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ABSTRACT

Social media such as blogs, Facebook, Twitter, YouTube and Flickr enables people of all walks
of life to express their thoughts, voice their opinions, and connect to each other more conveniently
than ever. The boom of social media opens up a vast range of possibilities to study human inter-
actions and collective behavior on an unprecedented scale. This dissertation presents a framework
for learning with large-scale social media networks in order to understand human interactions and
to predict collective behavior. Network interactions are typically heterogeneous, representing dis-
parate relations, but most social media sites present only connections with no or limited relation
information. Hence, social dimension is introduced to differentiate heterogeneous relations. A
learning approach based on social dimensions is proposed, achieving substantial improvement over
the state of the art. It is then extended to unify some unsupervised learning methods to handle net-
works with various types of entities and interactions. As social media networks are often of colossal
size, an edge-clustering method is proposed to extract sparse social dimensions in order to address
the scalability challenge. In sum, this research provides novel concepts and efficient algorithms to
harness the power of social media networks, enables the integration of data in heterogeneous for-
mat and information from networks of multiple modes or dimensions, and offers a learning-based

solution to social computing.
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Chapter 1

INTRODUCTION
The past decade has witnessed a rapid development and change of the Web and Internet. The ad-
vancement in computing and communication technologies is drawing people together in innovative
ways. Numerous participatory web and social networking sites have been cropping up, empower-
ing new forms of collaboration, communication and emergent intelligence. Prodigious numbers of
online volunteers collaboratively write encyclopedia articles of previously impossible scopes and
scales; Online marketplaces recommend products by investigating user shopping behavior and in-
teractions; Political movements are also creating new forms of engagement and collective action.
The boom of social media opens up a vast range of possibilities to study human interactions and
collective behavior on an unprecedented scale. This chapter first introduces social media and its
characteristics, then defines the task of leveraging social media networks for learning, followed by

a discussion of challenges associated with the task.
1.1 Social Media

With the pervasive availability of Web 2.0 and social networking sites, people can interact with
each other easily through various social media. Table 1.1 lists assorted forms of social media sites,
including wikis, social networking sites, social bookmarking sites, media sharing sites, social news,
Blogs, microblogging platforms, and forums. Though they may look quite different, they share
one common feature that distinguishes them from the classical web and traditional media: the
“consumers” of content or information online are also the “producers”. Essentially, everybody in
social media can be an information outlet [114], resulting in mountains of user-generated content.
This new type of mass publication enables the production of timely and grassroots information.
This was evidenced in the London terrorist attack in 2005, during which some witnesses blogged
their experience to provide first-hand reports of the event [137]. Another example was the bloody
clash ensuing the Iranian presidential election in 2009, for which many provided live updates on
Twitter, a microblogging platform. Social media also allows collaborative writing to produce high-

quality bodies of work otherwise impossible. Take Wikipedia as an example. “Since its creation



Table 1.1: Various Forms of Social Media

Wikis Wikipedia, Scholarpedia, ganfyd, AskDrWiki
Social Networking | Facebook, MySpace, LinkedIn, Orkut, PatientsLikeMe
Social Tagging Del.icio.us, StumbleUpon
Media Sharing Flickr, YouTube, Justin.tv, Ustream, Scribd
Social News Digg, Reddit

Blogs Wordpress, Blogspot, LiveJournal, BlogCatalog

Microblogging Twitter, foursquare
Forums Yahoo! answers, Epinions

in 2001, Wikipedia has grown rapidly into one of the largest reference web sites, attracting around
65 million visitors monthly as of 2009. There are more than 85,000 active contributors working on
more than 14,000,000 articles in more than 260 languages'”

Another distinctive characteristic of social media is its rich user interaction. The success of so-
cial media relies on the engagement of users. More interactions encourage more user participation,
and vice versa. For example, Facebook claims to have more than 500 million active users as of
July 20, 2010%. The huge amount of user participation and interaction result in eight social me-
dia sites in the top 20 websites as shown in Table 1.2. This rich user interaction forms a connected
network of users, providing unparalleled opportunities to study human interaction and collective be-
havior. Many computational challenges ensue, urging the development of advanced computational

techniques and algorithms.

Table 1.2: Top Websites in US based on Internet Traffic as reported by Alexa on 7/10/2010

Rank Site Rank Site
1 google.com 11 blogger.com
2 facebook.com 12 msn.com
3 yahoo.com 13 go.com
4 youtube.com 14 myspace.com
5 amazon.com 15 aol.com
6 wikipedia.org 16 bing.com
7 craigslist.org 17 espn.go.com
8 ebay.com 18 linkedin.com
9 twitter.com 19 cnn.com
10 live.com 20 | wordpress.com

Thttp://en.wikipedia.org/wiki/Wikipedia: About
Zhttp://www.facebook.com/press/info.php?statistics



1.2 Learning with Social Media Networks

Millions of users in social media are playing, working, and socializing online. This offers vast
troves of digital information for mining patterns about users, their friends, likes, dislikes, etc. In
this dissertation, I investigate how we can leverage user interaction information to understand hu-
man interactions and predict collective behavior in social media. A clear understanding of social
connections and collective behavior in social media has a broad range of applications. Take social
networking advertising as an example. A common approach to targeted marketing is to build a
model mapping from user profiles (e.g., the geography location, education level, gender) to ads cat-
egories. Since social media often comes with a friendship network between users and many daily
interactions, we may be able to exploit this interaction information to infer more accurately about
the ads that might attract a user. In order to understand how users interact with and influence each

other, we address both unsupervised and supervised learning with social media networks.

1.2.1 Unsupervised Learning and Community Detection

Understanding human interaction is one of the core problems in conventional social network anal-
ysis [53, 147]. It aims to answer questions such as which groups of people tend to interact with
each other more frequently? Why are two users connected? What propels a user to join a certain
group? Given one group, what are the group norm [67] and shared profiles [126]? In the context
of social media, we study a fundamental task: how fo extract communities (a.k.a., cohesive groups)
from social media networks?

This problem is known as community detection [43], or clustering on graphs [52]. This clus-
tering problem is one form of unsupervised learning. But here data instances are presented in
a network rather than conventional attribute format. Clustering on graphs has been well studied.
Many algorithms have been proposed. Please see [123] and [43] for detailed surveys. For conve-
nience, I also review several representative approaches and summarize them in a unified process in
Appendix A.

Social media, however, presents characteristics that were seldom considered in earlier work.
Various types of networks commonly coexist in social media. Interactions in social media are often

multi-dimensional, multi-modal, and highly dynamic. One network may involve heterogeneous
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types of entities. YouTube, for instance, includes users, videos, tags and comments. Users are
also encouraged to interact with each other in various forms such as sending a message, leaving a
comment, thumbing up or down for one’s post, etc. Moreover, interactions between users can shift
rapidly due to external events. Some communities in social media are highly dynamic, forming
and dissolving swiftly. In sum, social media networks are often more than just a static friendship
network. Correspondingly, it poses new challenges to extract communities by integrating all kinds

of network information.

1.2.2  Supervised Learning

In a connected environment, individual behaviors tend to be correlated with his/her friends. For ex-
ample, if our friends buy something, there is a better-than-average chance that well buy it, too. Such
correlation between user behavior can be attributed to both influence and homophily [92]. When an
individual is exposed to a social networking environment, their behavior or decision are likely to
be influenced by each other. This influence naturally leads to correlations between connected users.
On the other hand, we tend to link up with one another in ways that confirm rather than test our
core beliefs. In other words, we are more likely to connect to others sharing certain similarities.
Consequently, it is no wonder that connected users demonstrate correlations in terms of behavior.
Since a social network provides valuable information concerning actor classes (one class refers
to users of the same behavior, preference or property), it is natural to ask how we can use the
correlation presented in a social network to predict classes of users. That is, given a social network
with class information of some actors, how can we infer the class of the remaining actors within
the same network? This supervised learning problem assumes that we can observe classes of some
individuals so that social learning is attainable. The amount of information that we can collect
depends on tasks. For instance, if we want to know whether a user will click on an ad, we can collect
this information when the ad is displayed to the user. To determine behavior concerning voting for
a presidential candidate, we can collect some voluntary responses using online surveys. With such
class information, we might be able to unravel the class of other users with no class information.
Both supervised and unsupervised learning tasks are complementary to each other. As we show

later, unsupervised learning is one key step in our proposed supervised learning approach. On the



other hand, the success of the proposed supervised learning framework sheds lights for us to unify

unsupervised learning for various kinds of social media networks.
1.3 Challenges

The analysis of social structures based on network topology is not new. That is exactly what con-
ventional social science [147] trying to address. As social media thrives, many challenges arise.
They were seldom encountered and addressed in traditional social sciences, thus novel approaches
have to be developed.

A traditional social science study often involves the circulation of questionnaires, asking re-
spondents to detail their interaction with others. Then a network can be constructed based on the
response, with nodes representing individuals and edges the interactions between them. This type
of data collection confines most traditional social network analysis to a limited scale, typically hun-
dreds of actors at most in one study. Various relations can present in one network, and relations
between actors are typically explicitly known, e.g., actor a is the mother of actor b; actors b and ¢
are colleagues.

Social media, on the one hand, provides readily-available interactions between human beings on
an unprecedented scale. For example, Leskovec and Horvitz [77] analyzed a network constructed
based on instant messenger communication between 180 million users. This kind of scale can
hardly be possible in traditional social sciences, thus offering a new opportunity to study human
interactions and behavior in the large. On the other hand, social media also poses some challenges

to be addressed:

e Limited information. Diverse relations are intertwined with connections in a social network.
One user, for instance, might connect to her friends, relatives, college classmates, colleagues,
or online buddies with similar hobbies. Connections in a social network can represent various
kinds of relationship between users. However, when a network is collected from social media,
most of the time, no explicit information is available why these users connect to each other
and what their relationships are. This missing relation information can limit the performance

of some techniques when they are applied to a social media network.

e Scalability. Networks in social media can be huge, often involving millions of actors and



hundreds of millions of connections, while traditional network analysis normally deals with
hundreds of subjects or fewer. Twitter, for example, claims to have more than 100 million
users, and Facebook 500 million active users. Existing network analysis techniques might

fail to handle networks of this astronomical size.

e Heterogeneity. In social media, it is very likely that heterogeneous types of interaction exist
between the same set of users. Moreover, multiple types of entities can also be involved in
a network. Take YouTube as an example, users, tags, videos are all weaved into the same
network. Analysis of social media networks with heterogeneous entities and interactions

requires new theories and tools.

e Evolution. Social media emphasizes timeliness. For example, in content sharing sites and
blogosphere, people quickly lose their interest in most shared contents and blog posts. This
differs from classical web mining. It is common that new users jump in, new connections
establish between existing members, and old users become dormant or simply leave. Behind
noisy interactions, communities can also emerge, grow, shrink, or dissolve. How can we
capture the dynamics of individuals and communities? Can we find the die-hard members

that are the backbone of communities and determine the rise and fall of their communities?

e Evaluation. A research barrier concerning mining social media is evaluation. In traditional
data mining, we are so used to the training-testing model of evaluation. It differs in social
media. Since many social media sites are required to protect user privacy information, limited
benchmark data is available. Another frequently encountered problem is lack of ground truth
for many social computing tasks, which further hinders some comparative study of different

works. Without ground truth, how can we conduct fair comparison and evaluation?
1.4 Roadmap
Before I discuss a framework for learning with large-scale social media networks, I present a cursory
overview of the dissertation.

In chapter 2, we formulate the problem of supervised learning with social media networks, and

review existing state-of-the-art algorithms. We pinpoint limitations of these methods when they are



Table 1.3: Challenges Discussed in Each Chapter

Chapter 2 Chapter 3 Chapter 4
Challenges Supervised Learning  Unsupervised Learning  Scalable Learning
Limited Information v v
Scalability v
Heterogeneity v
Evolution v v
Evaluation v

applied to social media networks. Then, we propose a social dimension based learning framework
for classification with network data and present comprehensive empirical results.

Based on the concept of social dimension and the core idea in the proposed learning framework,
we show that the framework can be extended to handle unsupervised learning with various types
of social media networks in Chapter 3. We start from one type of network with heterogeneous in-
teractions, and derive a unsupervised learning approach following the proposed social dimension
concept in the previous chapter. This approach is then generalized to handle networks of hetero-
geneous entities, interactions or evolutions. We also demonstrate that such a simple unsupervised
learning approach corresponds to a sensible objective function through a series of derivation. This
deepens our understanding of the framework. Due to the lack of ground truth, novel evaluation
strategies are also presented.

Since most social media networks are often huge, it is imperative to develop scalable methods.
Chapter 4 discusses the possibilities of extracting sparse social dimensions in order to achieve scal-
able learning of collective behavior. We propose a simple yet effective algorithm. It is able to extract
sparse social dimensions from a network of millions of nodes in minutes, significantly advancing
the applicability of our proposed framework in dealing with large-scale networks.

Table 1.3 summarizes the challenges we are trying to address in these chapters. In essence, this
research provides the concept of social dimension, as well as efficient algorithms to harness the pre-
dictive power of social media networks. It enables the integration of data in heterogeneous format
and information from networks of multiple modes or dimensions, and offers a novel and feasible
solution for social computing. In Chapter 5, we conclude and point out some future directions based

on findings and lessons learned from this research.



Chapter 2

SUPERVISED LEARNING WITH SOCIAL MEDIA NETWORKS
With the rapid development of participatory web and social networking sites like YouTube, Twitter,
and Facebook, social media has reshaped the way people interact with each other. This blossom of
social networks provides opportunities to predict user-related attributes or behavior. In this chapter,
we investigate the task of supervised learning with social media networks. In particular, how we
can leverage social media networks to infer user attributes or behavior in the network.

It is noticed that diverse relations are intertwined with connections in social media networks.
For example, one user might connect to her relatives, college classmates, colleagues, or online
buddies with similar hobbies. The connections in a social network are inherently heterogeneous,
representing various kinds of relationship between users. However, when a social network is col-
lected from social media, most of the time, no explicit information is available why these users
connect to each other and what their relationships are. Existing methods that address classifica-
tion problems with network data seldom consider this heterogeneity. Direct application of existing
methods treats connections homogeneously, though they are inhomogeneous. This can lead to an
unsatisfactory performance Hence, we propose to differentiate connections and employ different
relations in building a discriminative classifier for classification.

We present social dimension, a concept dealing with connection heterogeneity, and propose a
classification framework (denoted as SocioDim) based on latent social dimensions. Each dimension
can be considered as the description of potential affiliations of social actors, which accounts for
the their interactions. With these social dimensions, we can take advantage of the power of dis-
criminative learning such as support vector machines or logistic regression to automatically select
relevant social dimensions for classification. The proposed learning framework is flexible to allow
the plug-in of different modules. It is demonstrated that our framework outperforms alternative
representative methods on social media data. SocioDim also offers a simple yet effective approach
to integrating network information with other features associated with actors such as social content

or profile information. Such a learning framework also applies to other domains with network data.



2.1 Problem Statement

In this chapter, we study supervised learning with networked data. For instance, in an advertising
campaign, advertisers attempt to deliver ads to those users who are interested in their products, or
similar categories. The outcome of user interests can be represented using + or -, with + denoting
a user is interested in the product and - otherwise. We assume that the interests of some users are
already known. This can be extracted from user profiles or their response to a displayed ad. The
task is to infer the preference of the remaining users within the same network.

Individual interests cannot be captured by merely one class. It is normal to have multiple inter-
ests in a user profile. Rather than concentrating on univariate cases of classification in networked
data [90] (each node has only one class label), here we examine a more challenging task that each
node in a network can have multiple labels, i.e., a multi-label classification problem [142] or a
multi-task learning problem [21]. In this setup, the univariate classification is just a special case.
Following other standard setup for collective classification [112], the multi-label classification prob-

lem with network data can be formally described below:

Given:
- K categories % ={%,--- , % };
- anetwork .«f = (V,E,Y) representing the interactions between nodes, where

V is the vertex set, E is the edge set, and each node v; is associated with class

labels y; whose value can be unknown;

— the known labels Y% for a subset of nodes V* in the network, where VL C
V and y;; € {+,—} denotes the class label of the vertex v; with respect to
category %;.

Find:
— the unknown labels YV for the remaining vertices V¥ =V — VL,
Each vertex in the network represents one actor or one user in social media. Thereafter, data in-

stances, actors, vertices, nodes, entities and objects are used interchangeably in the context of a

network.
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The problem above is referred as within-network classification [90]. The classification is based
on network information alone. In reality, there might be features associated with each node (actor).
For example, in blogosphere, the content of blog posts are available besides the blog network. While
it is an essential task to piece together these distinctive types of information, it is not the main
focus here. In this chapter, we examine different approaches to classification based on network

information alone, and then discuss their extensions to include actor features for learning.
2.2 Motivation

We briefly review collective inference, a commonly used method that has been proposed to address
classification with network data, and discuss its limitations when it is applied directly to networks

in social media.

2.2.1 Collective Inference

When data instances are connected in a network, they are not identically independently distributed
(i.i.d.) as in conventional data mining. It is empirically demonstrated that linked entities have
a tendency to belong to the same class [90]. This correlation in the class variable of connected
objects can be explained by the concept of homophily in social science [92]. Homophily suggests
a connection between similar people occurs at a higher rate than among dissimilar ones. It is one
of the first characteristics studied by early social network researchers [5, 148, 18], and holds for a
wide variety of relationships [92]. Homophily is also observed in social media [40, 138, 76].
Based on the empirical observation that labels of neighboring entities (nodes) are correlated,
the prediction of one node cannot be made independently, but also depends on its neighbors. To
handle the interdependency, collective inference is widely used to address the classification problem
in networked data [64, 90, 112]. A common Markov assumption is that, the labels of one node

depends on the labels (plus other attributes if applicable) of its neighbors. In particular,

P(yil) = P(yi|-H) (2.1)

where 7 is the network, y; the label of node v;, and .4; a set of its “neighbors”. The neighbors
are typically defined as nodes that are 1-hop or 2-hop away from v; in the network [64, 44]. For

training, a relational classifier based upon the labels (plus other available node attributes) of neigh-
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bors is learned via the labeled nodes V. For prediction, collective inference [64] is applied to
find an equilibrium status such that the inconsistency between neighboring nodes in the network is
minimized. Relaxation labeling [25], iterative classification [87] and Gibbs sampling [46] are the
commonly used techniques. All the collective inference variants share the same basic principle: it
initializes the labels of unlabeled nodes VU, and then applies the constructed relational classifier
to assign class labels (or update class membership) for each node while fixing the labels (or class

membership) of its neighboring nodes. This process is repeated until convergence.

2.2.2 Heterogeneous Relations

A social network is often a composite of various relations. People communicate with their friends
online. They may also communicate with their parents or random acquaintances. The diversity of
connections indicates that two connected users do not necessarily share certain class labels. When
relation type information is not available, directly applying collective inference to such a network
cannot differentiate connections between nodes, thus fails to predict the class membership of actors
in the network. Let us look at a concrete example in Figure 4.1. Actor 1 connects to Actor 2 because
they work in the same IT company, and connects to Actor 3 because they often meet each other in
the same sports club. Given the label information that Actor 1 is interested in both Biking and IT
Gadgets, can we infer Actors 2 and 3’s labels? Treating these two connections homogeneously, we
guess that both Actors 2 and 3 are also interested in biking and IT gadgets. But if we know how
Actor 1 connects to other actors, it is more reasonable to conjecture that Actor 2 is more interested

in IT gadgets and Actor 3 likes biking.
Colleagues in Meet at

IT company Sports Club

Biking,
IT Gadgets

? ?

Figure 2.1: A Toy Example

The example above assumes the cause of connections is explicitly known. But this kind of
information is rarely explicit in real-world applications, though some social networking sites like

Facebook do ask connected users about the reason why they know each other. Most of the time,
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only network connections (as in Figure 2.2) are available. If we can somehow differentiate the
connections into different affiliations (as shown in Figure 2.3) and find out which affiliation is
correlated more with the targeted class label, we can infer the class membership of each actor more
precisely. Notice that an actor can present in multiple affiliations, e.g., actor 1 belongs to both

Affiliation-1 and Affiliation-2 in the example.

Affiliation-1 Affiliation-2

Figure 2.2: Node 1’s local Network Figure 2.3: Different Affiliations

Given a network, differentiating its connections into distinct affiliations is not an easy task as
the same actor is involved in multiple affiliations. Moreover, the same connection can be associated
with more than one affiliation. For instance, one can connect to another as they are colleagues as
well as going to the same sports club frequently. Instead of capturing affiliations among actors
via differentiating connections directly, we resort to latent social dimensions, with each dimension
representing a plausible affiliation of actors. Next, we introduce the concept of social dimensions,

and illustrate a classification framework based on that.
2.3 SocioDim: A Learning Framework based on Social Dimensions

To handle network heterogeneity as we have mentioned in the previous section, we propose to
extract social dimensions [121, 124] to capture the latent affiliations of actors and utilize them for
classification. Below, we introduce the concept of social dimensions and a fundamental assumption
for our framework.

Social dimensions are the vector-format representation of actors’ involvement in different affil-
iations. Given the extracted affiliations in Figure 2.3, we can represent them as social dimensions
in Table 2.1. If an actor is involved in one affiliation, then the entry of social dimensions corre-
sponding to the actor and the affiliation is non-zero. Note that one actor can participate in multiple

different affiliations (e.g., Actor 1 is associated with both affiliations). Different actors participate



13

in disparate affiliations in varying extent. So weighted values, instead of boolean values, can also

be used to represent affiliation membership.

Table 2.1: Social Dimensions Corresponding to Affiliations in Figure 2.3

Actor | Affiliation-1  Affiliation-2

1 1 1
2 1 0
3 0 1

We assume one actor’s label depends on its latent social dimensions. Specifically, we assume
P(yil«) = P(yilS:) (2.2)

where S; € IR* denotes the social dimensions (latent affiliations) of node v;. This is fundamentally
different from the Markov assumption in Eq.(2.1) used in collective inference. Collective infer-
ence assumes the labels of one node relies on that of its neighbors. It does not capture the weak
dependency between nodes that are not close or directly connected. Here we assume the labels
are dependent on its latent social dimensions so the nodes within the same affiliations tend to have
similar labels even though they are not directly connected. Based on the assumption in Eq. (2.2),
we propose a learning framework SocioDim to handle the network heterogeneity for classification.
The overview of the framework is shown in Figure 2.4. It is composed of two phases: we first ex-
tract the latent social dimensions S; for each node, and then build a classifier based on the extracted
dimensions to learn P(y;S;).

2.3.1 Phase I: Extraction of Social Dimensions
For the first phase, we require the following:
e an undirected network represented as a sparse matrix A € R"*",
e the number of social dimensions to extract k.

The output should be social dimensions S € R"** of all nodes in the network. It is desirable that the

extracted social dimensions satisfy the following properties:

e Informative. The social dimensions should be indicative of latent affiliations of actors.
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Labels
Extract /  Training -
Latent I:I )
Affiliations
l Prediction r Predicted
Labels
Social 1
Dimensions

Input: A social network 7,
the labels of some nodes in the network Y%,
the number of social dimensions to extract k;
Output: the labels of unlabeled nodes YY.
1. given &/ and k, extract social dimensions S € R”¥ via soft clustering;
2. based on S” and YZ£, construct a discriminative classifier C;
3. based on SV and C, output Y'Y for unlabeled nodes.

Figure 2.4: SocioDim: A Classification Framework based on Social Dimensions

e Plural. The same actor can be involved in multiple affiliations, thus having non-zero entries

in different social dimensions.

e Continuous. The actors might have different degree of associations to one affiliation. Hence,

a continuous value rather than discrete {0, 1} is more favorable.

One key observation is that when actors belong to the same affiliation, they tend to connect to
each other. For example, people of the same department interact with each other more frequently
than any two random people in a network. In order to infer the latent affiliations, we need to find out
a group of people who interact with each other more frequently than random. This boils down to a
classical community detection problem in networks. Most existing community detection methods
partition the nodes of a network into disjoint sets. But in reality, each actor is likely to subscribe
to more than one affiliation. Henceforth, a soft clustering scheme is preferred to extract social
dimensions.

Many approaches developed for clustering on graphs serve the purpose of social dimension
extraction, including modularity maximization [101], latent space models [57, 110], block mod-
els [105, 3] and spectral clustering [88]. In Appendix A, we show that all these methods can follow

a similar procedure for community detection as shown in Figure A.2. Given a network, we construct
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Table 2.2: Social Dimensions Extracted According to Spectral Clustering

Node | Ideal Case | Spectral Clustering
-0.0893
0.2748
-0.4552
-0.4552
-0.4643
0.1864
0.2415
0.3144
0.3077

—_—

1
1
0
0
0
1
1
1
1
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a utility matrix, extract its top (largest or smallest depending on the objective function) eigenvec-
tors as the soft community indicator, and then recover community partition via k-means clustering.
Since a soft clustering is preferred for community detection, we use the soft community indicator
as social dimensions.

Take spectral clustering as an example. Spectral clustering is originally proposed to address the
partition of nodes in a graph. Spectral clustering has been shown to work reasonably well in various
domains including graphs, text, images and microarray data. It is also proved [157] to be equivalent
to a soft version of the classical k-means algorithm for clustering. Social dimensions in this case
correspond to the smallest eigenvector of the utility matrix, i.e., the graph Laplacian defined in
Eq. (A.9). We want to emphasize that spectral clustering is not the only method of choice. Different
alternatives can be plugged in for this phase. This is also one nice feature of our framework as it
allows for convenient plug-in of existing soft clustering packages.

For example, if we apply spectral clustering to the toy network in Figure 2.2, we obtain the
social dimension in the last column in Table 2.2. In the table, we also show the ideal representation
of the two affiliations in the network. Nodes 3, 4 and 5 belong to the same affiliation, thus share
similar negative values in the extracted social dimension. Nodes 2, 6, 7, 8 and 9, associated with
Affiliation-1, have similar positive values. Node 1, which bridges these two affiliations, has a value
in between. The social dimension extracted based on spectral clustering do capture actor affiliations

in certain degree.
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In summary, given a network A, we construct the normalized graph Laplacian Lasin Eq. (A.9),
and then compute its first k smallest eigenvectors as the nodes’ social dimensions. Note that Lis
sparse. So the power method or Lanczos method [50] can be used to calculate the top eigenvectors

if k is not too large. Many existing numerical optimization software can be employed.

2.3.2  Phase II: Classification Learning based on Social Dimensions
This phase constructs a classifier with the following inputs:
e the labels Y of labeled nodes in the network .7,
e the social dimensions S of the labeled nodes.

The social dimensions extracted in the first phase are deemed as features of data instances
(nodes). We conduct conventional supervised learning based on the social dimensions and the label
information. A discriminative classifier like support vector machine (SVM) or logistic regression
can 