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Understanding
Community Dynamics
in Online Social Networks
[A multidisciplinary review]

S

ocial network systems are significant scaffolds for
political, economic, and sociocultural change. This is
in part due to the widespread availability of sophisticated network technologies and the concurrent emergence of rich media Web sites. Social network sites
provide new opportunities for social-technological research.
Since we can inexpensively collect electronic records (over
extended periods) of social data spanning diverse populations, it
is now possible to study social processes on a scale of tens of
million individuals. To understand the large-scale dynamics of
interpersonal interaction and its outcome, this article links the
perspectives in the humanities for analysis of social networks to
recent developments in data intensive computational approaches. With special emphasis on social communities mediated by
network technologies, we review the historical research arc of
community analysis as well as methods applicable to community discovery in social media.

catalyzes social processes: diffusion of ideas, cultural bias, and
community evolution. In the political realm, social networks
have been widely used as a tool to organize—the 2008 elections in the United States and the developments in the Middle
East in spring 2011 are examples. These networks have altered
our notions of social interaction, including friendship, and
how we interact with strangers. Finally, the networks have a
strong cultural influence—for a significant number of young
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INTRODUCTION
Today, social networks are significant catalysts of political,
social, and cultural change. The catalysis is in part due to the
availability of sophisticated Internet-based communication
technologies (collectively known as Web 2.0), and due to the
emergence of rich media Web sites (Facebook, YouTube, and
Flickr are well-known examples). These Web sites allow a distributed network of participants to communicate via public
comments or private messages as well as share rich media
content, including images and videos. Social networks evolve
around communication on shared content. The conversations
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people, these networks have become the primary source of
news and entertainment.
Social network sites provide new research opportunities for
social-technological and scientific communities. Instead of
focusing on longitudinal studies of relatively small groups—
participant observation [1] and surveys—today, researchers
can study social processes including information diffusion or
community emergence at very large scales. The study at large
scales is made possible by collection of electronic records of
social data, spanning diverse populations over extended time
periods. Importantly, we can do so at a comparatively low cost,
requiring little human supervision. The result is a study of
social processes on a scale of tens of millions individuals,
impossible just a few years ago. An analysis of conversations
within social networks, for example, provides insights into
human behavior at multiple levels, including temporal and
topological levels. In particular, it helps researchers understand large-scale online communities as an emergent property
of social interaction.
Community discovery in a social network has many applications. These include expertise finding and neighborhood
query, and behavioral prediction. The structure of a community, which accounts for inherent dependencies between individuals in a social network, can help us understand the
behavioral dynamics of individuals. Through characterizing
multidimensional interpersonal relationships and an individual’s interests, community analysis can provide a quantitative
summary of key factors related to word-of-mouth communications: tie strength, homophile, and source credibility. We can
use community analysis to organize and to track content in
online social media. There are significant opportunities for
businesses: in addition to understanding user behavior and
comments for better product design, businesses can take
advantage of sentiment analysis of comments to proactively
address negative commentary. In an enterprise setting, we can
predict users future interests—in particular, documents—
through community structure extracted from multiple interpersonal relationships, including formal collaboration,
informal communication, and sharing [2].
We review and connect, in this article, the methodologies
developed in multiple disciplines, including the humanities, and
network science, to recent developments in data intensive computational approaches. In particular, we shall examine formation of
online communities.
Given limited space, a comprehensive survey of community
detection methods would be dense at best, and an incomplete
description at worst, of the problem area. For a comprehensive
description, we point the interested reader to an excellent recent
review on community detection [3].
Our focus in this article is to explain an underappreciated
aspect of the problem area: linkages among multiple disciplinary perspectives on community formation and detection. We
specifically link perspectives from sociology, computer-mediated communication (CMC), and network science, to dataintensive computational perspectives. We show how

contemporary methods based on clustering can be adapted to
include temporal and contextual aspects emphasized by other
disciplines. This linkage between the different disciplines nicely complements review papers, where the focus is on careful
examination of different quantitative methods.
WHAT IS A COMMUNITY?
The concept of a community affords many definitions [4]. Our
understanding of a community is informed by critical research
in several fields including anthropology, sociology, political
science, and the wider humanities. A traditional understanding of community is strongly aligned with the notion of a
neighborhood or a village, where interpersonal ties are considered to be locally bounded [5]. Consequently, concerns about
loss of community have been raised when observers cannot
find much solidary local behavior and sentiments. This framing of a community is challenged by contemporary scholars
who seek to study interpersonal relations in the form of networks that are both local and geographically unbound.
Historian Benedict Anderson critiques the constraint of community analysis to localized, face-to-face interaction in his
description of the nation state, which he defines as an imagined community [6]. According to Anderson, a national imagined community is a socially constructed mental image where
members “will never know most of their fellow members,
meet them, or even hear of them, yet in the minds of each
lives the image of their communion.” Anderson’s definition of
nations relies on an extended conception of communities,
which he expressed in several ways: shared consciousness,
technology condition (e.g., print), and technology enhancement (e.g., census, maps, and museums).
Sociologist Barry Wellman extends the notion of community to encompass more general networks of interpersonal ties
that provide sociability, support, information, a sense of
belonging, and social identity [7]. This framing of the concept
of community addresses concerns about loss of community in
the absence of significant solidary behavior and sentiments
solely within a locality [5]. This broader view is shared by
other disciplines, including anthropology, where recent studies have suggested that “a more fluid concept of community
fits well within ethnographic explorations in multisited situations with complex, spatially diverse communities.” In these
studies, communities are observed to be fluid and flexible and
may be based on a wide range of cultural interests and social
affiliations.
The characteristics of community have also been examined
within the field of situated cognition. According to Dewey, an
individual’s actions will always be interrelated to all others
within certain social medium that helps form the individual’s
membership in a community. Once membership is established,
the individual begins to share the knowledge possessed by the
group. This shared experience forms an emotional tendency: it
motivates individual behavior in a way to create purposeful
activity, thus evoking meaningful outcomes. These studies suggest that the behavioral dynamics of individuals occur under
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gration and fulfillment of needs,
complex, social conditions that
THERE IS CONSIDERABLE DEBATE
and shared emotional connecsimultaneously give rise to the
ABOUT THE AUTHENTICITY AND
tions. Blanchard [14] extends
community structure (i.e., the
VALUE OF ONLINE, VIRTUAL, OR
the work of Jones [12] to analyze
“dense cluster” or “community
COMPUTER-MEDIATED COMMUNITIES.
the notion of virtual communimembership”). While the condity among Weblogs, based on
tions may be ambiguous, situatMcMillans’ model. Based on a survey of blog readers,
ed cognition theorists have suggested that “artifacts [hold]
Blanchard argued that a sense of community is an essential
historic and negotiated significance within a particular concharacteristic that distinguishes a virtual community from a
text.” Lemke [8] described community ecology as follows: “they
mere virtual group.
have a relevant history, a trajectory of development in which
There is considerable debate about the authenticity and
each stage sets up conditions without which the next stage
value of online, virtual, or computer-mediated communities.
could not occur,” and “the course of their development
For some, contemporary technological advances are resulting
depends in part on information laid down (or actively available)
in the loss of many “third places”—places for socializing outin their environments from prior (or contemporary) systems of
side of work and the home, where community members gather
their own kind.”
with a sense of belonging and engage in easy conversation with
In the next section, moving away from the geographically
friends and acquaintances. These same advances are considbound groups, we discuss virtual communities, including condiered very differently by others, who instead see online commutions for online community formation.
nities as offering an alternative and vibrant third place for
interpersonal communication and social support.
VIRTUAL COMMUNITIES
In the next section, we discuss network analysis, a powerIn CMC research, investigators have shifted attention away
ful perspective on how to represent social interaction. While
from officially defined group or geographical boundaries
the network analysis perspective predates contemporary
toward conditions or characteristics for online community fortechnological advances, current computational data-mining
mation. Preece [9] provides a working definition of online
techniques for large-scale analysis of data obtained from
community comprising the following elements: “people who
social network Web sites are built upon ideas from classical
interact for their own needs or perform special roles; a shared
network analysis.
purpose such as an interest, need, information exchange, or
service that provides a reason for the community; policies that
NETWORK ANALYSIS
guide people’s interactions; computer systems that support
The small-world phenomenon first identified by Stanley
and mediate social interaction and facilitate a sense of togethMilgram can be understood as a harbinger for the field of
erness.” This definition seeks to provide a framework to guide
social network analysis [15]. Wellman [5] formally proposed
developers in making operational decisions for designing and
social network analysis as a way to study community without a
building online communities.
locally confined presumption or other a priori analytic conGarfinkel’s observation on the necessity of mutually
straints. Social network analysis starts with a set of network
observable actions within community members [10] has influmembers (called nodes) and a set of ties that connects some or
enced views in CMC research on how “interactivity” forms a
all nodes [16]. “The utility of the network approach is that it
social reality. According to Dourish [11], interaction involves
does not take as its starting point putative neighborhood solipresence (some way of making the actors present in the locale)
darities nor does it seek primarily to find and explain the perand awareness (some way of being aware of the others pressistence (or absence) of solidary sentiments. Thus, the network
ence). An action community, according to Dourish, is one
approach attempts to avoid individual-level research perspecwhere members share common understandings through
tives, with their inherently social psychological explanatory
reciprocal actions.
bases that see internalized attitudes as determining communiA virtual community has several characteristics that distinty relations” [5].
guish it from a chance meeting of people. Jones [12] conceptuSocial network analysis has been popularized by
alized the notion of a virtual community based on the definition
Granovetter’s “strength of weak ties” thesis [1]. He showed
of a virtual settlement (the place, or cyberplace, where a virtual
that job seekers in Boston found their “weak” connections to
community forms). He identified four necessary characteristics
be more useful in the job market than connections signifying
of a virtual community: interactivity, communicators, a public“strong” bonds of close friendship and kinship. The study has
ly shared mediated communication place, and sustained memmotivated considerable research interest into the role of “ties”:
bership. The interactive nature of virtual communities
from analysis of predefined social boundaries to study of
distinguishes them from a group. A virtual community is disinterpersonal relationships. In Granovetter’s study, tie
tinguished by long-term, meaningful conversations among
strength was influenced the following: the amount of time
members. McMillans’ sociopsychological model [13] hypothespent, emotional intensity, intimacy, and reciprocity of servicsizes the presence of four dimensions for a sense of community
es. In other work, tie strength has been considered as “a
to emerge: feelings of membership, feelings of influence, inte-
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observable temporally and conmultidimensional construct
SOCIAL INTERACTION IS CENTRAL TO
textually coherent interactions
that represents the strength of
COMMUNITY FORMATION AND TO THE
among people, give rise to other
the dyadic interpersonal relaEVOLUTION OF SOCIAL SYSTEMS.
nonobservable interpersonal
tionship in the context of social
properties, including shared connetworks”; the multiplex ties
sciousness and emotional bonds. Second, we assume there exists
offer diversified support to people in a community [17].
a two-way communication mechanism that allows coherent
Granovetter’s “social embeddedness” theory [18] suggests that
interactions to take place and to be observed.
the choices available to a person depends on their integration
within dense clusters or multiplex relations of social networks.
INTERACTION MODES IN SOCIAL MEDIA
Social embeddedness in cohesive structures, for example, can
Social interaction is central to community formation and to
lead people to make similar political contributions. Social netthe evolution of social systems. It is the process by which
work analysis has now been used in a variety of research areas,
participating individuals create and share information with
including the spread of diseases and information, the socioloone another to reach a mutual understanding. Over the
gy of organizations, and Internet studies.
years, numerous empirical studies [20] on online social
communication processes have revealed that properties of
COMMUNITY FORMATION AND EVOLUTION
the associated social system, including the network strucIdentification of communities as cohesive subgroups of
ture and dynamics, can determine the outcome of important
individuals within a network, where cohesive subgroups are
social and economic relationships.
defined as “subsets of actors among whom there are relaSocial media, which enable mutual observability and twotively strong, direct, intense, frequent, or positive ties”
way communications, are Internet-based tools that enable
[16], is an important research topic in social network analypeople to communicate and interact with each other in varisis. This is because social network analysis does not preous media forms including text, images, audio, and video.
sume a prior solidary local bounds that organize peoples
Social media sites offer many different ways in which end
interpersonal relationship. Newman [19] gives a broad
users can interact with the system. Various interactions
review of important findings and concepts in network
frameworks allow users to asynchronously communicate with
research, including degree-distribution, small-world effect,
friends across the globe by sharing media objects and posting
and community structure.
commentary and Web links. We now review the different
forms of communication among users.
AN OPERATIONAL DEFINITION
1) Messages: Social Web sites, including MySpace and
To enable analysis grounded on the predominant existing
Facebook, allow users to post short messages on their
social and network methodologies, we provide an operational
friends’ profiles. These messages are typically short and
definition of a community is as follows: a community refers
publicly viewable to the set of friends common to both
to a cluster of people interacting with one another in a
users.
coherent manner. The interactions can be explicit (e.g.,
2) Blog comments/replies: Blogging Web sites, including
direct e-mail exchange between two users), or implicit (e.g.,
Engadget, Huffington Post, Slashdot, Mashable, and
two users bookmark the same document). Garfinkel’s notion
MetaFilter, afford users the ability to comment and to
of observable interactions [10], which are central to our defireply to their friends’ posts. An analysis of communication
nition, have two important characteristics: temporal and
in these blogs provides substantial evidence of back and
contextual coherence. Interactions are said to be temporally
forth communication among sets of users.
coherent if the degree of interaction in the interacting pair is
3) Conversations around a shared media object: Many
sustained over a period of time. Two people exchanging
social Web sites allow users to share media objects with
e-mails, for example, over a sustained period of time count as
their local network. On Flickr, for example, a user can
being temporally coherent. Interactions are contextually
upload a photo viewable to her contacts via a feed. YouTube
coherent if they have similar interaction context: time, locaallows users to upload videos corresponding to different
tion, people or objects associated with the interaction. When
topics. Both social media sites support rich communication
people become gradually aware of each other, through obseractivity, via comments, around the uploaded media object.
vations of coherent interactions, a community begins to
An analysis of the comments reveals a conversational strucemerge. People who bookmark articles, for example, that
ture, indicative of dialogue among users.
share the same context would be noted as being contextually
4) Microblogging: We define a communication modality
coherent. High school students from a particular school
based on user microblogging. Microblogs, popularized by
bookmarking Web sites related to a common class project, is
Twitter, are very short posts. The microblog post, known
a specific example.
as a “tweet” on Twitter, often takes conversational form.
The social significance of the communities relies on several
This is because tweets contain syntax to direct posts at speassumptions. First, community members develop awareness of
cific users. Moreover, Twitter supports the “RT” or retweet
one another through observing coherent interactions. The
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who have some common interfeature, which enables users
REAL-WORLD COMMUNITIES ARE
ests; see Fortunato [3] for a
to repost tweets that they
BASED ON COHERENT AND SUSTAINED
comprehensive review.
receive. Thus, information
(I.E., TEMPORALLY COHERENT)
We now discuss clustering
can propagate from one perINTERACTIONS.
methods to extract communisonal network to another.
ties, followed by extensions—
Hence, microblogging activisocial-context, temporal, and relational—to clustering
ty can be considered as an active medium for interaction.
techniques.
5) Social actions: Social media sites support indirect
forms of awareness. Certain social media sites, including
CLUSTERING AND COMMUNITY DISCOVERY
Digg and delicious.com, offer a different communication
The algorithms for community identification are closely relatmodality—users participate in a variety of social actions.
ed to the family of algorithms for clustering. The goal of clusDigg, for example, allows users to vote on (or rate)
tering is to discover groups of similar objects within the data.
shared articles, typically news, via an action called “digEach cluster (i.e., group), consists of objects that are similar to
ging.” The “like” feature on Facebook is another example
one another within the same cluster, and dissimilar to the
where users can “like” other user statuses, photos, vidobjects in other clusters.
eos, and shared links. Such social action often acts as a
There are two key aspects to the mathematical formulaproxy for communication activity. This is because first,
tion of any clustering technique: a measure of similarity (disthe social action is publicly observable, and second, it
tance function) and an objective function (clustering
supports the formation of bonds among users.
criteria). The distance function and the objective function
6) Check-in services: Location-based online social netare chosen based on the grouping purpose, including to disworking applications have recently emerged, where users
cover any underlying structure or to summarize features of
share their current location instantly by checking in on
the data. Methods for clustering (see [23] for a brief review)
Web sites such as Foursquare and Facebook. Locationinclude: hierarchical clustering, partitioning, graph clusterbased social networks adds an important dimension to
ing methods, modularity-based approach, and block models.
online interactions.
In hierarchical clustering, the method recursively finds nestWhile social media creates sufficient context for the fored clusters in either an agglomerative (bottom-up) or divimation of communities, it is not necessary: Anderson’s depicsive (top-down) way, e.g., single-link and complete-link
tion of the nation state as an imagined community is an
methods. The goal of partition methods is to partition the
example.
data into a fixed number of clusters—K-means or via expecIn network analysis, graphs are a natural way to represent
tation-maximization.
two-way interaction amongst users in a social network. In
Community identification can be considered to be clusterthese graphs, each node represents a user, and an edge can reping, in the sense that it involves a distance function and a
resent communication or more generally interaction, between
clustering objective function, and generates a clustering
a pair of users. As a specific example, an edge between two
assignment for each person and object to a set of clusters.
users can be indicative of communication and where the edge
While there are similarities between community extraction
weight is proportional to the number of messages exchanged.
and clustering analysis, community extraction focuses on the
In a graph based representation, all edges have the same meanpairwise relationship between network nodes, and more genering. In real-world social networks, two people may be connectally, the network topology.
ed via multiple relations. When multiple relations with
Research on community discovery includes measures for
multiple meanings exist within a network, we can use multiquantifying community structure (including the clustering
graphs as a representation, where multiple edges can exist
coefficient [19]) and techniques for community extraction.
between any two people.
A variety of methods for extracting community structure
have been proposed including modularity-based methods
METHODS FOR COMMUNITY DETECTION
[21], flow- or graph cut-based methods [24], spectral clusCommunity detection algorithms identify the modular structering- or graph Laplacian-based methods, and informationture of a network, where nodes represent individuals and
theoretic models [25]. Community extraction techniques
where links represent the interaction or similarity between
have been used to study dynamic properties of communities
individuals. Intuitively, modules or communities are subset
in empirical networks [26].
of nodes within which the links are dense and between which
One of the main challenges with a clustering framework is
the links are sparse [21]. Many graph-based approaches,
in cross-validating the resulting clusters. While there are
including those based on analysis of cliques, degree, and
many methods proposed for validating the resulting clusters,
matrix-perturbation, have been proposed to extract cohesive
including conductance, average clustering coefficient [19],
subgroups from social networks [16]. Examples of detected
the absence of ground truth data sets complicates validation.
communities range from communities of scientists working
It is entirely possible to obtain clusters that satisfy cluster
on similar areas of research [22] to authors of home pages
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communities with coherent
validation criteria, but some of
SOCIAL NETWORKS ARE THE CATALYSTS
contexts. In the extended clusthe clusters may be false comOF SIGNIFICANT POLITICAL, ECONOMIC,
tering framework, we cluster
munities—unmoored in real
AND CULTURAL CHANGE.
different objects including users
human interactions. In the next
or keywords based on their parsection, we discuss extensions
ticipation in different types of similarity relationships. Two
to clustering by incorporating characteristics of real-world
users, for example, can be similar if they read the same newssocial interaction.
paper each morning, or be similar because like to go for a run
each morning.
EXTENSIONS TO CLUSTERING:
The query-sensitive community extraction [27] uses a filINCORPORATING SOCIAL CONTEXT
tering-based approach to reweight the interaction graph with
Clustering-based methods for community detection need to
respect to a given query and then uses the reweighted graph to
account for interactions with the following characteristics:
extract communities. We can develop a framework [2], with a
social context, temporal coherence, and contextual coherence.
multirelational clustering objective, to focus on the constantly
As mentioned in the section “Virtual Communities,” these
changing and coinvolving interaction contexts in online social
characteristics are consistent with Garfinkel’s observation on
media. The framework can represent heterogeneous social
the necessity of mutual awareness, and Jones’ work on the
contexts in social media—multirelational and multidimenvirtual community.
sional social data—with a novel relational hypergraph repreWe formulate community discovery as clustering—involvsentation called metagraph. Tensors are a natural way to
ing a distance function and a clustering objective function—
encode n–way relationship between entities. With this generalto generate a clustering assignment for users and media
ized objective function, different type of relations—user interobjects. Importantly, the distance function and the clustering
action and content similarity—are considered simultaneously,
assignment function are designed to incorporate social [27],
allowing us to capture evolution of both user interaction and
temporal, and relational [2] constraints.
of content interests within communities. We can extract comWe can incorporate social context with two concepts:
munities through an efficient multirelational factorization
mutual awareness and transitive awareness. Mutual awareness
algorithm on a given metagraph.
refers to a relationship developed through observable interacAlthough these community discovery methods are similar
tions between two people. We can define mutual awareness
to two recently developed clustering techniques—evolutioncomputationally by contextual use of (mutually observable)
ary clustering [29] and relational learning [30]—the focus on
links in social media (e.g., blogs). If John, for example, comtemporal and contextual coherence captures the nuance in
ments on Ana’s blog post, Ana is aware of John, but John canonline social interaction. Hence, our approach focuses on
not be certain that Ana is aware of him, if his comment is
interpretable statistics such as soft-clustering and cluster
unread. Subsequently, if Ana comments on John’s blog post,
transitions, which provides measures for importance of indithere is mutual awareness between the two. Mutual awareness
viduals in relation to communities to which they belong, as
can be asymmetric—the asymmetry can arise, for example,
well as the community-level interactions and evolution.
when one person is a celebrity, or is in touch with more people than another. In addition, mutual awareness strength can
APPLICATIONS
change over time. Transitive awareness refers to a relationThe analysis of dynamic relationship among people, concepts, and
ship—computed via a mutual awareness measure—between
contexts within a community has several applications, including
two connected people on a network. We can compute transiinformation search, expert finding, content organization, and
tive awareness between a connected pair of users on a social
behavioral prediction.
network graph, through mutual-awareness expansion. We can
1) Context-sensitive information search and recommendause a random walk-based distance, with an efficient method
tion: The community structure extracted from multirelatifor mutual awareness expansion, to extract communities [27].
onal data can be used to provide context-sensitive
Real-world communities are based on coherent and susrecommendations along any attribute. When a user is looking
tained (i.e., temporally coherent) interactions. We can develop
at a particular photo, for example, we use the relational struca unified framework [28], where the community structure at a
ture to find objects likely cooccurring with the photo, and
given time step is determined both by the observed networked
then recommend other photos, tags, and related peers. The
data and by a suitable structure prior obtained from analysis of
multirelational structure provides additional context, over
past network data. The framework extends traditional clusterthe <user, photo> pairs used to recommend tags in automating by incorporating a temporal smoothness objective funced annotation algorithms. In particular, it allows us to select
tion into the clustering criterion to extract communities with
peers and context, including visual features, activities, and
sustained membership. We can track community evolution
time, that are likely more related to the current user.
from the clustering results.
2) Expert finding and neighborhood query: A main chalIn real-world social interactions, people can share an interlenge in organizational learning is to leverage the expertise
action context. We can extend traditional clustering to extract
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ioral dynamics of individuals
of relevant peers in an timely
NEW APPLICATIONS FOR COMMUNITY
in the community.
fashion. This requires us to
DISCOVERY INCLUDE COLLECTIVE
find a person with relevant
ACTION PROBLEMS IN PARTICULAR,
CONCLUSIONS
and valuable expertise and
THOSE DEALING WITH ENVIRONMENTAL
In this article, we presented a
one who can be easily reached
CHANGE AND REDUCING POWER
broad overview of the work on
as a “neighbor.” This person
CONSUMPTION.
communities, including
can be reached through effecresearch in the humanities,
tive communication channels
network science, and the computing sciences. Our emphasis
including face-to-face conversation, phone calls, and instant
was to study communities formed by social interaction in
messaging. The community structure extracted by our methonline social networks. Social networks are the catalysts of
od, from multirelational data, including organizational
significant political, economic, and cultural change. The
structure, daily communications, and document access, can
study of these Web sites can provide new insights into sociohelp to identify experts located in the “neighborhood” of
logical processes at an unprecedented scale—we can collect
information seekers.
electronic social data over extended periods at comparative3) Content organization, tracking, and monitoring: Social
ly low cost, requiring little resource maintenance, and span
media site encourage the use and sharing of multimedia
diverse populations.
content—the rate at which such content appears in these
We reviewed the evolution of the notion of a community:
sites creates several challenges. First, the content in a
from a geographically bound understanding to virtual netphoto stream, either for a user or a community, is typically
works. We discussed critical elements supporting communiorganized in temporal order, making the exploration and
ty formation: interactivity, communicators, publicly shared
browsing of content cumbersome. Second, sites such as
mediated communication space, and sustained membership.
Flickr provide frequency-based aggregate statistics. The
We defined a community to be a cluster of people interaggregate statistics include popular tags and top contribuacting with one another in a coherent manner. Social intertors. These aggregates do not reveal the rich temporal
action is the process by which participating individuals
dynamics of community sharing and interaction; photos or
create and share information with one another to reach a
posts on “Arizona Travel,” for example, exhibit seasonal
mutual understanding. We specifically discussed several
patterns. Additionally, these relational semantics are easily
modes of interaction, available to users in online social netglossed over when accessing the photo stream via a single
works, including actions related to communication and
attribute including photos, users, tags, or a particular time.
social actions.
John typically comments, for example, on Jane’s photos,
In our review of community detection methods, we disparticularly on those photos tagged with “biking”—an
cussed the close relationship between community discovery
opaque connection. The presence of meaningful relationand clustering. We made the argument that the computational
ships between different attributes suggests new mechaprocess should be able to identify communities based on internisms, based on the discovered semantic relations, for
actions that include the following characteristics: relevant to
content organization and presentation. We can use multicommunity identification, temporally coherent, and contexturelational community discovery to extract multirelational
ally coherent. Finally, we discussed several interesting applicatime-varying structure. The extracted structure will facilitions of community discovery: context sensitive information
tate organization, tracking, and monitoring of user-genersearch, expertise finding, behavioral prediction, and content
ated social media content.
organization.
4) Behavioral prediction: Studies have shown that indiThere are many interesting theoretical and applied quesvidual behaviors, including social embeddedness [18]
tions that remain open to further study. Much of the current
and influence, usually result from mechanisms that
work on community analysis is on historical data—carefully
depend on their social networks. Social embeddedness
collected from the social network over a long period of time.
framework indicates that the choices of individuals
In such an analysis, we are unable to account for information
depend the mechanism of integration in dense clusters
presented to the user, about the network, on the user’s
or multiplex relations of social networks. Social embedactions, and consequently the effects of such a presentation,
dedness in cohesive structures, for example, can lead
on the evolution of the network. Second, the role of resource
people to make similar political contributions. Social
costs of interacting with the network, including time costs, on
influence refers to changes in individual characteristics
the evolution of the network are poorly understood. This is in
that depend on the characteristics of others to whom
part due to our inability to estimate these costs, and how they
they are tied. The opinions of individuals, for example,
vary across users in the network. New applications for commay be assimilated by members within the same group.
munity discovery include collective action problems in particCommunity structure, which accounts for inherent
ular, those dealing with environmental change and reducing
dependencies between individuals embedded in a social
power consumption.
network, can help us understand and predict the behav-
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