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Abstract

Ubiquitous social media has woven itself into the very fabric of everyday
life. This results in a dramatic increase of social data. Essentially, various
links between the users and their associated artifacts capture different facets
of interactions and relationships. The emergence of ubiquitous and mobile
devices enables the capture of such interactions also in offline contexts, and
the generation of according interactions networks. This paper focuses on
the analysis and mining of such interaction networks, specifically focussing
on data collected using ubiquitous RFID sensors as well as complementing
social media. We discuss analysis results in the context of real-world systems.
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1. Introduction

The analysis of roles [48, 56] and community structure [38, 11, 10], link pre-
diction [12, 29], and investigating the relation between online and offline net-
works [15, 4] are exemplary prominent research topics in mining ubiquitous data
and social media analytics. In this paper, we summarize work on mining social
interactions using ubiquitous sensors and social media; we adopt a rather intu-
itive definition of social media, regarding it as online systems and services in the
ubiquitous web. The key point is social data generated by human interaction
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and communication [2]. In this way, we analyze user interaction formalized in so-
called social interaction networks [4, 3]: These refer to user-related social networks
in social media that are capturing social relations inherent in social interactions,
social activities and other social phenomena which act as proxies for social user-
relatedness.

While there has been foundational work on the analysis of face-to-face contact
networks, e. g., [16, 15, 50], data mining and analytics on those networks is still a
rather new field of research, for which we provide novel analyses resulting in new
insights into their structure and relations. For those, we apply data from different
real-world systems and applications, e. g., [7, 5, 6, 35].

The remainder of this paper is structured as follows: We start with a discussion
of offline and online interactions, exemplified using real-world social systems. Next,
we sketch approaches for role analysis [8, 32] and temporal dynamics [2, 9] in
social interaction networks. After that, we summarize methods for community
detection and analysis on heterogenous interaction networks [11, 25]. Then, we
discuss adaptations, extensions, and applications of predictive modeling approaches
for multi-modal link prediction on evolving networks [46, 45, 44, 47]. Finally, we
conclude with a summary and outlook.

2. Social Media and Social Interaction Networks

In the following, we adopt an intuitive definition of social media, regarding it
as online systems and services in the ubiquitous web, which create and provide
social data generated by human interaction and communication [2]. Therefore, we
consider social interactions in an online and offline context, that is, connections and
relations in online systems as well as real-world face-to-face contacts; we include
interaction data from sensors and mobile devices, as long as the data is created by
real users.

We focus on social interaction networks [4, 3], i. e., user-related social networks
in social media capturing social relations inherent in social interactions, social ac-
tivities and other social phenomena which act as proxies for social user-relatedness.
Therefore, according to the categorization of Wassermann and Faust [53, p. 37 ff.]
social interaction networks focus on interaction relations between people as the
corresponding actors. Networks in ubiquitous and social applications, for example,
in RFID-based systems, can then be derived according to the detected contacts be-
tween the respective RFID tags, possibly weighted with the number of contacts, or
their durations. Such social interation networks are often observed during certain
events, for example, during conferences [7, 32, 54].

Conferator [7]1 is a social conference guidance system for efficiently manag-
ing face-to-face contacts at a conference, and collectively building a personalized
conference program. Conferator is built on top of the RFID-based proximity
sensing system developed by the SocioPatterns2 collaboration. The applied RFID

1http://www.conferator.org
2http://www.sociopatterns.org
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tags allow the coupling of real world (offline) data, i. e., face-to-face contacts, with
the online social world, e. g., given by online interactions within the system or in
linked online social networks. In particular, these RFID proximity tags can collect
face-to-face contacts. This allows for highly personalized profiles in the systems
which can be applied, e. g., for community mining, recommendations, or for im-
proving the localization.

3. Role Analysis and Temporal Dynamics

The analysis of interaction and groups, and their evolution, respectively, are promi-
nent topics in social sciences, e. g., [52, 18, 25, 47, 9]. The temporal evolution of
contact networks is analyzed, for example, in [14, 13]. Gaining a better understand-
ing of communities and roles in social interaction networks helps for a number of
applications, for example, for personalization, community detection, or recommen-
dations.

Role mining, e. g., [48, 56] concerning communities mainly analyzes the relations
between them for a specific actor. [48] present a method for assessing roles with
respect to the membership in the communities and the potential to bridge or to
connect different communities. In this way, different actor profiles concerning their
centrality prestige and their community importance can be derived. Chou and
Suzuki present a similar method considering a set of given communities [17] for
such a community-oriented analysis.

In this context, we analyze different time-based link patterns using offline and
online information. We ground user-interaction and community structure accord-
ingly using different online and offline properties in [8]. We investigate user-
interaction and community structure according to different special interest groups
during a conference. For the analysis, we considered the contact network of the
LWA 2010 conference, for example, that we obtained using the Conferator sys-
tem. The analysis thus utilizes real-world conference data capturing community
information about participants and their face-to-face contacts, and is grounded
using information about membership in special interest groups and academic sta-
tus/position. We analyze various general structural properties of the contact graph,
confirming previous results of the SocioPattern experiments concerning typical face-
to-face contact networks at conferences e. g., [22].

In a threshold-based analysis, e. g., using different minimal contact durations
of the contact data, we analyze general structural properties of the contact net-
work, investigate the stability and dynamics of community structures, and examine
different explicit and implicit roles of conference participants, cf. [8, 32].

4. Community Analytics

Community mining is a prominent approach for identifying densely connected sub-
groups of the nodes contained in a network, e. g., [39, 20, 26, 55]. A community is
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intuitively defined as a set of nodes that has more and/or better links between its
members compared to the rest of the network.

In general, usually not only the density within the community is assessed but
the connection density of the community is compared to the density of the rest of
the network [38], e. g., using the modularity [38, 39], the segregation index [21] or
the conductance [27] as an evaluation function. Then, cuts between communities
are established in such a way as to maximize the community evaluation function
Usually, an optimization approach is taken that partitions the whole graph subse-
quently into a number of parts – each of them is then considered as a community.
There are a variety of algorithms, e. g., InfoMap [43, 42], Label Propagation [40],
or Leading Eigenvector [39]. The discovered communities can then be applied, for
example, for recommendations or for personalization.

The Conferator system, for example, provides the respective community to
the user in a special section of the site. This enables a personal discovery of the
own community. In addition, description-oriented community mining methods can
be applied, such that the communities can be characterized in terms of common
interests, or other describing features. In [11], we present such an approach for
mining descriptive community patterns according to standard community evalua-
tion measures: The proposed method collects patterns that describe communities
by combinations of features, e. g., tags or topics for social bookmarking systems.
We can consider, for example, groups of users interested in the topics web mining,
computer and java. In this way, we aim to identify and describe interesting com-
munities, in contrast to standard community mining approaches, e. g., [37, 26, 28],
that only identify communities as subsets of users. The proposed approach is not
limited to social bookmarking systems and can be applied to any kind of graph-
structured data for which additional descriptive features are available, e. g., certain
activity in telephone networks or interactions in face-to-face contacts that also uti-
lize tags or topic descriptions for the contained relations. For longitudinal effects,
e. g., [25] provides details on the dynamics of structural properties of face-to-face
contact networks, including the predictability of community membership.

5. Link Prediction

Link prediction [12, 29] in social network considers the dynamics and mechanisms
in the creation of links between the actors of social networks. The goal is to learn
a model for predicting new and/or recurring links. Link prediction in social inter-
action networks has a number of prominent applications, including the prediction
of missing links, cf. [29], for improving collaborative filtering or for recommending
new contacts.

There is already a large body of research for link prediction concerning online
social networks, e. g., [1, 29, 36, 31, 24]. However, important aspects of face-to-
face contact networks, i. e., interactions that happen offline, still remain largely
unexplored. Sociological experiments and approaches, e. g., [30], mainly rely on
questionaires, diaries, or recordings, and usually only consider rather small groups,
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cf. [53, p. 45 ff.]. Different factors contribute to the creation of links, e. g., existing
connections [46], and their respective tie strengths [31]. Identifying connections
between evolutionary processes, link creation, and factors for strengthening existing
ties, are also of great interest.

In [46, 45], we focus on real-world offline networks of human contacts, that
is, face-to-face contacts between persons. Our application context is given by
academic conferences, e. g., [32]. We aim to predict new contacts based on network
properties, as an adaptation of methods for online social networks. In addition, we
extend the analysis in two important directions: First, we consider the length of the
contacts in more detail, and analyze the impact of longer conversations. Second, we
consider the prediction of future recurring contacts, i. e., renewed contacts between
specific actors. For these, we analyze influence factors and patterns for establishing
such contacts, and also consider their specific durations in a fine-grained dynamic
analysis. Essentially, this leads to the analysis of the impact of stronger ties,
i. e., longer contacts, for new and recurring contacts. The results of the analysis
indicate that stronger ties have a rather strong influence on the contact behavior
and the prediction performance, cf. [46, 45]. We observe, for example, that a longer
contact, i. e., a conversation, is more likely, the longer the contact on the first day
of the conference. An interesting further question is to find typical features to
predict renewed contacts and their lengths. We show, that there are clear influence
patterns of the contact durations, depending on roles such as academic status, the
strength of the link to the conferences, and affiliation with the respective conference
tracks.

On a structural level, we furthermore study triadic closures in face-to-face con-
tact networks [45]. The fundamental concept of a triadic closure was first intro-
duced in [41]: Essentially, the basic principle of triadic closure is that there is an
increased likelihood that two people become friends in the future, if they have a
friend in common. Our analysis showed that the link strength and academic status
of participants has influences on closing triangles (depending on the type of the con-
ference, e. g., for smaller and larger ones, and their specific interaction structures,
respectively); we also complemented the analyses by considering reversed triadic
closures, cf. [45]. In addition, we analyze the predictability of links grounded us-
ing different online and offline information [44]. Our results show semantically
grounded consistent community and role structure. In addition, we observe that a
set of heterogenous networks, i. e., different online and offline networks can com-
plement each other well for improving link prediction methods, also cf. [51].

Overall, the results of the analysis provides interesting insights especially con-
cerning the impact of the contact durations, the strength of stronger ties, and the
impact of the network structure.

6. Conclusions and Outlook

This paper summarized work on data mining and analytics on social interactions
using ubiquitous sensors and social media: We first discussed offline and online
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social interactions. Then, we summarized recent methods and analysis results,
from roles and temporal dynamics to community analytics and link prediction
methods.

Overall, our analysis results are not only relevant for gaining justifications and
important insights into structural and semantic features of social interaction net-
works. They can also help, e. g., for implementing further new link mining, com-
munity detection or user recommendation algorithms.

For future work, we aim to leverage our analysis results in order to embed the
indicators, patterns, influence factors, and predictors into more advanced models
in the context of offline and online interaction networks. Furthermore, we plan to
extend the analysis towards more dynamic approaches including heterogenous net-
work data with extended attribute information. As a general extension, the concept
of reality mining [19, 34] is a related research direction of several of the presented
techniques and methods. Overall, these also open up opportunities towards the
ubiquitous web [49], and collective intelligence [33, 23].
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