CI P Estimates CI p

(Intercept) 0.07 -0.04 – 0.18 .24 0.10 -0.16 – 0.37 .44

age group 0.01 -0.18 – 0.19 .95 0.01 -0.18 – 0.20 .93

sex -0.11 -0.30 – 0.09 .28 -0.10 -0.30 – 0.10 .33

exp group -0.03 -0.20 – 0.14 .75

Observations 55 55

R2 / R2 adjusted 0.025 / -0.013 0.027 / -0.030

Change in number of distinct AU’s during interactions

 Null model Exp Model

Predictors Estimates CI p Estimates CI p

(Intercept) -0.12 -1.45 – 1.21 .86 0.76 -2.73 – 4.26 .66

age group -1.71 -3.95 – 0.52 .13 -1.65 -3.91 – 0.62 .15

sex -2.31 -4.81 – 0.19 .07 -2.08 -4.73 – 0.58 .12

exp group -0.59 -2.74 – 1.56 .58

Observations 49 49

R2 / R2 adjusted 0.096 / 0.056 0.102 / 0.042

Change in AU12 percent present during interactions

 Null Model Exp Model

Predictors Estimates CI p Estimates CI p

(Intercept) 0.05 -0.05 – 0.15 .33 -0.04 -0.17 – 0.08 .49

age group -0.04 -0.21 – 0.12 .61 -0.02 -0.18 – 0.14 .78

sex -0.13 -0.31 – 0.04 .13 -0.08 -0.26 – 0.09 .35

exp group 0.17 0.02 – 0.31 .02

Observations 55 55

R2 / R2 adjusted 0.043 / 0.006 0.136 / 0.085
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6. Model results for change in smiling behaviour during an interaction

in the stress group

Table. 3. Models predicting smiling behaviour change in the stress group

 Model 1 Model 2 Model 3
Pred

ictors
CI B CI B CI p

(Inte
rcept) .12

-0.
05 – 0.29 17

0
.29

-0.04 
– 0.62 09

-
0.04

-0.40
 – 0.31

.
80

Age
group .05

-0.
27 – 0.36 77

-
0.04

-0.40 
– 0.32 83

0
.14

-0.18
 – 0.47

.
36

Sex
0.15

-0.
57 – 0.26 46

-
0.30

-0.79 
– 0.19 22

-
0.17

-0.58
 – 0.25

.
42

EDA
change

-
0.02

-0.08 
– 0.04 46

-
0.02

-0.07
 – 0.03

.
41

HR
change

-
0.01

-0.04 
– 0.01 27

-
0.02

-0.04
 – 0.00

.
13

Diffi
cult

0
.06

0.02 
– 0.10

<
.01

Obse
rvations

24 24 24

R2 /
R2 adjusted

0.04 / -0.06 0.12 / -0.07 0.43 / 0.27

Testing the linear vs. quadratic fit for difficulty rating

Models predicting change in smiling behaviour in the stress group

Model Term of
interest

B R2 P

Linear Difficulty
rating

.059 .27 .05

Quadratic Difficulty
rating2

.006 .21 .10

Note. The Linear Model is the same as Model 3 in Table.3 above, the Quadratic Model differs only by the
addition of the polynomial term for difficulty rating
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 Anger Disgust Fear Happy Sad Surp
e

P
redictor

Es
timates

Es
timates

Est
imates

Es
timates

Es
timates

Es
timates

A
ge

g
roup

-0.
16

(-0.38 –
 0.

06)

14
0.

13
(-0.08 – 

0.
35)

22
0.2

3
(0.04 – 

0.4
1)

02
0.

02
(-0.13 – 

0.
18)

79
-0.

04
(-0.24 – 

0.
15)

66
-0.

01
(-0.17 – 

0.
15)

S
ex

0.
05

(-0.15 – 
0.

25)

63
-0.

05
(-0.26 – 

0.
16)

64
0.0

1
(-0.17 – 

0.2
0)

87
-0.

00
(-0.15 – 

0.
14)

95
-0.

14
(-0.33 – 

0.
05)

13
-0.

08
(-0.25 – 

0.
08)

E
xp

g
roup

-0.
10

(-0.27 – 
0.

08)

27
0.

02
(-0.16 – 

0.
20)

81
0.0

7
(-0.09 – 

0.2
2)

37
0.

00
(-0.13 – 

0.
13)

98
-0.

16
(-0.31 – 

-0.
00)

04
-0.

01
(-0.15 – 

0.
13)

O
bs

58 59 52 53 61 58

R
2 / R2 adj

.08 / .02 .04 /
-.01

0.12 /
0.07

0.002 /
-0.06

0.09 /
0.04

0.02 /
-0.03

7. Model results for change in overall expressivity for posed expressions

Table. 4. Change in expressivity (percentage of frames AU is present) between pre and post for posed
expressions, per expression

8. R software details

Package Version Use

R version 4.1.0 All

R Studio 1.4.1717 All

Lme4 1.1-27.1 Models

Car 3.0-11 Model comparisons

Performance 0.8.0 Model diagnostics

Sandwich 3.0-1 Robust models






