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Executive summary

This deliverable presents the research advances made in work-package WP1 to
characterize fundamental aspects of human social networks that are relevant to the
SOCIALNETS communication paradigm. In particular the deliverable addresses the
role and strength of ties in social networks and social processes for knowledge
dissemination. These are investigated from a human and structural perspectives taking
into account electronic communication where appropriate. The work has resulted in

insights concerning trust and reciprocity and constraints on the structure of networks.

. Trust and Reciprocity

Previous research has established that social networks consist of a series of
hierarchically embedded tiers or layers (the “circles of acquaintanceship”) that
vary in composition, and frequency of contact. Research on relationships within
networks has tended to focus on the number and type of relationship, with
relatively little investigation into their nature and quality. Research has been
carried out to develop and test additional behavioural measures of cooperative
connections between egos and alters, and thereby arrives at a richer
characterisation of network sociality. In particular, we determine how strong
“family” ties result in reciprocated benefit within the inner-most layer of the
social network. In addition, human exchange and bargaining has been
addressed, exploring the evolutionary theory of trust in the context of social
exchange. This has been investigated using two studies, addressing how humans
physically view each other when assessing trustworthiness. Finally, trust in
social networks is being investigated, exploring the theory that trust and

reciprocity will vary between networks as a function of density of connections.

. Structure, Constraints and Online Social Networks

There is an increasing amount of evidence that both time and cognitive
constraints limit the number of relationships an individual can maintain at a
particular level of emotional intensity. Maintaining relationships is costly in
terms of both time and cognition, and thus social relationships - especially
friendships - are prone to decay in emotional intensity over time when they are
not reinforced by frequent interaction. Thus, to prevent relationships decaying,

frequent communication and other maintenance activities are required. Our
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findings show that whilst use of electronic communication can increase the
probability of acquiring information from a person in the network, intensive use
of social media does not in itself appear to lead to larger networks, suggesting
that building emotionally close ties requires more time-costly forms of
communication, such as face-to-face or phone contact. Given that individuals
only are able to maintain a limited number of social relationships, this may
restrict the circle of people with whom these individuals are willing to trust and

share information electronically with.

This work has been conducted within the SOCIALNETS project and in collaboration
with other projects. The contribution made within the SOCIALNETS project is

indicated.

1 Introduction

The work undertaken in this deliverable has been carried out to fulfill the tasks in
WP1. The aim of this deliverable is to: determine the nature and structure of edges in
personal social networks in more detail; explore the implications of these findings for
the dynamics of networks, with particular relevance to implications for pervasive
technology. The tasks carried out to fulfill this concern: understanding human
cognition and evidence for social group organisation (T1.2); exploring the
relationships between roles and strength of ties (T1.3); addressing social processes for
dissemination (T1.4). This activity has been carried out as fundamental explorations
to both underpin activity in subsequent work packages and to educate the technical
project partners at a deep level (i.e., influence thinking and approach in subsequent

workpackages).

The partners involved in this workpackage are UVAR, UCAM-CLAB and OXF. Each
have very different expertise with regard to social networks and despite this, the
partners have successfully collaborated in this deliverable and workpackage to create
deeper insights that are highly relevant to the project and the academic community. In
particular, UVAR and UCAM-CLAB have worked on task T1.4 to look at the
different ways in which social processes (e.g., rumour spreading) compares to
physical models of interacting communities. Also OXF and UCAM-CLAB have

collaborated on tasks T1.3 and T1.4, resulting in assessments of network structure and
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impact on information transmission and flow. These efforts have resulted in joint
publications (Lu et al. 20009a, Lu et al. 20009b). Additionally the work on trust and
reciprocation (Section 2.2) as carried out by OXF is leading to wider collaboration
and influence in later workpackages (e.g., WP3) and has led to further joint
publication with partners pursuing technical aspects for content management (see

Deliverable D3.2).

1.1 Context of Social Networks
Human social networks are not homogenous, but rather are highly structured in that

they are structurally organised into a consistent set of layers (Zhou et al 2005).
Understanding and exploiting these layers is an important aspect of all activity related
to social networks and their usage. These layerings reflect degrees of intimacy
(relationship quality, as represented by the edges between nodes in a network graph),
that in turn correlate with the frequency of interaction. One important aspect of
relationship quality that is likely to be significant for pervasive technology is the level
of trust that exists between pairs of individuals (or nodes). In addition to these
layerings, human social networks are also structured in terms of a number of other
social parameters that often cut across the structural layerings. These include kinship,
friendship, and group-identity. Of these, kinship (biological or social relatedness) is of
considerable significance in both an individual’s social world and in terms of the
levels of trust that exists between nodes in ways that might be highly relevant to
issues in pervasive technology. There is increasing evidence, for example, that
relationships (edges) defined by kinship may be of a different guality than those
defined purely by friendship within any given layer of the network. Indeed, edges
defined by kinship may be more similar to each other in terms of trust and obligation
even though they lie in different layers than is the case for edges defined by
friendship. We still have a very poor understanding of how personal relationships of
this kind influence the structure and dynamics of social networks and even less of
what the implications of these phenomena might be for the dynamics of pervasive

technology.

2 Trust and Reciprocity

The work undertaken to investigate trust and reciprocity has focused on the role of
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relationships and their position within the social network structure. This activity
concerns an ego-centric approach to network analysis as outlined in D1.1 (Section
2.2). It contributes to T1.2 (Human Cognition & Evidence of Patterns for Social

Group Organisation) and T1.3 (Relationship Between Role and Strength of Ties).

2.1 Background

Previous research has established that social networks consist of a series of
hierarchically embedded tiers or layers (the “circles of acquaintanceship”) that vary in
composition, and frequency of contact (Zhou et al 2005, Hill and Dunbar 2003).
Research on relationships within networks has tended to focus on the number and
type of relationship, with relatively little investigation into their nature and quality.
Ties between ego and alter can be thought of on a crude level as either ‘strong’ or

‘weak’ (Granovetter 1973 and Granovetter 1983) but the leverage that these ties

provide to the individual in terms of utilizable characteristics such as reciprocation is

of particular importance to the SOCIALNETS mission.

The main findings to date in the literature have shown that as the number of alters in
each layer of the personal network increases, the level of emotional intimacy and

level of interaction between ego and alter decreases (Dunbar 1998, Hill and Dunbar

2003). However, the quality of these relationships directly influences the trust and
reciprocity that participants in the network experience, extending to cooperation and
altruism. This is particularly acute in the innermost layer of ones social network

(Dunbar and Spoors 1995), where the relationship quality is higher often due to

family ties, and this may be sought out for support in particular times of need. The
current state of the art has provided an assessment of the inner layer largely focused
on structural issues, including the types of support that may occur (e.g. Degenne and
Lebeaux 2005, Fischer 1982, McPherson et al. 2006 and Plickert et al.2007). The

work carried out in this section explores the quality and nature of the social
relationships by developing and testing additional behavioural measures of
cooperative connections between egos and alters, and thereby arrive at a richer

characterisation of network sociality at the crucial inner layer.

2.2 Work Undertaken

A number of activities have been carried out within this investigation. Specifically,
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these address:
*  The relationship between strength of ties altruism (Section 2.2.1)
*  Human physical assessment of trustworthiness for exchange and interaction
(Section 2.2.2)
All the work undertaken in these areas have been undertaken by personnel supported

by the SOCIALNETS project by the partner OXF.

2.2.1 Strength of ties and altruism

Evolutionary theory suggests that individuals are altruistic to family and friends in
different ways, for different reasons. Whereas kin altruism is dependent on genetic
relatedness -- and hence, once established, relatively unconditional — altruism to
friends is dependent on reciprocated benefits, and hence is dependent on the quality of
the ongoing relationship. This study combined survey methods and existing measures
of ‘emotional closeness’, with a novel economic measure of altruism, to investigate
the differences in relationship between egos and kin and non-kin alters at the three
main layers of the network (the two innermost layers of the support clique and the

sympathy group, and the outermost layer of the ‘active network’).

Participants completed an on-line social network questionnaire about alters whom
they contacted weekly, monthly and yearly to elicit members of the support,
sympathy and active networks respectively. (‘Frequency of contact’ has proved to be
an effective way of sampling individuals at the three layers of the network.) Questions
included standard measures of emotional closeness, as well as a ‘welfare-trade-off
ratio’ (WTR) measure. WTRs consist of a series of questions the kind: “Would you
prefer to choose £1 for yourself or £2 for another specified individual?”. From these,
it is possible to infer the extent to which individuals discount others’ welfare as a

function of their own.

The results showed: first, that individuals are more altruistic to kin than to friends, at
every level of the network; and second, that WTR towards friends is dependent on
Emotional Closeness, whereas WTR to family is not. In other words, individuals are
altruistic to friends if they feel close to them (which is likely a reflection of
reciprocated benefits), whereas they are altruistic to family members simply by virtue

of genetic relationship, whether they feel close to them or not.



Deliverable D1.3: Characterisation of Social Networks

These findings shed new light on the variety of relationships within individuals’
social networks. And by examining relations across the layers, the findings explain
why earlier studies — which focused only on the innermost layers of the network —
incorrectly concluded that kin and non-kin were regarded as interchangeable. A

technical report of this study is provided in Appendix A.

2.2.2 Human Assessment of Trustworthiness for exchange
Evolutionary theory suggests that trust in the context of social exchange is a function

of the history of the relationship and the expectation of future benefits, whereas
dividing a disputed resource is a function of the relative ‘bargaining’ power of the
protagonists (aggressive formidability). This theory predicts that natural selection has
equipped individuals with distinct mechanisms for exchange and bargaining, that
these mechanisms assess potential cooperative partners on (at least) two distinct
dimensions, and that these assessments influence decisions in different ways in

different kinds of cooperative interaction.

The present study tested these predictions in two ways. The first study investigated
whether (and on what basis) individuals assess facial expressions on two independent
dimensions. Participants rated 10 emoticons (which varied by mouth and eyebrow
shape) on a range of descriptive emotional terms. Mean ratings for the faces were
submitted to a principal component analysis. The analysis suggested that the data
could be explained in terms of two principal factors, interpretable as ‘trustworthiness’
and ‘formidability’. In the second study, participants played a series of experimental
exchange and bargaining games against others portrayed by these iconic faces. As
predicted, players generally gave more when exchanging — but took more when
bargaining with — high-trust/low formidability faces, and gave less when exchanging
— but took more when bargaining with — low-trust/high formidability faces. These
results support the hypothesis that humans possess distinct adaptations for bargaining,
and provide a novel interpretation of previous findings in behavioural economics

using (ultimatum) bargaining games.

These results point to a novel explanation of bargaining behaviour in experimental

games, distinguish better between trust and fairness, and broaden the scope of
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evolutionary accounts of human sociality. A technical report of this study is provided

in Appendix B.

3 Structure, Constraints and Online Social Networks

The work undertaken to assert assessment of structure, constraints and online social
networks concerns the directions outlined in D1.1 (Section 2.2) and contributes to
T1.2 (Human Cognition & Evidence of Patterns for Social Group Organisation) and
T1.3 (Relationship Between Role and Strength of Ties).

3.1 Background — maintaining our social networks

There is an increasing amount of evidence that both time and cognitive constraints
limit the number of relationships an individual can maintain at a particular level of
emotional intensity. This question is particularly relevant given the explosion of
technology in facilitating new communication mechanisms that are mediated by
electronic means. Examples include email, mobile phones, social network sites and

other types of communication over the Internet (Boyd and Ellison 2008, Duck 2008

and Stefanone and Jang 2008). However maintaining relationships is costly in terms

of both time and cognition, and thus social relationships - especially friendships - are
prone to decay in emotional intensity over time when they are not reinforced by
frequent interaction. Thus, to prevent relationships decaying, frequent communication

and other maintenance activities are required.

Up to now, key questions have related to whether these new forms of communication
effectively relax time constraints and allow for larger networks sizes (i.e. increase the
number of ‘slots’ available) at each layer of the personal network (Donath 2008). This
was investigated in D1.2 (Section 1.2) where it was shown that mean emotional
closeness was negatively related to both related and unrelated network size, and there
was a distinct upper bound on total network size, at the level of both the active
network and sympathy group. These results suggested that there are constraints both
on the absolute number of individual’s ego can maintain in the network, and also on
the emotional intensity of the relationships that ego can maintain with those

individuals.
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We have continued to explore how time and cognitive constraints on social networks
relate to four different aspects of network composition and dynamics. Our findings
show that whilst use of electronic communication can increase the probability of
acquiring information from a person in the network, intensive use of social media
does not in itself appear to lead to larger networks, suggesting that building
emotionally close ties requires more time-costly forms of communication, such as
face-to-face or phone contact. Given that individuals only are able to maintain a
limited number of social relationships, this may restrict the circle of people with

whom these individuals are willing to trust and share information electronically with

3.2 Work Undertaken

A number of activities have been carried out within this investigation, carried out by

the OXF partner. Specifically, these address:

* online social media and network size (Section 3.2.1)
* dynamics in social relationships when transferring to electronically mediated

social networks (Section 3.2.2)

These activities have been undertaken with partial support from the SOCIALNETS
project to provide for Professor R. I. M. Dunbar’s time in (i) contributing to

specification of the research activity; (ii) writing up the work.

3.2.1 Online Social Media and Network Size

One of the primary reasons people use the Internet is to communicate with others

(Bargh & McKenna 2004). With e-mail, instant messaging (IM), social network sites

(SNSs), blogs and most recently Twitter, the internet offers a plethora of ways to
communicate with a large number of friends and strangers. Given this extensive social
use of the internet, a key question is: does internet use have a positive, neutral or
negative impact on the number and quality of social relationships people can maintain

with others?

Very broadly, the research in this area can be split into two camps (Valenzuela, Park

& Kee 2009). The ‘cyberpessimists’ assert that internet use has a negative effect on

social life. Nie (Nie 2001; see also Nie & Hillygus 2002) argued that time is inelastic
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and found that time spent on the internet displaces time spent on socialising,
particularly with family and particularly doing face-to-face activities. Kraut et al.
1998 found that greater use of the internet was associated with declines in the size of
participants social circle, and increases in loneliness and depression, although a

follow up study found positive effects of internet use (Kraut et al. 2002). Finally, e-

mail may be less valuable for building and sustaining close relationships than either

phone or face-to-face communication (Cummings, Butler & Kraut 2002). In contrast,

the ‘cyberoptimists’ point to findings showing that the internet has a positive effect on
social life. Communication over the internet tends to supplement, rather than replace

other forms of communication (Boase, Horrigan, Wellman & Rainie 2006; Wellman

Haase, Witte & Hampton 2001), and can have positive effects on building and

maintaining strong and satisfying social relationships (for reviews see Bargh &

McKenna 2004; Valkenburg & Peter 2009).

The research carried out has used a database on 117 personal networks to explore
whether social media use (social network sites and instant messaging) relaxes
constraints on network size, and thus leads either to larger social networks or to
emotionally closer relationships with network members. The study examined how
using instant messaging and social network sites affects the number of ties at each
layer of the personal network and the quality of these ties. There was no relationship
between time spent using IM or SNSs and the size of any of the three layers of the
network (support group, sympathy group, active network). Further, spending more
time on IM or SNSs did not increase the emotional closeness of ties in these three
layers. These two results held even after controlling for age, gender and having a
university education, and were based on a relatively large sample with a wide range of
ages (18 to 63 years old). Thus, heavy users of IM and SNSs had neither more ties,
nor stronger ties, as compared to light users or non-users. As such there was no
association between social media use and either network size, or emotional closeness
to network members (Pollett, Roberts & Dunbar, submitted a: see Appendix C). Thus,
it seems that internet media do not seem to allow us to short circuit the constraints on

network size.

These results contrast with previous findings which suggested a positive impact of
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social media use on social relationships (Bargh & McKenna 2004; Valkenburg &
Peter 2009). One possible reason for this difference is that the effects of social media
use may be age-specific, and the enhanced self-disclosure on social media, which is
hypothesised to result in stronger relationships, may apply specifically to adolescents

who are particularly prone to shyness and self-consciousness (Valkenburg & Peter

2009). Further, previous research in this area has tended to rely on general measures
of social support, social capital or overall closeness to friends. Asking participants to
explicitly list and rate their closeness to each network member, as we have done, may

give a more accurate assessment of the composition of the personal networks.

3.2.2 Dynamics in Social Relationships

Social relationships are not fixed, static entities but are dynamic and change over
time. Alongside the traditional, cross-sectional surveys of social relationships, there is
an increasing focus on studying how social relationships - and social networks -

change over time Feld, Suitor, & Hoegh 2007; Suitor, Wellman, & Morgan 1997).

Longitudinal studies can disentangle cause and effect more effectively than cross-
sectional ones and can examine how specific life events, such as going to university,
affect the stability of networks over time (Crosnoe 2000). In this study, we analysed
the social relationships of 30 students over a period of 18 months as they made the
transition from school to university, and explored how their relationships both with

family members and friends were affected by this transition.

Longitudinal work on personal networks examines changes over time in the
relationships of a focal individual (ego) with members of their network (alters). The
transition from school to university is a period in which personal networks tend to
undergo change and on a theoretical level, the transition from school to university
sheds light on the costs involved in maintaining different types of relationships over
time and space. This study is particularly rigorous, extending and developing
previous research in a number of ways, through detailed tracking of participants,
including knowledge of their social networks prior to entering the study. The

transition from School to University puts friendships under pressure

Our aim was to examine how the emotional closeness of the relationships between
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ego and the alters in their network changed over the course of the study. The first
stage of analyses demonstrated that the emotional closeness of relationships with
family increased over the 18 months, whereas there was a decline in the emotional
closeness to friends (Roberts & Dunbar, submitted a — see Appendix D). A second
paper in preparation explores how friends require more active maintenance than kin,
in terms of communication and performing joint activities together (Roberts &

Dunbar, submitted b).

4 Social Network Evolution and Dynamics

Continuing the theme in Section 3.1, the evolution and dynamics of social networks
have been studied. This is undertaken to fulfill T1.4 (social processes for
dissemination) in addition to contributing to T1.2 (Human Cognition & Evidence of
Patterns for Social Group Organisation) and T1.3 (Relationship Between Role and
Strength of Ties).

4.1 Background — Statistical Properties

A number of studies have demonstrated statistical properties of social networks such
as the small-world and power law degree distributions. In most approaches, the focus
is on finding a single aggregated logical network structure in a graph. In pervasive
environments on the other hand, clustering of networks (where network nodes some
times form cliques or loose connections) is a significant property in human
movement. In our previous work, we have exploited constructing weighted networks
using characteristics of pair connections such as the duration of contact time, inter-
contact time, and frequency of contacts from time series of human connectivity
network traces. We further explore understanding evolution and dynamic of the
network structure ranging from personal networks to time variant human contact

networks.

4.1.1 Work Undertaken — Dynamics of Information Flow within
Networks

In this Section we investigated the role of structure in Personal Networks (PNs) on
information flow through networks. This work is part of an ongoing collaboration

between OXF and UCAM (Lu et al. 2009a: Appendix E; Lu et al. 2009b: Appendix
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F), We hypothesise that PN size distribution should be such that it maximizes gains in
certain metrics in the larger social network. Our experimental design is to synthesise
social networks via random graphs that give the same PN size distribution. We note
that this can be better generalised beyond any generative model by assuming only link
distribution. By inspecting the spectra distribution of these random social networks,
we find that PN distribution optimizes relative convergence rate for random walks
over social networks. In our experiments, degree distributions from two personal
network datasets are used and the size of PNs is characterized using random matrix
analysis; this demonstrates that the specific mixture of PN sizes plays an important
role in shaping the pattern of information dissemination in complete social networks.
To explore this idea further, we conducted a series of studies on normal random
graphs that represent social networks in which PN size follows a normal distribution.
We demonstrate that there are three critical parameters which influence how
information flows through a social network: the mean PN size, the variance in PN size
and the rate at which information passes between nodes in the network. The results
suggest that if the rate of information flow is increased, for example by using
electronic communication rather than face-to-face communication, this could have a
dramatic influence on the probability of an individual acquiring a piece of information

from a person in their network.

When we model the dynamics of human interactions, we often take data-driven
approaches using data from real world examples, where experimental measurements
are followed by mathematical modelling. The derived network models need to be
accurate and parameterised with data on human interaction patterns, modularity, and
details of time dependent activity and it is important to understand data collection
methods, limitations, and the scale of noise for data collection. How the data are
measured will influence how deeply we are able to infer network properties. The
derived models can be used by many applications, for example, determination of
epidemic spread and construction of synthetic networks. As we move towards
analysing the structural properties of growing networks, these issues become more

critical. In Yoneki (Yoneki, 2009 Appendix G), we emphasise the importance of data

quality for analyzing dynamics from empirical traces, where data define the form of

network evolution and high dynamics indicates significant network transition.
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4.2 Background — Interaction Between/Within Communities

Human society is naturally divided into communities, which are an important attribute
to understand human social networks. Within a community, some people are more
popular, and interact with more people than others and some people are more
connected to people outside of the community. The node within the community that
yields the shortest path to all others has the best visibility in the network and
community. It is a measurement of how long it will take information to spread to the
others in the community. Between two communities, there is a bridge node, which
might potentially impact on data flow between two communities. The important
actors are usually located in strategic locations within the network and have the power
to impact on others. Such network structure influences the dynamics of interaction

between communities.

4.2.1 Work Undertaken — interaction verses rumour spreading

This work is a substantial collaboration between UAVR and UCAM-CLAB. We have
focused on interactions of communities for understanding the dynamics of
information flow such as rumour spread between communities (see Ostilli et al.
2009b; Ostilli et al. submitted: Appendix H). We have applied our expertise in
mathematical and computational techniques to theoretical and methodological
problems in social network analysis, quantitative methodology, and decision making
in this collaboration. To explore interactions between communities, we exploit an
Ising model approach. In the last decade, various modelling approaches to dynamics

have been proposed (Castellano et al. 2009) and to describe the local interaction of

social or economic systems, the Ising or Potts models have often been used

(Krawiecki et al. 2009, Vaga, 1999). The Ising spin model was originally used to

describe physical phenomena of magnets. Despite the fact the aligning of an Ising
spin with neighbour nodes could be used to model opinion dynamics, Ising modelsa
in all its variants have not yet been applied to social dynamics, and for the case of
interacting communities the Ising approach is still totally unexplored. In Ostilli and

Mendes 2009a, we have reported preliminary investigations of interactions between

communities using Ising spin model. Assuming that a change of opinions in a
community affects the opinions in other communities according to the Ising model

means that we assume that persons accommodate their opinion in such a way to
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maximize the number of pairwise agreements. The external action of media or
random events surrounding a community of persons is encoded in a suitable external

field. In our model, in contrast to the model described in Michard & Bouchaud 2005,

more than one community can be analysed, and the disorder concerns the couplings

and the links, whereas in Michard & Bouchaud 2005 the source of the disorder lies in

an additional external random field. The inner opinion of a given community is forced
to change through the introduction of a unique external source and we analyse how the

other communities react to this change.

There are two possible kinds of external sources: an infinitely strong and
inhomogeneous external field, or a uniform and finite external field. In the former
case, the community will change independently from the other communities, while in
the latter case the community will change also according to the interactions it has with
the other communities. Such sources can represent, e.g., strong personal beliefs of the
individuals of the community in the former case, or the action of a media accessible
only in the community in the second case. We call these two possible interaction

scenarios, ‘strong-beliefs’ and ‘propaganda’ respectively.

We have analysed various real world data ranging from human physical contact
networks to online social networks by applying the Ising interaction model. The
experimental results using real world data clearly demonstrate two distinct scenarios
of phase transitions characterised by the presence of strong memory effects when the
graph and coupling parameters are above a critical threshold (which we can calculate

analytically).

Our current model is simple and we will extend this work to deal with more complex
situations in continuing collaboration between UAVR and UCAM-CLAB. For
example, in social networks two states may coexist (i.e. different opinions coexisting

in the society) and changes of opinion occur over time.

5 Conclusions

In working towards Deliverable 1.3, we have been able to make significant progress

in respect of both of the aims set out for this workpackage. We have been able to



SOCIALNETS

describe in some detail the processes that underlie the structural aspects of natural
human personal social networks and we have begun to use modelling approaches to
explore the implications of these findings for the dynamics of information flow
through networks. This work is having a significant influence on subsequent work
packages, especially WP2 and WP3 in relation to: communication (e.g., community
detection and forwarding); trust and cooperation and social processes for
dissemination. Additionally, the work in this work package has been widely

disseminated through journals and conference publications.
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Abstract

Why and under what conditions are humans altruistic to members of their social
networks? Kin and reciprocal altruism provide two possible explanations. The present
study assesses self-report objective and subjective measures of relationship strength
between egos and 12 kin and nonkin alters at different positions in their social networks.
The study found that, overall, altruism and emotional closeness is greater: for family than
friends; for more central layers of the network, and for family than friends within each
layer. The study also found a different pattern of results for the subjective and objective
measures for family and friends, indicating that focusing exclusively on emotional
closeness may underestimate the degree to which individuals are prepared to be altruistic

to distant kin.
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Introduction
Why and under what conditions are humans altruistic to members of their social
networks? Evolutionary theory provides two main explanations: kin altruism and

reciprocal altruism.

First, the theory of kin selection (Hamilton, 1964) states that ‘genes for altruism’ in one
individual will be selected if they aid copies of themselves that reside in other individuals
-- that is, in genetic relatives. This theory predicts that, under some circumstances,
individuals will be equipped by natural selection with mechanisms that detect, and
deliver benefits to, members of their family (Daly & Wilson, 2005; Kurkland & Gaulin,
2005; Lieberman, Oum, & Kurzban, 2008; Lieberman, Tooby, & Cosmides, 2007;
Madsen et al., 2007). Second, the theory of reciprocal altruism (Trivers, 1971) states that
‘genes for altruism’ will be selected if the benefits that they provide are contingent upon
receiving larger benefits in return. This theory predicts that individuals will be equipped
by natural selection with mechanisms that implement a strategy of conditional
cooperation (Axelrod, 1984), which opens cooperative interactions with a trusting move,
reciprocates altruism, but detects, punishes and avoids non-reciprocation (Cosmides &

Tooby, 2005).



Thus, individuals are expected to be altruistic to others in different ways, by means of
different mechanisms, under different conditions. Other things being equal, individuals
are expected to be more altruistic to kin than to nonkin; they are expected to be more
altruistic to closer family and friends than more distant; and, once established, kin
altruism towards family (which is dependent on genetic relatedness) is expected to be
more constant and unwavering than reciprocal altruism towards friends (which is

dependent on the history of past interactions and the ongoing quality of the relationship).

However, some recent research has argued that in fact friendships, and especially some
close friendships, are equivalent to kin relations. For example, Korchmaros & Kenny
(Korchmaros & Kenny, 2001, 2006) have argued that emotional closeness mediates the
relationship between kinship and altruism, and that close friends can become like family
if they have high levels of emotional closeness and social interaction. Ackerman, Kenrick
& Schaller (Ackerman, Kenrick, & Schaller, 2007) examined benevolent attitudes to
strangers, friends and kin, and found that women treat close friends like kin whereas men
treat close friends like strangers. In terms of how we categorise social relationships, Clark
& Mills (Clark & Mills, 1993) argued that there are different fundamental relationship
types, with close friends and close kin being examples of the "communal” type, and
acquaintances being an example of the “exchange” type. Along similar lines Fiske and
colleagues (Fiske, 1991; Haslam & Fiske, 2005) argue that there are four basic modes of
relating to others, and that it these modes, rather than the distinction between kinship and

friendship, that provide the fundamental building blocks of social interaction.



Thus the question arises: are kin- and reciprocity-based social relationships truly distinct,
underpinned by distinct psychological mechanisms? Or are relationships to family and
friends merely two points on a continuum of some more general measure of relationship
strength? This study addressed this question by comparing two objective measures of
altruism (self-report ‘welfare tradeoff ratio’ (WTR), and likelihood of kidney donation)
with a more subjective measure of relationship strength: emotional closeness (which is

used to assess the subjective feelings of closeness that participants feel to others).

In addition, we examine how altruism towards family and friends varies at different
layers of an individual’s social network. Previous studies on kin and reciprocal altruism
have tended to focus on comparisons between family and friends, without regard for the
broader personal network in which these relationships are embedded. A large body of
work has established that personal networks have a distinct structure. In effect, an
individual can be envisaged as sitting in the centre of a series of concentric circles of
acquaintanceship. These layers are progressively inclusive and have a scaling ratio of
close to three, so the mean size of each successive layer is approximately 5, 15, 50 and
150 (Dunbar, 1998; Zhou, Sornette, Hill, & Dunbar, 2005). And, as the number of alters
in each layer increases, the level of emotional intimacy and the level of interaction
between Ego and Alter decreases (Hill & Dunbar, 2003; Mok, Wellman, & Basu, 2007).
Hence in this study, we sample family and friends from three layers of the personal
network, thus allowing for an assessment of how the position in the social network
influences the relationship between emotional closeness, WTR and other measures of

altruism, and kinship.



We make four predictions as to the pattern of altruism across different types of social

relationships and in the network layers:

1) Individuals will be more altruistic to kin that to nonkin

i) Altruism will decline across the network layer

ii1) Altruism will be greater for family than friends at all layers of the network

iv) Altruism towards family (as measured by WTR and Kidney Donation) will be less
dependent on measures of the quality of the relationship (as measured by Emotional

Closeness), as compared to altruism towards friends.

Method

Participants were recruited by email at the London School of Economics, and through
Psychological Research on the Net (http://psych.hanover.edu/Research/exponnet.html).
For both groups of participants, the network data was gathered using an on-line social
network questionnaire, which took approximately 40 minutes to complete. Participants

were entered into a lottery, in which there were three prizes: £100, £50, £25.

To identify network members (alters) in different layers of the network, we used a
sampling technique and asked the participants to identify four individuals in each
network layer, as eliciting the entire active network is extremely time consuming for
participants (Roberts et al. 2009). Previous research (S. G. B. Roberts, Wilson, Fedurek,
& Dunbar, 2008; Spoors, 1995) has shown that asking participants whom they contact

weekly and monthly elicits two inner most layers of the network - the support group



(mean size around 5) and the sympathy group (mean size around 15, including the 5
members of the support group). The ‘active’ network is defined as all kin and friends who
are contacted at least yearly (Sam G. B. Roberts, Dunbar, Pollet, & Kuppens, 2009). Thus
participants were asked to identify alters who they contacted weekly, monthly and yearly
to elicit members of the support, sympathy and active networks respectively. At each
Layer, participants identified a male kin (genetic relative), male nonkin, female kin, and

female nonkin alter (3 x 2 x 2 = 12).

Participants then answered a series of questions about their relationship with each Alter.
These included questions on emotional closeness, welfare trade-off ratios, and kidney

donation.

Marsden and Campbell (1984) examined a range of measures that could be used to assess
tie strength, including emotional closeness, duration of relationship, the frequency of
contact and the type of relationship (kin, friend, neighbour, co-worker). They concluded
that a measure of the emotional intensity of a relationship is the most reliable indicator of
tie strength. This measure is simple for the participant to answer and the measure (or a
similar one) has been used successfully in a large number of previous studies by different
research groups (Hill & Dunbar, 2003; Jeon & Buss, 2007; Korchmaros & Kenny, 2001;

Roberts et al. 2009).

To assess altruistic behaviour, we used a novel economic measure — a welfare trade-off

ratio (WTR) -- which measures the degree to which an individual discounts another’s



welfare as a function of their own, , in monetary terms (Tooby, Cosmides, Sell,
Lieberman, & Sznycer, in press). WTRs consist of a series of questions of the kind: “Do
you choose £1 for yourself, or £2 for another?” From a series of such questions, it is
possible to infer the extent to which individuals discount others’ welfare as a function of
their own. For example, an individual who is indifferent between receiving £1 and
donating £2 to another values his own welfare twice as much as he values the other’s
welfare. Previous research suggests that performance on this task is the product of a
distinct cognitive mechanism that serves to aggregate the various factors that influence
social relationships (such as genetic relatedness, familiarity, mating effort, and
formidability). In addition, participants were asked to state how likely they would be to
donate a kidney to each alter — a reliable measure of altruism in a real-world context

(Lieberman et al., 2007). The order of alters was counterbalanced.

Results

86 LSE undergraduates, and 25 visitors to the Psychological Research on the Net site
completed the survey (Mean age=20.16, sd=1.74.). Of these 111 participants, there were
40 males and 71 females. There were no significant differences between the ages or

gender composition of the samples.

Mean scores were computed for Emotional Closeness, Welfare Trade-off Ratio (WTR),
and Kidney Donation, by kinship (kin, nonkin), and layer (weekly, monthly, yearly).

Descriptives are given in Table 1, and in Figures 1-3.



A repeated-measures general linear model (GLM) revealed that, for each of the three
measures, there were significant differences within the factors of kinship and layer
(Tables 2a, b, ¢, & d)). The Bonferroni correction was applied to control for multiple

comparisons.

For Emotional Closeness, there was a significant effect of kinship, F (1,110) =23.72, p <

.001. Post hoc tests (pairwise comparisons) revealed that Egos expressed significantly
greater Emotional Closeness to kin (Mean = 6.22) than to nonkin (Mean = 5.48), t (110)
=4.87, p <.001. There was also a significant effect of layer, F (1,110) = 30.64, p <.001.
Post hoc tests (pairwise comparisons) revealed that Egos expressed significantly greater
Emotional Closeness to alters in Layer 1 (Mean = 6.68) than in Layer 2 (Mean = 5.81),
t(110) = 5.22, p <.001; to alters in Layer 2 (Mean = 5.81) than in Layer 3 (Mean = 5.06),
t(110) =4.17, p <.001; and to alters in Layer 1 (Mean = 6.68) than in Layer 3 (Mean =
5.06), t(110) = 6.18, p <.001. Furthermore, paired sample t-tests revealed that Egos were
significantly closer to kin (Mean = 7.44) than nonkin (Mean = 5.92) in Layer 1, t (110) =
7.11, p <.001; but there was no significant difference between emotional closeness to kin
(Mean = 5.96) and nonkin (Mean = 5.66) in Layer 2, t (110) = 1.31, ns; or between kin
(Mean = 5.27) and nonkin (Mean = 4.85) in Layer 3, t (110) = 1.76, ns.

For WTR, there was a significant effect of kinship, F (1,110) =26.59, p <.001. Post hoc
tests (pairwise comparisons) revealed that Egos expressed significantly greater WTR to
kin (Mean = 0.64) than to nonkin (Mean = 0.48), t (110) = 5.1, p <.001. There was also a
significant effect of layer, F (1,110) =4.31, p <.05. Post hoc tests (pairwise

comparisons) revealed that there was no significant difference between the WTRs that



Egos expressed to alters in Layer 1 (Mean = 0.6) and in Layer 2 (Mean = 0.56), t(110) =
1.65, ns; or between alters in Layer 2 (Mean = 0.56) and in Layer 3 (Mean = 0.52), t(110)
= 1.59, ns. However, Egos expressed a significantly greater WTR to alters in Layer 1
(Mean = 0.6) than to alters in Layer 3 (Mean = 0.52), t(110) = 2.58, p <.005.
Furthermore, paired sample t-tests revealed that Egos expressed a significantly higher
WTR to kin (Mean = 0.69) than nonkin (Mean = 0.52) in Layer 1, t (110) =3.91, p <
.001; to kin (Mean = 0.64) than nonkin (Mean = 0.48) in Layer 2, t (110) =3.53,p =
.001; and to kin (Mean = 0.59) than nonkin (Mean = 0.44) in Layer 3, t (110) =4.08, p <

.001.

And for Kidney Donation, there was a significant effect of kinship, F (1,110) = 182.05, p

<.001. Post hoc tests (pairwise comparisons) revealed that the likelihood of Kidney
Donation to kin (Mean = 5.33) was significantly greater than to nonkin (Mean = 3.74),
t(110) = 13.4, p <.001. There was also a significant effect of layer, F (1,110) =22.39, p <
.001. Post hoc tests (pairwise comparisons) revealed that the likelihood of Kidney
Donation to alters in Layer 1 (Mean = 4.91) was significantly greater than to alters in
Layer 2 (Mean = 4.57), t(110) = 3.26, p < .001; that the likelihood of Kidney Donation to
alters in Layer 2 (Mean = 4.57) was significantly greater than to alters in Layer 3 (Mean
=4.12),t(110) =4.17, p <.001; and the likelihood of Kidney Donation to alters in Layer
1 (Mean = 4.91) was significantly greater than to alters in Layer 3 (Mean = 4.12), t(110)
=5.67, p <.001. Furthermore, paired sample t-tests revealed that Egos were more likely

to donate a kidney to kin (Mean = 5.77) than nonkin (Mean = 4.05) in Layer 1, t (110) =



10.72, p <.001; to kin (Mean = 5.35) than nonkin (Mean = 3.79) in Layer 2, t (110) =
9.65, p <.001; and to kin (Mean = 4.87) than nonkin (Mean = 3.38) in Layer 3, t (110) =

9.97, p <.001.

A three-way repeated-measures GLM was used to investigate the relationship between
measures. It was found that there was a significant three-way interaction between kinship,
layer and measure for Emotional Closeness compared to WTR, F (1,110)=11.84,p =
.001 (Table 4), and for Emotional Closeness compared to Kidney Donation, F (1,110) =
14.39, p <.001 (Table 5). However, the interaction between kinship, layer and measure
for WTR compared to Kidney Donation was not significant, F (1,110) = 0.86, ns (Table
6). In other words, there is a difference between the pattern of Emotional Closeness and
each of the two measures of altruism (WTR and Kidney Donation) across the network;

but there is no such difference between the patterns of the two altruism measures.

Discussion

The purpose of this study was to investigate the effects of kin and reciprocal altruism on
the strength of ties in social networks. Specifically, the study aimed to do this by
comparing relatively objective measures of altruism with more the subjective measure of
emotional closeness, and thereby examine quantitatively the intuitive notions of tie
strength that lie behind much of the literature on friendship and kin relations in sociology

and social psychology.

10



The study found that, overall, as predicted, for all three measures, the strength of tie was
greater for kin and than for friends, and declined across the network layers. These results
demonstrate that, especially for the very closest relationships, there is a clear distinction

between kin and friends.

In addition, the study found that the pattern of results was different for family and friends
at different layers for different measures. Individuals report being substantially closer to
close kin than to close friends, but there is relatively little difference in emotional
closeness between family and friends in more distant layers -- thus emotional closeness
towards kin declines more, and more steeply, across the layers. Nevertheless, altruism
remains at a substantially higher level for kin across all three layers. This suggests that, as
predicted, individuals are altruistic to family merely by virtue of genetic relatedness,
irrespective of whether or not they feel close to them; whereas individuals have to be
close to friends in order to be altruistic to them. Or, to put it another way, once
established, kin altruism is relatively unconditional, whereas reciprocal altruism is

conditional on the quality of the relationship as measured by emotional closeness.

This finding is consistent with other research showing that support among immediate kin
is less conditional on the strength of the relationship than it is among friends (Kruger,
2003; Wellman & Wortley, 1990), and that kin relations, as compared to friendships are
more resistant to decay over time (see (Burt, 2000), for a review) and this may partly be
due to the broader network structure in which social relationships are embedded (S. G. B.

Roberts, in press) . Taken together, these results suggest that reliance on ‘emotional

11



closeness’ as the sole measure of the strength of ties in social networks may
underestimate the degree to which Egos are altruistic to family members at more distant

layers of the network.

One potential limitation of this study should be noted. Rather than measuring the entire
active network, which is extremely time consuming for participants, we took a sample of
alters from each of three network layers. It is difficult to assess whether these alters were
a representative random sample of all possible alters in each layer or whether the
participants selected the closest — and therefore most accessible to recall -- individual in
each layer for each category. However, the finding that emotional closeness declines
significantly across the three layers is broadly in line with previous research that has

elicited the entire network (Hill & Dunbar, 2003; Sam G. B. Roberts et al., 2009).

Another limitation of the study is that, as with all correlational designs, it is not possible
to identify the cause of these patterns of relationships. Thus, further research combining
evolutionary psychology and a network perspective will be needed to establish the causal
relations between these the factors effecting altruism and the strength of relationships in

social networks.
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Table 1: Descriptives for Emotional Closeness, WTR, and Kidney (N = 111)

Mean Std. Deviation
Weekly Kin (WTR) .6853 45710
Weekly Nonkin (WTR) 5193 .38159
Monthly Kin (WTR) .6374 41049
Monthly Nonkin (WTR) 4820 .36889
Yearly Kin (WTR) .5931 45141
Yearly Nonkin (WTR) 4407 .36859
Weekly Kin (EC) 7.4414 2.08211
Weekly Nonkin (EC) 5.9234 1.95425
Monthly Kin (EC) 5.9595 2.16179
Monthly Nonkin (EC) 5.6622 1.56548
Yearly Kin (EC) 5.2658 2.77392
Yearly Nonkin (EC) 4.8468 2.09088
Weekly Kin (Kidney) 5.7703 1.57795
Weekly Nonkin (Kidney) 4.0541 1.54383
Monthly Kin (Kidney) 5.3468 1.55182
Monthly Nonkin (Kidney) 3.7928 1.47782
Yearly Kin (Kidney) 4.8694 1.69721
Yearly Nonkin (Kidney) 3.3784 1.43054
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Figure 1: Emotional Closeness (1-10)
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Figure 2: Welfare Trade-off Ratio (0-1)
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Figure 3: Likelihood of donating a kidney (1-7)
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Table 2a: Effects of Kinship & Layer on EC, WTR and Kidney Donation

Univariate Tests

Type lll
Meas Sum of Mean Partial Eta
ure  Source Squares df Square F Sig. | Squared
EC  kinship Lower B. 92.348| 1.000 92.348( 23.721] .000 A77
Error(kinship) Lower B. 428.235(110.00 3.893
0
layer Lower B. 294.023| 1.000] 294.023| 30.643| .000 218
Error(layer) Lower B. 1055.477(110.00 9.595
0
kinship * layer Lower B. 50.190] 1.000 50.190] 10.805| .001 .089
Error(kinship*l Lower B. 510.977(110.00 4.645
ayer) 0
WTR kinship Lower B. 4.154| 1.000 4.154| 26.589( .000 195
Error(kinship) Lower B. 17.183(110.00 .156
0
layer Lower B. .810{ 1.000 .810( 4.314( .040 .038
Error(layer) Lower B. 20.645(110.00 .188
0
kinship * layer Lower B. .006( 1.000 .006 .044( .835 .000
Error(kinship*l Lower B. 14.218{110.00 129
ayer) 0
Kidne kinship Lower B. 419.388 1.000|] 419.388(182.05 .000 .623
Vi 2
Error(kinship) Lower B. 253.404(110.00 2.304
0
layer Lower B. 69.372| 1.000 69.372 22.386] .000 169
Error(layer) Lower B. 340.878(110.00 3.099
0
kinship * layer Lower B. 1.498( 1.000 1.498 .832| .364 .008
Error(kinship*l Lower B. 198.085(110.00 1.801
ayer) 0
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Table 2b: Effects of Kinship

Pairwise Comparisons

()] J) Mean 95% Confidence Interval for
Measur kinshi kinshi | Difference (I- Difference’
e P P J) Std. Error | Sig.® || ower Bound | Upper Bound
EC 1 2 745 153 .000 442 1.048
WTR 1 2 158" .031 .000 .097 219
Kidney 1 2 1.587 118 .000 1.354 1.820

Based on estimated marginal means

*. The mean difference is significant at the .05 level.

a. Adjustment for multiple comparisons: Bonferroni.
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Table 2c: Effects of Layer

Pairwise Comparisons

Mean 95% Confidence Interval for
Measur (1) ) Difference (I- Difference®
e layer layer J) Std. Error | Sig.® || ower Bound Upper Bound
EC 1 2 872 167 .000 466 1.277
3 1.626° 263 .000 987 2.265
2 1 -872° 167 .000 -1.277 -.466
3 755 181 .000 314 1.195
3 1 -1.626° 263 .000 -2.265 -.987
2 -755 181 .000 -1.195 -.314
WTR 1 2 043 026 311 -.020 106
3 085’ .033 .036 .004 167
2 1 -.043 026 311 -.106 .020
3 043 027 359 -.024 109
3 1 -.085 .033 .036 -.167 -.004
2 -.043 027 359 -.109 024
Kidney 1 2 342 105 .004 .087 598
3 788 139 .000 449 1.127
2 1 -.342° 105 .004 -.598 -.087
3 446 107 .000 186 706
3 1 -.788 139 .000 -1.127 -.449
2 -446° 107 .000 -.706 -.186

Based on estimated marginal means

*. The mean difference is significant at the .05 level.

a. Adjustment for multiple comparisons: Bonferroni.
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Table 2d: Paired Samples t-tests

Paired Samples Test

Paired Differences
95% Confidence
Interval of the
Difference
Std. | Std. Error Sig. (2-
Mean | Deviation| Mean Lower Upper t df tailed)

Pair Weekly Kin .16599 44777 .04250 .08177 .25022| 3.906 110 .00(
1 (WTR) - Weekly

Nonkin (WTR)
Pair Monthly Kin .15545 46429 .04407 .06812 .24278| 3.528 110 .00
2 (WTR) - Monthly

Nonkin (WTR)
Pair Yearly Kin (WTR) | .15239 .39354 .03735 .07836 .22641| 4.080 110 .00(
3 - Yearly Nonkin

(WTR)
Pair Weekly Kin (EC) |1.5180 2.24917 21348 1.09495( 1.94109| 7.111 110 .00(
4 - Weekly Nonkin 2

(EC)
Pair Monthly Kin (EC) | .29730| 2.39353 22718 -.15293 74752 1.309 110 19
5 - Monthly Nonkin

(EC)
Pair Yearly Kin (EC) - | .41892| 2.50775 .23803| -.05279 .89063| 1.760 110 .08
& Yearly Nonkin

(EC)
Pair Weekly Kin 1.7162 1.68768 .16019| 1.39876| 2.03367|10.714 110 .00(
7 (Kidney) - 2

Weekly Nonkin

(Kidney)
Pair Monthly Kin 1.5540 1.69672 16105 1.23490| 1.87321| 9.650 110 .00(
8 (Kidney) - 5

Monthly Nonkin

(Kidney)
Pair Yearly Kin 1.4909 1.57535 14953 1.19467( 1.78732| 9.971 110 .00(
9 (Kidney) - Yearly 9

Nonkin (Kidney)
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Table 4: General Linear Model (EC x WTR)

Tests of Within-Subjects Effects

Measure:MEASURE _1

Type lll
Sum of Mean
Source Squares df Square F Sig.
kin Lower- 67.836] 1.000 67.836| 29.167 .000
bound
Error(kin) Lower- 255.835( 110.000 2.326
bound
layer Lower- 162.831 1.000 162.831| 29.102 .000
bound
Error(layer) Lower- 615.468| 110.000 5.595
bound
measure Lower- 9319.525| 1.000[ 9319.525(2351.296 .000
bound
Error(measure) Lower- 435.993( 110.000 3.964
bound
kin * layer Lower- 25.606| 1.000 25.606 9.492 .003
bound
Error(kin*layer) Lower- 296.722( 110.000 2.697
bound
kin * measure Lower- 28.666| 1.000 28.666] 16.633 .000
bound
Error(kin*measure) Lower- 189.583( 110.000 1.723
bound
layer * measure Lower- 132.002 1.000 132.002( 31.521 .000
bound
Error(layer*measur Lower- 460.654( 110.000 4.188
e) bound
kin * layer * Lower- 24.590 1.000 24590 11.839 .001
measure bound
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Tests of Within-Subjects Effects

Measure:MEASURE _1

Type lll
Sum of Mean
Source Squares df Square F Sig.
kin Lower- 67.836] 1.000 67.836| 29.167 .000
bound
Error(kin) Lower- 255.835( 110.000 2.326
bound
layer Lower- 162.831 1.000 162.831| 29.102 .000
bound
Error(layer) Lower- 615.468| 110.000 5.595
bound
measure Lower- 9319.525| 1.000[ 9319.525(2351.296 .000
bound
Error(measure) Lower- 435.993( 110.000 3.964
bound
kin * layer Lower- 25.606| 1.000 25.606 9.492 .003
bound
Error(kin*layer) Lower- 296.722( 110.000 2.697
bound
kin * measure Lower- 28.666| 1.000 28.666] 16.633 .000
bound
Error(kin*measure) Lower- 189.583( 110.000 1.723
bound
layer * measure Lower- 132.002 1.000 132.002( 31.521 .000
bound
Error(layer*measur Lower- 460.654( 110.000 4.188
e) bound
kin * layer * Lower- 24.590 1.000 24590 11.839 .001
measure bound
Error(kin*layer*mea Lower- 228.473| 110.000 2.077
sure) bound
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Table 5: General Linear Model (EC x Kidney)

Tests of Within-Subjects Effects

Measure:MEASURE _1

Type lll
Sum of Mean
Source Squares df Square F Sig.
kin Lower- 452.667 1.000 452.667| 93.813 .000
bound
Error(kin) Lower- 530.771( 110.000 4.825
bound
layer Lower- 323.535 1.000 323.535| 30.808 .000
bound
Error(layer) Lower- 1155.173| 110.000 10.502
bound
measure Lower- 575.451 1.000 575.451( 145.912 .000
bound
Error(measure) Lower- 433.820] 110.000 3.944
bound
kin * layer Lower- 33.944 1.000 33.944| 6.511 .012
bound
Error(kin*layer) Lower- 573.431( 110.000 5.213
bound
kin * measure Lower- 59.069 1.000 59.069| 43.068 .000
bound
Error(kin*measure) Lower- 150.868| 110.000 1.372
bound
layer * measure Lower- 39.861 1.000 39.861( 18.180 .000
bound
Error(layer*measure Lower- 241.181| 110.000 2.193
) bound
kin * layer * Lower- 17.744 1.000 17.744| 14.391 .000
measure bound
Error(kin*layer'mea Lower- 135.631| 110.000 1.233
sure) bound
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Table 6: General Linear Model (WTR x Kidney)

Tests of Within-Subjects Effects

Measure:MEASURE _1

Type lll
Sum of Mean
Source Squares df Square F Sig.
kin Lower- 253.507 1.000 253.507| 161.559 .000
bound
Error(kin) Lower- 172.604( 110.000 1.569
bound
layer Lower- 42.565 1.000 42.565[ 21.305 .000
bound
Error(layer) Lower- 219.771( 110.000 1.998
bound
measure Lower- 5263.377 1.000[ 5263.377| 1756.331 .000
bound
Error(measure) Lower- 329.648| 110.000 2.997
bound
kin * layer Lower- .844 1.000 .844 725 .396
bound
Error(kin*layer) Lower- 128.049( 110.000 1.164
bound
kin * measure Lower- 170.034 1.000 170.034 190.888 .000
bound
Error(kin*measure) Lower- 97.983| 110.000 .891
bound
layer * measure Lower- 27.617 1.000 27617 21.431 .000
bound
Error(layer'measur Lower- 141.751( 110.000 1.289
e) bound
kin * layer * Lower- .660 1.000 .660 .862 .355
measure bound
Error(kin*layer*mea Lower- 84.254( 110.000 .766
sure) bound
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Abstract

What are the effects of facial expression on exchange and bargaining? An evolutionary
analysis suggests that exchange and bargaining are distinct problems, with distinct
solutions. Exchange problems can be solved by means of a strategy of conditional
cooperation; bargaining problems can be solved by a strategy of conditional deference. If
humans possess evolved psychology adaptations for exchange and bargaining, then they
should respond to facial expressions in different ways. Specifically, the theory predicts
that, in an exchange situation, individuals will cooperate with smiling faces more than
with frowning faces; but, in a bargaining situation, individuals will take more from
smiling faces than from frowning faces. The present study tested this prediction by
having individuals play a series of exchange and bargaining games with others portrayed
by means of emoticons that had be pre-rated for trustworthiness and dominance. The
results provide support for the hypothesis that humans possess distinct adaptations for
exchange and bargaining, and thus provide a promising alternative explanation of

behaviour in experimental bargaining games.
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Introduction

Cooperation typically involves two distinct but related sets of problems: the problems of
social exchange, and the problem of bargaining. The problems of social exchange arise
because although individuals benefit from cooperation, an individual can benefit even
more by taking the benefit of cooperation without paying the cost -- that is, by cheating.
Thus, individuals are uncertain about whom to trust. The problem of bargaining arises in
the context of conflict over a divisible resource (in this case the profit of the exchange)
because, although each party benefits from increasing their individual share of the
resource, failure to agree on a division imposes costs on both, which they have a common
interest in avoiding. Thus, individuals are uncertain about how much of the resource to

claim.

Evolutionary psychology expects the human mind to have been equipped by natural
selection with adaptations for solving the problems recurrent in the lives of their
ancestors (John Tooby & Cosmides, 1992). To the extent that humans evolved in a world
where the problems of social exchange and bargaining were recurrent features of social
life, it is reasonable to suppose that they have been equipped by natural selection with

adaptations for solving them.

Evolutionary game theory suggests that a strategy of conditional cooperation, which
makes cooperation dependent on the performance of one's exchange partner, is a stable
solution to problems of exchange (Axelrod, 1984; Trivers, 1971). Previous research
suggests that humans do indeed possess adaptations for social exchange of this kind.
These adaptations are designed to: identify potential social exchanges, open interactions

with cooperative moves (Delton, Krasnow, Tooby, & Cosmides, 2009), reciprocate



favors, detect cheats (Cosmides & Tooby, 1992), and punish defections. They resolve
uncertainty over whether and whom to trust by attending to past performance, reputation,

and cues of intention (including facial expressions).

Evolutionary game theory also suggests that a strategy of dividing resources in proportion
to the relative power -- ‘fighting ability’, ‘resource holding power’ or ‘aggressive
formidability’ -- of the participants is an evolutionarily stable solution to bargaining
problems (Maynard Smith, 1982). There has been relatively little research investigating
whether humans possess such adaptations. However, evidence consistent with the
hypothesis includes the finding that humans are sensitive to cues of relative power — such
as upper-body strength and facial expressions of anger (Sell et al., 2008) — and that these

assessments form the basis of dominance and deference relations (Mazur, 2005).

This evolutionary analysis suggests that individuals possess distinct psychological
adaptations for exchange and bargaining that will: a) assess potential cooperators on
exchange- and bargaining-related dimensions; and, b) that differences in these
assessments will influence decisions over whether (and how much) to trust, and how

much of a disputed resource to demand.

The present paper presents two studies that test these theoretical expectations. The first
study investigates whether iconic facial expressions are distinguished along exchange-
and bargaining-related dimensions. The second study investigates whether iconic facial
expressions that vary along these dimensions influence decisions in experimental

exchange and bargaining games.

Study One

Facial expressions play a central role in social interaction among humans (and other
primates) (Darwin, 1872/1998). Previous research suggests that smiles can signal both
cooperative intent (Brown & Moore, 2002; Mehu, Grammer, & Dunbar, 2007), and also
(qua “silent bared-teeth displays” or “fear grimaces”) anxiety, fear, appeasement and

submission (Mehu & Dunbar, 2008; Preuschoft & van Hooff, 1997); and that frowns can



signal anger and dominance (Mazur, 2005; Sell et al., 2008). Separately, it has been
shown that faces and facial expressions are consistently distinguished along (at least) two
distinct dimensions (including ‘valence’ and ‘dominance’) (Oosterhof & Todorov 2008).
However, whether variation in smiles and frowns are responsible for such dimensions is

not known.

The first study investigated whether experimental manipulations of mouth shape and
eyebrow shape would lead individuals to distinguish iconic facial expressions

(emoticons) along distinct exchange- and bargaining-related dimensions.

Participants were recruited through Psychological Research on the Net'. Participants
rated ten emoticons (which varied by mouth shape (up, flat, down) and eyebrow shape
(up, flat, down), and in one case by the addition of Duchenne ‘crow’s feet’ (Mehu, Little,
& Dunbar, 2007) (see Figure 1). Emoticons were rated on 19 descriptive terms: Angry,
Anxious, Competitive, Confident, Cruel, Deceitful, Dominant, Friendly, Happy, Honest,
Kind, Sad, Scary, Selfish, Strong, Submissive, Sympathetic, Trustworthy, and Weak. The

order of the emoticons was counterbalanced using a Latin Square.

376 participants (126 males, 250 females; mean age = 25.12, sd = 10.86) completed the
survey. Mean and standard deviations for each descriptive term, for each emoticons, are
given in Table 1, and graphically represented in Figure 2. Preliminary analysis suggests
that manipulations of eyebrow- and mouth-shape induced large changes in perception of

emotion.

For illustrative purposes, mean scores for each emoticon were submitted to a principal
component analysis (PCA), with orthogonal rotation (varimax). The small number of
cases (that is, the ten faces) meant that the analysis did not meet the usual criteria for
sampling adequacy, hence the results must be interpreted with caution. Nevertheless, an
initial analysis was run to obtain eigenvalues for each component in the data. Two
components had eigenvalues over Kaiser’s criterion of 1, and in combination explained

96.57% of the variance. (The scree plot was unambiguous and showed an inflexion that



justifies retaining components 1 and 2.) Table 3 shows the factor loadings after rotation.
The items that cluster on the same components suggest that component 1 represents
‘trustworthiness’, and component 2 represents ‘formidability’. Factor scores were

generated using the regression method; scores for each face are displayed in Figure 2.

The results suggest that iconic faces are distinguished along (at least) two distinct
dimensions, that these dimensions correspond to exchange- and bargaining-related
variables; and that variation in mouth- and eyebrow-shape are largely responsible for

such variation.

Study Two
The second study investigated the effects of facial expressions of ‘trustworthiness’ and

‘formidability’ on decisions in experimental exchange and bargaining games.

If humans possess distinct adaptations for exchange and bargaining, and if these
adaptations to attend to the ‘trustworthiness’ and ‘formidability’ of potential cooperative
partners (as displayed in their faces), then we should expect individuals: to initiate
exchange with trustworthy faces more than with untrustworthy faces; and, when
bargaining, attempt to take a larger share of a disputed resource from low-formidability
faces than from high-formidability faces. The interesting cases here are high-trust, low-
formidability faces — to which more should be given in exchange situations, but from
which more should be taken in bargaining situations; and low-trust, high-formidability —
to which less should be given in exchange situations, but from which less should be taken

in bargaining situations.

This prediction was tested by having participants play exchange and bargaining games
against others portrayed by emoticons as either high-trust and low-formidability (Faces A

& D), or low-trust and high-formidability (Faces C & F).

Participants were recruited by email from a pool of LSE undergraduates. Participants

entered the lab in single sex groups of 18. They were given an ID number; and received



general instructions about the experiment. They then logged on to an on-line interface

(powered by www.qualtrics.com); signed a consent form; answered some background

demographic questions; completed a 40-item personality survey (consisting of the 20-
item Agreeableness and 20-item Extraversion scales of the IPIP NEO (Goldberg et al.,
2006)); and were asked to create an arbitrary two-letter ID tag (which they were told
would be used to identify them to other participants).

Participants were then told that they would be playing a series of games with the other

people in the room, and had the rules explained to them.

First, The Trust Game is a standard two-player one-shot prisoner’s-dilemma. Each player
starts with £10, and has to decide how much to keep, and how much to give to the other
player. Any money that is transferred is doubled. Participants were asked how much to

give; and what they expected the other person to give.

Second, The Taking/Allowing Game is a version of the standard ultimatum bargaining
game (Giith, Schmittberger, & Schwarze, 1982; Nash, 1950). In this game 'Player One'
starts out with £15, and has to decide how much of this money Player Two is allowed to
take. Player Two, meanwhile, has to decide how much of the money to take. If Player
Two takes more than he is allowed, then both players get nothing. If Player Two takes
less than (or equal to) the amount he is allowed, then he gets what he took, and Player
One keeps the rest. (When participants played the game as Player One, the game was
called 'The Allowing Game’; they were asked "What is the maximum you would allow
the other player to take?" and “What do you expect them to take?”. When participants
played the game as Player Two it was called 'The Taking Game'; they were asked "How
much do you want to take from the other player?" and “What do you expect them to

allow?”.)

Third, The Money Choice Task was an economic measure -- a ‘welfare-trade-off ratio’



(WTR) (J Tooby, Cosmides, Sell, Lieberman, & Sznycer, in press).1 Participants choose
between giving a sum of money to themselves, or to the other player. They answer ten
questions of the kind: "£24 for you, or £37 for other?" from which the degree to which

they value the other’s welfare as a function of their own can be estimated.

Participants were told that they would be playing each of these games several times, each
with a different person in the room, each of whom will be represented on-screen by an
emoticon that was allocated to them by the computer after they had completed the
personality test (and also by the two-letter ID tag). Thus it was implied, although not
stated outright, that answers on the personality test determined the computer’s choice of
emoticon. In reality, however, participants played each game against each of four
emoticons -- A, D, C & F — in random order (for a total of 4x4=16 games). Participants

did not get to see their ‘own’ emoticon, only those of others.

Participants were told that one of the decisions they make in the game will be put into
effect, and they will be awarded whatever they decided in that game. When all the games
were finished, payoffs (£5 show-up fee plus outcome of one of the games at random)
were calculated and placed in numbered envelopes, which participants collected as they

left the lab.

Results
90 LSE undergraduates participated in the experiment; due to a computer error, data for 5
participants was not recorded, leaving (51 males, 34 females; mean age = 20.64, sd =

1.88).

' ‘Welfare-trade-off ratios’ provide a succinct and fine-tuned index of an individual’s willingness to discount
benefits to other individuals against their own. WTRs consist of questions of the kind: “Do you choose £1 for
yourself, or £2 for another?” From a series of such questions, it is possible to infer the extent to which
individuals discount others’ welfare as a function of their own. For example, an individual who is indifferent
between receiving £1 and donating £2 to another person values his own welfare twice as much as he values
the other’s welfare. Previous research suggests that performance on this task is the product of a distinct
cognitive mechanism that serves to aggregate the various factors that influence social relationships (such as
genetic relatedness, cooperativeness, sexual attractiveness, and formidability).



Descriptives for all game decisions are given in Table 2. Because all measures (except
one) are significantly non-normal (Table 3), non-parametric statistical tests are used

throughout.

1. Trust Game
1) Do participants give more to high-trust, low-formidability faces than to low-trust, high

formidability faces? Yes.

T T T T
Face A Face D Face C Face F

A Friedman’s ANOVA revealed that the amount given was significantly affected by
Face, X*(3) = 27.35, p <.001. Wilcoxon tests were used to follow up this finding. As
expected, significantly less was given to Face F (Mdn = 1) than to Face A (Mdn =4), T=
110, two-tailed p < .001, [-4.4/sqrt of 170] » = -.34, and to Face D (Mdn = 3), T = 126,
two-tailed p = .001, [-3.43/sqrt of 170] » =-.26. (And, as expected, there was no
significant difference between the amount given to Face A (Mdn = 4) and Face D (Mdn =
3), T=151.5, two-tailed p = .06, [-1.92/sqrt of 170] » = -.15.) However, significantly
more was given to Face C (Mdn = 3) than to Face F (Mdn = 1), T=107.5, two-tailed p =
.002, [-3.1/sqrt of 170] » = -.24. And there was no significant differences between the
amounts given to Face C (Mdn = 3), and Face A (Mdn =4), T= 173, two-tailed p > .05,
[-1.95/sqrt of 170] »=-.15, and to Face D (Mdn = 3), T =312, two-tailed p = .55, [-.6/sqrt
of 170] »=-.01.

i) Do participants expect high-trust, low-formidability faces to give more than low-trust,

high formidability faces? Yes.



Median

A Friedman’s ANOVA revealed that the amount that was expected to be given was
significantly affected by Face, X*(3) = 38.37, p <.001. Wilcoxon tests were used to
follow up this finding. As expected, participants expected Face A (Mdn = 5) to give
significantly more than Face C (Mdn = 3), T = 233.5, two-tailed p = .001, [-3.22/sqrt of
170] r=-.25, and Face F (Mdn = 3), T =170, two-tailed p < .001, [-4.75/sqrt of 170] r = -
.36. And, participants expected Face D to give significantly more than Face F, T'= 159,
two-tailed p <.001, [-3.55/sqrt of 170] » =-.27. However, there was no significant

difference between the amounts expected of Faces C & D.

2. Bargaining game
1) Do participants fake more from high-trust, low-formidability faces than from low-trust,

high formidability faces? Yes, in some cases.



A Friedman non-parametric ANOVA revealed that the amount taken was significantly
affected by Face, X*(3) = 23.6, p < .01. Hence, Wilcoxon tests were used to follow up this
finding. As expected, more was taken from Face A (Mdn = 6) than from Face C (Mdn =
5), T =280, two-tailed p < .01, [z =-3.05/sqrt of 170] » = -.23, and Face F (Mdn =5), T =
236, two-tailed p <.001, [-3.5/sqrt of 170] » =-.27. (And, as expected, there was no
significant difference between the amounts taken from Face C (Mdn = 5) and Face F,
(Mdn =5), T=425.5, two-tailed p = .2, [-1.27/sqrt of 170] » = -.1.) However,
significantly more was taken from Face A (Mdn = 6) than Face D (Mdn =5), T= 187,
two-tailed p <.001, [-3.7/sqrt of 170] = -.28; and there was no significance difference
between the amounts taken from Face D (Mdn = 5) and Face C (Mdn =5), T =483.5,
two-tailed p = .7, [-.39/sqrt of 170] »=-.03, and Face F (Mdn =5), T =368.5, two-tailed
p=.3,[-1.05/sqrt of 170] r=-.08.

i) Do participants allow high-trust, low-formidability faces to take less than low-trust,
high formidability faces? No. A Friedman non-parametric ANOVA revealed that the

amount allowed was not significantly affected by Face, X*(3) = 3.41, p > .05.

ii1) Do participants expect high-trust, low-formidability faces to take less than low-trust,

high formidability faces? Yes.
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Median

T T T T
Face A Face D Face C Face F

A Friedman non-parametric ANOVA revealed that the amount that people expected to be
taken was significantly affected by Face, X*(3) = 14.67, p <.05. Hence, Wilcoxon tests
were used to follow up this finding. As expected, participants expected Face A (Mdn = 5)
to take less than Face C (Mdn =7), T =443, two-tailed p < .01, [z = -3.05/sqrt of 170] r =
-.23, and Face F (Mdn =7), T = 349, two-tailed p < .001, [-3.5/sqrt of 170] » =-.27.
Participants also expected Face D to take less than Face F, T'= 354, two-tailed p = .025,
[-2.24/sqrt of 170] »=-.17, and Face C (although the latter was marginally non-
significant). (There was no significant difference between the amounts that participants

expected to be taken by Face A and Face D, and between Face C and Face F.)

iv) Do participants expect high-trust, low-formidability faces to allow less to be taken

than low-trust, high formidability faces? Yes.
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A Friedman non-parametric ANOVA revealed that the amount that participants expected
to be allowed to be taken was significantly affected by Face, X*(3) = 31.59, p < .001.
Hence, Wilcoxon tests were used to follow up this finding. As expected, the amount that
Face A (Mdn =17.5) was expected to allow was significantly larger than Face C (Mdn =
6), T =194, two-tailed p <.001, [-4.42/sqrt of 170] » =-.34, and Face F (Mdn = 6), T =
315, two-tailed p < .001, [-4.32/sqrt of 170] » =-.33. And, the amount that Face D (Mdn
= 7) was expected to allow was significantly larger than Face F, T = 543, two-tailed p =
023, [-2.27/sqrt of 170] » = -.17. However, face D was not significantly different to Face
C.

3. Welfare Trade-off ratios

1) Do participants value the welfare of high-trust, low-formidability faces more than low-
trust, high formidability faces? Yes. A Friedman’s ANOVA revealed that WTRs were
significantly affected by Face, X*(3) = 25.78, p < .001. Wilcoxon tests were used to
follow up this finding. The WTR in relation to Face A (Mean = .28, Mdn = .15) was
significantly higher than those in relation to Face C (Mean = .21, Mdn = .15), T =5, two-
tailed p =.002, [-3.04/sqrt of 170] » =-.23. and Face F (Mean = .19, Mdn = .15), T= 8,
two-tailed p = .003, [-2.98/sqrt of 170] » = -.23. And the WTR in relation to Face D
(Mean = .28, Mdn = .15) was significantly higher than those in relation to Face C (Mean
=.21, Mdn = .15), T = 6, two-tailed p = .009, [-2.6/sqrt of 170] = -.2, and Face F (Mean
=.19, Mdn = .15), T = 8, two-tailed p = .003, [-2.97/sqrt of 170] » = -.23. There was no
significant difference between the WTRs in relation to Face A (Mean = .28, Mdn = .15)
and Face D (Mean = .28, Mdn = .15), T =5, two-tailed p = .6, [-.529/sqrt of 170] r = -
.04.). Nor was there any significant difference between the WTRs in relation to Face C
(Mean = .21, Mdn = .15) and Face F (Mean = .19, Mdn = .15), T= 9, two-tailed p = .31,
[-1.01/sqrt of 170] = -.08).

In summary, the prediction that high-trust, low-formidability faces would be given more
in exchange situations, but have more taken from them in bargaining situations — and that
reverse would be true of low-trust, high-formidability faces — was supported in the cases

of Faces A & F. The face to which most is given in exchange (A), is also the face from
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which most is taken when bargaining; and the face to which least is given in exchange

(F), 1s also the face from which least is taken when bargaining.

However, the predictions were not always supported with regard to Face D, and to a
lesser extent Face C. Face D was trusted less, and taken from less than expected. The low
level of trust elicited by Face D perhaps reflects the fact that, although positive, Face D
was rated as relatively low on the trustworthy dimension in Study One. The relatively
small amount taken from Face D when bargaining is more puzzling. It is possible that the
face was interpreted as needy, pitiful or even desperate, and likely to place a higher value
on the disputed resource during bargaining; and asymmetry in the value placed on a
resource has been suggested as an alternative or additional of settling disputes over
resources — with the player who values the resource less conceding to the player who
values it more (Maynard Smith, 1982). This interpretation is consistent with the relatively
high WTR towards Face D. Meanwhile, Face C was trusted more than expected. This

may be because Face C’s smile sent mixed signals.

General Discussion

The purpose of the present paper was to investigate the evolutionarily-derived claim that
humans possess distinct adaptations for bargaining and exchange. The theory predicts
that individuals will assess potential cooperators on (at least) two distinct exchange- and
bargaining-related dimensions; and that these assessments will influence behaviour in
specific ways in exchange and bargaining situations, including standard experimental

games.

The results of the first study suggest that individuals do indeed distinguish individuals —
on the basis of facial expression — on exchange- and bargaining-related dimensions, and
that simple manipulations of low-level features — such as mouth and eyebrow shape — are
sufficient to induce these effects. A principal component analysis produced
‘trustworthiness’ and ‘formidability’ as distinct factors, although further statistical work

will be needed to validate this finding.
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The results of the second study support the hypothesis that at least some faces that vary
along the ‘trustworthy’ and ‘formidable’ dimensions elicit the predicted behaviour in
exchange and bargaining games. The finding that individuals drive a hard bargain with
those they trust, and concede resources to those they mistrust, underlines the point that
cooperation is not as a unitary phenomenon, such that individuals can be assessed along a
single dimension of cooperativeness or prosociality. Rather, cooperation encompasses a
range of distinct social problems, each with their own solution, and that strategies that

lead to success in one may lead to failure in another.

Of course, the implications of this study are limited by the equivocal results for some
faces. In particular, Face D did not elicit the expected behaviour in the bargaining game.
Future work should aim to repeat these experiments with a wider range of faces to

investigate possible confounds and to rule out alternative theories.

However, we may conclude that the theory outlined here represents a promising
alternative explanation of behaviour in experimental bargaining games, and has the
potential to broaden the explanatory scope of evolutionary accounts of human social

behaviour.
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Figures

Figure 1: Faces
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Figure 2: Face Ratings

Face Ratings

Rating (1-5)

Descriptive Terms

Face Ratings

5

4.5 \

4
NN A,\//\Aﬁv A
S LN/ ~ 4 AV /AN =
£, M | Y IVARRA B
gL VN A NN Al A

sl NN e VNS N N

. 7 7 A S =

<§\ \o‘)gﬂ&e, & @é .\{\0\. S QQ‘\ & &L & @C\ & o(\‘? r§\® & {6‘* S

Descriptive Terms




Figure 3
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Tables

Table 1: Face Ratings
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N=376
A (D) Mean 1.22 2.6 165 2.63 1.24 1.52 17 413 3.74 3.58 4.07 1.94 1.24 146 223 277 3.67 3.61 2
Std. Deviation 0.6 1.371 0.86 1.2 0.63 0.86 0.9 0.96 1.12 1.09 0.94 1.077 0.67, 0.74 1.13 1.25 1.17 1.06 1
A Mean 1.25 2.89 159 2.21 1.25 1.57 1520 389 3.25| 355 385 2.34 1.26 1.48 1.98 3 3.79 343 2
Std. Deviation 0.63 1.33 0.87 1.05 0.66 0.9 0.79 0.96 1.09 1.03 1 1.1 0.72 0.8 1.01 1.25 1.11 1.14
B Mean 1.62 177, 277 3.61 19 2.31 273 344 3.71 2.98 3.2 1.4 165 216 3.15 199 2.51 2.95 1
Std. Deviation 0.95 1.02 1.34 1.06 1.15 1.3 1.23 1.23 1.1 1.21 1.25 079 0.97 1.22 1.1 1 1.24 1.22 0
C Mean 3.07 1850 4.05 359 394 4.05 3.95 163 243 1.56 1.47 1.42 3.5 3.76/ 3.55 1.54 1.34 1.42 1
Std. Deviation 1.33 1.12 1.08 1.21 1.14 1.22 1.02 0.9 1.21 0.82 0.770 0.77 1.27 1.21 1.07 0.9 068 0.777 0
D Mean 148 3.53 1.46 1.49 1.34 1.63 133 2.54 146 279 2.78 3.99 1.32 1.56 148 323 346 263 3
Std. Deviation 0.8 1322 0.73 079 0.67 087 0.66 1.03 0.74 1.12 1.08 1.09 0.7 0.79 0.77 1.29 1.15 1.04
E Mean 263 247 248 237 2.21 2.31 2.5 2.01 1.76| 2.38 2.08 243 203 2.36 256 2.26 2.1 217 2
Std. Deviation 1.3 1.19 1.18 1.08 1.18 1.12 1.22 1.05 0.95 1.06 1.04 1.1 1.12 1.12 1.17 1.15 1.11 1.02 1
F Mean 42060 214 3.76 3 372 3.23 3.86 1.31 1.41 1.8 1.32 1.9 3.52 3.4 3.5 1.62 1.32 1.62 1
Std. Deviation 1.04 1.17 1.17 1.25 1.15 1.32 1.13 0.62 0.77, 0.93 0.64 1.09 1.25 1.24 1.177 0.98 0.61 0.86
G Mean 1.56 3.14 1.44 143 1.31 1.55 1.33 2.28 1.11 2.63 244, 4.79 1.31 1.62 14 3.05 316 239 3
Std. Deviation 0.89 1.39 076 073 0.64 0.83 0.64 1.02 0.49 1.12 1.05 0.67 0.74 0.89 0.7 1.35 1.26 1.05 1
H Mean 294 2.62 2.2 1.8 219 213 2.15 1.71 1.20  2.17 1.8 3.91 2.05| 248 2.07| 2.28 2.1 198 2
Std. Deviation 1.38 1.18 1.220 0.97 1.19 1.11 1.177 0.87, 0.56 1 0.9 1.19 1.17 1.28 1.08 1.09 1.12 0.94 1
| Mean 4.67 24 3.16) 2.48 3.54) 279 3.47 1.27 1.14 1.9 1.36] 2.81 3.44 3.2 2.96 1.63 1.37 1.7 1
Std. Deviation 0.72 1.26 1.21 1.2 1.26 1.33 1.25 0.64 0.5 1 0.69 1.4, 1.34 1.26 1.26 1 0.72 0.89




Table 2

Rotated Component Matrix®

Component
1 2

Friendly .996

Kind .989

Trustworthy 975

Honest .960

Angry -.873

Sympathetic .849 -.505
Happy 830 545
Scary -.812 541
Selfish -.799 .590
Cruel -.794 .586
Confident .989
Sad -.958
Weak -.933
Anxious -.933
Strong .920
Submissive .616 -.765
Competitive -.635 .765
Dominant -.644 .760
Deceitful -.672 .687

Extraction Method: Principal Component
Analysis.

Rotation Method: Varimax with Kaiser
Normalization.

a. Rotation converged in 3 iterations.



Deliverable D1.3: Characterisation of Social Networks

Appendix C — [Use of social network sites and instant
messaging does not lead to increased social network size, or
to emotionally closer relationships with network members]

Reprint of:

Pollett, T.V., Roberts, S.B.G. & Dunbar, R.I.M. (submitted b). Use of social
network sites and instant messaging does not lead to increased social network
size, or to emotionally closer relationships with network members.



SOCIALNETS

Appendix D — [Stable family, fragile friends: changes in
social relationships in the transition from school to
university]

Reprint of:

Roberts, S.B.G., & Dunbar, R.I.M. (submitted a). Stable family, fragile friends:
changes in social relationships in the transition from school to university.



Deliverable D1.3: Characterisation of Social Networks

Appendix E — [Size matters: variation in personal network
size, personality and effect on information transmission]

Reprint of:

Lu, Y-E., Roberts, S., Li6, P., Dunbar, R.I.M. & Crowcroft, J. (2009a). Size matters:
variation in personal network size, personality and effect on information transmission,

In Proceedings of IEEE International Conference on Social Computing, Vancouver,
Canada, 2009.



SOCIALNETS

Appendix F — [On optimising personal network and
managing information flow]

Reprint of:

Lu, Y-E., Roberts, S., Cheng, T., Dunbar, R.I.M., Li6, P. & Crowcroft, J. (2009b).
On optimising personal network to manage information flow. In Proceedings of 18th
ACM Conference of Information and Knowledge Management (CIKM), Complex
Network Information and Knowledge Management workshop, Hong Kong, 2009.



Deliverable D1.3: Characterisation of Social Networks

Appendix G - [The importance of data collection for
modelling contact networks]|

Reprint of:

Yoneki, E., (2009). The importance of data collection for modelling contact networks.
In IEEE Workshop on Social Computing with Mobile Phones and Sensors: Modeling,
Sensing and Sharing at Social Com August, 2009.



SOCIALNETS

Appendix H — [Statistical Mechanics of Rumour Spreading
in Network Communities]

Reprint of:

Ostilli, M., Yoneki, E., Leung, 1., Mendes, J. F. F., Lio, P. & Crowcroft, J.
(submitted). Statistical Mechanics of Rumour Spreading in Network Communities.
Engineered & Social Networks: Theory and Applications.



