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Abstract

Over the last few years, Social Data Mining has become an important field inside
Data Analysis. These techniques are rapidly finding applications in a variety of do-
mains including artificial intelligence, economics and marketing amongst others. They
are based on knowledge extraction from the users, focusing on their behaviour and re-
lationships inside a system which can be modeled as a Social Network where they
act independly or establishing relationships. The Social Network studies have been
oriented from different points of view, however, the most representatives come from
Graph Theory. On the one hand, the Network is usually represented as a Graph where
the users are considered nodes and their relationships are the graph edges. Different
approximations of Complex Network Analysis are used to described the Network and
its features. On the other hand, the Graph Theory can also be used to analyses the
behaviour of the users, not only from a relationships point of view, instead, it can be
used to analyse the information that they generates, creating an independent profile of
the user. A representative selection of these techniques isdiscussed in detail in this
work, showing how different methods extracted from Graph Theory can be combined
with different approaches of Unsupervised Learning to analyse Social Behaviour from
different perspectives.

1. Introduction

Social Data Mining is one of the most innovative areas in DataMining [28]. This new
field combines different techniques which are related to Data Mining and Complex
Networks [42]. Several of these approaches have been focused on graph models,
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specially unsupervised learning, where graph models have proved to improve the
results of the most classical algorithm [53].

Different steps of the Data Mining processes can be focused from a graph-based
perspective. For example, the data structure can be consider as a Manifold generating
a topology over the data instances considering them as nodesof a graph and the
edges similarity measures amongst the nodes. New Data Mining algorithms from
unsupervised learning based on Spectral Analysis [58] takes a graph as the topology
of the data distribution and uses its spectrum for the model generation process of the
Machine Learning algorithm.

Complex Network are usually used to represent a Social Network [43] (for
example, Facebook or Twitter) as a graph where the users are represented as the nodes
of the graph and the relations between the users are represented as the edges of the
graph. This representation provides a lot of information about the network related
to the type of network (Small-World [60], Random [19], Scale-free [5],...), and its
features (strength, paths, authorities, hubs,...). It also has several applications related
to really separated fields such as Marketing [54] and Medicine [56], amongst others.

This work is focused on give a general perspective about the influence of Graph
Theory in Data Mining algorithms, presenting new techniques and algorithms which
have been developed over the last few years. It also introduces some analytical meth-
ods extracted from Complex Networks and provides some examples of important al-
gorithms and network structures in this field. Finally, it shows two famous Social
Networks where some of theses techniques have been successfully applied (Facebook
and Twitter) and recommends some software tools which mightbe helpful to apply
these processes.

The chapter is structure as follows: Section 2 provides somebasic definitions of
Graph Theory which are useful to understand the rest of the paper, people with knowl-
edge about Graph and Complex Network Theory can missed this section. Section 3
gives an overview of the Data Mining process and the different steps used during the
analysis. This section introduces the steps of Data Mining.Next, the Machine Learn-
ing methods which can use Graph Theory are detailed in Sections 4. Section 5 is
focused on the Complex Network analysis techniques which are also important in the
Social Analysis, it explains some issues about the Network structure and presents two
important algorithms of the literature: PageRank and HITS.Section 6 shows some
practical application of these approaches in real-world Social Networks: Facebook
and Twitter. Section 7 summarizes some tools which can be used in all the analysis
processes. Finally, the last section, explains the conclusions.

2. Basic Definitions from Graph Theory

Some algorithms use concepts and metrics extracted from graph theory. For this rea-
son, and before describing them, some of those basic concepts are briefly introduced.

Definition 2..1 (Graph). A graphG = (V,E) is a set of vertices or nodesV denoted
by {v1, . . . , vn} and a set of edgesE where each edge is denoted byeij if there is a
connection between the verticesvi andvj .

Graphs can be directed or undirected. If all edges satisfy the equality∀i, j,
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eij = eji, the graph is said to be undirected.

The graph can also be represented through its adjacency matrix (the most usual
approach) which can be defined as:

Definition 2..2 (Adjacency Matrix). An adjacency matrix ofG, AG, is a squaren×n
matrix where each coefficient satisfies:

(aij) =

{

1, if eij ∈ E
0, otherwise

When it is necessary to work with weighted edges, a new kind ofgraph needs to
be defined:

Definition 2..3 (Weighted Graph). G is a weighted graph if there is a function
w : E → R which assigns a real value to each edge.

Any algorithm that works with the vertices of a graph needs toanalyse each node
neighbours. The neighbourhood of a node is defined as follows:

Definition 2..4 (Neighbourhood). If the edgeeij ∈ E and eji ∈ E we say
that vj is a neighbour ofvi. The neighbourhood ofvi Γvi is defined as
Γvi = {vj | eij ∈ E and eji ∈ E}. Then, the number of neighbours of a
vertexvi is ki = |Γvi |

Also nodes can generate paths between them through their edges, a path is defined
as follows:

Definition 2..5 (Path). A Path of a graph between the nodesvi andvj is a set of edges
which connects these two nodes. It will be denoted byPij .

And its length is:

Definition 2..6 (Path Length). The Path Length is defined as the number of edges
contained in the path. It will be denoted by|Pij |.

It is also important to know the shortest path between two nodes, usually defined
by:

Definition 2..7 (Shortest Path). The Shortest Path is a minimum Path between two
nodes. It should satisfy:

min|Pij |{Pij | Pij ∈ G} (1)

One is most important metrics of the graph is defined by its diameter:

Definition 2..8 (Graph Diameter). The Graph Diameter is defined as the maximum
shortest path of the graph.

Once the most general and simple concepts from graph theory are defined, we can
proceed with the definition of some basic measures related toany node in a graph: the
average path length the clustering coefficient and the weighted clustering coefficient.
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Definition 2..9 (Average Path Length). Let G be a Graph andV its set of vertices.
Let d(vi, vj) be the shortest distance betweenvi andvj . The Average Path Length is
defined by:

lG =
1

n · (n− 1)
·
∑

i,j

d(vi, vj) (2)

Definition 2..10 (Local CC [14]). Let G = (V,E) be a graph whereE is the set of
edges andV the set of vertices andA its adjacency matrix with elementsaij . LetΓvi

be the neighbourhood of the vertexvi. If ki is considered as the number of neighbours
of a vertex, we can define the clustering coefficient(CC) of a vertex as follows:

Ci =
1

ki(ki − 1)

∑

j,h

ajhaijaihajiahi (3)

The Local CC measure provides values ranging from 1 to 0. Where 0 means
that the node and its neighbours do not have clustering features, so they do not
share connections between them. Therefore, value 1 means that they are completely
connected. This definition of CC can be extended to weighted graphs as follows:

Definition 2..11 (Local Weighted CC [6]). Following the same assumption of Local
Clustering Coefficient definition, letW be the weight matrix with coefficientswij and
A be the adjacency matrix with coefficientsaij , if we define:

Si =

|V |
∑

j=1

aijajiwij (4)

Then, the Local Weighted Clustering Coefficient can be defined as:

Cw
i =

1

Si(ki − 1)

∑

j,h

(wij + wih)

2
ajhaijaihajiahi (5)

For this new definition, we are considering the connections between the neigh-
bours of a particular node, but now we add information about the weights related to
the original node. This new measure calculates the distribution of the weights of the
node that we are analysing, and shows how good the connections of that cluster are.
The following theorem proves that the weighted CC has the same value than the CC
when all the weights are set to the same value:

Theorem 2..1. Let G be a graph, A its adjacency matrix and W its weight matrix. If
we set wij = ω ∀i, j, them Ci = Cw

i .

Proof. Following the definition ofCw
i we have:

Cw
i =

1

Si(ki − 1)

∑

j,h

2ω

2
ajhaijaihajiahi

WhereSi =
∑|V |

j=1 aijajiω. ReplacingSi, we have:

Cw
i =

1
∑|V |

j=1 aijajiω(ki − 1)

∑

j,h

ωajhaijaihajiahi
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Cw
i =

1
∑|V |

j=1 aijaji(ki − 1)

∑

j,h

ajhaijaihajiahi

We also know that following the neighbour definition and the adjacency matrix defini-
tion: ki =

∑|V |
j=1 aijaji = |Γvi | = |{vj | eij ∈ E and eji ∈ E}| And finally:

Cw
i =

1

ki(ki − 1)

∑

j,h

ajhaijaihajiahi

Which proves theorem 1

As a corollary to this theorem, ifCCw
i = 1 ⇒ CCi = 1.

Finally, if we want to study a general graph, we should study its Global CC:

Definition 2..12 (Global CC [14, 6]). The clustering coefficient of a graph can be
defined as:

C =
1

|V |

|V |
∑

i=0

Ci (6)

Where|V | is the number of vertices.

The Global Weighted Clustering Coefficient is:

Cw =
1

|V |

|V |
∑

i=0

Cw
i (7)

The main difference between Local CC, Local Weighted CC and Global CC is that,
the first one can be used to represent how connected is a node locally in a graph, the
second one is used to calculate the density of these connections using the edge weights,
and the last one provides us with global information about ofthe connectivity in a
graph. In real complex problems only the two initial measures can be used, whereas
the third one is usually estimated [57].

3. Data Mining

Data Mining is “the process of discovering meaningful new correlations, patterns and
trends by sifting through large amounts of data stored in repositories, using pattern
recognition technologies as well as statistical and mathematical techniques” [34]. The
Data Mining techniques are divided in 5 main steps:

1. Data Extraction: The data extraction problem consists on obtain the datasets
which will be analysed.

2. Data Preprocessing and Normalization:The data preprocessing methods pre-
pare the data to be analysed. There are three main steps [34]:avoid misclassifica-
tion, dimensionality reduce (through projections or feature selection techniques)
and range normalization.
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3. Model Generation: This is the most important part of the data analysis. The
model is created to find the patterns in the data. It is usual touse Machine
Learning or other statistical techniques to generate the model [34].

4. Model Validation: Depending on the type of model, the validation process is
different. This process gives the confidence of the model. Itis usual to use
validation with classifiers [34].

5. Model Application: The goal of the model is to be applied, for example, to
predict the behaviour of new inputs.

3.1. Data Extraction

There are several public databases where the data can be taken according to the analy-
sis goal. The most used in Data mining works is the UCI MachineLearning Repository
[2] which contains several databases to test the algorithms. Also, there are some ap-
plications for Social Network analysis which allow researchers to extract information
from Twitter (such as Twitter API [38]) or Facebook (Facebook API [24]), amongst
others.

3.2. Data Preprocessing

Data Mining techniques need an intensive phase of data preprocessing. Initially the
information must be analysed and stored in some kind of database system, cleaned
and separated. This preprocessing phase is used to avoid outliers, missclassifications
and missing data. Methods such as histogram and statisticalcorrelation are used to
clean the dataset and reduce the number of variables [34]. Projections are also usual
in dimension reduction, however, projection methods [15] such as PCA (Principal
Component Analysis) or LDA (Lineal Discriminant Analysis)do not offer a complete
perspective of the problem. These methods create new variables which are estimated
from principal components or lineal projections trying to separate the data and reduce
its dimension. Usually, these techniques lose the originalinformation of the features
which is unrecoverable once it is projected. It produces a reduction of the human
interpretation of Data Mining techniques applied and, sometimes, it is preferable to
avoid them.

There are several techniques which reduce the feature sets to avoid projections.
These methods apply a guided search among the different attributes looking for the
most useful variables for the analysis. These methods are usually known as feature
selection methods [32]. Curiel et al. [13] apply genetic algorithms to simplify
prognosis of endocarditis using a codification where each individual of the population
is based on a set of features. Blum and Langley [8] show some examples of relevant
features selections in different datasets and applied themto different machine learning
techniques. They define different degrees of relevant features such as strong or weak
relevant features. They also study some methodologies suchas heuristic search,
filters and wrapper approaches which are automatic feature selection methods usually
validated by classification techniques. Some of these techniques usually introduced
over-fitting to the model and are computationally expensive. Roth and Lange [52]
apply these techniques to the clustering problem.

Finally, the last step is related to normalization. It allows to compare data features
with different kind of range of values. Z-Score [10] and Min-Max [26] normalization
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methods are commonly used for preprocessing the data. Both normalization algo-
rithms takes the attribute records and they find a standard range for them. Min-Max
has a fixed range, [0,1] (it is sensitive to outliers), while Z-Score depends on the mean
and the standard deviation (it approximates the distribution to a normal distribution, it
is usually used to avoid outliers). These algorithms obtainthe normalized values from
data using the following equations:

• Min-max: It computes maximum and minimum values of the attributes apply-
ing:

x′ =
x−min(X)

max(X)−min(X)

• Z-Score: It computes mean and standard deviation of the values applying:

x′ =
x−mean(X)

SD(X)

Once the data is ready for the analysis, the model generationphase begins. This
work is focused on unsupervised learning techniques for model generation, specially
clustering techniques, that are presented in the followingsection.

4. Model Generation: Clustering

The most important part in the Data Mining processes is the Model Generation step
where the Machine Learning algorithms are applied. In this section, several algo-
rithms related to Graph Theory and Unsupervised Learning techniques are explained,
specially one of the most important clustering algorithms related to Graph Spectrum
Theory: Spectral Clustering. Finally, it presents the Community-finding problem, re-
lated to identify communities of users in the Network.

4.1. Graph Clustering

Graph theory has also proved to be an area of important contribution for research in
data analysis, especially in the last years with its application to manifold reconstruc-
tion [23] using data distance and graph representation to create a structure which can
be considered as an Euclidean space (which is the manifold).

Graph models are useful for diverse types of data representation. They have
become especially popular over the last years, being widelyapplied in the Social
Networks area. Graph models can be naturally used in these domains, where each
node or vertex can be used to represent an agent, and each edgeis used to represent
their interactions. Later, algorithms, methods and Graph Theory have been used to
analyse different aspects of the network, such as: structure, behaviour, stability or
even community evolution inside the graph [14, 21, 41, 60].

A complete roadmap to Graph Clustering can be found in [53] where different
clustering methods are described and compared using different kinds of graphs:
weighted, directed, undirected. These methods are: Cutting, Spectral Analysis and
Degree Connectivity (an exhaustive analysis of connectivity methods can be found in
Hartuv and Shamir[27]), amongst others. This roadmap also provides an overview of
computational complexity from a theoretical and experimental point of view of the
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studied methods.

From previously described graph clustering techniques, a recent and really power-
ful ones are those based on Spectral Clustering which is introduced in the following
section.

4.2. Spectral Clustering

Spectral clustering methods are based on a straightforwardinterpretation of weighted
undirected graphs as can be seen in [1, 40, 45, 58]. The Spectral Clustering approach
is based on a Similarity Graph which can be formulated in three different ways (all of
them equivalent [58]) of graphs:

1. The ǫ-neighbourhood graph: all the components whose pairwise distance is
smaller thanǫ are connected.

2. The k-nearest neighbour graphs: the vertexvi is connected with vertexvj if
vj is among thek-nearest neighbours ofvi.

3. The fully connected graph: all points with positive similarity are connected
with each other.

The main problem is how to compute the eigenvector and the eigenvalues of the
Laplacian matrix of this Similarity Graph. For example, when large datasets are
analysed, the Similarity Graph of the Spectral Clustering algorithm takes too much
memory, it makes difficult the eigenvalues and eigenvectorscomputation. Some
works are focused on this problem: von Luxburg et al. [58] present the problem,
Ng et al.[45] apply an approximation to a specific case, and Nadler et al.[40] apply
operators to get better results. The classical algorithms can be found in [58].

The theoretical analysis of the observed good behaviour of SC is justified using
the perturbation theory [58, 40], random walks and graph cut[58]. The perturbation
theory also explains, through the eigengap, the behaviour of Spectral Clustering.

Some of the main problems of Spectral Clustering are relatedto the consistency
of the two classical methods used in the analysis: normalized and un-normalized
spectral clustering. A deep analysis about the theoreticaleffectiveness of normalized
clustering over un-normalized can be found in [59].

4.2.1. The Spectral Clustering Algorithm

Spectral Clustering methods were introduced by Ng et al. in [45]. These methods
apply the knowledge extracted from graph spectral theory toclustering techniques.
These algorithms are divided in three main steps:

1. The algorithm constructs a graph using the data instance as nodes and applying
a similarity measure to define the edges weights (see Algorithm 1 line 1). The
different types of graphs are explained above. The measure which is usually used
is the Radial Basis Function (RBF) Kernel (which is the most usual approach
taken in the literature) defined by:

s(xi, xj) = e−σ||xi−xj||
2

(8)

whereσ is used to control the width of the neighbourhood.
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2. It studies the graph spectrum calculating the Laplacian Matrix associated to the
graph (see Algorithm 1, lines 2 and 3) . There are different definitions of the
Laplacian Matrix. These definitions achieved different results when they are
applied to the Spectral Clustering algorithm. They are usedto categorize the
Spectral Clustering techniques as follows [58]:

• Unnormalized Spectral Clustering It defines the Laplacian matrix as:
L = D −W (9)

• Normalized Spectral ClusteringIt defines the Laplacian matrix as:
Lsym = D−1/2LD−1/2 = I −D−1/2WD−1/2 (10)

• Normalized Spectral Clustering (related to Random Walks)It defines
the Laplacian matrix as:

Lrw = D−1L = I −D−1W (11)

In these formulasI is the identity matrix,D represents the diagonal matrix
whose (i, i)-element is the sum of the similarity matrixith row andW represents
the Similarity Graph (see Algorithm 1 line 2). Once the Laplacian is calculated
(in Algorithm 1 the Normalized Spectral Clustering algorithm is used, however,
in this case, to simplify, the eigenvalues which are calculated are1 − λi instead
of λi, the eigenvectors do not change), its eigenvectors are extracted (see lines 4
and 5 of Algorithm 1).
The three Laplacian Matrices have been deeply studied in therelated litera-
ture [58, 40, 59]. They are connected to thegraph cut problem, which looks
for the best way to cut a graph keeping a high connection amongst the elements
which belongs to each partition, and a low connection between the elements of
different partitions.
The graph cut problem is closely related to clustering. In the graph cut liter-
ature this problem has two classical solutions[58]: RadioCut and NCut. Von
Luxburg et al. [58] describe the connection between the different approaches of
SC (focused on the Laplacian Matrices), RadioCut and NCut. They also show
that Unnormalized Spectral Clustering converges to RadioCut and the Normal-
ized method converges to the NCut. On the other hand, a deep analysis about
the theoretical effectiveness of Normalized clustering over Unnormalized can be
found in [59].

3. The eigenvectors of the Laplacian Matrix are considered as points and a cluster-
ing algorithm, such as K-means [37], is applied over them to define the clusters
(see Algorithm 1 lines 7 and 8).

4.3. Community Finding Approach

The main application of the communities approach are SocialNetworks. The
clustering problem is more complex when is applied to find communities in networks
(subgraph identifications). A community can be considered as a subset of individuals
with relatively strong, direct, and intensive connections[21] between them. Some
algorithms such as Edge Betweenness Centrality (EBC) [22] or Clique Percolation
Method (CPM) [16] have been designed to solve this problem following a determinis-
tic process. EBC algorithm [22] is based on finding the edges of the network which
connect communities and removing them to determine a good definition of these
communities. CPM [16] finds communities using k-cliques (where k is a fixed value
of connections in a graph) which are defined as complete (fully connected) subgraphs
of k vertices. It defines a community as the highest union of k-cliques. CPM has two
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Algorithm 1 Normalized Spectral Clustering according to Ng et al. (2001)[45]
Require: A dataset ofn elementsX = {x1, . . . , xn} and a fix number of clustersk.
Ensure: A set of clustersC = {C1, . . . , Ck} which partitionateX

1: Form the affinity matrixW ∈ Rn×n defined byWij = e−||xi−xj ||2/2σ2

if i 6= j, and
Wii = 0.

2: DefineD to be the diagonal matrix whose (i, i)-element is the sum of thei-th row of
W .

3: Construct the matrixL = D−1/2WD−1/2.
4: Find v1, . . . , vk, thek largest eigenvectors ofL (chosen to be orthogonal to each other

in the case of repeated eigenvalues) and form the matrixV = [v1v2 . . . vk] ∈ Rn×k by
stacking the eigenvectors in columns.

5: Form the matrixY from V by renormalizing each row ofV to have unit length (i.e.
Yij = Vij/(

∑

j V
2

ij)
1/2).

6: Apply K-means (or any other algorithm) treating each row ofY as a point inRk.
7: Assign the pointsxi to clusterCj if and only if the rowi of the matrixY was assigned

to clusterj.
8: return C

variants: directed graphs and weighted graphs [48].

Other approximations related to the finding-community problem can be found in
[51] where different statistical mechanics for community detection are used. Pons
and Latapy [49] uses random walks to compute the communities. Finally, another
work based on metrics used to measure the quality of the communities can be found
in [44], and metrics that can be used to find the structure of a community in very large
networks in [12]. Genetic algorithms have also been appliedto find communities
or clusters through agglomerative genetic algorithms [36]and multi-objective
evolutionary algorithms [30] amongst others.

5. Complex Network Analysis

The analysis of complex networks gas become a very importantfield, specially in
physics. It is used to analyse Social Networks which are usually represented as a
Complex Network.

5.1. Types of Networks

There are four basic types of Networks which are generally considered:

• Random Network [19]: This network is based on random connections. Given
a connection probability, the graph is usually generated asigning edges between
nodes with a predefined probability which is usually small. This kind of graphs
is also called as Erdős and Rényi graphs because the model to generated the
graphs was introduced by these authors in 1959. One of the main properties
of Random Graphs is about the Clustering Coefficient, this metric has usually
small values which is not usual in real networks [4]. It givesthe intuition that real
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Figure 1. Example of a Random Network with 50 nodes and a connection probability of
p = 0.05

networks have a correlation factor amongst their connections. Figure 1 shows an
example of a Random Graph generated by the Erdős and Rényi using 50 nodes
and a connection probability ofp = 0.05.

• Regular Network [62]: This kind of networks satisfies that each vertex has the
same number of neighbours. The consequence is that every node has the same
degree. These networks have been studied theoretically butis difficult to find
a real-world regular network. However, the Watts and Strogatz algorithm [61]
takes advantage of this network structure to generate Small-World networks.
An example of this kind of network can be found in Figure 2 where a regular
network has been generated with 20 nodes and the degree of each node is 4.

• Scale-Free Network[5]: A scale-free network has a degree distribution where
the probability of a node having a given degree has a scale-invariant decay as
degree grows. Hence, it follows a power-law of the form

P (n) ∼ n−γ , (12)

whereγ > 1 is a constant andn = 1, 2, . . . , N . The were introduced by
Barabasi and Albert in [5] and are currently known as the BarabasiAlbert (BA)
or preferential attachment model [43]. This kind of distribution is very different
to that of homogeneous random networks. They are neither random nor small-
world networks. The features observe in this networks are frequently observed
in real-world networks. Figure 3 shows an example of this kind of networks for
45 nodes.

• Small World Network [61]: Small-World networks are characterized by the
“the small-world effect”. This term is used to describe networks whose aver-
age path length is comparable with a Regular Network withoutany regard to
the clustering coefficient. Small-world networks were introduced by Watts and
Strogatz [61]. They can be obtained via the following algorithm [14]:
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Figure 2. Example of a Regular Network with 20 nodes and whereall nodes have degree 4

Figure 3. Example of a Scale-Free Network whereN = 45
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Figure 4. Example of a Small-World Network generated with the algorithm of Watts and
Strogatz [61] wherep = 0.05, k = 4 (neighbours), andN = 20 (nodes) and taking the
regular graph of Figure 2 as starting point.

1. First, arrange all nodes on a ring and connect each node with its k = 2
nearest neighbours (see Figure 2).

2. Second, start with an arbitrary nodei and rewire its connection to its nearest
neighbour on, for example, the left side with probabilityp to any other node
j in the network. Choose the next node and repeat the process.

3. Third, after all next neighbour connections have been checked repeat this
procedure for the second and all higher next neighbours successively.

This algorithm guarantees that each connection occurring in the network is cho-
sen exactly once to test for a rewiring with a fixed probability which controls the
disorder of the resulting topology.

Taking a regular graph as an starting point, in which the diameter is proportional
to the size of the network, it can be transformed into a “smallworld” in which
the average number of edges between any two vertices is very small, while the
clustering coefficient stays large. Figure 4 shows an example of how the Regular
Network of Figure 2 can be transformed in a “Small-World” Network.

5.2. Page Rank and HITS

The analysis of a Complex or Social Network can be focused in all the information
that has been mentioned above, however, there are other algorithms which deserve to
be explained in this work. These algorithm are PageRank [9] and HITS [31]. They
can be used to take information about the most representative nodes of the network
and how they affect to it.

5.2.1. PageRank

PageRank [9] is a link analysis algorithm initially used by the Google web search
engine. It assigns a numerical weigh to each element of a linked set of nodes (which
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Figure 5. Example of PageRank application

in the original implementation was though as a hyperlinked set of web pages such as
the World Wide Web). The purpose is to measure the importanceof each node within
the graph. The numerical weight assigned to each nodeni is referred to the PageRank
value ofni denoted byPR(ni).

The PageRank algorithm is an iterative algorithm which calculates recurrently the
following values:

PR(ni) =
1− d

N
+ d

∑

nj∈M(ni)

PR(nj)

L(nj)
(13)

WherePR(nj) is the PageRank value of nodenj , d is the damping factor which
is used to adjusts the algorithm,N is the number of nodes,L(nj) is the number of
outbounds links on nodenj andM(ni) is the set of nodes with inbound links toni.

This algorithm is usually solved using an algebraic processor an iterative process.
In addition, when the iterative process is used, the PageRank values are usually
normalized.

Figure 5 shows an example of the PageRank application to a directed graph. The
biggest nodes represents the higher PageRank values and vice-versa.

5.2.2. HITS

Hyperlink-Induced Topic Search (HITS) [31] (also known as hubs and authorities) is
a link analysis algorithm that rates Web pages, developed byJon Kleinberg. It was a
precursor to PageRank.

The HITS algorithm calculates two main values: hub and authority. These values
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(a) Authorities (b) Hubs

Figure 6. Example of HITS algorithm application

are calculated iteratively. The authority value is calculated as follows:

PA(ni) =
∑

{nj |eij∈G}

PH(nj) (14)

Whereeij is an edge from nodeni to nodenj andG is the graph.PH(nj) is the
hub value ofnj . This value is calculated as follows:

PH(ni) =
∑

{nj |eij∈G}

PA(nj) (15)

The algorithm usually begins withPA(ni) = PH(ni) = 1 ∀i. Figure 6 shows an
example of the HITS application to a directed graph. The biggest nodes in sub-figure
a) represents the highest Authorities values while in figureb) represents the highest
Hubs values. The smallest represents the lowest values respectively.

6. Applications in Social Networks Analysis

This section tries to give some practical applications for Social Data Mining. Social
Analysis is one of most challenge fields since the Web 2.0 started in 1999. This type of
web sites generates a more interactive source of information which promotes the inter-
actions between the users using forums and chats originally. In 2004 Mark Zuckerberg
founded Facebook, one of the most relevant Social Networks at present. Facebook al-
lows the users to share comments and opinions. Two years later, in 2006, Jack Dorsey
created Twitter. This Social Networking and Microbloggingservices is currently one
of the most famous and challenge Social Network for text analysis.
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6.1. Facebook

A social network can be analysed from different perspectives which have been de-
scribed above. A good example is Facebook. Facebook is almost the most important
Social Networks. It was originally created to interchange photos between users which
are friends inside the Social Context, however, it currently is used for videos, mes-
sages, games, etc. The most important features of Facebook as a Social Network are:

• The ‘Friendship’ structure, where the users belongs to a friends community
formed by people of his human context.

• The ‘Like’ button, which express the interest of different users in photos, videos,
comments, etc, which are posted by other users or by themselves.

• The comment option which allows the users to comment everything (also com-
ments) and generates interactions between them.

Using this structure as an starting point it is possible to analyse the Network
generated. The analysis can be focused from several points of view, for example, in
[20] discuss the mesoscopic features of the community structure of this network, after
they unveiled the communities representing the aggregation units among which users
gather and interact; they analyse the statistical featuresof that network communities,
discovering and characterizing some specific organizationpatterns followed by
individuals interacting in online social networks.

In [11] they focused their work on participants of online Social Networks. The
data is anonymous and organized as an undirected graph. Theydevelop a set of tools
to analyse specific properties such as degree distribution,centrality measures, scaling
laws and distribution of friendship.

In [3] they face a link prediction problem. Given a snapshot of a network they
infer which interactions among existing members are likelyto occur in the near future
or which existing interactions are we missing.

Finally, [35] introduces a new public dataset based on manipulations and embel-
lishments of Facebook. In the second half of this paper, theyuse a community finding
algorithm to find subgroups defined by gender, race/ethnicity, and socioeconomic.

6.2. Twitter

Twitter is a Social Network where people usually publish information about personal
opinions. It is divided in two kind of users behaviour: follower and following. As a
follower, the user receives information of people which is followed by him, and as a
following, the user information is sent to its followers. The information that the users
share is called Tweets. Tweets are sentences limited by 140 characters which can
contain information about personal opinions of the users, photos, links, etc. A user
can also re-tweet the information of other users and share it.

The information of Twitter or other networks based on text interchange (such as
forums or Facebook) can be used for analysis.

In [55] they examine the influence of geographic distance, national boundaries,
language, and frequency of air travel on the formation of social ties on Twitter. They
show that a substantial share of ties lies within the same metropolitan region, and
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that between regional clusters, distance, national borders and language differences all
predict Twitter ties.

In [29] they analyse the usage of Twitter. Also they present ataxonomy charac-
terizing the the underlying intentions users have in makingmicroblogging posts. By
aggregating the apparent intentions of users in implicit communities extracted from
the data, they show that users with similar intentions connect with each other.

In [39] they propose a method for Twitter Social Network thattakes a single static
snapshot of network edges and user account creation times toaccurately infer when
these edges were formed. This method can be exact in theory, and they demonstrate
empirically for a large subset of Twitter relationships that it is accurate to within a few
hours in practice.

Finally, [33] studies the topological characteristics of Twitter and its power as a
new medium of information sharing. they have found a non-power-law follower dis-
tribution, a short effective diameter, and low reciprocity. In order to identify influential
users on Twitter, they have ranked them by the number of followers and by PageRank
and found two rankings to be similar.

7. Software Tools

There are several tools used in Data Mining and Social Data Mining analysis. Some
relevant and straightforward tools are the following:

• Gephi 1: Gephi [7] is a visualization and graph analysis software oriented to all
kinds of networks and complex systems, dynamic and hierarchical graphs. It has
several algorithms implemented for Social Network analysis such as PageRank,
HITS, etc. Also it has algorithms to improve the graph visualization using differ-
ent layouts and is able to calculate different metrics of thegraph such as degree
(power-law), betweenness, closeness, density, path length, diameter, modularity,
clustering coefficient.

• Graphviz 2: Graphviz [18] (Graph Visualization Software) is open source graph
visualization software. It can represent diagrams, graphsand networks. It has
been applied to networking, bioinformatics, software engineering, database and
web design, machine learning and visual interfaces for other technical domains.

• JUNG 3: JUNG [46] (the Java Universal Network/Graph Framework) isa Java
library that provides some tools for graph or network modeling, analysis and
visualization. It has been designed to support a variety of representations and
analytic tools for complex data sets. It also provides a visualization framework
with different layouts.

• Mahout4: The Apache MahoutTM[47] machine learning library was designed
to build scalable machine learning libraries. It has several Machine Learning
tools for clustering, classfication and batch based collaborative filtering which
are implemented on top of Apache Hadoop5 using the map/reduce paradigm.

1https://gephi.org
2http://www.graphviz.org
3http://jung.sourceforge.net
4http://mahout.apache.org
5http://hadoop.apache.org/

https://gephi.org
http://www.graphviz.org
http://jung.sourceforge.net
http://mahout.apache.org
http://hadoop.apache.org/
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• Matlab 6: MATLAB R©[63] is a high-level language and interactive environment
for numerical computation, visualization, and programming. It has several tools
for analyze data, develop algorithms, and create models andapplications.

• Octave 7: Octave [17] is a high-level interpreted language for numerical com-
putations. It provides extensive graphics capabilities for data visualization and
manipulation. The Octave language is similar to Matlab so that most programs
are easily portable.

• R 8: R [50] is a language and environment for statistical computing and graphics.
It is a GNU project which provides a wide variety of statistical (such as mod-
elling, statistical tests, time-series analysis, classification, clustering amongst
others) and graphical techniques, and is highly extensible.

• Weka 9: Weka [25] is a collection of machine learning algorithms for data min-
ing tasks. It contains tools for data pre-processing, classification, regression,
clustering, association rules, and visualization. It is open source software issued
under the GNU General Public License.

8. Conclusions

Graph Theory have become an important tool in different Social Data Mining
methods. These techniques have influenced not only in the analysis procedures such
as Complex Network methods but also in the creation of new techniques such ad
Spectral Clustering.

The Analysis can also be focused on both a Data Mining approach and a Complex
Network approach depending of the interest of the analysis.From the Data Mining
point of view, unsupervised methods such as clustering algorithm or community
finding algorithms can be used to find groups of similar users within the Social
Network while from the Complex Network point of view, HITS and PageRank
algorithms can be used to find the most relevant users and the network analysis can be
used to define the nature and robustness of the network.

Finally, these methods have several applications specially for current Social Net-
works such as Facebook and Twitter using different softwaretools developed by the
research communities and companies.
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Pérez-Tárrago. Genetic algorithms to simplify prognosis of endocarditis. In
Proceedings of the 12th international conference on Intelligent data engineering
and automated learning, IDEAL’11, pages 454–462, Berlin, Heidelberg, 2011.
Springer-Verlag.

[14] M. Dehmer, editor.Structural Analysis of Complex Networks. Birkhäuser Pub-
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