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a b s t r a c t

In the literature of social networks, understanding topological structure is an important
scientific issue. In this paper, we construct a network from mobile phone call records and
use the cumulative number of calls as a measure of the weight of a social tie. We extract
skeletons from the weighted social network on the basis of the weights of ties, and we
study their properties. We find that strong ties can support the skeleton in the network by
studying the percolation characters. We explore the centrality ofw-skeletons based on the
correlation between some centralitymeasures and the skeleton indexw of a vertex, andwe
find that the average centrality of a w-skeleton increases as w increases. We also study the
cumulative degree distribution of the successive w-skeletons and find that as w increases,
the w-skeleton tends to become more self-similar. Furthermore, fractal characteristics
appear in higherw-skeletons.We also explore the global information diffusion efficiency of
w-skeletons using simulations, fromwhichwe can see that the ties in the highw-skeletons
play important roles in information diffusion. Identifying such a simple structure of a
w-skeleton is a step forward toward understanding and representing the topological
structure of weighted social networks.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Social networks have been the focus of scholars in various fields, such as psychology, economics, and physics. In this
framework, social life consists of the flow and exchange of norms, values, ideas, and other social and cultural resources [1];
furthermore, the social actions of individuals can be affected by the structure of the underlying network [2]. Research on the
structure of social networks is important from the perspective of not only individuals, but also society as a whole [3]. Many
emerging concepts, such as small-world property [4], scale-free behavior [5], community structure [6], and fractality [7],
form the basis of our understanding of complex network systems. Moreover, some scholars provide several conceptual
models to represent the topology of networks in a way that can be understood easily and intuitively. Althoughmost current
research on topology attempts to maintain and describe the information in all its detail, a simple conceptual model is also
important, especially when it captures graphically many fundamental properties [8]. For example, Carmi et al. [9] introduce
and use the method of k-shell decomposition and the methods of percolation theory and fractal geometry to study a map
of the Internet; in doing so, they find a model for the structure of the Internet. Their method of decomposition is robust
and provides insight into the underlying structure of the Internet and its functional consequences. Siganos et al. [8] propose
the Jellyfish as a model for the inter-domain Internet topology; this model captures and represents the most significant
topological properties, and it can be easily drawnbyhand. Goh et al. [10] propose a fractal skeleton, a special type of spanning
tree based on the betweenness centrality of ties. The fractal skeleton has the property of being a critical branching tree. The
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original fractal networks are viewed as a fractal skeleton dressed with local shortcuts. All these methods shed light on our
understanding of the underlying structure of networks. However, they mainly focus on unweighted networks. In reality,
many networks are weighted, a property that is associated with information diffusion and social actions. Some researchers
provide several methods to analyze cluster or hierarchical structure of weighted networks. For example, Lambiotte and
Ausloos [11] reveal the emergence of social communities and music genres by analyzing a weighted listener network
and a weighted music network where the weights are computed by a symmetric correlation. Song et al. [12] introduce a
graph-theoretic approach to extract clusters and hierarchies in complex data-sets. This is achieved by building topologically
embedded weighted networks containing the subset of most significant links and analyzing the network structure. Serrano
et al. [13] define a filtering method that can extract the relevant connection backbone in complex multi-scale networks,
preserving the edges that represent statistically significant deviations with respect to a null model for the local assignment
of weights to edges.

In this paper, we present a detailed analysis of the skeleton of a weighted social network constructed frommobile phone
call records. The skeleton of the social network is extracted on the basis of the ties with the highest weights. The definition
of the skeleton is similar but not identical to that of the asset graph proposed by Onnela et al. [14] (see Section 3.1). We
describe the data and several basic characteristics of the original network in Section 2. The definition of the skeleton network
and its characteristics, including susceptibility, centrality, self-similarity and fractality, are presented in Section 3. We also
explore the roles of the skeleton network in information diffusion and compare the skeleton network with other conceptual
networks, including the k-shell and Jellyfish models, in Section 3. Finally, we discuss our findings in Section 4.

2. Data and basic network characteristics

In this study, we use one dataset, consisting of mobile phone call records in one city over three months, to construct a
social network. This social network covers approximately 72.7% of the city’s entire population, which to some extent assures
the representativeness of the social network from the view of coverage. For the purpose of retaining customer anonymity,
each subscriptionwas identified by a surrogate key, guaranteeing that the privacy of customerswas respected. As in thework
of Onnela et al. [3], we kept only voice calls, filtering out all other services, such as voice mail, data calls, text message, chat
and operator calls. We filtered out calls involving other operators, incoming and outgoing, keeping only those transactions
in which the calling and receiving subscription is governed by the same operator. This filtering was needed to eliminate the
bias between this operator and other operators as we have full access to the call records of this operator, but only partial
access to the calls made to subscriptions governed by other operators. Moreover, we also filter out the calls between cities,
keeping only thosewithin the same city, since long-distance calls occupy a low proportion andwe attempt to assure relative
closeness of the social network. Two users are connected with an undirected link if there was at least one reciprocated
pair of phone calls between them (i.e., A called B, and B called A). We quantify the weight of the undirected link (i, j) by
the total number of calls made between i and j over the studied period. This procedure eliminates a large number of one-
way calls, most of which correspond to single events. The resulting social network contains 155,406 vertices and 1,074,578
links. The mobile call graph naturally captures only a subset of the underlying social network, which consists of all forms
of social interactions, including face-to-face interactions, email and Internet communication. However, research on media
multiplexity suggests that the use of one medium for communication between two people implies communications via
other means as well [3,15].

Several basic network characteristics of the social network are shown in Fig. 1. We study the cumulative degree
distribution P>(k), defined as P>(k) =


+∞

k p(x)dx, where p(x) denotes degree probability density function. The degree
distribution is characterized by wide variability and a heavy tail, representing a heterogeneous topology. As mentioned
earlier, theweight of social interaction (tie) ismeasured by the aggregate number of callsmade. The same applies to strength
of a vertex, defined as si =


j∈N (i) wij, where N (i) denotes the neighborhood of vertex i and wij is the weight of tie (i, j).

The strength distribution is broad so that while the majority of vertices made a couple of calls, a small fraction of users
placed numerous calls with each other. The extend of coherence around a vertex i is quantified by clustering coefficient
Ci = 2ti/[ki(ki − 1)], where ti denotes the number of triangles around vertex i and ki is the degree of vertex i [4]. The
network has fairly high average clustering coefficients, which can be seen as a manifestation of the presence of triangular
relationships.

3. The skeleton and its characteristics

3.1. Definition of the skeleton

Let us consider a graph G = (V , E) of |V | vertices and |E| ties. Then, the definition of a w-skeleton is as follows.
A subgraph G′

= (V ′, E ′) induced by the set V ′
⊆ V , E ′

⊆ E is a w-skeleton, or a skeleton of order w, if and only if
the weight wij of any tie (i, j) ∈ E ′ induced in G′ is equal to or greater than w, all vertices in V ′ are connected through at
least one path, and G′ is the maximum subgraph with this property. A w-skeleton of G is the largest connected component
(LCC) in the w-subgraph that is obtained from G by removing all the ties with weights less than w and the isolated vertices
(i.e., vertices with which there are no ties). The sketch of the 150-skeleton of the social network is shown in Fig. 2.
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