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Abstract

Open network structures and brokerage positions have long
been seen as playing a crucial role in sustaining social capital
and competitive advantage. The degree to which individuals
intermediate between otherwise disconnected others can dif-
fer across online and offline social networks. For example,
users may broker online between two others who then ex-
change offline the information received through social media.
Yet network studies of social capital have often neglected the
interplay between online and offline interactions, and have
concentrated primarily on a single layer. Here, we propose a
geo-social multilayer approach to brokerage that casts light
on the integrated online and offline foundations of social cap-
ital. Drawing on a data set of 37,722 Foursquare users in
London, we extend the notion of brokerage by examining
users’ positions in an online social network and their offline
mobility patterns through check-ins. We find that social and
geographic brokerage positions are distinct and asymmetric
across the social and co-location networks. On the one hand,
users may appear to be brokers online when in fact their abil-
ity to intermediate would be mitigated if their offline posi-
tions were also taken into account. On the other hand, users
who appear to have little brokerage power offline may be ac-
tive brokers within networks that combine both online and
offline interactions. Our unified multilayer approach to bro-
kerage enables us to uncover sources of social capital that
would otherwise remain undetected if only the online or the
offline layer were analysed in isolation.

Introduction
The sociological tradition that places emphasis on gaps
in social structures can be traced back to the late 1960s
and early 1970s, when a group of sociologists began to
develop the general idea that it is advantageous to forge
connections to multiple, otherwise disconnected, individ-
uals or groups (Cook and Emerson 1978; Freeman 1977;
White 1970). One of the most celebrated theoretical endeav-
ours in the social sciences that draws on this tradition is Gra-
novetter’s influential study of the bridging role of weak ties
(Granovetter 1973). The broader the access to weaker ties,
the closer an actor is likely to be placed to discontinuities
in the social structure, which in turn enables the actor to be
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connected to various social circles of contacts and to be ex-
posed to novel and diverse sources of information.

By placing emphasis on the correlation between tie weak-
ness and the flow of information, Granovetter set the stage
for a conception of social capital based on discontinuities
in social structures and brokerage opportunities. The idea
that social capital can originate from brokerage opportu-
nities stemming from structural holes has been further ex-
plored by Burt, especially in organisational domains (Burt
1992). Burt defines a structural hole as the “separation be-
tween non-redundant contacts”, “a buffer” that enables the
two contacts to “provide network benefits that are in some
degree additive rather than overlapping” (Burt 1992, p. 18).
Burt further identifies two sources of the social capital orig-
inating from structural holes: information benefits and con-
trol benefits. The less an actor’s contacts are already con-
nected with each other, the more likely the actor is to obtain
non-redundant information and to reap control advantages
by trading-off contacts’ requests against each other. From
this vantage point, an actor’s social capital is seen as a func-
tion of the brokerage opportunities arising from the struc-
tural holes the actor’s social relationships span (Burt 1992;
Lin 2001; Stovel and Shaw 2012).

Brokerage has been studied in various contexts within
the boundaries of a single network - e.g., organisational re-
lations (Burt 2005), online social network friendship (Lou
and Tang 2013), or mobile communication (Eagle, Macy,
and Claxton 2010). Brokerage, however, is not limited to
one type of context. The same individuals may be engaged
in different types of social relationships, and as a result
may benefit from various brokerage positions that affect
each other in complex ways. For instance, people can be
brokers both online and offline. Recent studies have sug-
gested that online social networking is directly linked to
bridging and bonding social capital (Ellison et al. 2014;
Vitak, Ellison, and Steinfield 2011). Social media sites such
as Facebook have been shown to have a significant role in
maintaining distant and near-by contacts, and in sustaining
social capital (Burke and Kraut 2013). Social media provide
people with low-cost opportunities for expanding circles of
contacts online; yet, it is well known that people have lim-
ited time and resources and therefore cannot maintain an in-
finite amount of social ties (Dunbar 2010). Moreover, online
and offline ties may not overlap: individuals may communi-



cate with some contacts online, but direct their attention to
others offline. As a result, an individual may seem to inter-
mediate between two apparently disconnected contacts of-
fline, when in fact the two contacts are connected online. Or,
an individual may seem to be embedded in a socially cohe-
sive neighbourhood online (offline), when in fact there are
opportunities for brokerage arising from the non-redundant
contacts the individual has offline (online).

Despite the growing availability and ubiquity of online
social media, it is still unclear whether the social capital ac-
cessed online will ultimately overlap, augment or mitigate
the social capital that people mobilise offline. In particular,
what still remains largely to be investigated is whether there
is a trade-off between the brokerage positions that individ-
uals occupy online and offline. In this work, we take a step
in this direction, and propose a multi-relational perspective
on brokerage using a multilayer network approach to social
capital, where both online social network structure and phys-
ical co-location are taken into account to detect brokerage
positions.

A multilayer communication network is defined for a
given set of individuals that are engaged in multiple forms
of communication, each represented as a layer in the net-
work (Kivelä et al. 2013). In this work, we study in paral-
lel an online social network in which individuals communi-
cate, and the corresponding physical co-location network in
which the same individuals can be connected through offline
meetings. In particular, we are interested in analysing the
brokerage positions that the same individuals hold in both
layers. Inspired by Burt’s seminal work on structural holes
and social capital (Burt 1992), we propose a multilayer ap-
proach to social capital, according to which brokerage op-
portunities are regarded as emerging from the interplay be-
tween an individual’s online and offline contacts. In this way,
an individual’s opportunities that would otherwise remain
undetected within a single layer in isolation can ultimately
be unmasked when multiple layers are allowed to contribute
to the individual’s social capital.

The main contributions of this work can be summarised
as follows:

• We propose a multilayer perspective, which allows for
flexibility in the analysis of the structural properties of
networks by representing each form of social interaction
as a distinct layer of a social system. We apply this mul-
tilayer approach to the study of brokerage in online and
offline social networks.

• Drawing on a unique data set of 37, 722 users of the pop-
ular location-based social network Foursquare along with
their check-ins and contacts, we detect online and offline
brokerage positions using our multilayer approach.

• Through the use of a number of measures of brokerage,
we find that most users maintain either social or geo-
graphic brokerage but not both, thus suggesting a trade-off
between the online and offline sources of social capital.

• We extend the notion of structural holes beyond a sin-
gle layer to allow for brokerage opportunities across net-
works, and find that brokerage positions change when

both the online and the co-location layers are taken into
account.

• We explore the diversity of brokers’ neighbourhoods in
terms of their contacts’ preference for categories of places
visited, and find that, in qualitative agreement with ex-
tant literature, brokers in online and offline networks (and
across) tend to maintain more diverse neighbourhoods
than individuals with low brokerage potential.

The remainder of this work is structured as follows. We
first review the relevant literature on social capital, online
and offline brokerage, and multilayer networks, followed
by a description of the methodology and the data set. We
present our multilayer-network study of geo-social broker-
age resulting from the interplay between online and offline
structural positions, and examine the heterogeneity of bro-
kers’ local neighbourhoods. We conclude with a discussion
of the implications and limitations of our findings, and sug-
gest avenues for future work on brokerage in multilayer net-
works.

Related work
Social capital. Social capital refers to the value embed-
ded in social networks in the form of connections which
can potentially offer support (strong ties) and opportunities
(weak ties), and more generally yield expected returns in the
marketplace, including the community, the economic, finan-
cial, political, and labour markets (Lin 2001). Individuals
who maintain high social capital in the form of informa-
tion brokerage are known to have more diverse neighbour-
hoods both in terms of novelty (Granovetter 1983) and geo-
graphic dispersion (Eagle, Macy, and Claxton 2010), which
provides them with advantageous resources as compared to
their peers. The competitive advantage of actors in social
networks has been formalised as a function of the structural
holes that the actors span between otherwise disconnected
pairs of others. Spanning holes provides actors with access
to negotiation and mediation power (Burt 1992). Brokerage
and structural holes have been studied in a variety of con-
texts including organisations (Burt 2005) and online social
networks (Lou and Tang 2013). However, relatively little
work has so far examined the interplay between online and
offline relationships and their combined contribution to the
generation of social capital.

Online and offline brokerage. Most research efforts in
the area of online and offline social capital have focused
on establishing the role of the Internet and social me-
dia in the accumulation of social capital (Vitak, Ellison,
and Steinfield 2011; Ellison, Steinfield, and Lampe 2011;
Ellison et al. 2014). Notably, the authors in (Wellman et al.
2001) find that the usage of the Internet supplements so-
cial capital but does not increase or decrease it. More re-
cent findings show that the use of social networking sites
such as Facebook may in fact increase offline social cap-
ital by converting latent ties into online weak ties (Elli-
son, Steinfield, and Lampe 2011) and by allowing for a
larger number of online heterogenous weak ties (Steinfield
et al. 2009). Users of Facebook and other social media



have been associated with an increased social capital when
compared to non-users (Lampe, Vitak, and Ellison 2013;
Steinfield et al. 2009). Our work builds on these findings,
and further explores the structural properties of brokerage in
two parallel networks representing online and offline com-
munication.

Multilayer networks. The multilayer nature of systems
has been explored in a variety of contexts from global air
transportation (Cardillo et al. 2013) to massive online multi-
player games (Szell, Lambiotte, and Thurner 2010). A com-
prehensive review of multiplex (or multilayer) network mod-
els can be found in (Kivelä et al. 2013). Most works in the
field are mainly theoretical with limited applications to so-
cial networks. Nevertheless, multilayer networks are use-
ful representations of multi-relational data sets where more
than one type of connection exist between the same pairs
of nodes. Recently, multilayer networks have been applied
to the study of social tie strength in multilayer interac-
tions (Hristova, Musolesi, and Mascolo 2014). In a similar
fashion, we propose a multilayer perspective and represent
multiple network structures as layers of a social system. We
endorse this perspective to study brokerage opportunities in-
dividuals can exploit within and across networks.

Measuring geo-social brokerage
The brokerage potential of a node in a social network pro-
vides the node with an advantageous position compared to
other nodes. In particular, nodes with high brokerage po-
tential are typically characterised as being positioned near
structural holes separating otherwise disconnected pairs of
nodes (Burt 1992). In this section, we extend the notion of
structural hole to a multilayer context so as to enable bro-
kerage opportunities to arise from an individual’s combined
online and offline social network.

Multilayer network approach
Social networks are typically represented as single layers,
where nodes are connected by one type of relationship such
as friendship or collaboration. While single-layer networks
may be sufficient in many cases, they do not realistically
capture the online and offline interaction between people,
which is becoming increasingly ubiquitous. We therefore
propose a multilayer geo-social approach to the study of so-
cial relationships so as to identify the geographic layer of
physical co-presence as well as the online social interaction
layer. This will enable us to study the brokerage potential of
people within and across layers.

We represent the structures of the online social network
and of the geographic co-location network as a single mul-
tilayer network where the geographic and social layers can
be considered as autonomous networks that share the same
set of nodes, as illustrated in Figure 1. More formally, a
multilayer network can be referred to as an M -layer graph
M = {G1, ..., Gα, ..., GM}, where a link between nodes i
and j on layer α is denoted as `αij . The same pair of nodes
are allowed to be connected on both layers. Although here
we focus on the two-layer scenario, our multilayer study can
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Figure 1: Geo-social networks

easily be further extended to networks of any number M of
layers.

Measures of brokerage
We shall now outline the traditional measures of brokerage,
and then extend them to the multilayer context.

Effective size. We use the measure of effective size as de-
fined in Burt’s seminal work on structural holes (Burt 1992).
Burt defines the effective size of a node’s neighbourhood as
the non-redundant portion of it. Formally, in the most gen-
eral case of a directed weighted network we define zij + zji
as the sum of the weights of the two links connecting node
i and node j, while

∑
m(zim + zmi) is the total strength of

node i. The effective size Si of node i can be expressed as:

Si =
∑
j

[
1−

∑
q

piqmjq

]
, q 6= i, j, (1)

where

piq =
ziq∑
j

zij
, i 6= j (2)

is the normalized weight of the link between nodes i and
q over i’s local neighborhood in the case of an undirected
weighted network, and where

mjq =
zjq

max
k

(zjk)
, j 6= k (3)

is the marginal strength of node j’s link to node q (i.e., the
weight zjq of the link connecting nodes j and q divided by
the weight of the strongest link node j has with any of its
contacts). In turn, mjq can be reduced to zjq in the case of
unweighted and undirected networks in which the maximum
value a link can take is one. According to Equation 1, we
have: 1 ≤ Si ≤ ki ∀i, except for the case in which node
i is an isolate (where Si is set equal to zero). Thus, the ef-
fective size of node i’s neighbourhood ranges from the min-
imum value of one, when all pairs of node i’s contacts are
connected with each other, to the maximum value equal to
the node’s degree ki (i.e., the number of links incident upon



node i) when there is no link connecting any pair of i’s con-
tacts. What the effective size essentially measures is there-
fore the number of non-redundant connections a node has to
otherwise disconnected others. Such connections contribute
to the structural hole in the node’s local neighbourhood.

Efficiency. The efficiency Ei of node i’s local neighbour-
hood refers to the proportion of i’s neighbourhood that is
non-redundant (Burt 1992). This can easily be derived by
dividing the effective size by the degree of the node:

Ei =
Si
ki
. (4)

Efficiency thus helps shed light on the degree to which
an individual’s effort to expand social capital is directed
toward novel social circles that provide exposure to non-
overlapping and diverse sources of information (Burt 1992).

Multilayer brokerage. When individuals belong to multi-
layer networks, such as the one in Figure 1, one may over- or
underestimate their brokerage potential if only a single layer
is analysed (e.g., only online communication). For example,
in Figure 1a node u1 brokers between nodes u2, u3 and u4
in the online social network layer. There are three links con-
necting node u1 to three non-redundant contacts. The degree
of node u1 is equal to the effective size of u1’s local neigh-
bourhood (i.e., three), and the efficiency is therefore one.
This places node u1 in an advantageous brokerage position
in which it can bridge three structural holes and intermediate
between otherwise disconnected contacts. There is no feasi-
ble channel available to the other three nodes for commu-
nicating directly and exchanging information with one an-
other. In this sense, node u1 is needed to secure communi-
cation among nodes u2, u3, and u4. However, when the ge-
ographic layer is taken into account in addition to the social
layer, new links between node u1’s contacts become appar-
ent: a link between node u2 and node u3, and a link between
node u3 and node u4. This increases the redundancy of node
u1’s contacts, thus reducing the effective size and efficiency
of u1’s overall (i.e., geo-social) local neighbourhood to 5/3
and 5/9, respectively. An opposite problem of underestima-
tion is illustrated in Figure 1b, where it appears that node
u1 has a fully redundant local neighbourhood in the online
social layer, where u1’s contacts (i.e., u2 and u3) are con-
nected with each other. In this case, the effective size of
u1’s local neighbourhood is one, while the efficiency is 1/2.
However, when the geographic layer is taken into account,
we find that node u1 has an additional non-redundant con-
tact, u4, that has no connection with node u2 and node u3.
This therefore increases the effective size of node u1’s over-
all local neighbourhood from one (in the social layer only) to
7/3. Correspondingly, efficiency increases from 1/2 to 7/9.
The two examples in Figure 1a and Figure 1b thus clearly
suggest that the analysis of brokerage opportunities can be
biased by problems of over- and underestimation when only
a single network layer is taken into consideration.

To overcome these shortcomings, we extend the notion of
brokerage using a multilayer graph, where geographic and
social links are both regarded as feasible communication
channels that can jointly provide nodes with opportunities

for brokering between others. This means that we must al-
low for cross-layer triads and triangles. The most straight-
forward way to achieve this is to calculate the union of the
two layers, such that Gα

⋃
β = (V α

⋃
β , Eα

⋃
β). We can

assign a value to each link based on the sum of its weights
in the two layers. This reduces the problem to a single graph
to which the existing measures of brokerage can be applied.
Since we are interested in the structure of the resulting com-
bined network, we do not assign different weights to each
layer, even though in other problems this may be method-
ologically appropriate.

Data set
Our data set consists of the check-ins and links connect-
ing 37, 722 active users of the location-based social network
Foursquare in London, UK. We have downloaded 549, 797
check-ins, each representing a visit made by a user to a
certain venue at a certain time and date. These check-ins
have been made to 43, 584 venues, and have been posted to
Twitter by the users in the period between December 2010
and September 2011, with their respective social networks
downloaded at the end of that period. First, we build a social
network from the reciprocal Twitter following between all
Foursquare users who have shared their check-ins on Twit-
ter. This procedure is often regarded as appropriate for iden-
tifying friendship, and is consistent with the construction of
other undirected networks (Kwak et al. 2010). Because we
want to detect structural holes spanned by users both in the
online and in the co-location networks, we focus only on the
Foursquare users of Twitter.

The co-location network is build on top of the social net-
work, with the same nodes and using the check-ins posted to
Twitter by the Foursquare users. Two nodes in this network
are connected if they were co-located, i.e., they happened
to be at the same place and at the same time. We construct
the network by using the timestamp of users’ check-ins to
venues. If two users checked-in to the same venue within a
1-hour window, we place a link between the two users in the
co-location network. In this way, we establish a proxy for
offline interaction between Foursquare users.

Finally, we build the geo-social multilayer network as de-
scribed in the previous section, by taking the set of links that
are produced by the union of the social and co-location net-
works. The multilayer network is undirected, and links in
this network are unweighted. Table 1 outlines the following
network properties of the two single-layer networks and the
combined multilayer network: the number of nodes, V ; the
number of links, L; the average degree,< k >; and the aver-
age (local) clustering coefficient (Watts and Strogatz 1998),
< C >. The cumulative degree distributions of all three net-
works are shown in Figure 2.

network |V | |L| < k > < C >
social 36,926 176,164 9 0.15
co-location 8,059 112,367 27 0.51
geo-social 37,722 287,661 15 0.2

Table 1: Network properties
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In what follows, we shall describe the results of our anal-
ysis of brokerage within and across the two networks.

Results
In this section, we aim to shed light on the interplay between
online social network brokerage and co-location network
brokerage in the Foursquare network of users in London.
To this end, we first investigate the changes in the effective
size and efficiency of users’ local neighbourhoods from one
layer to the other, and then measure users’ brokerage oppor-
tunities in the combined multilayer geo-social network.

Social vs geographic brokerage
We use Equation 1 to capture the brokerage positions of all
nodes that belong to both the co-location (geographic) and
social network layers. Nodes with degree equal to zero in
either layer are therefore removed from the analysis. In Fig-
ure 3a, we pit the effective size of nodes in the geographic
co-location layer against the nodes’ effective size in the so-
cial network layer (up to a size of 150 for the sake of visibil-
ity). The majority of nodes are associated with a high bro-
kerage potential only in one of the two layers, but not across
layers. This suggests that users may seem to intermediate be-
tween others when evaluated within a single layer, when in
fact their opportunities for brokerage are much fewer when
the two layers are combined.

The social network degree and the co-location network
degree of nodes bear no correlation. Since a node’s opportu-
nity for brokerage greatly depends on the node’s degree, it
would be unreasonable to expect a correlation between the
effective sizes of the node’s local neighbourhoods in both
layers. This suggests that there is a trade-off between being
physically co-located with many others in the co-location
network and having many friends online. Correspondingly,
there is also a trade-off between brokerage positions online
and offline, as indicated by our findings. Individuals that
hold prominent brokerage positions either in the social or in
the geographic layer of the network are not likely to hold an

equally prominent position in the combined two-layer net-
work. This also implies that the assessment of brokerage
confined within a single layer in isolation may be positively
or negatively biased.

Figures 3b and 3c show the efficiency of each node’s
neighbourhood as compared to the node’s degree. Although
the vast majority of users have a low degree and low ef-
ficiency, it is clear from the figures that nodes with a de-
gree higher than 200 tend to have an efficiency between
0.75 and 1.00. This thus suggests that as nodes increase
the number of their contacts, they also optimise the ef-
ficiency of their local neighbourhoods by including non-
redundant contacts, thus expanding the opportunities for
brokerage (Burt 1992). As shown in Figure 3a, high-degree
nodes appear to be able to secure a higher efficiency of their
networks than low-degree nodes. This finding is consistent
with other related studies that have documented an inverse
relationship between the degree and the local clustering
of nodes (Vázquez, Pastor-Satorras, and Vespignani 2002;
Ravasz and Barabási 2003). Because nodes with high de-
grees tend to have a lower clustering coefficient than nodes
with low degrees, the former nodes are also expected to
leverage on greater brokerage opportunities than the latter
ones (Latora, Nicosia, and Panzarasa 2013).

When the effective size of nodes’ neighbourhoods is eval-
uated only in the co-location network, the nodes with high
brokerage potential do not correspond to the nodes with high
potential in the social network layer. Therefore, we propose
a combined geo-social approach to brokerage, which unifies
both interaction layers into an integrated source of broker-
age opportunities. We shall expand on this approach and its
applications in the following sections.

Geo-social brokerage
Geo-social brokerage is here regarded as arising from the
union of the co-location network and the online social net-
work. Information can indeed be transmitted both online and
offline, and whether individuals can benefit from having ac-
cess to novel and non-overlapping sources of information
can only be investigated by analysing the structural positions
individuals hold in the combined online and offline network.
The union of the two layers has an effect on the degree of the
individual user. In particular, for each node the degree in the
multilayer network cannot be smaller than the lower degree
the node has in either single-layer network, and cannot be
higher than the sum of the two degrees the node has in the
two single-layer networks. On the one hand, the degree in
the multilayer network takes on the minimum value when all
the contacts a node has in one layer are the same as the con-
tacts in the other layer. On the other, it takes on its maximum
value when all contacts in both layers are unique. The impli-
cations in terms of opportunities for brokerage are straight-
forward: in the former case, the node has fewer opportu-
nities than in the latter as there are fewer contacts among
whom the node can intermediate. However, not all opportu-
nities for brokerage will translate into actual structural holes.
This will depend on the variation in links among contacts re-
sulting from the inclusion of an additional layer. When one
network layer is combined with another, some of a node’s
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Figure 3: Effective size and efficiency of nodes’ local neighbourhoods

contacts that were unconnected in the former layer may be
connected in the latter, thus mitigating the potential of the
node to intermediate between contacts. The effective size of
the node’s neighbourhood in the combined network will ulti-
mately depend on the interplay between variation in number
of contacts and variation in number of links between con-
tacts (Latora, Nicosia, and Panzarasa 2013).
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Figure 4: Change in effective size and efficiency

Figure 4 shows the distribution of change in brokerage
induced by the geo-social network with respect to each of
the single-layer networks. For each node, this change is here
measured as the difference between the effective size and ef-
ficiency of the node’s neighbourhood in the composite geo-
social network and the node’s effective size and efficiency
in the single-layer network. When a node has a degree (and
effective size) equal to zero in either layer, the node’s ef-
ficiency is set equal to zero in that layer. Figure 4a shows
changes in effective size only within the range (−50, 50).
As suggested by the figure, there is an improvement of bro-
kerage potential in the geo-social network over brokerage in
the co-location network. When the social layer is also ac-
counted for in the analysis of a node’s brokerage position,
additional structural holes emerge in the node’s neighbour-

hood, thus amplifying the node’s opportunities to intermedi-
ate among disconnected others. However, while the majority
of nodes can also improve their brokerage positions when
the co-location layer is added to the social layer, nonethe-
less there are some who suffer from a decrease in structural
holes. Thus, the co-location network may contribute toward
increasing the number of a node’s unique contacts, but at
the same time may also add new links among some of the
node’s contacts that would appear as unconnected in the so-
cial layer. These mixed effects of the geo-social network on
brokerage are even more pronounced when assessed in terms
of variation in efficiency. As indicated by Figure 4b, while
most nodes seem to secure a more efficient neighbourhood
when one layer is combined with the other, there are some
who suffer from a loss of efficiency, especially when the co-
location layer is added to the social one.

Overall, these results suggest that brokerage may be over-
or underestimated when assessed in one single layer. On the
one hand, in the online social network layer many users may
appear to be brokers but their influence and intermediation
power may be overrated. On the other, many users who ap-
pear to have little brokerage power offline may be active
brokers when the offline connections are combined with the
online ones.

Neighbourhood heterogeneity
One of the main benefits of brokerage lies in the ad-
vantage that individuals acquire through novel recombina-
tions of non-redundant information (Burt 1992; Lin 2001;
Stovel and Shaw 2012). Brokers are therefore expected to
leverage on the diversity of their contacts in order to inten-
sify the competitive advantage they can derive from their
structural positions. We therefore test whether in our data
set brokerage positions are associated with heterogeneity
of local neighbourhoods. In particular, we examine whether
this association between brokerage and heterogeneity can be
detected in each of the single-layer networks, and whether
there is a variation in the association when the two layers
are combined.

To this end, for each node we compute the average co-
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(c) Geo-social effective size and similarity

Figure 5: Effective size of nodes in different layers as compared to their average neighbourhood cosine similarity

sine similarity between all unconnected pairs of the node’s
contacts. In turn, similarity between unconnected contacts
is here assessed by using the frequency distribution vector
of the categories of places that each user has visited. This
vector is assumed to be representative of the user’s personal
preference for categories of places visited. There are nine
top-level categories of places in Foursquare: “Professional
& Other Places”, “Shops & Services”, “Travel & Trans-
port”, “Food”, “Nightlife Spots”, “Arts & Entertainment”,
“Colleges & Universities”, “Outdoors & Recreation”, and
“Residences”. We build a nine-cell numeric vector, in which
each cell is representative of a category and contains the fre-
quency of visits made to that category by each user within
the period covered by our data set. For each node, and for
each pair of users in the node’s neighbourhood, we then
compare the two corresponding vectors, and obtain an av-
erage score of similarity associated with the focal node’s
neighbourhood.

Figure 5 shows, for each node, the relationship between
the effective size of the node’s neighbourhood and the node’s
average neighbourhood similarity. In agreement with the lit-
erature (Burt 1992; Granovetter 1973), Figure 5a suggests
that users with many opportunities for brokerage in their
social networks tend to belong to an heterogeneous neigh-
bourhood, while the majority of users that are embedded
in socially cohesive networks (i.e., with low effective size)
tend to be connected with similar others. Findings on the co-
location layer are mixed, even though users with the highest
brokerage potential are still associated with relatively high
diversity in their local neighbourhood (Figure 5b). Finally,
when both layers are combined into the geo-social network,
neighbourhood heterogeneity is associated with brokerage
opportunities (Figure 5c). All users with an effective size of
more than 250 have an average neighbourhood similarity of
no more than 0.6. Thus, the geo-social network retains and
reinforces the pattern observed in the other two layers.

In conclusion, the analysis of multilayer brokerage
strengthens the study of social capital by uncovering sources
of information benefits that would otherwise remain hidden

in a single-layer network. For instance, findings indicate that
the potential for novel recombinations of non-overlapping
information would remain undetected if only the co-location
layer were taken into account. Only when this layer is com-
bined with the online social network layer can the hetero-
geneity of a node’s unconnected contacts be fully captured
and the value the node can extract from structural holes be
properly assessed.

Discussion and conclusions
In this work we have analysed the interplay between on-
line and offline brokerage for a group of Foursquare users in
London. Through the construction of a multilayer network,
we were able to integrate the connections that users forged
both in the online and the offline layers, and we then de-
tected the opportunities for brokerage originating from the
two combined layers. Results indicated that there is a trade-
off between brokerage positions online and offline. While
most users acted as brokers either online or offline, very
few users could secure substantial brokerage positions both
online and offline. Moreover, those who succeeded in ex-
panding their social circles in one layer were also capable
of maximising the efficiency of their networks by securing
connections to non-redundant others. However, such broker-
age positions assessed within a single layer were found to be
subject to problems of over- and underestimation. Individu-
als who appeared to benefit from many brokerage opportu-
nities when assessed only within the online layer were in
fact embedded in socially cohesive networks when the co-
location layer was also taken into account. Conversely, in-
dividuals with relatively limited potential for brokering be-
tween others within the offline layer could in fact benefit
from many brokerage opportunities when the online layer
was combined with the offline one. Thus the two layers in-
teract and jointly augment or mitigate the social capital that
individuals can extract from the relationships they forge both
online and offline.

We additionally studied the heterogeneity of preferences
expressed by users’ contacts, and investigated the associa-



tion between such heterogeneity and the brokerage positions
users held. In agreement with the literature on brokerage and
social capital (Burt 1992; Lin 2001; Stovel and Shaw 2012),
findings indicated that users with many brokerage oppor-
tunities tend to belong to highly heterogeneous neighbuor-
hoods. They can therefore secure a vision advantage through
exposure to a diverse set of contacts from whom they can
extract and recombine non-overlapping information. How-
ever, when only the offline layer is taken into account, this
association between information diversity and brokerage re-
mains partly hidden. It is only when the online social layer
is combined with the offline layer that such opportunities
for novel recombinations of information can be fully cap-
tured, and thus the information advantage that individuals
can extract from structural holes surrounding them can be
fully detected.

Our findings have important implications for both re-
search and practice. First, our analysis sheds light on the
benefits that can be derived from a multilayer network ap-
proach to social capital. Most studies of social capital have
traditionally been concerned with only one network layer,
and as a result most network measures of both closed and
open structures have captured nodes’ positions originating
only from the connections that belong to one layer. How-
ever, our study has suggested that layers can interact in com-
plex ways, and can jointly affect the sources of social cap-
ital on which individuals will ultimately leverage. Single-
layer structures that may appear as closed and rich in third-
party relationships may instead transform into open struc-
tures, rich in brokerage opportunities, when allowed to com-
bine with other single-layer structures. While there are sce-
narios in which social capital can be successfully studied
within unrelated single network layers, our multilayer ap-
proach to brokerage has suggested that social capital can be
over- or underestimated when the same individuals can ex-
change information in multiple contexts and or through mul-
tiple forms of communication. Second, our study has prac-
tical implications for the design and management of online
social networks. For instance, our findings call for a multi-
layer approach to brokerage when intermediary roles are to
be created and exploited in online social media in order to
control and optimise processes of information diffusion and
sharing. Targeting individuals who appear to be brokers in
one layer may ultimately be the wrong strategy when these
individuals can forge connections also in another layer in
which what seemed to be a brokerage opportunity may van-
ish. Similarly, the potential for innovation that may appear to
be hindered by the overlapping information detected in one
layer can be greatly enhanced when that layer is allowed to
interact with another one.

Our study is not without its limitations, which in turn
suggest avenues for future investigation. Only one type of
multilayer network was constructed, based on the union of
links belonging to the single layers. An alternative approach
would be based on the intersection between layers, such that
a link is assumed to exist in the multilayer network only if
it belongs to each of the layers. While we measured bro-
kerage through the effective size and efficiency of a node’s
neighbourhood, alternative measures could be applied to de-

tect open structures. These include constraint (Burt 1992)
and Simmelian brokerage (Latora, Nicosia, and Panzarasa
2013). Different measures of similarity between users could
also be used to capture the information benefits of broker-
age. These could be based on users’ geographic location,
demographic attributes, as well as mental attitudes inferred
from the content of messages posted online. Finally, our
study was based on a data set from a popular location-based
social network within a large but limited geographic region.
Our analysis could be corroborated and further extended if
replicated on a larger-scale data set and across various lay-
ers of online and offline networks. Despite these limitations,
however, our study paves the way for a better understanding
of sources of social capital that originate within and across
multiple layers.
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