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Studies of active personal networks have primarily focused on providing reliable estimates of the size
of the network. In this study, we examine how compositional properties of the network and ego char-
acteristics are related to variation in network size. There was a negative relationship between mean
emotional closeness and network size, for both related and unrelated networks. Further, there was a
distinct upper bound on total network size. These results suggest that there are constraints both on the
absolute number of individuals that ego can maintain in the network, and also on the emotional intensity

go ca
of the relationships that e

. Introduction

Personal social networks in humans appear to consist of a series
f sub-groupings arranged in a hierarchically inclusive sequence
Zhou et al., 2005). An individual ego can be envisaged as sitting
n the centre of a series of concentric circles of acquaintanceship,

hich increase in size with a scaling ratio of ∼3 (Zhou et al., 2005;
ill and Dunbar, 2003). As the number of alters in each layer of the
ersonal network increases, the level of emotional intimacy and

evel of interaction between ego and alter decreases (Dunbar, 1998;
ill and Dunbar, 2003; Mok et al., 2007).

The innermost layer of the personal network is the support
lique, which can be defined as all those individuals from whom
ne would seek advice, support or help in times of severe emotional
r financial distress (Dunbar and Spoors, 1995), and averages about
ve members (Milardo, 1992). The next layer out is the sympathy
roup, which can be defined as those with whom an individual
ontacts at least monthly, and averages 12–15 members (Buys and
arson, 1979; Dunbar and Spoors, 1995). Studies of these ‘inner’
ayers of the network have provided detailed information on the
ize and composition of these networks, the types of support that
ow through the networks, the ties between alters in these net-
orks and how these networks change over time (e.g. Degenne and
ebeaux, 2005; Fischer, 1982; McPherson et al., 2006; Plickert et al.,
007).

The active network refers to alters that ego feels they have a
ersonal relationship with, and make a conscious effort to keep

∗ Corresponding author. Tel.: +44 1865 612376; fax: +44 1865 612385.
E-mail address: sam.roberts@anthro.ox.ac.uk (S.G.B. Roberts).
URL: http://www.icea.ox.ac.uk/about/staff/roberts (S.G.B. Roberts).
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n maintain with those individuals.
© 2009 Elsevier B.V. All rights reserved.

in contact with (Hill and Dunbar, 2003), or alters whom ego has
contacted within the last 2 years (Killworth et al., 1998). Studies
of this outer layer of the network have thus far focused primarily
on determining effective methods for estimating network size (Fu,
2007; Hill and Dunbar, 2003; Killworth et al., 1984; McCarty et al.,
2001).

The different techniques used to measure the active network
have a number of important practical applications, such as esti-
mating hard-to-count subpopulations (Killworth et al., 1998) and
produce broadly similar results in terms of the mean network size
(between 100 and 300). These studies always reveal a large range of
network sizes (with network sizes ranging from 20 to over 500) but
none of these size differences have been explainable by ego charac-
teristics such as gender, age or socio-economic status and thus the
causes of variation in active network size are still poorly understood
(Bernard et al., 1990).

At the innermost levels of the personal network, in contrast,
many ego characteristics have been shown to affect network size
and composition. Egos who are single and without children tend
to have larger networks than egos who are married and/or have
dependents (Dunbar and Spoors, 1995; Johnson and Leslie, 1982;
McCannell, 1988). Networks show strong homophily by gender,
such that female networks are dominated by females, and male
networks by males (McPherson et al., 2006; Roberts et al., 2008).
Female networks also tend to contain a greater proportion of kin
than male networks (McPherson et al., 2006). Socio-economic
status (as measured by education, occupation and income) is posi-

tively correlated with network size and also with network diversity
(Campbell et al., 1986; McPherson et al., 2006). Network size tends
to decline after 65 (Fung et al., 2001; Marsden, 1987), although a
more recent survey found no association between age and network
size (McPherson et al., 2006).

http://www.sciencedirect.com/science/journal/03788733
http://www.elsevier.com/locate/socnet
mailto:sam.roberts@anthro.ox.ac.uk
dx.doi.org/10.1016/j.socnet.2008.12.002
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The first aim of this study is to examine whether these demo-
raphic ego characteristics shown to affect network size and
omposition in the innermost layers of the network can also explain
ome of the variation in network size at the active level of the
ersonal network. The second aim is to examine how the composi-
ional properties of networks vary with network size. Ties between
go and alter can be thought of on a crude level as either ‘strong’
r ‘weak’ (Granovetter, 1973, 1983). Do large networks consist of
any weak ties, or are large networks simply ‘scaled up’ versions

f small networks, with more strong ties and more weak ties than
mall networks?

Strong ties are those alters at the inner layers of the network
support clique and sympathy group), and they provide extensive
motional, instrumental and social support to ego (Fischer, 1982;
an der Poel, 1993). Maintaining these close, emotionally intense
elationships is extremely cognitively demanding, partly because
the partner is important as a unique individual and is interchange-
ble with none other” (Ainsworth, 1989, p. 711). It takes a long
istory of interaction in a variety of contexts and emotional com-
itment to build up and maintain these relationships (Degenne and

ebeaux, 2005). Very close relationships have higher frequencies
f both face-to-face and telephone contact than those slightly less
lose, but still important relationships (Boase et al., 2006; Mok et
l., 2007). Even in close relationships, if an active effort is not made
o maintain the relationship, it tends to decay over time (Cummings
t al., 2006; Dindia and Canary, 1993).

In contrast, weak ties are more distant acquaintances of ego,
nd are less important in providing emotional or instrumental sup-
ort or social companionship. However, weak ties are important

n providing access to a greater variety of information, ideas and
xperience, because they are more numerous, more heterogeneous
nd – crucially – less likely to be connected to each other than
trong ties (see Granovetter, 1983 for a review). Weak ties act as
form of social capital – one definition of which is “investment

n social relations with expected returns” (Lin, 1999, p. 30). These
eak ties are contacted less frequently than the strong ties (Hill and
unbar, 2003), although a minimal level of contact may be neces-

ary to keep the relationship active, and weak ties do show decay
ver time (Burt, 2000, 2002; Feld, 1997; Krackhardt, 1998). Further,
nformation about the status of the relationship, the characteristics
f the alter and their connections with others still need to be cogni-
ively stored and managed (Donath, 2008; Whittaker et al., 2002),
hich may place a limit on the number of weak ties individuals can
aintain at a given level of emotional intensity (Dunbar, 2008).
When considering the strength of tie between two individu-

ls, the degree of relatedness also needs to be taken into account.
inship itself provides a powerful bond over and above the per-
onal relationship between two individuals. There are norms and
xpectations that assistance will be provided to kin, regardless of
he personal relationship between the two individuals (Espinoza,
999; Wellman and Wortley, 1990). Further, an ego is linked to kin
hrough many different ties, and the network is dense, in that many
f the network partners have ties themselves, simply through the
act that they are part of the same family (Plickert et al., 2007). In
ontrast, a friendship network is typically much less dense, with
ewer of the network members having ties between themselves.
he high level of ‘structural embeddedness’ in kin networks means
hat even if two individual kin do not maintain their dyadic relation-
hip, they will still be linked and hear important news about each
ther through the wider kin network. The role of ‘kin-keepers’ – typ-
cally female members of the family who pass on family news and

eep members of the extended family in contact with each other –
s important in maintaining the extended kin network (Leach and
raithwaite, 1996; Rosenthal, 1985). In contrast in a dyadic friend-
hip, the emphasis is on both friends maintaining the relationship,
therwise it will decay over time (Burt, 2000). The combination of
orks 31 (2009) 138–146 139

the obligation to help kin, and the high level of structural embed-
dedness means that kin are both cognitively and time-wise less
demanding relationships to maintain than non-kin relationships.

The fact that as the number of alters in each layer of the personal
network increases, the level of intimacy and level of interaction
between ego and alter decreases (Hill and Dunbar, 2003; Mok et
al., 2007) suggests that there are constraints on the number of rela-
tionships ego can maintain at a given level of intensity (Zhou et
al., 2005; Roberts, 2009; see also Bernard and Killworth, 1973).
These constraints may be cognitive (e.g. being able to keep track of
a large number of relationships simultaneously) and/or time bud-
geting (e.g. building a relationship with an individual to a particular
level of intensity takes a certain amount of time). Individuals only
have a finite amount of time and cognitive effort to put into interact-
ing with others and maintaining their network ties (Milardo et al.,
1983; Pool and Kochen, 1978; Tooby and Cosmides, 1996) and there
is evidence both for cognitive and time constraints on network size.
In terms of cognitive constraints, the size of an individual’s support
clique is correlated with the number of levels of intentionality that
an individual can process, whilst the size of their sympathy group
is related to performance on a working memory task (Stiller and
Dunbar, 2007). In terms of time constraints, individuals entering
into a new romantic relationship show both a decrease in social
network size (Johnson and Leslie, 1982) and a decrease in frequency
and duration of actual interactions with network members (Milardo
et al., 1983).

If network size is constrained by cognitive and/or time budget
issues, we can make two predictions. First, we predict that large
networks are not simply scaled up versions of small networks, but
that large networks have more weak ties, because the number of
strong ties that an ego can maintain is limited. Second, if there are
constraints on the maximum number of individuals that can be
maintained in the network (i.e. there are only so many ‘slots’ or
‘friendship niches’ [Tooby and Cosmides, 1996] in the active net-
work available to be filled), we predict that egos with large related
networks would have smaller unrelated networks, as has been
demonstrated at the sympathy group level (Dunbar and Spoors,
1995). Thus, if an individual is born into a large extended family,
this extended family will preferentially be given many of the slots
available in the active network, and there will be fewer slots left
over to fill with unrelated individuals (see Pool, 1980 as cited in
Granovetter, 1983 for a similar argument). This logic only applies
if those born into large extended families actually maintain con-
tact with a large number of these family members, and this will be
examined in this study.

An important question that arises in the discussion of strong
and weak ties is exactly how to quantify tie strength. 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 type of relationship (kin-
ship, neighbour, co-worker, friend). They concluded that a measure
of the emotional intensity of a relationship is the best indicator
of tie strength. Frequency of contact overestimates the strength of
tie between neighbours and co-workers (see also Hill and Dunbar,
2003; Mitchell, 1987), and duration of relationship overestimates
the strength of ties between relatives. Thus, we took emotional
closeness as an indication of the intensity of the relationship, rea-
soning that strong ties would have a higher level of emotional
closeness than weak ties.

2. Methods
2.1. Participants

Due to the length of the questionnaire participants were asked
to complete (typically the questionnaire takes between one and
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wo hours to complete), snowball and ad libitum sampling methods
ere used. Respondents were recruited from the personal networks

f TVP or TK and some of these network members recruited further
espondents not known personally to TVP or TK. The personal obli-
ation between the respondent and the person handing out the
uestionnaire significantly increases the likelihood that question-
aires will be completed and returned. Previous studies (Dunbar
nd Spoors, 1995; Hill and Dunbar, 2003) found this method to be
ery effective. The questionnaires were physically distributed to the
espondents, and once completed were posted back in pre-stamped
nvelopes. The data were collected between December 2004 and
ebruary 2005. Consistent gender differences have been found in
ale and female networks (Dunbar and Spoors, 1995), so the sam-

le was restricted to females, in order to eliminate such effects, and
llow for a more detailed examination of other ego factors affect-
ng network size. A total of 160 respondents returned completed
uestionnaires (a return rate of ∼80%). All of the respondents lived
n Belgium, and this database has previously been used to examine
he effect of childlessness on social investment in kin (Pollet et al.,
006).

.2. The social network questionnaire

We used a social network questionnaire to measure the active
etwork. Respondents were asked to provide demographic infor-
ation including age, highest educational qualification, marital

tatus and type of accommodation occupied. Respondents were
sked to list all their known and living relatives – both genetic kin
nd affinal kin. Affinal kin were defined as the kin of the spouse
r ‘long-term partner’. Respondents were also asked to list other
nrelated people in their network with whom they consider that
hey have some sort of personal relationship and for whom all of the
ollowing three conditions apply: (i) they have contact details; (ii)
hey have had some sort of contact within the last 12 months; (iii)
hey feel they would wish the relationship to continue. Respon-
ents were asked to look through any lists of addresses (mobile
elephone address book, e-mail address book, handwritten address
ook, list of telephone numbers) to prompt their memory. For each
lter, respondents were asked how emotionally close they felt to
he alter on a scale of 1–10 (where 10 is very close), and when they
ast contacted the alter.

For the purposes of this study, only related alters contacted in the
ast 12 months were included in the analysis, even though partici-
ants were asked to list all their related alters on the questionnaire.
e imposed this constraint because we are here interested in rel-

tives that form part of ego’s active network – i.e. those related
lters whom ego contacts on a regular basis, as opposed to distant
elated alters with whom ego may have little – if any – contact.
n fact, there was a strong correlation between the number of
elated alters contacted in the last 12 months and the total num-
er of related alters in the network (Spearman’s rs = 0.85, p < 0.001).
or consistency, we also only included unrelated alters if they had
ctually been contacted in the last 12 months. This was because,
lthough participants were instructed only to list unrelated alters
f they had contacted them in the last 12 months, a small number of
nrelated alters included by respondents had in fact not been con-
acted during this time period. As would be expected, there was
highly significant correlation between the number of unrelated

lters listed in the questionnaire and the number of unrelated alters
ontacted in the last 12 months (Spearman’s rs = 0.99, p < 0.001).
.3. Statistical analysis

The data were checked for normality using a Kolmogorov–
mirnov test. Age, mean emotional closeness, ratio of male to
emale alters, and network sizes were all not normally dis-
orks 31 (2009) 138–146

tributed (all p < 0.001). We have therefore used nonparametric
tests, except for one set of stepwise regression analyses where no
alternative exists. For the stepwise regression analyses, the data
were log or square-root transformed to achieve normality where
possible. For related network size, unrelated network size and
emotional closeness, a square-root transformation achieved nor-
mality (Kolmogorov–Smirnov tests, all p > 0.05) It was not possible
to achieve normality for the variables ratio of male to female alters
and age even after transformation (Kolmogorov–Smirnov test, both
p < 0.001), so untransformed values were used in the regression
analysis. Effect sizes are reported using Pearson’s correlation coef-
ficient, r, where appropriate.

In order to examine whether there are constraints on the abso-
lute number of individuals in the network, we used a method which
estimates the best fit equation for the upper (or lower) bound of any
graphical relationship (Blackburn et al., 1992). Upper bound analy-
sis uses a subset of the points in a scatterplot in a linear regression
to determine whether they represent a constraint on the dependent
variable (in this case unrelated network size). The independent vari-
able (in this case related network size) is divided into evenly sized
classes, the maximum value in each class is selected, and a lin-
ear regression calculated using these maximum values only. The
statistical significance of this upper-bound regression is assessed
using ANOVA. If related network size does not constrain unrelated
network size, the set of maximum values will not form a consis-
tent pattern, and the regression will not be significant. If, however,
there is an upper limit on network size and therefore related net-
work size does constrain network size, we would expect that those
with larger related networks will have smaller unrelated networks,
and vice versa. Thus, although there is expected to be many data
points below the upper bound (i.e. individuals with network sizes
well below the maximum), the constraint should be evident in
those individuals operating close to the maximum network size (i.e.
those with large unrelated or related networks), and it is these data
points that are used in the regression analysis. This method has
been widely used in ecological studies (e.g. Fernandez and Vrba,
2005; Lessin et al., 2001; Podos, 1997) and was used by Stiller and
Dunbar (2007) to examine whether the level of intentionality sets
an upper limit on the size of the support clique.

3. Results

3.1. Participant characteristics

The age of respondents ranged from 18 to 63 years (M = 37.32,
SD = 13.05). There was a bimodal distribution of ages, with peaks
at 25 and 50 years old. 73.1% of the sample had completed higher
education, 66.9% were working (part-time or full-time), 79.4% had
a partner and 58.1% owned their house (including those with a
mortgage).

3.2. Network size and composition

Mean network size was 71.84 (SD = 33.07, Mdn = 70), with a range
of 10–168 (Fig. 1). The shape of the distribution of network sizes is
similar to that found in other studies of active networks (Bernard
et al., 1990; Hill and Dunbar, 2003), although with a shorter tail
at the upper end of the distribution. The detailed breakdown of
the network by relatedness and gender is shown in Table 1. Over-
all, there are significantly more females in the network than males

(Wilcoxon signed-ranks test: T = 1411, N = 155 (five ties), p < 0.001,
r = −0.66). According to the criteria of Cohen (1992), the effect size
(r) is large for the comparison of unrelated male and female alters in
the network. Although there are significantly more female genetic
kin in the network than male genetic kin (T = 3414, N = 138 (22 ties),
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Table 1
Mean network size (and percentage of complete network) by relationship and gender of alters.

Relationship Male Female Total Significance Effect size (r)

Unrelated (% of network) 12.66 (16.62) 18.59 (25.88) 31.26 (43.51) <0.001 −0.67
Genetic kin (% of network) 13.06 (18.20) 13.91 (19.36) 27.29 (37.99) 0.003 −0.23
Affinal kin (% of network) 6.57 (9.15) 6.70 (9.33) 13.30 (18.51) 0.517 −0.05
T 56) 71.84 (100) <0.001 −0.66

N ompletion of questionnaire.
S s and females in network for each relationship type.
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otal network (% of network) 32.29 (44.95) 39.20 (54.

ote: Column and row totals may be inconsistent due to rounding and incomplete c
ignificance levels show p values for Wilcoxon signed-ranks test on number of male

= 0.003, r = −0.23), the effect size is small, and given the large
ample size this result may not be of biological significance.

.3. Emotional closeness and network size

As a preliminary, graphical examination of how emotional close-
ess between ego and alter varies with network size, the networks
ere split into three evenly sized groups based on total network

ize–small networks (under 56 alters, n = 56), medium networks
56–82 alters, n = 54) and large networks (over 83 alters, n = 50).
ig. 2a and b shows the proportion of alters (out of the total number
f alters in the network) at each level of emotional closeness. In this
nd in all subsequent analysis, related alters include both genetic
nd affinal kin. For unrelated alters, the distribution of emotional
loseness for small, medium and large networks was broadly simi-
ar, following a normal distribution, with a peak at level 6 emotional
loseness, and fewer alters who are either very close (emotional
loseness 9 or 10), or not very close (emotional closeness 1 or 2).
or related alters, however, large networks had proportionally more
ies at emotional closeness 2 than small or medium networks. Fur-
her, for both related and unrelated alters, small networks had a
reater proportion of alters at emotional closeness 10 than medium
r large networks.

.4. Predictors of network size

To examine the compositional properties of networks of differ-
ng size in more detail, and also to determine whether any ego
haracteristics are predictors of network size, two multiple regres-
ion analyses were carried out – one with the size of the unrelated
etwork as the dependent variable, and one with the size of the

elated network as the dependent variable. The compositional net-
ork measures entered as independent variables were the mean

motional closeness between ego and alter and the male: female
atio of alters. These network measures were calculated separately
or related and unrelated alters. Demographic properties of the

Fig. 1. Distribution of active network sizes.

Fig. 2. Mean proportion of alters (out of total network) at each level of emotional

closeness for small (under 56 alters, n = 56), medium (56–82 alters, n = 54) and large
(over 83 alters, n = 50) networks. Emotional closeness scale: 1 not very close, 10
extremely close. (a) Unrelated alters. (b) Related alters (includes genetic and affinal
kin).

ego – age, whether or not ego had a higher education, owned a
house, was working, had a partner – were also entered as inde-

pendent variables. Whether or not ego had a higher education,
owned a house and was working were used as indicators of socio-
economic status. The results of the regression analysis are presented
in Tables 2 and 3.1

1 The regression models were checked for multicollinearity based on the average
variance inflation factors (VIF). Field (2005) suggests that if the average VIF is sub-
stantially greater than 1, or if the largest VIF is greater than 10, then the regression
may be biased due to the effects of multicollinearity. The average VIF for the related
networks model was 1.08, for the unrelated networks model was 1.02, and all the
VIF values were under 1.2. This indicates that collinearity is not a serious problem
for these two regression models.
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Table 2
Summary of stepwise regression analysis for variables predicting unrelated network
size (N = 154).

Variable B SE B ˇ

Constant 7.61 1.39 –
Has ego had higher education (YES/NO) 0.83 0.29 0.22**

Square root (Mean emotional closeness) −1.31 0.54 −0.19*

Unrelated sex ratio (male:female) 0.56 0.23 −0.18*

Note: Final model: R2 = 0.12, F(3, 150) = 7.07, p < 0.001.
Excluded variables: Age of ego; Does ego have a partner (YES/NO); Is ego working
(YES/NO); Does ego own house (YES/NO).

* p < 0.05.
** p < 0.01.

Table 3
Summary of stepwise regression analysis for variables predicting related network
size (N = 156).

Variable B SE B ˇ

Constant 9.39 0.96
Square root (mean emotional closeness) −2.14 0.38 −0.39***

Does ego have a partner (YES/NO) 1.01 0.34 0.22**

Has ego had a higher education (YES/NO) 0.74 0.29 0.18*

Does ego own house (YES/NO) 0.55 0.27 0.15*

Note: Final model: R2 = 0.29, F(4, 151) = 15.71, p < 0.001.
Excluded variables: Age of ego; Is ego working (YES/NO); Related sex ratio
(
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Fig. 3. Number of unrelated alters in network plotted against number of related
male:female).
* p < 0.05.

** p < 0.01.
*** p < 0.001.

For unrelated networks, whether the ego had completed higher
ducation was the only demographic characteristic included in
he model and was positively related to network size. Mean
motional closeness was negatively related to network size –
hus egos with larger unrelated networks are, on average, less
motionally close to the alters in their network than egos with
maller networks. Finally, the male: female sex ratio was pos-
tively related to network size – females with larger networks
ended to have a greater proportion of unrelated male alters in
heir network as compared to females with smaller networks. This
ffect was not due to females with a partner acquiring their part-
ers’ male friends – there was no significant difference in the
ale: female sex ratio of females with (Mdn = 0.68) and without

artners (Mdn = 0.63), Mann–Whitney U = 1876.5, N = 157, p = 0.465,
= −0.06.

For related networks, mean emotional closeness was the most
mportant predictor of network size, and was again negatively
elated to network size. Egos with a partner had larger related
etworks – this is unsurprising, as having a partner adds affi-
al kin to the related network. Completing higher education and
wning a house were positively associated with network size.
he age of the ego and whether or not they were working were
ot significant predictors of network size for related or unrelated
etworks.

.5. Relationship between related network size, unrelated
etwork size and total network size

There was no overall correlation between the ratio of related to
nrelated alters in the network, and total network size (Spearman’s

s = 0.089, p = 0.268). Thus large networks are not dominated either
y related or unrelated alters.
We used the method described by Blackburn et al. (1992) to
xamine the upper bound on network size, as revealed by the num-
er of unrelated alters in the network plotted against the number
f related network members (Fig. 3). There are a large number of
mall networks in the lower left quadrant of Fig. 3 – these are egos
alters in network. Following Blackburn et al. (1992), an upper bound slope, indicated
by the broken line, has been estimated using 10 size classes: Y = 120.17 + −0.71X.
Open circles indicate data points used in upper bounds analysis. Upper bounds
analysis based on medium and large networks only (56 alters and over, n = 104).

who only contact a small number of related and unrelated individ-
uals per year. For this analysis, we are examining what places the
upper limit on network size, so egos with small networks (under 56
alters) were excluded on the grounds that they would distort the
analysis (see Blackburn et al., 1992; Lawton, 1990 for discussion of
this issue). The analysis was carried out on egos with medium and
large networks (networks with 56 alters and over, n = 104), as it is
in these networks where we are most likely to see the constraints
on network size operating.

There is no fixed criterion for selecting the number of size
classes to use in the upper bound analysis. Blackburn et al. (1992)
suggests that any number between six and fifteen is satisfactory,
so long as each class contains several values, so that the maxi-
mum can be realistically estimated. Because of the potential for
biasing the analysis with subjective class widths, we analysed
the data by binning related network size into between 6 and 16
class sizes, which produced 10 sets of data for the upper bounds
analyses. In all ten of the analyses, the regression analysis was
significant (p < 0.05), indicating that no matter how many size
classes are used, an upper constraint emerges on the absolute
number of people egos can maintain in their network. The slope
of the regression line varied between −0.54 and −0.75 (i.e. was
always greater than −1.0). When 10 size classes were used (as
shown in Fig. 3), the results of the upper bound analysis were:
r2 = 0.82; F1,7 = 31.05, p = 0.001. The regression equations can be used
to calculate the mean upper limit on network size, and this var-
ied between 136.3 and 150.0 depending on the number of class
sizes used.

Related network size (rather than unrelated network size) was
used as the explanatory variable in the upper bound analysis as
related alters appear to be relatively nondiscretionary contacts.
There was a strong correlation between related alters contacted
in the last 12 months and total number of related alters in the net-
work (Spearman’s rs = 0.85, p < 0.001; see Fig. 4). The respondents
contacted a mean of 75.4% (SD = 20.0) of all related alters within
the last year. Thus, individuals born into large families tend to have

large numbers of related alters in their active network, and in this
way related network size acts to constrain unrelated network size,
rather than vice versa.

To reinforce this conclusion, we tested to see whether the upper
bound on network size would emerge no matter what two demo-
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Fig. 6. Number of non-kin contacted at least once per month plotted against number
ig. 4. Number of related alters contacted in the last 12 months plotted against total
umber of related alters in network. Dashed line represent contact with all of related
lters in network in last 12 months.

raphic variables were used. For this purpose, we used the number
f male and female alters in the network. Again, the analysis was
un on networks which included a minimum of 56 alters and the
ata binned into between 6 and 16 size classes. This produced
even sets of data for the upper bound analysis, both for when
he number of males was treated as the dependent variable, and
hen the number of females was treated as the dependent vari-

ble. With males treated as the dependent variable, the regression
lope varied between +0.28 and +0.53, with five of the regressions
ignificant, and two of the regressions not significant (see Fig. 5).

ith females treated as the dependent variable, the regression
lope varied between +0.53 and +0.59 and all seven regressions
ere significant. The distinct upper bound therefore only appears

f the number of related alters is treated as the explanatory
ariable and the number of unrelated alters as the dependent
ariable. Using two other mutually exclusive variables (number
f male and female alters in the network) produces markedly

ifferent results, with positive rather than negative regression
lopes.

To examine whether this upper constraint also applies to net-
orks at the inner levels, we reanalysed the data from Dunbar and

ig. 5. Number of male alters in network plotted against number of female alters
n network. Following Blackburn et al. (1992), an upper bound slope, indicated by
he broken line, has been estimated using 11 size classes: Y = 34.77 + −0.50X. Open
ircles indicate data points used in upper bounds analysis. Upper bounds analysis
ased on medium and large networks only (56 alters and over, n = 104).
of kin contacted at least once per month. Based on data from Dunbar and Spoors
(1995). Following Blackburn et al. (1992), an upper bound slope, indicated by the
broken line, has been estimated using seven size classes: Y = 24.72 + −1.04X. Open
circles show data points used to calculate upper bounds regression line.

Spoors (1995) on the number of related and unrelated alters con-
tacted monthly, the definition used to define the sympathy group.
Related network size was binned using divisions of four, three and
two related network members, producing 7, 9 and 13 size classes.
All three regression analyses based on these size classes were sig-
nificant (p < 0.05), with the slopes of the regression lines varying
between −0.94 and −1.04. When seven size classes were used (as
shown in Fig. 6), the results of the upper bound analysis were:
r2 = 0.82; F1,4 = 18.56, p = 0.013. The mean upper limit on sympathy
group size varied between 23.8 and 24.4. Thus, there is a clear upper
constraint on the absolute number of people that egos can maintain
in their sympathy group.

4. Discussion

In the light of time and cognitive constraints operating on net-
work size we made two predictions about the composition of
active networks of different sizes. First, that large networks would
contain a greater proportion of weak ties as compared to small net-
works, and second that egos with large related networks would
have smaller unrelated networks (i.e. there should be an upper
bound on network size). The first prediction was supported by the
results. Mean emotional closeness was an important predictor of
network size for both related and unrelated networks. Egos with
larger networks tended to be, on average, less emotionally close to
alters in their networks as compared to those egos with smaller
networks. This demonstrates that large networks are not simply
scaled up versions of smaller networks, but that there are impor-
tant compositional differences between large and small networks.
To a certain extent, there appears to be a trade-off between the
number of alters in the network, and the emotional intensity of
each relationship in the network–smaller networks contain fewer
individuals, but at a higher level of emotional closeness than large
networks.

The second prediction was also supported. There appears to be
a constraint on the absolute number of people egos can maintain
in their network, as revealed by the upper bounds analysis of the

number of related and unrelated alters in the network. The mean
upper limit on network size at around 136–150 is very close to the
group size of 150 predicted for humans by Dunbar (1993), based
on the size of the human neocortex and the relationship between
group size and neocortex size in non-human primates. The reanaly-
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is of data from Dunbar and Spoors (1995) on the number of related
nd unrelated alters contacted at least monthly (i.e. the sympathy
roup), also revealed a clear upper bound on sympathy group size.
he mean upper limit on network size for sympathy groups was
round 24, which corresponds to the upper limits found on sym-
athy groups in the literature (Buys and Larson, 1979; Zhou et al.,
005).

There was a strong correlation between the total size of an ego’s
amily, and the number of related alters they contact during the
ourse of a year (this study), or per month (Dunbar and Spoors,
995). On average, the respondents in this study contacted three-
uarters of their entire family during the course of the year. Thus
n individual born into a large family will tend to fill many of the
lots in their active network with related alters, and have fewer
lots available for unrelated alters. These results suggest that, at the
evel of the active network, people place a premium on maintaining
amily contacts, and only extend their network of contacts beyond
he family if they have spare capacity in their total network size.

It is noteworthy that the slope of the upper bound was close to
1.0 for the sympathy group, but varied between −0.5 and −0.8

i.e. was always greater than −1.0) for the active network. This sug-
ests that at the level of the active network, maintaining related
lters is less costly than maintaining unrelated alters, whereas
t the level of the sympathy group it is equally costly to main-
ain related and unrelated alters. This may reflect the difference
etween the more emotionally intense relationships at the level of
he sympathy group and the extended network of distant kin (with
high level of structural embeddedness) at the active network level,
ith whom egos tend to have only infrequent contact (Mok et al.,

007).
This distinct upper bound at the level of both the sympa-

hy group and the active network suggests that the constraint
n network size may impose an upper limit on the number
f individuals with whom a stable social relationship can be
aintained at different levels of intensity at each layer of the

ersonal network (support clique, sympathy group, active net-
ork), rather than dictating the mean size of each of these layers

Stiller and Dunbar, 2007). Below this upper bound, a broad range
f network sizes would be expected, due to social, personality,
emographic, life history and other circumstantial factors (Dunbar,
996).

The two types of constraints identified by this study may be
elated – as the number of alters in the network increases, the level
f mean emotional closeness decreases, and ultimately this sets a
imit on the absolute number of alters that can be maintained in an
ctive network. Below a certain level of emotional closeness, alters
re likely to drop out of the active network, and instead be included
n the ‘global network’, which includes alters who the ego would
ecognise, know the name of and feel it appropriate to greet (Pool
nd Kochen, 1978), but not necessarily make an effort to keep in
egular contact with.

In terms of ego characteristics, egos with a partner had a larger
elated network size. Having a partner draws affinal relatives into
go’s network, thus increasing their related network size. Educa-
ional level was a predictor of both unrelated and related network
ize, and owning a house was a predictor of related network
ize. Socio-economic status also correlates with network size at
he support and sympathy group level (Campbell et al., 1986).
ntriguingly, the male: female sex ratio was positively related to
nrelated network size–large networks contained proportionally
ore male alters relative to the number of female alters. This may
e related to the fact that female–female friendships tend to be
ore emotionally intense than female–male friendships (Benenson

nd Christakos, 2003; Reis et al., 1985), and thus female egos with
arger networks may find it easier to maintain male friendships than
emale friendships.
orks 31 (2009) 138–146

The way in which constraints on network size operate in prac-
tice, and whether they are primarily time or cognitive constraints,
is still unclear (Stiller and Dunbar, 2007; Zhou et al., 2005). One of
the ways to examine the operation of these constraints would be
to examine communication patterns within large and small net-
works, given that the frequency of communication is related to the
emotional closeness between two individuals, when proximity and
work connections are controlled for (Hill and Dunbar, 2003).

In the last two decades, there has been a proliferation of new
ways to communicate with others, including email, mobile phones,
social network sites and other types of communication over the
Internet (boyd and Ellison, 2008; Duck, 2008; Stefanone and Jang,
2008). A key question is whether these new forms of communica-
tion relax time constrains and/or cognitive constraints on network
size and thus allow for larger network sizes (i.e. increase the number
of ‘slots’ available) at each layer of the personal network (Donath,
2008). There is some evidence that email (Boase et al., 2006) and
social network sites (Ellison et al., 2007) do allow for larger total
network sizes but it is less clear whether this is also the case for the
inner layers of the personal network (support clique and sympathy
group). These relationships may require more of the rich and in-
depth communication that takes place in real-time through phone
or, especially, face-to-face to maintain (Mok et al., 2007; Utz, 2007).

The sample in this study was limited to females, to eliminate
gender effects, and allow a more detailed analysis of the factors
other than gender influencing network size and structure. Whether
the presented results would also apply to males remains to be seen.
We expect that men’s active networks would be male-biased and
contain a lower proportion of kin, as is the case at the support clique
and sympathy group level (Dunbar and Spoors, 1995; McPherson et
al., 2006). It would be particularly interesting to see if the strong
correlation between the total family size and number of family
members contacted per year holds for males – we suspect that the
correlation would be less strong for males than it was for females.
However, the constraints that limit network size should operate on
males and females equally.

This research utilised snowball and ad libitum methods to
recruit respondents. Ideally, a large sample taken at random from
the population would be used, as the sample here cannot be taken
as being representative of the population of Belgium as a whole.
However, the constraints that place an upper limit on network size
should operate regardless of the sample used, and thus we expect
that the results would not change substantially with a wider sam-
ple.

A further issue to address is the way in which network struc-
ture affects the level of maintenance required to sustain personal
networks. The high level of structural embeddedness of kinship net-
works should act to reduce the maintenance required to sustain kin
relations – this may be especially true of distant kin relations, with
whom ego has less frequent contact (Mok et al., 2007). Friendship
networks may also differ in their structure between individuals –
some egos may have lots of friends who are isolates, whilst other
egos may have lots of friends who are connected to each other. The
latter type of network should be easier to maintain than the former,
as the connections between friends help to sustain relationships
and it may also be easier to socialise with groups of friends, rather
than having to see friends individually.

There is evidence from students (Feld, 1997; Krackhardt, 1998)
and bankers (Burt, 2000, 2002) that decay rates of relationships are
higher when they do not have mutual contacts (i.e. friends or work
colleagues in common), but as far as we are aware the relationship

between structural embeddedness, relationship maintenance and
overall network size has not been examined. Given the size of the
active network, collecting information on all alter–alter ties is an
enormous task for respondents, but McCarty et al. (2007) demon-
strated that not all alter–alter ties need to be assessed to create an
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ccurate picture of network structure, which makes this task more
easible.

In summary, mean emotional closeness was negatively related
o both related and unrelated network size, and there was a distinct
pper bound on total network size, at the level of both the active
etwork and sympathy group. These results suggest that there are
onstraints both on the absolute number of individuals ego can
aintain in the network, and also on the emotional intensity of

he relationships that ego can maintain with those individuals.
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