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Abstract Social media has reshaped the way in which people interact with each
other. The rapid development of participatory web and social networking sites like
YouTube, Twitter, and Facebook, also brings about many data mining opportunities
and novel challenges. In particular, we focus on classification tasks with user interaction information in a social network. Networks in social media are heterogeneous,
consisting of various relations. Since the relation-type information may not be available in social media, most existing approaches treat these inhomogeneous connections
homogeneously, leading to an unsatisfactory classification performance. In order to
handle the network heterogeneity, we propose the concept of social dimension to represent actors’ latent affiliations, and develop a classification framework based on that.
The proposed framework, SocioDim, first extracts social dimensions based on the network structure to accurately capture prominent interaction patterns between actors,
then learns a discriminative classifier to select relevant social dimensions. SocioDim,
by differentiating different types of network connections, outperforms existing representative methods of classification in social media, and offers a simple yet effective
approach to integrating two types of seemingly orthogonal information: the network
of actors and their attributes.
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1 Introduction
Social media, such as Facebook, MySpace, Twitter, BlogSpot, Digg, YouTube, and
Flickr, has streamlined ways for people to express their thoughts, voice their opinions,
and connect to each other anytime and anywhere. For instance, popular content-sharing
sites like Del.icio.us, Flickr, and YouTube allow users to upload, tag and comment on
different types of content (bookmarks, photos, or videos). Users registered at these sites
can also become friends, fans, or followers of others. The prolific and expanded use of
social media has turned online interactions into a vital part of the human experience.
The election of Barack Obama as the President of United States was partially attributed
to his smart Internet strategy and access to millions of younger voters through a novel
use of social media. As reported in the New York Times, in response to the disputed
Iranian presidential election in 2009, Twitter has emerged as a global communication
tool during the protest.
The increasing online traffic in social media brings about many data mining opportunities for user profiling, targeting, recommendation, and crowd-opinion analysis.
Take social networking advertising as an example. Advertising in social media has
encountered many challenges.1 A common approach to targeting is to build a model
that maps from user profiles (e.g., the geography location, education level, gender) to
ad categories. Since social media often comes with a friendship network between users
and many daily interactions, how can we exploit this rich user interaction information
to infer the ads that might attract a user? This can be considered as a classification problem. The key task boils down to classifying users into relevant ad categories. For the
classification problem, some labeled data can be collected. Online activities of users
such as clicking on an ad, purchasing a product, or hobbies on their profiles reflect the
users’ potential interests. In reality, however, the label information is limited. Given
a social network of users with their interaction information, we investigate how to
leverage this rich interaction information for classification tasks in social media.
The analysis of social structures based on network topology has been studied in
social sciences [49]. A traditional social science study involves the circulation of questionnaires, asking respondents 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 hundreds of actors at most in
one study. Various relations are present in one network. The relations between actors
are often explicitly known, e.g., actor a is the mother of actor b; actors b and c are
colleagues. This type of relation information enables the anatomy of group process,
group norm and social role analysis [49].
Diverse relations also make up the connections in large-scale networks present in
social media. For example, one user might connect to her friends, relatives, college
1 http://www.nytimes.com/2008/12/14/business/media/14digi.html.
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classmates, colleagues, or online buddies with similar hobbies. The connections in a
social network are inherently heterogeneous, representing various kinds of relationships between users. However, when a network is collected from social media, most
of the time, no explicit information is available as to why these users connect to each
other and what their relationships are. Existing methods that address classification
problems with networked data seldom consider this heterogeneity. In other words,
most existing methods treat inhomogeneous connections homogeneously. This can
lead to undesirable results for a heterogeneous network. Therefore, we propose to
differentiate various types of connections in building a discriminative classifier.
We present SocioDim, a novel classification framework based on latent social
dimensions. Each dimension can be considered as the description of a plausible affiliation of actors that accounts for the interactions between them. With these social
dimensions, we can take advantage of the power of discriminative learning, such as
support vector machines or logistic regression, to automatically select relevant social
dimensions for classification. The proposed framework is sufficiently flexible to allow
the plug-in of different modules, and 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.
The paper is organized as follows. We formally state the classification problem with
networked data in Sect. 2, and review existing work to handle the problem and discuss
its limitations in Sect. 3. We propose an alternative framework to address the classification problem in networked data in Sect. 4. Some empirical results on real-world data
are presented and discussed in Sects. 5 and 6. Further analysis of the framework is
presented in Sect. 7. We present the related work in Sect. 8 and conclude in Sect. 9 by
pointing out promising directions for future research using the proposed framework.
2 Problem statement
In this work, we study classification 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 social network.
In social media, some individuals are highly idiosyncratic. Their interests cannot be
captured by merely one class. It is normal to have multiple interests in a user profile.
Rather than concentrating on univariate cases of classification in networked data [29]
(with each node having only one class label), we examine a more challenging task
in which each node in a network can have multiple labels. In this setup, the univariate classification is just a special case. The multi-label classification problem with
networked data can be formally described below:
Given:
– K categories Y = {Y1 , . . . , YK };
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a network A = (V , E, Y ) representing the interactions between nodes, where
V is the vertex set, E is the edge set, and each node vi is associated with class
labels yi whose value can be unknown;
– the known labels Y L for a subset of nodes V L in the network, where V L ⊆ V
and yij ∈ {+, −} denotes the class label of the vertex vi with respect to category
Yj .
Find:
– the unknown labels Y U for the remaining vertices V U = V − V L .

–

Here, each vertex in the network represents one actor, or one user, in social media.
Thereafter, data instances, actors, vertices, nodes, entities, and objects are used interchangeably in the context of a network.
The problem above is referred to as within-network classification [29]. It can be
considered as a special case of relational learning [14], which is concerned with the
modeling of domains that exhibit relational structures between objects. Here, we focus
on the classification of objects when they are connected within only one network.
The problem we present deals with classification being based on network information alone. In reality, there might be more features associated with each node (actor).
For example, in the blogosphere, the content of blog posts are available along with a
blogger network. While it is an essential task to piece together these heterogeneous
types of information, it is not the main focus here. In this work, we examine different
approaches to classification based on network information alone and then discuss their
extensions to handle additional actor features such as content information.
3 Collective inference and its limitations
In this part, we briefly review the commonly-used method to handle classification with
networked data and discuss its limitations when applied directly to networks in social
media.
3.1 Collective inference
When data instances are connected in a network, they are not independent and identically 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 [29]. This correlation in
the class variable of connected objects can be explained by the concept of homophily
in social science [30]. Homophily suggests that 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 [2,3,50], and holds for a wide variety of
relationships [30]. Homophily is also observed in social media [10,45].
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 classification problems in networked data [20,29,37]. A common Markov
assumption is that, the label of one node depends on that of its neighbors (plus other
attributes if applicable). In particular,
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P (yi |A) = P (yi |Ni ).

(1)

Here A is the network, yi the label of node vi , and Ni a set of its “neighbors”. The
neighbors are typically defined as nodes that are 1-hop or 2-hop away from vi in the
network [20,12]. For training, a relational classifier based on the labels of neighbors
(plus other available node attributes) is learned via the labeled nodes V L . For prediction, collective inference [20] is applied to find an equilibrium status such that the
inconsistency between neighboring nodes in the network is minimized. Relaxation
labeling [5], iterative classification [26], and Gibbs sampling [13] are the commonlyused techniques. All the collective inference variants share the same basic principle: it
initializes the labels of unlabeled nodes V U , 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.
This collective inference procedure shares the same spirit as the harmonic function [55] in semi-supervised learning. It is shown in [29] that a simple weighted-vote
relational neighborhood classifier [28] based on collective inference yields almost
identical performance as the Gaussian field for semi-supervised learning [55].
3.2 Limitation of collective inference when applied directly to social media
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, and thus fails to predict the class membership of actors in the
network. To give a palpable understanding, let us look at a toy example in Fig. 1.
Actor 1 connects to Actor 2 because they work in the same IT company, and 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.
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 and LinkedIn do ask connected users about the reason
why they know each other. Most of the time, only network connections (as in Fig. 2) are
available. If we can somehow differentiate the connections into different affiliations
Fig. 1 A toy example
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Fig. 2 Node 1’s local network

Fig. 3 Different affiliations

(as shown in Fig. 3) and find out which affiliation is more correlated with the targeted
class label, we can infer the class membership of each actor more precisely. Notice
that an actor can be present in multiple affiliations. For instance, actor 1 belongs to
both Affiliation-1 and Affiliation-2 in the example.
Given a network, differentiating its connections into distinct affiliations is not an
easy task, as the same actor is involved in multiple affiliations. Moreover, one 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.
Rather than capturing affiliations among actors via connection differentiation, we
resort to latent social dimensions, with each dimension representing a plausible affiliation of actors. Next, we introduce the concept of social dimensions and describe a
classification framework based on that.

4 SocioDim: a framework to handle network heterogeneity
To handle the network heterogeneity as we have mentioned in the previous section,
we propose to extract social dimensions, thereby capturing the latent affiliations of
actors. Based on that, a classification framework is presented. 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 affiliations. Given the extracted affiliations in Fig. 3, we can represent them
as social dimensions in Table 1. If an actor is involved in one affiliation, then the entry
of social dimensions corresponding to the actor and the affiliation is non-zero. Note
that one actor can participate in multiple affiliations. E.g., actor 1 is associated with
both affiliations. Different actors participate in disparate affiliations in varying extent.
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Actor

Affiliation-1

Affiliation-2

1

1

1

2

1

0

3

0

1

...

...

...

Fig. 4 SocioDim: a classification framework based on social dimensions

Numerical values, instead of boolean values, can also be used to represent affiliation
membership.
We assume that the actor’s label depends on his latent social dimensions. In particular, we assume
P (yi |A) = P (yi |Si )

(2)

where Si ∈ IRk denotes the social dimensions (latent affiliations) of node vi . This
is fundamentally different from the Markov assumption in Eq. 1 used in collective
inference, which assumes the label of one node relies on that of its neighbors. The
Markov assumption does not capture the weak dependency between nodes that are not
directly connected. In our approach, we assume the labels are determined by latent
social dimensions. The nodes within the same affiliation tend to have similar labels
even though they are not directly connected. Based on the assumption in Eq. 2, we
propose a learning framework called SocioDim to handle the network heterogeneity
for classification. The overview of the framework is shown in Fig. 4. The training is
composed of two phases. We first extract the latent social dimensions Si for each node
and then build a classifier based on the extracted dimensions to learn P (yi |Si ).
4.1 Phase I: extraction of social dimensions
For the first phase, we require the following:
–
–

A ∈ Rn×n : an undirected network represented as a sparse matrix,
k: the number of social dimensions to extract.
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The output should be the social dimensions (S ∈ Rn×k ) of all nodes in the network. It
is desirable that the extracted social dimensions satisfy the following properties:
– Informative. The social dimensions should be indicative of latent affiliations of
actors.
– Plural. The same actor can engage in multiple affiliations, thus having non-zero
entries in different social dimensions.
– Continuous. The actors might have different degrees of association 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 nodes of
a network into disjoint sets. But in reality, each actor is likely to subscribe to more than
one affiliation. So 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 [34], latent space models [18,36], block models [1,35] and spectral clustering [27]. 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 [52] to be equivalent to a soft version of
the classical k-means algorithm for clustering. We choose spectral clustering to extract
social dimensions due to its effectiveness in various domains and the availability of a
huge number of existing linear algebra packages to help solve the problem. We want to
emphasize that this is not the only method of choice. Alternatives can be plugged in for
this phase. This is also one nice feature of our framework, as it allows for convenient
plug-ins of existing soft clustering packages. Later in the experiment part in Sect. 7.2,
we will compare different strategies to extract social dimensions.
Below, we briefly review the principle of spectral clustering for presentation convenience. Spectral clustering was originally proposed to address the problem of partitioning a graph into disjoint sets. Here, the edges of a graph can have weights, denoting
the similarity between nodes. Intuitively, we want to find a partition of the graph, so
that the edges between groups have a small weight and the edges within a group have
a large weight. This is closely related to the minimum-cut problem. For two disjoint
vertex sets B, C ⊂ V , the cut between B and C is defined as

Aij .
Cut (B, C) =
vi ∈B, vj ∈C

A k-way partition (C1 , C2 , . . . , Ck ) should satisfy ∪ki=1 Ci = V and Ci ∩ Cj =
φ, ∀i = j . The problem of finding a good k-way partition can be formulated as
min cut (C1 , C2 , . . . , Ck ) =

k

i=1
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In practice, this might return trivial partitions like a group consisting of only one vertex
separated from the remaining network. To find a somehow “balanced” partition, some
alternative objectives are proposed to take into account the group size. One commonly
used objective is normalized cut [38], which is defined below:
1  cut (Ci , V /Ci )
k
vol(Ci )
k

N cut (C1 , . . . , Ck ) =

(3)

i=1


where vol(Ci ) = vj ∈Ci dj , and dj represents the degree of node vj . The coefficient 1/k is added to normalize the score between 0 and 1. If we define a community
indicator matrix H as

Hij =


1/ vol(Cj )
0

if vertex i belongs to community Cj
otherwise

(4)

It can be verified that,
N cut (C1 , C2 , . . . , Ck ) =

1
T r(H T LH )
k

where L is the graph Laplacian. In particular,
L=D−A
where D = diag(d1 , d2 , . . . , dn ) and A is the network. Observe that H T DH = I , so
the minimization of Ncut can be written as
min

C1 ,...,Ck

T r(H T LH )

s.t. H T DH = I
H in form of Eq. 4
Due to the discreteness of partition, the problem is NP-hard to solve. Alternatively,
we solve a relaxation of the problem as follows:
min T r(H T LH )
H

s.t. H T DH = I
Let
S = D 1/2 H,

(5)
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Table 2 Social dimensions
extracted according to spectral
clustering

Node
1

Ideal
1

Case
1

Spectral clustering
−0.0893

2

1

0

0.2748

3

0

1

−0.4552

4

0

1

−0.4552

5

0

1

−0.4643

6

1

0

0.1864

7

1

0

0.2415

8

1

0

0.3144

9

1

0

0.3077

the problem above can be reformulated as
min T r(S T L̃S)

(6)

s.t. S T S = I

(7)

S

where L̃ is the normalized Laplacian defined below
 = D −1/2 LD −1/2 = I − D −1/2 AD −1/2 .
L

(8)

The optimal solution of S corresponds to the first k eigenvectors of the normalized
 with the smallest eigenvalues. Typically in spectral clustering, a
graph Laplacian L
post-processing step like k-means clustering is applied to S or H to find out a disjoint
partition [27]. For our problem, however, disjoint partition is discouraged. So, we take
 as the social dimensions extracted from the network A.
the first few eigenvectors of L
For example, if we apply spectral clustering to the toy network in Fig. 2, we obtain
the social dimension in the last column in Table 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 sharing 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 does capture actor affiliations in certain degrees.
 as
In summary, given a network A, we construct the normalized graph Laplacian L
in Eq. 8, and then compute its first k smallest eigenvectors as the social dimensions.
 is sparse. So the power method or Lanczos method [15] can be used to calNote that L
culate the top eigenvectors if k is not too large. Many existing numerical optimization
packages can be employed.
4.2 Phase II: classification learning based on social dimensions
This phase constructs a classifier with the following inputs:
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YL : the labels of some nodes in the network A,
S L : the social dimensions 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 be used. Other features associated with the
nodes, if available, can also be included during the discriminative learning. This phase
is critical, as the classifier will determine which dimensions are relevant to the class
label. A linear SVM is exploited in this work due to its simplicity and scalability [42].
One concern with spectral clustering is that the obtained dimensions are not unique.
Let S be the extracted dimensions based on Eq. 7, and P be an orthonormal matrix
such that P ∈ R k×k , P T P = P P T = Ik . It can be verified that S = SP is a solution
with the same objective:
 )) = T r((SP )T L(SP

 P T ) = T r(S T LS)

)) = T r(S T LSP
T r((S )T L(S
Essentially, the solutions are equivalent under an orthogonal transformation. But this
non-uniqueness does not affect the discriminative learning if a linear SVM is employed.
The linear SVM with social dimensions S can be considered as a kernel machine with
a linear kernel K = SS T . With an orthogonal transformation P , the new kernel K
does not change:
K = S S T = (SP )(SP )T = SP P T S T = SS T = K.

(9)

It follows that the classifier and thus its predictions remain the same. Therefore, the
overall classification is not affected by the non-uniqueness of social dimensions in the
previous phase.
4.3 Phase III: prediction
The prediction phase requires:
–
–

C: the constructed classifier based on training,
S U : the social dimensions of those unlabeled nodes in the network.

Prediction is straightforward once the classifier is ready, because social dimensions
have been calculated in Phase I for all the nodes, including the unlabeled ones. We
treat social dimensions of the unlabeled nodes as features and apply the constructed
classifier to make predictions. Different from existing within-network classification
methods, collective inference becomes unnecessary. Though the distribution of actors
does not follow the conventional i.i.d. assumption, the extracted social dimensions in
Phase I already encode correlations between actors along with the network. Each node
can be predicted independently without collective inference. Hence, this framework
is efficient in terms of prediction.
We emphasize that this proposed framework, SocioDim, is flexible. We choose
spectral clustering to extract social dimensions and SVM to build the classifier.
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This does not restrict us from using alternative choices. Any soft clustering scheme
can be used to extract social dimensions in the first phase. The classification learning
phase can also be replaced with any classifier other than SVM. This flexibility enables
the convenient use of many existing software packages developed for clustering or
classification. One minor issue is that, depending on the adopted classifier, the final
decision function might not be unique because of the non-uniqueness of social dimensions as discussed before. It is beyond the scope of this work to study how the final
classification performance fluctuates with respect to social dimensions under different
transformations.
5 Experiment setup
In the experiment below, we will compare our proposed SocioDim framework with
representative collective-inference methods when heterogeneity is present in a network. Before we proceed to the details, we describe the data collected for experiments
and the baseline methods for comparison.
5.1 Data sets
In this work, we focus on classification tasks in social media. We shall examine how
different approaches behave in real-world social networks. Two data sets are collected:
one from BlogCatalog2 and the other from the popular photo sharing site Flickr:3
–

–

BlogCatalog A blog in BlogCatalog is associated with various information pieces
such as the categories the blog is listed under, blog level tags, snippets of 5 most
recent blog posts, and blog post level tags. Bloggers submit their blogs to Blog
Catalog and specify the metadata mentioned above for improved access to their
blogs. This way the blog sites are organized under pre-specified categories. A
blogger also specifies his connections with other bloggers. A blogger’s interests
could be gauged by the categories he publishes his blogs in. Each blogger could list
his blog under more than one category. Note that we only crawl a small portion
of the whole network. Some categories occur rarely, and they demonstrate no
positive correlation between neighboring nodes in the network. Thus, we pick
39 categories with a reasonably large sample pool for evaluation purposes. On
average, each blogger lists their blog under 1.6 categories.
Flickr is a popular website to host photos uploaded by users, and it has become
an active community platform. Users in Flickr can tag photos and add contacts.
Users can also subscribe to different interest groups ranging from “black and
white photos”4 to a specific subject (say “bacon”5 ). Among the huge network and
numerous groups on Flickr, we randomly chose around 200 interest groups as the

2 http://www.blogcatalog.com/.
3 http://www.flickr.com/.
4 http://www.flickr.com/groups/blackandwhite/.
5 http://www.flickr.com/groups/everythingsbetterwithbacon/.
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Data

BlogCatalog

Flickr

Categories (K)

39

195

Actors (n)

10, 312

80, 513

Links (m)

333, 983

5, 899, 882

Network density

6.3 × 10−3

1.8 × 10−3

Maximum degree

3, 992

5,706

Average degree

65

146

Average labels

1.4

1.3

Average category NCut

0.48

0.46

class labels and crawled the contact network among the users subscribed to these
groups for our experiment. The users with only one single connection are then
removed from the data set.
Table 3 lists some statistics of the network data. As seen in the table, the connections
among social actors are extremely sparse. The degree distribution is highly imbalanced, a typical phenomenon in scale-free networks. We also compute the normalized
cut score (Ncut) for each category and report the average Ncut. Note that if a category
is nearly isolated from the rest of a network, the Ncut score should be close to 0.
Clearly, for both data sets, the categories are not well-separated from the rest of the
network, demonstrating the difficulty of the classification tasks. Both data sets are
publicly available from authors’ homepages.

5.2 Baseline methods
We apply SocioDim to both data sets. Spectral clustering is employed to extract social
dimensions. The number of latent dimensions is set to 500 and one-vs-rest linear SVM
is used for discriminative learning. We also compare SocioDim to two representative
relational learning methods based on collective inference (Weighted-Vote Relational
Neighbor Classifier [28] and Link-Based Classifier [26]), and two baseline methods
without learning (a Majority Model and a Random Model):
–

Weighted-Vote Relational Neighbor Classifier (wvRN). wvRN [28] works like a
lazy learner. No learning is conducted during training. In prediction, the relational
classifier estimates the class membership p(yi |Ni ) as the weighted mean of its
neighbors.

1
wij · p(yj |Nj )
j wij

p(yi |Ni ) = 

(10)

vj ∈Ni

=

1
|Ni |



p(yj |Nj )

(11)

{j :(vi ,vj )∈E}
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where wij in (10) are the weights associated with the edge between node vi and vj .
Eq. 11 is derived, because the networks studied here use {0, 1} to represent connections between actors, and we only consider the first order Markov assumption
that the label of one actor depends on his connected friends). Collective inference
is exploited for prediction. We iterate over each node of the network to predict
its class membership until the membership change is small enough. WVrn has
been shown to work reasonably well for classification in the univariate case and
is recommended as a baseline method for comparison [29].
Network Only Link-Based Classifier (LBC) [26]. This classifier creates relational
features of one node by aggregating the label information of its neighbors. Then,
a relational classifier can be constructed based on labeled data. In particular, we
use average class membership (as in Eq. 11) of each class as relational features,
and employ SVM to build the relational classifier. For prediction, relaxation labeling [5] is utilized as the collective inference scheme.
Majority Model (MAJORITY). This baseline method uses the label information
only. It does not leverage any network information for learning or inference. It
simply predicts the class membership as the proportion of positive instances in
the labeled data. All nodes are assigned the same class membership. This model
is inclined to predict categories of larger size.
Random Model (RANDOM). As indicated by the name, this model predicts the
class membership for each node randomly. Neither network nor label information
is used. This model is included for the relative comparison of various methods.

In our experiments, actors often have more than one label. We apply the methods
above to each category independently and report the average performance. Since most
methods yield a ranking of labels rather than an exact assignment, a thresholding process is normally required. It has been shown that different thresholding strategies lead
to quite different performances [9,42]. To avoid the effect of thresholding, we assume
the number of labels on the test data is already known and check how the top-ranking
predictions match with the true labels. Two commonly used measures Micro-F1 and
Macro-F1 [42] are adopted to evaluate the classification performance.
6 Experiment results
In this section, we experimentally examine the following questions: How is the classification performance of our proposed framework compared to that of collective inference? Does differentiating heterogeneous connections presented in a network yield a
better performance?
6.1 Performance on BlogCatalog data
We gradually increase the number of labeled nodes from 10% to 90%. For each setting, we randomly sample a portion of nodes as labeled. This process is repeated 10
times, and the average performance is recorded. The performances of different methods and the standard deviation are plotted in Fig. 5. Clearly, our proposed SocioDim
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Fig. 5 Performance on BlogCatalog with 10, 312 nodes (better viewed in color)

outperforms all the other methods. wvRN, as shown in the figure, is the runner-up most
of the time. MAJORITY performs even worse than RANDOM in terms of Macro-F1,
as it always picks the majority class for prediction.
The superiority of SocioDim over other relational learning methods with collective
inference is evident. As shown in the figure, the link-based classifier (LBC) performs
poorly with few labeled data. This is because LBC requires a relational classifier before
the inference. When samples are few, the learned classifier is not robust enough. This
is indicated by the large deviation of LBC in the figure when labeled samples are less
than 50%. We notice that LBC in this case takes many iterations to converge. wvRN
is more stable, but its performance is not comparable to SocioDim. Even with 90%
of nodes being labeled, a substantial difference between wvRN and SocioDim is still
observed. Comparing all three methods (SocioDim, wvRN and LBC), SocioDim is
the most stable and achieves the best performance.

6.2 Performance on Flickr data
Compared to BlogCatalog, the Flickr network is larger, with around 100,000 nodes.
In practice, the label information in large-scale networks is often very limited. Here
we examine a similar case. We change the proportion of labeled nodes from 1% to
10%. Roughly, the number of labeled actors increases from around 1, 000 to 10, 000.
The performances are reported in Fig. 6.
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Fig. 6 Performance on Flickr with 80, 513 nodes (Better viewed in color)

The methods based on collective inference, such as wvRN and LBC, perform poorly.
The LBC fails most of the time (almost like random) and is highly unstable. This can be
verified by the fluctuation of its Micro-F1. LBC tries to learn a classifier based on the
features aggregated from a node’s neighbors. The classifier can be problematic when
the labeled data are extremely sparse and the network is noisy as presented here. While
alternative collective inference methods fail, SocioDim performs consistently better
than other methods by differentiating heterogeneous connections within the network.
It is noticed the prediction performance on both data sets is around 20–30% for
F1-measure, suggesting that social media networks are very noisy. As shown in later
experiments, the performance can be improved when other actor features are also
included for learning.
6.3 Understanding the SocioDim framework
In the previous subsections, we show that SocioDim outperforms representative methods based on collective inference. Why does SocioDim demonstrate better performance
than collective inference? We will explore different hypotheses to better understand
the SocioDim framework.
6.3.1 H1 : Does SocioDim win because a given network is too sparse?
One might suspect that the poor performance of collective inference is due to the sparsity of a given network. As shown in Table 3, the density of the BlogCatalog network
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is only 6.3 × 10−3 . Flickr is even sparser. When a network is too sparse, Gallagher
et al. [12] suggest expanding the neighborhood of one node by adding “ghost edges”
to connect those nodes that are 2-hop away. Following their idea, we construct a network by linking all nodes that are within 2 hops. After the expansion for BlogCatalog,
the network density leaps to 6.16 × 10−1 . We cannot expand any more as the network becomes almost a complete graph when nodes within 3 hops are connected.
Flickr becomes quite dense after a 2-hop expansion, causing computational problems.
Therefore, we report the performance of collective inference of the expanded network
on BlogCatalog only in Fig. 7, where i denotes the number of hops to consider for
defining the neighborhood. For both wvRN and LBC, the performance deteriorates
after the neighborhood is expanded. This is because of the increase of connections.
Though it alleviates the sparsity problem, it also introduces more heterogeneity.
Collective inference, no matter how we define the neighborhood, is not comparable
to SocioDim.
6.3.2 H2 : Does SocioDim win because nodes within a category are well isolated
from the rest of a network?
Another hypothesis is related to the community effect present in a network. Since
SocioDim relies on soft community detection to extract social dimensions, and the
networks we studied are extremely sparse, one might suspect SocioDim wins because
there are very few inter-category edges. Intuitively, when a category is well-isolated
from the whole network, the clustering in the first phase of SocioDim captures this
structure, thus it defeats collective inference. Surprisingly, this intuition is not correct. Based on our empirical observation, when a category is well-isolated, there is
not much difference between wvRN and SocioDim. SocioDim’s superiority is more
observable when the nodes of one category are blended into the whole network.
In order to calibrate whether the nodes of one category are isolated from the rest of
a given network, we compute the category Ncut following Eq. 3. Given a category, we
split a network into two sets: one set containing all the nodes of the category, the other
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Fig. 8 Performance of
SocioDim in individual
categories
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set all the nodes not belonging to that category. The normalized cut can be computed.
If a category is well-isolated from a network, the Ncut should be close to 0. The larger
the NCut is, the less the category is isolated from the remaining network. The average
category Ncut scores on BlogCatalog and Flickr are 0.48 and 0.46, respectively, as
reported in Table 3. This implies that most categories are actually well connected to
the remaining network, rather than being an isolated group as one might suppose.
Figure 8 shows the performance of SocioDim on the 195 individual categories of the
Flickr data when 90% of nodes are labeled. As expected, SocioDim performance tends
to decrease when the Ncut increases. An interesting pattern emerges when we plot the
improvement of SocioDim over wvRN with respect to category Ncut in Fig. 9. The
largest improvements happen for those categories that are not well-isolated. Notice
the plus at the bottom left, which corresponds to the case when N cut = 0.12. For this
category, SocioDim achieves 90% F1 as shown in Fig. 8. But the improvement over
wvRN is almost 0 as in Fig. 9. That is, wvRN is comparable. Most of SocioDim’s
improvements occur when N cut > 0.35. Essentially, when a category is not well-isolated from the remaining network, SocioDim tends to outperform wvRN substantially.
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Table 4 Statistics of imdb data
Data

Size

Density

Ave. degree

Base acc.

Category Ncut

imdbprodco

1126

0.035

38.8

0.501

0.24

imdball

1371

0.049

67.3

0.562

0.36

6.3.3 H3 : Does SocioDim win because it addresses network heterogeneity?
In the previous subsection, we notice that SocioDim performs considerably better than
wvRN when a category is not so well-separated. We attribute the gain to taking into
account connection heterogeneity. Hence, we adopt a benchmark relational data (imdb
used in [29]) with varying heterogeneity. The imdb network is collected from the Internet Movie Data base, with nodes representing 1377 movies released between 1996
and 2001. The goal is to estimate whether the opening weekend box-office receipts of
a movie “will” exceed 2 million dollars. Two versions of network data are constructed:
imdbprodco and imdball . In imdbprodco , two movies are connected if they share a production company. While in imdball , they are connected if they share actors, directors,
producers or production companies. Clearly, the connections in imdball are more heterogeneous. Both network data sets have one giant connected component each, with
others being singletons or trivial-size components. Here, we report the performance
on the largest components.
We notice that these two data sets demonstrate different characteristics from the
previously-studied social media data. (1) the connections are denser. For instance,
the density of imdball is 0.049 (7 times denser than BlogCatalog and 27 times than
Flickr). (2) the classification task is also much easier. It is a binary classification task.
The class distribution is balanced, different from the imbalanced distribution present
in the social media data. Hence, we report classification performance in terms of accuracy as in [29]. Finally, (3) classes are well separated as suggested by the low category
Ncut in Table 4.
Figure 10 plots the performance of SocioDim and wvRN on imdbprodco and
imdball . When connections are relatively homogeneous (e.g., imdbprodco data),
SocioDim and wvRN demonstrate comparable classification performance. When connections become heterogeneous, the category NCut increases from 0.24 to 0.36. The
performances of both methods decrease as shown in Fig. 10b. For instance, with
50% of nodes labeled, SocioDim’s accuracy decreases from 80% to about 77%,
but wvRN’s performance drops severely, from 80% to around 66% with introduced
heterogeneity.
We notice that the performance decrease of wvRN is most observable when labeled
data are few. With increasing labeled data, wvRN’s performance climbs up. The comparison on the two networks of distinctive degree of heterogeneity confirms our original
hypothesis: SocioDim, by differentiating heterogeneous connections, performs better
than collective inference. This effect is more observable when a network presents
heterogeneity and the labeled data are few.
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6.4 Visualization of extracted social dimensions
In order to get some tangible idea of extracted social dimensions, we examine tags associated with each dimension. It is impractical to show tag clouds of all the extracted
dimensions (500 social dimensions for both data sets). Thus, given a category, we
investigate its dimension with the maximum SVM weight and check whether it is
truly informative about the category.
Since we use soft clustering to extract social dimensions, each dimension is represented by continuous values (as in the last column in Table 2). For simplicity, we pick
the top 20 nodes with the maximum positive values as representatives of one dimension. For example, nodes 8, 9, 7 and 6 are the top 4 nodes for the social dimension
extracted following spectral clustering in Table 2. Tags of those representative nodes
in one dimension are aggregated as the tags of that dimension. For the sake of clear
visualization, only those tags that occur more than once are kept in a tag cloud with
font size denoting their relative frequency.
Due to the space limit, we showcase only two examples from BlogCatalog. Figure 11
lists the tag clouds of selected social dimensions for categories Health and Animal,
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Fig. 11 Social dimensions selected by health and animal, respectively. a Health. b Animal

respectively. Evidently, both are quite relevant to their target categories. Based on
the tag cloud in Fig. 11a, it is not difficult to figure out that the social dimension is
about food and weight loss, which is highly relevant to Health. Similarly, the social
dimension in Fig. 11b is about dogs and pets, thus relevant to Animal. These examples
suggest that our extracted social dimensions are sensible, and that relevant dimensions can be selected accordingly by the classification learning phase of the SocioDim
framework.
7 Further analysis of SocioDim
In the previous section, we have shown that SocioDim outperforms methods based on
collective inference. In this section, we analyze properties of SocioDim from different
aspects. The following questions will be explored:
–
–
–

Social media provides more than mere actor network information. How can we
include different types of information in the classification framework?
Are there any other strategies to extract social dimensions? How do they perform
compared with spectral clustering?
The current instantiation of SocioDim requires users to provide a parameter to set
the number of social dimensions. How sensitive is the classification performance
to this parameter?

7.1 Integration of actor network and actor features
In social media, various kinds of user information besides social networks can be collected. For instance, in blogosphere, people post blogs, write comments and upload
tags. Some users also provide profile information. It is desirable to utilize all the information available to achieve more accurate classification. However, the actor features
(e.g., user profiles, social content or tag information) and the networks are presented
in disparate formats, hence some efforts are required for the integration.
One nice property of SocioDim is that it converts a network into features. So, if
actor features are available, it is straightforward to couple the network features with
actor features: simply combine the extracted social dimensions with actor features, and
the discriminative learning procedure determines which features are more informative
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of a class label. This simple combination of network information and actor features
allows for integration of data in disparate format and can lead to more accurate classification in general. Here we take BlogCatalog as an example to show the effect. In
BlogCatalog, the blogger can upload some tags descriptive of his blog site. We use
tag information as actor features for the bloggers. The performance of using tag or
network alone, or the combination of the two, are plotted in Fig. 12.
Tags are normally quite descriptive of a blogger while networks tend to be noisy.
It should not be surprising that the performance based on tags alone is better than
the performance based on networks. It is noticed that increasing the labeled samples
does not help much for performance based on tags, partly because some users do not
provide tags. But if we combine the social dimensions extracted from a network with
the tag features, the performance is increased by 3–6%. Networks in social media
are noisy. They provide complementary, though maybe weak, information of user
interests. There are other relational models to capture the dependency of connected
nodes and additional attributes (e.g.,[44,43]), but they normally require a lot of effort.
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Our proposed SocioDim provides a simple yet effective approach to integrating network information and actor features for accurate classification.
7.2 Alternative strategies to extract social dimensions
Each social dimension represents one latent affiliation. One actor is allowed to participate in multiple different affiliations, hence a soft clustering scheme is preferred
to extract social dimensions. In previous parts, we adopted spectral clustering, which
is proved to equal to a soft version of k-means partition [52], to extract social dimensions. One basic question is: how different is the performance of a hard partition
from that of a soft clustering? Spectral clustering involves the calculation of the top
eigenvectors of a normalized graph Laplacian whereas a k-means partition algorithm
is normally faster and more scalable. Should these two methods be comparable in
terms of classification performance, then a k-means partition should be preferred.
For completeness, we also explore other alternative soft clustering schemes.
Recently, modularity [33] is proposed to calibrate the strength of community structure
in scale-free networks. Modularity is like a statistical test where the null model is a
uniform random graph in which one actor connects to others with uniform probability
while keeping the same degree as a given network. Consider dividing the interaction matrix A of n vertices and m edges into k non-overlapping communities. Let si
denote the community membership of vertex vi , and di represents the degree of vertex
i. For two nodes with degree di and dj respectively, the expected number of edges
between the two in a uniform random graph model is di dj /2m. Modularity measures
how far the interaction deviates from a uniform random graph with the same degree
distribution. It is defined as:


di dj
1 
Aij −
δ(si , sj )
Q=
(12)
2m
2m
ij

where δ(si , sj ) = 1 if si = sj , and 0 otherwise. A larger modularity indicates denser
within-group interaction. Note that Q could be negative if the vertices are split into bad
clusters. Q > 0 indicates the clustering captures some degree of community structure.
In general, one aims to find a community structure such that Q is maximized. Modularity maximization can be relaxed in a similar way to spectral clustering [33]. The
community indicators are the top largest eigenvectors of a modularity matrix defined
below:
B =A−

ddT
2m

(13)

Modularity maximization is adopted to extract social dimensions in our preliminary
work [39] and has been shown to outperform methods based on collective inference.
Three representative clustering methods are compared: k-means partition, modularity maximization and spectral clustering. Following the SocioDim framework, we
apply these methods to extract social dimensions, respectively. Then SVM is employed
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social dimension extraction on
BlogCatalog. a Macro-F1.
b Micro-F1
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for the subsequent discriminative learning. To be fair, we fix the dimensionality to 500
for all the methods. For k-means, we adopt a similar strategy as in [19] by considering
the connections of each user as features and using k-means with cosine similarity
for clustering. For modularity maximization, we compute the top eigenvectors of the
modularity matrix defined in Eq. 13. The performances on BlogCatalog and Flickr are
plotted in Figs. 13 and 14, respectively.
Clearly, different methods yield quite different performances. This indicates that
the extraction of social dimensions can be crucial to our SocioDim framework. The
difference of soft clustering and hard partition is evident on BlogCatalog. Both spectral clustering and modularity maximization outperform k-means partition. When the
network scales to a larger size as in Flickr, modularity maximization does not show a
strong superiority over hard partition. Indeed, the performance of modularity maximization and that of k-means partition are comparable on Flickr. Spectral clustering, on
the contrary, excels in all cases. Spectral clustering seems to capture the latent affiliations more accurately for within-network classification. A related study shows that
maximizing modularity tends to find communities composed of small clusters [11].
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This might explain why modularity maximization is inferior to spectral clustering in
our experiments.
In summary, soft clustering, consistent with the social dimension concept, outperforms hard partition for social dimension extraction. Based on our empirical experience, spectral clustering is a good candidate to extract social dimensions. Of course,
other strategies can also be explored for more accurate classification.
7.3 Sensitivity to social dimensionality
In the experiments above, the social dimensionality is fixed to 500 for SocioDim. In
this subsection, we examine how the performance fluctuates with a varying number of
social dimensions. On both data sets, we vary the dimensionality from 100 to 1, 000
and observe its performance variation. The respective performance changes on BlogCatalog and Flickr are plotted in Fig. 15. To make the figure legible, we only plot the
cases when 10, 50 or 90% of nodes in the network are labeled on BlogCatalog, and
1, 5 or 9% on Flickr.
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Fig. 15 SocioDim sensitivity to latent dimensionality. a BlogCatalog. b Flickr

As seen in the figure, the performance on BlogCatalog peaks at around 200–400
dimensions and decreases with more social dimensions. For Flickr, the performance
stabilizes after 500–600 dimensions. If fewer (<200) latent social dimensions are
selected, then some discriminative dimensions might be missed and thus the performance deteriorates. Flickr requires much more social dimensions than BlogCatalog.
This agrees with our intuition about social dimensions. As each dimension represents
one latent affiliation, more affiliations are presented in a larger network, generally.
Another phenomenon is that the optimal dimensionality increases with the number
of labeled samples. For instance, for macro-F1 on BlogCatalog, the best performance
is achieved when only 200 dimensions are selected with 10% of labeled nodes. This
number increases to 300 when 50% of nodes are labeled, and 400 with 90% of nodes
labeled. On Flickr data, the desired number of social dimensions to reach the best performance also correlates positively with the dimensionality (300, 500 and 600 respectively when 1, 5 and 9% of nodes are labeled for micro-F1 on Flickr as in Fig. 15b).
Essentially, when more nodes are labeled, we have to zoom into affiliations of finer
granularity to capture user interests.
In practice, the optimal dimensionality depends on the network size and the number of labeled nodes. Generally, it correlates positively with these statistics mentioned
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above. This provides a high-level guideline to set the parameter, which can save some
time if extensive cross validation is required.
8 Related work
As our SocioDim framework addresses within-network classification, we review literature about relational learning and semi-supervised learning. On the other hand,
community detection is a key component in our framework to extract social dimensions. It is included for discussion as well.
8.1 Relational learning
Relational learning [14] refers to the classification when objects or entities are presented in multiple relations or network format. In this work, we study a special case:
within-network classification [29] when the objects are connected in one network.
The data instances in the network are not independently identically distributed (i.i.d.)
as in conventional data mining. In order to capture the correlation between labels of
neighboring data objects, a Markov dependency assumption is widely adopted. That
is, the label of one node depends on the labels (and attributes) of its neighbors. Based
on the assumption, collective inference [20] is proposed for prediction. Normally, a
relational classifier is constructed based on the relational features of labeled data, and
then an iterative process is required to determine class labels for unlabeled data. It
is shown that a simple weighted vote relational neighborhood classifier [28] works
reasonably well on some benchmark relational data and is recommended as a baseline
for comparison [29].
In our implementation of collective inference, we define the neighborhood to be
the nodes that are only 1-hop away. Gallagher et al. [12] propose to add “ghost edges”
before relational learning when the network is too sparse. The ghost edges essentially connect nodes that are 2 hops away. After the expansion of the neighborhood
of one node for collective inference, a better classification performance is observed.
However, this strategy cannot be applied to networks in social media. In social networks, the small-world effect [46] is often observed [4]. That is, any pair of nodes in
a large-scale social network are only several hops away, relating to the well-known
“six degree of separation”. For instance, in our Flickr data, the average degree of one
node is 146. Roughly, the nodes that are two hops away from one node can be as
high as 146 × 146 = 21, 316. Of course, this number is not precise as the friends
of friends may overlap. This huge number of neighbors brings in much more noise
and heterogeneity in connections, which can worsen the performance of collective
inference. This is empirically verified in a smaller BlogCatalog network in Sect. 6.3.1.
Often, a network becomes very dense after neighborhood expansion. As a result, the
scalability can be a concern as well.
There are many more complicated relational models to model the dependence
between connected entities. For instance, probabilistic relational model (PRM) as
introduced in [44,43]. Please refer to [14] for a comprehensive treatment. No doubt
such models are quite powerful to model various dependencies amongst entities,
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though the subsequent inference always requires certain approximation. Their complexity and scalability are often a barrier for practical use. Indeed, Macskassy and
Provost compared wvRN with PRM, and found that wvRN outperforms PRM on several relational data sets [29]. Given the extreme simplicity of wvRN and its outstanding
performance, wvRN is adopted as a baseline in our experiments.
Many relational classifiers only capture the local dependency based on the Markov
assumption. To capture the long-distance correlation, the latent group model [32] and
the nonparametric infinite hidden relational model [51] are proposed. Both present
generative models such that the links (and actor attributes) are generated based on
actors’ latent cluster membership. They share a similar spirit as SocioDim. But the
model intricacy and high computational cost for inference hinders their direct application to huge networks. So Neville and Jensen in [32] propose to use a clustering
algorithm to find the hard cluster membership of each actor first, and then fix the
latent group variables for later inference. In social media, a network is often very
noisy. Some nodes do not show a strong community membership and hard clustering
might assign them randomly [19]. The resultant community structure can change drastically even with the removal of one single edge in the network. Our social dimensions
are represented as continuous values. Each node is allowed to be involved in different
dimensions in a flexible manner. It is also empirically verified that hard partition is
not comparable to soft clustering in our experiment in Sect. 7.2. Another difference is
that both the latent group model and nonparametric infinite hidden relational model
are generative, while SocioDim allows the plug-in of any discriminative classifier. In
conjunction with the discriminative power of SVM, SocioDim yields more accurate
and stable performances.

8.2 Semi-supervised learning
Another related field is semi-supervised learning [54], originally proposed to address
the label shortage problem by exploiting unlabeled data. One branch of semisupervised learning is the graph-based approach [55,53]. Indeed, they share quite
a similar assumption as collective inference. The performances of wvRN and Zhu’s
method [55] are nearly identical as reported in [29]. Considering that Zhu’s method
involves the computation of the inverse of a matrix of the same size as a given network,
wvRN is used as the baseline in our experiments.
Some work [25,7] attempts to address semi-supervised learning with multiple labels
by utilizing the relationship between different labels. The relationship can be obtained
either from external experts or computed based on the labeled data. But its computational cost is prohibitive. We tried the method presented in [7], which constructs
a graph between different labels and then calculates a label assignment so that it
is smooth on both the instance graph and the label graph. It is required to solve a
Sylvester equation [15] and direct implementation takes an extremely long time to
find a solution, preventing us from reporting any comparative results.
On the other hand, some papers try to construct kernels based on graphs for SVM.
Diffusion kernel [21] is a commonly used one. However, it requires full SVD of the
graph Laplacian, which is not applicable for large-scale networks. Empirically, the
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classification performance is sensitive to the diffusion parameter. Cross validation or
some variant of kernel learning is required to select a proper diffusion kernel [48].
8.3 Community detection
Extracting latent social dimensions is related to community detection [41]. That has
been an active field in social network analysis, and various methods have been proposed including stochastic block models [35,1], the latent space model [18,17], spectral clustering [27] and modularity maximization [33]. A comprehensive treatment is
presented in [14]. In this work, spectral clustering is employed for SocioDim, but any
other soft clustering methods should also serve the purpose.
Recently, Kumar et al. [22] found that real-world networks consist of a giant connected component with others being singletons and small-size connected components.
Leskovec [23] studied the statistical properties of communities on the giant connected
component and found a similar pattern. The optimal spectral cut always returns a community of 100 to 200 nodes, loosely connected (say, one or two edges) to the remaining
network. A further comprehensive comparison of various community detection algorithms is reported in [24]. In these papers, most community detection methods focus on
discrete binary cases, i.e., extracting one community from a network based on certain
criterion. Whereas SocioDim employs soft clustering to extract social dimensions, and
typically many more dimensions instead of just one or two are extracted. We believe
a comprehensive comparison of different soft clustering approaches for the extraction
of social dimensions and their scalability is an interesting line of future work.
9 Conclusions and future work
Social media provides a virtual social networking environment. The presence of partial
label information and networking information allows us to build better classifiers. This
work proposes a novel approach to dealing with heterogeneous connections prevalent
in social media. To differentiate heterogeneous connections, we propose to extract
latent social dimensions via soft clustering such as modularity maximization and spectral clustering. Based on the extracted social dimensions, a discriminative classifier
like SVM can be constructed to determine which dimensions are informative for classification. Extensive experiments on social media data demonstrated that our proposed
social dimension approach outperforms alternative relational learning methods based
on collective inference, especially when the labeled data are few. It is noticed that some
relational models perform poorly in social media data. This is due to the heterogeneity of connections and high irregularity of human interactions in social media. Our
approach, by differentiating disparate types of connections among social actors and
converting network information into conventional features, achieves effective learning
for classification.
Many interesting directions can be explored along with the SocioDim framework.
–

The SocioDim framework converts networks into features, thus enabling convenient integration of data in disparate formats. How is it compared with other
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relational learning approaches that model network dependency and actor attributes? Is there any more effective method other than simple juxtaposition to integrate social dimensions and actor features?
In this work, spectral clustering is employed to extract social dimensions. The
resultant dimensions are dense, causing computational problems. On the contrary,
a hard partition delivers sparse social dimensions, as each actor is associated with
only one affiliation. But this constraint also limits its corresponding classification
performance. It is imperative to marry the advantages of both soft clustering and
hard partition. That is, each actor is allowed to participate in more than one affiliation, yet the corresponding social dimensions remain sparse. Some preliminary
results aiming at extracting sparse social dimensions have been presented in [40].
On the other hand, Menon and Elkan [31] show that supervised and unsupervised
extraction of social dimensions yield comparable results.
Another line of research is parallel and distributed computing to handle evolving,
large-scale networks. Luckily, our SocioDim consists of two well studied steps:
spectral clustering and SVM learning. Both have been extended to distributed
cases [16,6,8]. Thus SocioDim can be deployed to harness the power of parallel
computing. In social media, networks are highly dynamic. Each day, new members join a social network, and new connections are established among existing
members. It remains a challenge to achieve efficient updates in a parallel setting.
In the current model,we do not employ the relationship between different labels. In
order to handle this multi-label classification [47], a commonly-used one-vs-rest
scheme [42] is used. In certain scenarios, the labels can present certain structures like a hierarchical taxonomy. It merits further research to employ both social
networks and label networks for joint classification.
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