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Social network analysis is pervasive in understanding animal social systems, and provides information
about how individuals vary in their social strategies. Many long-term studies comprising uniquely
marked individuals use social network analysis as an analytical tool. However, the assumption that it is
possible to make inferences using network metrics calculated using a subset of the population has yet to
be investigated in an animal social network. We use a simulation study of networks derived from social
interactions in a typical fluid fissionefusion social system to determine the precision and accuracy of
measures of individual social position based on incomplete knowledge. We show that individual social
positions measured in partial social networks correlate strongly with positions in the full social network.
This correlation typically becomes stronger as the size of the simulated population is increased and is
largely not affected by network density. The choice of network metric has an important effect on the
precision of partial networks only when they include a small subset of the population and therefore
caution is advised using some of these measures in small partial networks. This work demonstrates that
valid inferences about individual social position and strategy can be made using partial networks in a
wide range of animal social networks, highlighting the value of applying these methods in large long-
term study populations.
© 2015 The Association for the Study of Animal Behaviour. Published by Elsevier Ltd. All rights reserved.
Social network analysis is now widely used to study animal
social behaviour (Farine, Garroway, & Sheldon, 2012; Pinter-
Wollman et al., 2013; Sih, Hanser, & McHugh, 2009; Wey, Blum-
stein, Shen, & Jord�an, 2008), and is fast developing beyond being a
descriptive tool to become fundamental in quantifying behavioural
interactions and their subsequent consequences in a wider social
context (Dey, Reddon, O'Connor, & Balshine, 2013; Formica et al.,
2012; Kohn, King, Dohme, Meredith, & West, 2013; Sueur, Jacobs,
Amblard, Petit, & King, 2011; Wey, Burger, Ebensperger, & Hayes,
2013). There is a growing focus on understanding how an in-
dividual's personality, phenotype and condition interact to influ-
ence its social decision making and social strategy (Aplin et al.,
2013; Croft et al., 2005, 2009; Silk, Croft, Tregenza, & Bearhop,
for Ecology and Conservation,
ty of Exeter Penryn Campus,

J. Silk), S.Bearhop@exeter.ac.

nimal Behaviour. Published by Els
2014; Wilson, Krause S., Dingemanse & Krause 2013). By studying
variation in individual social position, it is possible to make in-
ferences about both the mechanisms that drive population social
structure in a study system (Connor, Heithaus, & Barre, 2001;
Stanley & Dunbar, 2013; Wittemyer, Douglas-Hamilton, & Getz,
2005) and the consequences of following particular social strate-
gies for individual fitness (Formica et al., 2012; McDonald, 2007;
Wey et al., 2013). Extracting individual level metrics from net-
works is therefore a major application of social network analysis in
behavioural ecology, and being able to apply network analysis to
infer individual social behaviour in a wide range of systems be-
comes highly significant.

Recent studies have linked social position to home range (see
Pinter-Wollman et al., 2013 for a review), social status (Sueur &
Petit, 2008), age (Patriquin, Leonard, Broders, & Garroway, 2010),
sex (Carter Seddon, Fr�ere, Carter, & Goldizen 2013; Gilby &
Wrangham, 2008), genetic relatedness (Archie, Moss, & Alberts,
2006; Carter, Seddon, Fr�ere, Carter, & Goldizen, 2013; Schülke,
Wenzel, & Ostner, 2013), the acquisition of social information
(Aplin, Farine, Morand-Ferron, & Sheldon, 2012; Aplin et al., 2014;
evier Ltd. All rights reserved.
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Claidiere, Messer, Hoppitt, & Whiten, 2013), disease status (Weber
et al., 2013) and reproductive success (Wey et al., 2013). Addition-
ally, there has been increasing recent interest in social network
position as a personality trait or part of a wider behavioural syn-
drome (Krause, James, & Croft, 2010; Wilson, Krause, Dingemanse,
& Krause, 2013). The role of these potential factors in influencing
social position and the consequences to an individual of that social
position can be investigated using a simple correlative approach at
an individual level (Formica et al., 2012; Wey et al., 2013). This
makes data frommany marking or tagging projects highly valuable
in generalizing our understanding of what processes drive indi-
vidual social strategies and social evolution in many types of
fissionefusion social system, and how this then contributes to
variation in overall population social structure.

Historically, social network analysis was largely limited to sys-
tems in which all (or the vast majority of) individuals were indi-
vidually identifiable (Connor et al., 2001; Croft et al., 2005; Drewe,
Madden, & Pearce, 2009; Ramos-Fern�andez, Boyer, Aureli, & Vick,
2009). However, it is now increasingly used in a wide range of
long-term ecological studies in which this is not the case. In
particular, there are now many examples of social networks being
used in study populations inwhich individuals are only identifiable
once captured and tagged, a restriction that can substantially
reduce the identifiable component of the population (Aplin et al.,
2012; Farine & Milburn, 2013; Hamede, Bashford, McCallum, &
Jones, 2009; Oh & Badyaev, 2010; Weber et al., 2013) as a result
of difficulties in catching all individuals or limitations imposed by
the number of differentmarks available. Additionally, some of these
long-term study populations will be larger than other populations
in which network analysis has been used previously or have a
higher turnover of individuals, increasing the likelihood of a subset
of the population being used to build networks. The sampling of
social networks in this way is of concern because social networks
are relational data, and the relations among the members of a
sample will only be a subset of their full set of relationships (Alba,
1982; Croft, James,& Krause, 2008). This means that relational data
could be expected to respond more unreliably to sampling from a
population than other data types, as missing individuals may exert
a strong influence on the social measures of individuals sampled.

This issue has been investigated elsewhere in the social net-
works literature (Borgatti, Carley, & Krackhardt, 2006; Lee, Kim, &
Jeong, 2006; Stumpf & Thorne, 2006; Wang, Shi, McFarland, &
Leskovec, 2012). Many of these studies focus on the accuracy of
network level measures such as degree correlations or degree
distributions (e.g. Borgatti et al., 2006; Frantz, Cataldo, & Carley,
2009; Lee et al., 2006) that are rarely used in animal social net-
works. The presence of unidentifiable individuals, and subsequent
subsampling of the true number of nodes present in the network, is
directly analogous to the measurement errors imposed by random
node sampling (Lee et al., 2006). Wang et al. (2012) explored the
consequences of various types of measurement error on the cor-
relation of node level metrics in an observed network and the true
network on which these observations were based and found that
for false negative nodes (equivalent to unidentifiable individuals in
animal social networks) the metrics tested showed resilience to
error. In support of this, Stumpf and Thorne (2006) found that in-
ferences could be made using subsamples of molecular networks
generated through random node sampling, suggesting that partial
networks could provide useful information if relative values rather
than accurate values of node level metrics are required. Animal
behaviour research is typically interested in the consequences of
variation in network position among individuals (e.g. Aplin et al.,
2012; McDonald, 2007; Wey et al., 2013), and therefore being
able to make precise inferences about relative differences in node
level metrics among individuals would be sufficient.
The effect of using ‘partial networks’ constructed using a
random subset of the population on the properties of individual
metrics in animal social networks has received little attention
(Croft et al., 2008; Cross et al., 2012). Franks, Ruxton, and James
(2010) investigated how various network properties depended
upon the number of censuses and the proportion of individuals
sampled in each census. They concluded that the former was more
important, and that network level properties were fairly resilient to
a low number of individuals being detected on each census. While
this focuses more on the concept of the detectability of individuals
rather than the effects of unidentifiable individuals, it does perhaps
suggest that there is potential for social network studies to make
valid inferences using only a sample of the population.

In this study we used a simulated fluid fissionefusion social
structure parameterized using a long-term study of light-bellied
brent geese, Branta bernicla hrota, to investigate how properties
of the social network vary as the proportion of identifiable in-
dividuals in the population changes. Light-bellied brent geese are a
species with typical fluid fissionefusion dynamics with consider-
able spatiotemporal variation in group size (Fig. 1). The outcome of
this is a fairly well connected social network that contains variation
among individuals in social network positions, making it possible
to test structural hypotheses at an individual level. We examined
how changing proportions of identifiable individuals in a popula-
tion alters the relationship between an individual's apparent
network metrics and its real social metrics (i.e. network metrics
when the entire population consists of identifiable individuals).

We looked at a selection of key social metrics to determine
whether the choice of network metric in a given study could affect
the accuracy and precision of the conclusions that can be drawn.
Different network metrics vary in the extent to which they are
influenced by relational data depending on to what extent they are
global (take into account the structure of the entire network) or
local measures. We investigated four of the most commonly used
measures of centrality and one commonly used measure of tran-
sitivity (Table 1), which between them provide a range of important
measures of social position. We expected that local measures (e.g.
degree, strength) would be less affected by subsampling from
networks than more global measures such as betweenness (the
reasons for this are explored in more depth in the Discussion). This
study therefore highlights the importance of understanding the
consequences of random node deletion for the analysis of animal
social networks.

METHODS

Generation of Population

The simulated populations of light-bellied brent geese analysed
in this studywere generated using data from a long-term ecological
study on the Irish wintering population of this subspecies.

(1) Three simulated populations of geese containing 37, 104 and
591 individuals were generated, with a population defined here as
all individuals that could potentially be included in a network,
possible methodological constraints notwithstanding. These pop-
ulations were formed of family units, where a family unit was
defined as an unpaired (unassociated) individual, a nonreproduc-
tive pair or family (parents with dependent juveniles). Family units
remained together throughout the sampling process. The three
population sizes used were selected to represent a range of realistic
population sizes likely to be used in long-term studies, inwhich use
of partial networks is much more likely.

(2) The frequency of family units (the percentages of juveniles in
our three simulated populations were 13.5%, 8.7% and 12.0%
compared to 15.5 ± 13.3% fromMadsen, Cracknell,& Fox, 1999) and
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Figure 1. (a) The group size distribution of the Dublin staging population of ECHA light-bellied brent geese in JanuaryeMarch 2012. (b) An example histogram of the corresponding
negative binomial group size distribution used in our models. The sample drawn from the distribution is equivalent to the observed number of groups (N ¼ 283).

Table 1
Details of the five key network metrics used in the study

Metric Type How is it calculated? What does it measure?

Degree Centrality A count of individuals to which a focal individual is connected
in the network

The number of social connections an individual has

Strength Centrality A sum of the total weight of all a focal individual's connections
in the network

Accounts for the value of the connections an individual has as well
as the number of individuals to which it is connected

Betweenness Centrality A count of the shortest paths between other individuals in the
network that pass through a focal individual

The importance of an individual in connecting different parts of the
network

Eigenvector
centrality

Centrality The focal individual's value in an eigenvector that corresponds
to the maximum eigenvalue from the network in matrix form

The influence of an individual in the network taking into account its
second-order connections

Clustering
coefficient

Transitivity The proportion of individuals connected to the focal individual
that are interconnected themselves

The embeddedness of the individual within its social clique
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the number of juveniles in each family (Fig. 2) were specified from
distributions based on real data.

(3) Each individual and family unit were assigned a unique
identity for use in social group generation and subsequent social
network construction.

Generation of Social Groups

At each iteration of the algorithm the population was split into
different social groups. The group size distribution for these groups
was based on fitting a negative binomial distribution to real data
from a focused socioecological study of the Dublin wintering pop-
ulation in JanuaryeMarch 2012 (Fig. 1) with size ¼ 1.4 and
m ¼ population/10. Social groups were assigned at a family unit
level to ensure that family units remained cohesive as observed in
the real data.

(1) All family units in the population were randomly reordered.
(2) A group size was determined randomly from the negative
binomial distribution outlined above, with the population size used
to calculate m equalling the number of family units in the
population.

(3) The corresponding number of family units was taken from
the reordered population set.

(4) Steps 2 and 3 were repeated until the total number of family
units allocated equalled or just exceeded the number of family units
in the population.

(5) If the latter case was true, this last group was not included
and any remaining family units were allocated randomly to groups
already created.

Each of the three populations was randomly split into social
groups using this method five or 10 times to provide the association
information used to generate social networks of two different
densities (edge densities for all networks are provided in Appendix
Table A1). This was sufficient to generate considerable variation in
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Figure 2. The distribution of the number of juveniles in a family group in the Irish
wintering population of ECHA light-bellied brent geese as a percentage of the total
number of families (dashed line) plotted against an example histogram of the simu-
lated binomial distribution used in our models (N ¼ 100).
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edge weight while preventing networks from being completely
connected, as this would impact on the ability to use certain key
network metrics to differentiate between the social network posi-
tion of individuals in binary networks. By doing this we could
determine any effect of network density on the results obtained.
Construction of Social Networks

Social networks were constructed using the gambit of the group
assumption (Croft et al., 2008; Franks et al., 2010; Whitehead &
Dufault, 1999), with edges connecting individuals that had co-
occurred in the same social group. Weighted association matrices
were calculated, with weights of edges in the weighted networks
being the number of times individuals had co-occurred in a social
group.
Definition of Identifiable Individuals

Simulations were run for each combination of the three popu-
lation sizes and two network densities (six in total), then analysed
with five different levels of assigned marking effort (90%, 70%, 50%,
30%, 10% of individuals made identifiable) in the two larger pop-
ulations. In the smallest population the case where only 10% of
individuals were identifiable was excluded as networks con-
structed using only three or four individuals would not be infor-
mative. Individuals were made identifiable at random, and
individuals that had not been made identifiable were removed
from the association matrix to create a partial network containing
only identifiable individuals (making this process equivalent to
random node deletion from the full network). This process is out-
lined in more detail below. Ten repeats of each level of marking
effort were run, generating either 40 or 50 partial networks for each
full network, depending on the population size.

To assign individuals as identifiable we (1) assigned each indi-
vidual a number from a random uniform distribution between
0 and 1 and (2) defined individuals with a number equal to or lower
than the assigned marking effort as identifiable. To generate vari-
ation between replicates in the identity and precise number of
individuals made identifiable, steps 1 and 2 were repeated 10 times
to produce 10 different subsets of the original network.
Calculation of Network Metrics

For each combination of identifiability, population size and
network density, measures of strength, degree, betweenness,
eigenvector centrality and clustering coefficient (Table 1) were
calculated for each node in the weighted full network and each of
the weighted partial networks (280 partial networks in total).
Statistical Analysis

Precision
Correlation coefficients between network metric values in each

partial network and the corresponding full association matrix were
calculated. This approach (rather than matrix correlation methods)
was used so that the magnitude of the effect size could be calcu-
lated to provide information on accuracy (see below). For each level
of marking effort in each run of the simulation, the mean and
variance of the 10 correlation coefficients generated was calculated
for each network metric. These values were then used to illustrate
how marking effort, population size and network density affect the
precision of estimates of each network metric in partial networks.
This enabled us to investigate how the proportion of individually
identifiable individuals in a population may affect our ability to use
that partial network to infer their real social position.
Accuracy
The mean slope of the regression was calculated for each of the

five network metrics for each level of marking level in each run of
the simulation. The slope of the regression describes how the value
(rather than its relative value) of networkmetrics calculated in each
partial network is related to the value in the real network. This was
used to illustrate the effect of marking effort on the accuracy with
which different network metric values in a partial network esti-
mated an individual's real network metric values.
Bias
The relationship between the real (simulated) social positions

and y residual (both its actual value and the magnitude of this
value) of an individual was then found for each regression. This
enabled us to detect any potential bias towards individuals in
particular social positions having their network metrics under- or
overestimated when using partial networks to infer social position.

Generation of the simulated populations and all social network
analysis was carried out using R 2.15.1 (R Development Core Team,
2013). Network analysis used the packages tnet (Opsahl, 2009) and
igraph (Csardi & Nepusz, 2006).
RESULTS

Precision

The results for the medium and large populations are presented
in Fig. 3 and for the small population in Fig. 4. The mean correlation
between partial and full networks declined nonlinearly and the
variance in the correlation coefficients calculated increased non-
linearly as the proportion of identifiable individuals decreased (Figs
3, 4). The precise nature of these changes depended on the size of
the simulated population, the density of the social network and
network metric being investigated (Figs 3, 4).
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Figure 3. The relationship between the proportion of identifiable individuals and the correlation between five different social metrics in the partial social network (containing only
these individuals) and full network in two simulated populations of different sizes (our medium and large populations): 104 individuals (a-j) and 591 individuals (k-t). Rows L (a-e
and k-o) and H (f-j and p-t) for each population refer to the low- and high-density networks for each population size. Solid black lines join the mean correlation coefficients at each
level of marking effort, with the light grey area bounded by the mean ± SD at each level of marking effort when these values are between 0 and 1.
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Population Size

An interaction between population size and the proportion of
individuals in the partial network was important in explaining the
correlation between metric values in a partial network and their
corresponding values in the full network (Figs 3, 4). As the size of
the simulated population increased (compare Fig. 3aej with
Fig. 3ket and Fig. 3 with Fig. 4), themagnitude of the changes to the
mean and variance decreased, especially when the proportion of
identifiable individuals in the population was low. Even in the
smallest population (37 individuals) precision only declined sub-
stantially when a low proportion of individuals were identifiable
and networks were constructed from a very small number of
individuals (Fig. 4). This pattern was similar for all metrics inves-
tigated, although the scale of the effect did vary. This suggests that
the precision of partial networks to infer individual social network
positions increases in larger study populations.

Network Density

Networkdensity generally had a limited effect on the precision of
inferences from partial networks, especially as population size
increased. However, estimates of several metrics in the smallest
population size (Fig. 4) and of clustering coefficient from all high-
density partial networks were consistently less precise (Figs 3, 4).
The result for clustering coefficient is consistent with decreased



H

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(f)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(j)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(i)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(h)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(g)

0.4

0.8

L

1

Degree Strength Betweenness Clustering coefficient Eigenvector centrality

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(a)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(e)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(d)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(c)

0.4

0.8

1

0.6

0.4

0.2

0
0.3 0.5 0.6 0.7 0.8 0.9

(b)

0.4

0.8

Proportion of identifiable individuals

C
or

re
la

ti
on

 b
et

w
ee

n
 p

ar
ti

al
 a

n
d

 f
u

ll
 n

et
w

or
k

Figure 4. The relationship between the proportion of identifiable individuals and the correlation between five different social metrics in the partial social network (containing only
these individuals) and full network in a population of 37 individuals. Rows L (a-e) and H (f-j) refer to the low- and high-density networks. Solid black lines join the mean correlation
coefficients at each level of marking effort, with the light grey area bounded by the mean ± SD at each level of marking effort where these are between 0 and 1.
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precisionofmoreglobalmeasures. Additionally, therewas increased
variance in the precision of partial networks at lowmarking efforts
in the smallest population size investigated (Fig. 4).

Network Metrics

The correlation of all network metrics between the partial and
full network declined as the proportion of individuals included in
the partial network decreased. For all metrics there was also a clear
change in the relationship when the partial network contained
fewer than approximately one-third of individuals, below which
correlation coefficients declined more rapidly. However, there was
substantial variation between different network metrics (compare
across columns in Figs 3 and 4) in the extent of these changes.
When 50% or more individuals in the population were identifiable,
the values for all network metrics in partial networks were corre-
lated very closely with the simulated real situation in the two larger
populations investigated (Fig. 3) and for all metrics apart from
eigenvector centrality in the smallest population (Fig. 4). Measures
of centrality (degree, strength and eigenvector centrality) in partial
networks remained highly correlatedwith those in the full network
even when only 10% of individuals in the population were identi-
fiable for the two larger population sizes investigated. This pattern
remained in the small population for degree and strength, but
eigenvector centrality became unreliable in most partial networks,
suggesting that is a poor measure to use in very small networks in
general (Fig. 4). The strength of correlations for betweenness and
clustering coefficient declined much more substantially, especially
in the two smaller population sizes used (Figs 3, 4). For clustering
coefficient in particular, there was also a substantial increase in
variance, indicating a lack of reliability in values in a partial
network. This was especially true in networks of higher density.

Accuracy: Network Metrics and Network Density

The accuracy of node level metrics from partially sampled net-
works was highly dependent on the metric being used (Fig. 5,
Appendix Fig. A1). The accuracy of local measures, degree (not
illustrated as the results obtained were nearly identical to strength)
and strength decreased linearly in direct proportion to the
proportion of identifiable individuals in the population (Fig. 5a,
Appendix Fig. A1a). In contrast, the accuracy of eigenvector cen-
trality did not depend on marking effort in any networks, although
the estimates from partial networks tended to be more accurate in
high-density networks (Fig. 5d) and became inaccurate when low
numbers of individuals were identifiable in the smallest population
investigated. For both betweenness (Fig. 5b, Appendix Fig. A1b) and
clustering coefficient (Fig. 5c, Appendix Fig. A1c) the effect of the
proportion of identifiable individuals on the accuracy of estimates
from partial networks was strongly influenced by the density of the
network being studied. Estimates of betweenness remained highly
accurate at all levels of marking effort in low-density networks, but
accuracy declined in direct proportion to marking effort in high-
density networks for the two larger networks investigated
(Fig. 5b). In the smaller population the same result was apparent for
high-density networks (Appendix Fig. A1c), but accuracy was un-
predictable in low-density networks (Appendix Fig. A1c) This is
likely to be caused by betweenness in more sparse networks being
a global measure closely related to path length with raw values not
affected predictably by random node deletion, while in higher
density networks it is a more local measure closely linked to de-
gree. The accuracy of clustering coefficient declined in proportion
to marking effort in low-density networks and was independent of
marking effort in high-density networks (Fig. 5c, Appendix
Fig. A1c), most likely as a result of the network being close to
fully connected in higher density networks and there being
restricted variation among individuals in clustering coefficient. This
also seemed to make the accuracy highly dependent on the size of
the simulated population in these high-density networks (Fig. 5c).
These problems serve to highlight a key issue with the use of
clustering coefficient for association data, in which networks are
often highly connected.

Bias: the Effect of Social Network Position

The regression slopes for the correlation between an in-
dividual's real (simulated) social network position and the raw
values of its y residuals for the relationship between that and its
position in a partial network were close to zero (all slopes less than
10�16) for all network metrics in all runs of the simulation. In
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Figure 5. The relationship between the proportion of identifiable individuals in a partial network and the slope of the linear regression for four different social metrics: (a) strength,
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addition, correlations between an individual's real (simulated) so-
cial network position and the magnitudes of its y residuals for the
relationship between that and its position in a partial networkwere
weak for all networkmetrics in all runs of the simulation. The effect
sizes of this relationship for cases in which 10% and 50% of in-
dividuals are identifiable are presented in Table 2. These results
imply that the effect of an individual's social network position on
the reliability of using a partial network to infer its real social
position is minimal regardless of population size, network density
or the proportion of marked individuals in the population.

DISCUSSION

Concerns have been expressed on the reliability of using social
networks constructed using a subset of the population (Croft et al.,
Table 2
The mean effect sizes of ‘real’ network metric value on the magnitude of the y residua
networks

% Identifiable Network metric Small

Low density High density

10 Degree NA NA
10 Strength NA NA
10 Betweenness NA NA
10 Clustering coefficient NA NA
10 Eigenvector centrality NA NA
50 Degree �0.057 �0.031
50 Strength �0.003 0.019
50 Betweenness 0.066 0.085
50 Clustering coefficient �0.055 �0.091
50 Eigenvector centrality 0.048 0.120

The table shows the effect sizes in high- and low-density networks when 10% and 50% of
metrics are calculated in weighted networks.
2008; Cross et al., 2012). However, the impact of using these ‘partial
networks’ in lieu of full information to infer individual social
network metrics has yet to be investigated in animal social net-
works. Although there are studies looking at this process of random
node sampling (Lee et al., 2006) elsewhere in the social networks
literature, they have not really focused on the ability to make
predictions about individual level network metrics. This study
investigated how the precision and accuracy of social metrics
calculated using social network analysis are affected by varying the
proportion of individually identifiable animals in a simulated
network. The results indicate that, contrary to previous expecta-
tions, in social networks based on fluid social interactions it is
possible to make precise inferences about individual social position
when not all individuals in a population are individually identifi-
able (i.e. partial networks). This is despite the lack of imposed
l for the relationship between individual network metric values in partial and full

Medium Large

Low density High density Low density High density

0.003 �0.005 �0.001 �0.005
0.012 �0.0001 0.003 0.001
0.020 0.018 0.019 0.017
0.070 �0.018 �0.104 0.049
0.092 �0.009 0.051 0.023

�0.00001 �0.030 �0.003 �0.012
0.017 0.009 �0.0004 0.002
0.095 0.112 0.096 0.078

�0.002 �0.017 �0.012 �0.006
0.073 0.054 0.008 0.009

individuals are identifiable in all three populations (37, 104 and 591 individuals). All
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variation in individual social network positions, which is likely to
reduce variation in network metrics relative to many real-world
animal dynamic social systems, and means these results may be
somewhat conservative. The relative precision of metric values in
partial networks is especially robust for more local measures of
social network position, with the precision of metrics such as
betweenness that account for global properties of the network
being more affected in small partial networks. Significantly, there
was an increase in reliability as the simulated population grew in
size. Thus, in long-term study populations, which typically have
larger study populations than those traditionally used for network
analysis, the results obtained using partial networks can be useful
in providing key insights into variation in social network position
among individuals. Previous work elsewhere in the social network
literature has demonstrated the potential for changes in network
structure to influence the consequences of sampling from a
network (Frantz et al., 2009), so a crucial next step will be to extend
these results to the more highly structured animal social networks
such as those found in primates.

Accuracy of Individual Level Metrics

Some network metrics remain accurate in partial networks, or
are inaccurate in a predictable manner, evenwhen a lowproportion
of a population is identifiable. The strong relationship between the
proportion of identifiable individuals and the accuracy with which
local measures (degree and strength) predict the actual value of an
individual's centrality in reality is notable, as it means it is likely to
be possible to correct for this effect if the level of marking effort in a
population is known. For example, if 40% of a long-term study
population of 200 individuals was known to be uniquely identifi-
able and an individual in the social network constructed had a
degree of 12, it could hypothetically be inferred to be likely to have
a degree of 30 in a full network. It is also clear thatmeasurements of
eigenvector centrality remain similar regardless of the proportion
of a population in a partial network, so that these values could be
universally considered fairly accurate. This knowledge could be
useful, for example, in cases where social networks of two study
populations varying in the proportion of marked individuals were
to be compared. However, for both betweenness and clustering
coefficient there is a complex interaction between marking effort
and network density that wouldmake using corrections to estimate
an individual's real values for these metrics highly unreliable in
natural study populations, and making correcting for the effect of
subsampling on values of these metrics unfeasible using these
methods. Elsewhere in the social networks literature there has
been a greater focus on correcting for missing data in networks (e.g.
Huisman, 2009; Koskinen, Robins, Wang, & Pattison, 2013; Smith,
2012), and it seems likely that incorporating these approaches
that use imputation (Huisman, 2009) or exponential random graph
models (Smith, 2012) could be of great benefit to improving the
robustness of social network analysis in animal social systems.

Precision of Individual Level Metrics

In the majority of animal behaviour research understanding the
relative differences between individuals in social network position
will be key, making our conclusions about the precision of network
metrics in partial networks especially important. Both the precision
of the predictions made using partial networks and the lack of bias
caused by variation in metric values are resilient to the number of
identifiable individuals in the population, making our results
comparable to the findings of Franks, James and Ruxton (2010) that
reduced detectability (rather than identifiability) also had a limited
effect on various network measures. If half or more of the
individuals in a population can be recognized then all five of the
social network metrics investigated can be used informatively with
high levels of confidence in all population sizes investigated (with
the exception perhaps of eigenvector centrality in very small net-
works). Below this level of marking effort, simple measures of
centrality remain reliably precise at all population sizes, while
betweenness and clustering coefficient become consistently less
precise in the predictions they produce. This effect is more pro-
nounced in smaller populations for both metrics, and in high-
density networks for clustering coefficient. While the mean corre-
lations between partial networks and the real situation remain
relatively strong even for these metrics, the high levels of variation
that occur around these values would mean their use as predictive
measurements of individual social position for single networks
would have a high risk of being unreliable. As a result, care is
advised in selecting which social metrics should be used in these
circumstances, especially in small study populations.

Individual Level Metrics in Small Partial Networks

This work reveals differences between social metrics in their
precision when a low percentage of individuals in a population are
identifiable (30% or less). Although basic measures of centrality
remain highly informative when few individuals in the population
are individually identifiable, the precision of betweenness and
clustering coefficient declines considerably, especially if the study
population is relatively small. It is likely that these measures
perform far less well in small populations and marginally less well
in large populations as they are more global measures and con-
nections between other individuals in the network are of more
significance, thereby increasing the issues associated with sub-
sampling relational data (Alba, 1982; Croft et al., 2008). Measures of
betweenness, for example, can be highly dependent on the pres-
ence or absence of a single edge.

This is important as these two metrics are integral in under-
standing some key aspects of an individual's social position.
Betweenness measures the importance of an individual in con-
necting different parts of the network by measuring the number of
shortest paths between other individuals that pass through it
(Freeman, 1977; Wey et al., 2008). This makes it a key metric for
investigating the spread of disease or information through a
network (Aplin et al., 2012; Hamede et al., 2009). For example, in
many epidemiological studies, individuals with high betweenness
are termed super-spreaders (Craft, Volz, Packer, & Meyers, 2011;
Weber et al., 2013). Clustering coefficients are based on how well
interconnected first-order connections are and measure the
embeddedness of an individual within its local network structure,
so could be important in considering repeated social interactions
and familiarity (Croft et al., 2008; Wilson et al., 2013).

Given the unreliability of these metrics as indicators of real
social position in small partial networks, finding alternative metrics
or combinations of metrics that do not display these properties to
corroborate any inferencesmadewould be beneficial. For clustering
coefficient, one option is to use the mean and coefficient of varia-
tion of the weight of an individual's network connections. In-
dividuals that tend to interact with the same subset of other
individuals have a higher mean and more variable weight of social
associations, as well as higher clustering coefficients. Given the
high precision of both degree and strength at all proportions of
identifiable individuals, this method offers particular promise in
small partial networks. Using these metrics may also avoid the lack
of variation generated by using clustering coefficient in association-
based networks, which typically have a relatively high density of
weak connections as highlighted in the high-density networks in
this study. A possible alternative to using betweenness may be to
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use flow betweenness instead (Freeman, Borgatti, & White, 1991;
Weber et al., 2013). This measures the proportion of total paths
between all pairs of nodes passing through a focal node, and thus
seems likely to be less susceptible to reductions in the proportion of
identifiable individuals in a population and potentially more rele-
vant to key ecological questions as well. Additionally, measuring
the efficiency of an individual's egonetwork (Hanneman & Riddle,
2005) may provide some idea of the importance of an individual
in connecting different parts of a network, and a simpler measure is
also less likely than betweenness to be affected by missing
individuals.

Applications and Further Work

Although this research is limited to association-based social
networks (constructed using the gambit of the group assumption
rather than focal observations of behavioural interactions) param-
eterized using a single species, there is no reason why these con-
clusions should not hold more generally for many other dynamic
social systems, especially for larger study populations in which
unidentifiable individuals are likely to bemore prevalent. The social
networks generated in this study varied in their density (the
number of completed edges), and individual social networkmetrics
were also variable. Furthermore, the light-bellied brent geese used
as a model system form a fluid fissionefusion social system (Silk
et al., ‘n.d.’), typical of many similar social foragers (Aplin et al.,
2012; Conklin & Colwell, 2008; Sundaresan, Fischhoff, Dushoff, &
Rubenstein, 2007). As such, the study should be seen as an
important starting point in researching the potential of using social
network analysis in animal populations in which a substantial
proportion of individuals are not individually identifiable. Further
work generalizing these conclusions across a range of biologically
meaningful network structures is likely to prove highly rewarding.
Varying network topologies have certainly been found to influence
the accuracy of network level metrics (Frantz et al., 2009), so may
influence the precision of individual level metrics as well. Thus it
could be speculated that the different properties of these types of
network may make inferences made about individual social posi-
tions more or less susceptible to subsampling effects. One network
level property that has been shown to have an adverse effect on the
precision of node level metrics in partial networks is a positively
skewed degree distribution (Wang et al., 2012). Although many
association-based networks would not be expected to display
strongly positively skewed degree distributions (e.g. the citation
network used in the example above), a few animal social systems
are likely to provide exceptions, especially when a small number of
individuals move between cohesive social groups. Therefore,
investigating similar questions about ‘partial networks’ in more
highly structured social systems, such as those found in primates
(Lehmann & Dunbar, 2009) and dolphins (Cantor et al., 2012;
Connor et al., 2001; Lusseau, 2003) would be especially beneficial.

Conclusions

By influencing behavioural traits, foraging success and disease
status, social network position will often be fundamental in
determining body condition, stress levels (Brent, Semple, Dubuc,
Heistermann, & MacLarnon, 2011) and ultimately reproductive
success (Formica et al., 2012; McDonald, 2007; Wey et al., 2013). In
this regard, demonstrating the potential of using social network
approaches in systems in which many individuals are not identifi-
able is highly important. Focusing at this individual level also
means that social networks do not have to provide accurate infor-
mation about individuals so long as relative differences between
individuals remain precise. This work used social interactions in a
simulated populationwith fluid fissionefusion dynamics, typical of
many social animals, and therefore our conclusions that partial
networks provide precise information on individual social network
position will be widely applicable for many species with dynamic
social systems. Additionally, we highlight that the influence of
network topology on the ability to use node level measures to
predict social position, rather than measuring accuracy of network
level properties, has received little attention in the broader net-
works literature. Therefore, further work extending this research
into animal social networks with different topologies remains of
great importance, and clearly has important applications for the
analysis of animal social networks.
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The densities of the six networks used in this study (three population sizes at two
network densities) at three levels of filtering

Population size Edge weight filter Low density High density

37 Unfiltered 0.598 0.812
37 Weights >1 0.184 0.394
37 Weights >3 0.014 0.044
104 Unfiltered 0.482 0.791
104 Weights >1 0.130 0.453
104 Weights >3 0.004 0.063
591 Unfiltered 0.548 0.773
591 Weights >1 0.163 0.408
591 Weights >3 0.003 0.039

Unfiltered networks contain all edges, ‘weights >1’ retains only edges between
individuals that associated on two or more occasions and ‘weights >3’ retains only
edges between individuals that associated on four or more occasions.
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Figure A1. The relationship between the proportion of identifiable individuals in a partial network and the slope of the linear regression for four different social metrics: (a)
strength, (b) betweenness, (c) clustering coefficient and (d) eigenvector centrality in a population of 37 individuals. The dot-dash lines represent the case when accuracy is in-
dependent of the proportion of identifiable individuals (y ¼ 1) and the case when accuracy decreases linearly with the proportion of identifiable individuals in a partial network
(y ¼ 1 � x).
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