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Broadcast Media
One-to-Many

Communication Media
One-to-One Traditional Data

Traditional Media and Data
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ÅEveryone can be a media outlet or producer

ÅDisappearing communication barrier

ÅDistinct characteristics

ïUser generated content: Massive, dynamic, 
extensive, instant, and noisy

ïRich user interactions

ïCollaborative environment, and wisdom of the 
crowd

ïMany small groups (the long tail phenomenon)

ïAttention is expensive

Social Media: Many-to-Many



4Social Media Mining Measures and Metrics 4Social Media Mining ICDM 2013 Tutorial

Publishing

Sharing

Gaming

Location

Marketing

Networking

Discussing

A Big Variety of Social Media
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Two DMML Books of SMM

Twitter Data Analytics 
Nov. 2013

Social Media Mining  
Feb. 2014
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Networks are Pervasive

Å A network is a graph. 

ï Elements of the network have meanings

Å Network problems can usually be represented 

in terms of graph theory In
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Nodes/Edges/Degree/Neighborhood

Node/
Vertex
/Actor

Edge/Tie/
Relationship

Arc For any node v, the set of 
nodes it is connected to via 
an edge is called its 
neighborhood and is 
represented as N(v)
N(v1) = {v2,v7}

The size of the neighborhood 
of a node is its degree
d(v1)=2

Subgraph
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Degree Distribution

When dealing with very large graphs, how nodesô 
degrees are distributed is an important concept to 
analyze and is called Degree Distribution

Degree distribution histogram

ïThe x-axis represents the degree 
and the y-axis represents the 
fraction of nodes having that 
degree
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Graph Representation: Adjacency Matrix
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=ijA

0, otherwise

1, if there is an edge between nodes vi and vj

Social media networks have 
very sparse Adjacency matrices

ÅDiagonal Entries are self-links or loops
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Types of Graphs

Directed 
graph

A A̧T

1

23

4

Undirected 
Graph

A = AT

Simple graph Multigraph

í
ì
ë Í
=

 j and ibetween  edge no is There 0,

Rww,
ijA

G(V , E, W )

Weighted graph

Signed graph
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Adjacent nodes/Incident Edges/Paths/     
Shortest Paths/Connectivity

Two nodes are 
adjacent
if they are 
connected via an 
edge.

Two edgesare 
incident , if they 
share one end-
point

Å A walk where nodes and edges are distinct is called a path and                  
a closed path is called a cycle

Å The length of a path or cycle is the number of edges visited in the path or cycle

Length of path= 4

Strongly connected Weakly connectedConnected Disconnected

Component
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Shortest Path

ÅShortest Path is the path between two nodes that 
has the shortest length.
ïWe denote the length of the shortest path between nodes vi

and vj as 

ÅThe concept of the neighborhood of a node can be 
generalized using shortest paths. 
ïAn n-hop neighborhood of a node is the set of nodes that 

are within n hops distance from the node.

ÅThe diameter of a graph is the length of the longest 
shortest path between any pairs of nodes in the graph
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Special Graphs/Properties

A forest with 
3 trees

Spanning Tree
Steiner Tree

Complete Graph

Bipartite Graph Affiliation Network Social-Affiliation 
Network

Regular Graph

Bridges
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Graph Algorithms

ÅGraph/Tree Traversal Algorithms
ïDepth-First Search (DFS)
ïBreadth-First Search (BFS)

ÅShortest Path Algorithms
ïDijktraôsAlgorithm
ïBellman-Ford Algorithm
ïFloyd-Warshall Algorithm

ÅMinimum Spanning Tree Algorithms
ïPrimôs Algorithm
ïKruskalôsAlgorithm

ÅMaximum Flow Algorithms
ïFord-Fulkerson Algorithm

ÅMatching Algorithms
ïBipartite Matching
ïWeighted Matching
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Network Measures



16Social Media Mining Measures and Metrics 16Social Media Mining ICDM 2013 Tutorial

Why do we need measures?

1. Who are the central figures (influential 
individuals) in the network ?    

2. What interaction patterns are common 
in friends ?                                 

3. Who are the like-minded users and how 
can we find these similar individuals ? 

To answer these and similar questions, one 
first needs to define measures for 
quantifying centrality ( centrality 
measures ), level of interactions, and 
similarity ( similarity measures ), among 
others.
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Centrality defines how important a node is within a network.

Centrality
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Centrality: Degree Centrality

ÅThe degree centrality 
measure ranks nodes with 
more connections higher in 
terms of centrality

Ådi is the degree (number of 
adjacent edges) for vertex vi

In this graph degree 
centrality for vertex v1

is d1 = 8 and for all 
others is dj = 1, j ̧ 1

In directed graphs, we can 
either use the in-degree, 
the out-degree, or 
the combination as the 
degree centrality value :
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Let                                        T

Č

This means that Ce is an 
eigenvector of adjacency 
matrix A and lis the 
corresponding eigenvalue

Eigenvector Centrality

ÅHaving more friends does 
not by itself guarantee that 
someone is more important , 
but having more 
important friends 
provides a stronger signal

ÅEigenvector centrality tries 
to generalize degree 
centrality by incorporating 
the importance of the 
neighbors (undirected)

ÅFor directed graphs, we can 
use incoming or at times, 
outgoing edges
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Katz Centrality

Å A major problem with 
eigenvector centrality arises 
when it deals with directed 
graphs

Å Centrality only passes over 
outgoing edges and in special 
cases such as when a node      
is in a directed acyclic graph 
centrality becomes zero even 
though the node can have 
many edge connected to it

Å To resolve this problem, we 
add bias term bto the 
centrality values for all nodes

ÅWe select ɻ< 1/Ȉ, where Ȉis 
the largest eigenvalue of AT 

For the matrix (I -ɻAT) to be 
invertible

Rewriting equation in a vector form

Katzcentrality:

vector of all 1ôs
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PageRank

Å Problem with Katz Centrality: 
in directed graphs, once a 
node becomes an authority 
(high centrality ), it passes all 
its centrality along all of its     
out-links

Å This is less desirable since not 
everyone known by a well-
known person is well-known

Å To mitigate this problem we 
can divide the value of passed 
centrality by the number of 
outgoing links, i.e., out-degree 
of that node such that each 
connected neighbor gets a 
fraction of the source nodeôs 
centrality



22Social Media Mining Measures and Metrics 22Social Media Mining ICDM 2013 Tutorial

Betweenness Centrality

Another way of looking  
at centrality is by 
considering how 
important nodes are in 
connecting other nodes

In undirected graphs we can 
assume s<t

the number of shortest paths 
from vertex s to t ïa.k.a. 
information pathways

the number of shortest paths 
from s to t that pass through vi 
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Closeness Centrality

ÅThe intuition is that 
influential and central 
nodes can quickly reach 
other nodes

ÅThese nodes should 
have a smaller average 
shortest path length to 
other nodes
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Transitivity and Reciprocity
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Transitivity

ÅMathematic 
representation:
ï For a transitive relation R:  

Å In a social network:
ï Transitivity is when a 

friend of my friend is 
my friend

ï Transitivity in a social 
network leads to a denser 
graph, which in turn is 
closer to a complete graph

ïWe can determine how 
close graphs are to the 
complete graph by 
measuring transitivity

[Global] Clustering Coefficient

Local clustering coefficient measures 
transitivity at the node level
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Reciprocity

If you become my friend, I ôll be yours

ÅReciprocity is a more simplified version 
of transitivity as it considers closed    
loops of length 2

ÅIf node v is connected to node u, 
u by connecting to v, exhibits reciprocity
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ÅMeasuring stability for an 
observed network

Balance and Status
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Social Balance/Social Status

Social balance theory discusses 
consistency in friend/foe 
relationships among individuals. 

Unstable 
configuration

Stable 
configuration

Å Status defines how prestigious an 
individual is ranked within a societ

Å Social status theory measures how 
consistent individuals are in assigning 
status to their neighbors
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ÅHow similar two nodes are 
in a network?

Similarity
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Structural Equivalence

ÅIn structural equivalence, we look at the 
neighborhood shared by two nodes; the size of 
this neighborhood defines how similar two 
nodes are.

For instance, two brothers have in 
common sisters, mother, father, 
grandparents, etc. This shows that they 
are similar, whereas two random male or 
female individuals do not have much in 
common and are not similar.
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Structural Equivalence: Definitions

ÅVertex similarity

Å In general, the definition of neighborhood N(v) excludes 
the node itself v. 
ïNodes that are connected and do not share a neighbor will be 

assigned zero similarity
ïThis can be rectified by assuming nodes to be included in their 

neighborhoods

Jaccard Similarity:

Cosine Similarity:



32Social Media Mining Measures and Metrics 32Social Media Mining ICDM 2013 Tutorial

Regular Equivalence

ÅIn regular equivalence, we do not look at 
neighborhoods shared between individuals, but 
how neighborhoods themselves are similar

For instance, athletes are similar not 
because they know each other in person, but 
since they know similar individuals, such as 

coaches, trainers , other players, etc.

v i , v j are similar when 
their neighbors vk and 
v l are similar
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Regular Equivalence

vi, vj are similar when 

vj is similar to v iôs 

neighbors  vk

A vertex is highly similar 
to itself , we guarantee this 
by adding an identity 
matrix to the equation
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Network Models
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Why should I use network models?

ÅIn may 2011, Facebook had 721 millions users. A 
Facebook user at the time had an average of 190 
users -> a total of 68.5 billion friendships

ïWhat are the principal underlying processes that help 
initiate these friendships

ïHow can these seemingly independent friendships 
form this complex friendship network?

ÅIn social media there are many networks with 
millions of nodes and billions of edges.

ïThey are complex and it is difficult to analyze them



36Social Media Mining Measures and Metrics 36Social Media Mining ICDM 2013 Tutorial

So, what do we do?

ÅWe design models that generate, on a smaller scale, 
graphs similar to real-world networks . 

ÅHoping that these models simulate properties 
observed in real-world networks well, the analysis of 
real-world networks boils down to a cost-efficient 
measuring of different properties of simulated 
networks
ïAllow for a better understanding of phenomena observed 

in real-world networks by providing concrete 
mathematical explanations; and

ïAllow for controlled experiments on synthetic networks 
when real-world networks are not available.

ÅThese models are designed to accurately model 
properties observed in real-world networks
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Power -law Distribution, 

High Clustering Coefficient, and 

Small Average Path Length

Properties of Real -World 
Networks
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Power -law Degree Distribution

ÅMany sites are visited less than a 1,000 times a 
month whereas a few are visited more than a 
million times daily .

ÅSocial media users are often active on a few sites 
whereas some individuals are active on hundreds 
of sites.

ÅThere are exponentially more modestly priced 
products for sale compared to expensive ones.

ÅThere exist many individuals with a few friends 
and a handful of users with thousands of friends

(Degree Distribution)
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Power -Law Distribution 

ÅWhen the frequency of an 
event changes as  a power of 
an attribute:

ïthe frequency follows a 
power -law

ÅLet f(k) denote the number 
individuals having degree k.

b : the power-law exponent and                            
its value is typically in the range of [2, 3]
a: power-law intercept

Log-Log 
plot

Networks with power -law degree 
distribution are often called scale -
free networks
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High Clustering Coefficient

ÅIn real -world networks, friendships are highly 
transitive, i.e., friends of an individual are often 
friends with one another

ïThese friendships form triads ->                                  
high average [local] clustering coefficient

ÅIn May 2011, Facebook had an average clustering 
coefficient of 0.5 for individuals who had 2 
friends.
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Small Average [Shortest] Path Length

ÅIn real -world networks, any two members of the 
network are usually connected via short paths. 
In other words, the average path length is small

ïSix degrees of separation:

ÅStanley Milgram, in the well-known small-world 
experiment conducted in the 1960ôs, conjectured that people 
around the world are connected to one another via a path of 
at most 6 individuals

ïFour degrees of separation:

ÅLars Backstrom et al. in May 2011, the average path 
length between individuals in the Facebook graph was 4.7. 
(4.3 for individuals in the US)
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Random Graphs
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Random Graphs

ÅWe start with the most basic assumption on how 
friendships are formed.

Random Graphôs main assumption:

Edges (i.e., friendships) between 
nodes (i.e., individuals) are 
formed randomly .

Formally, we can assume that for a graph with a fixed number of nodes n, 
any of the        edges can be formed independently, with probability p. This 
graph is called a random graph and we denote it as G(n, p) model

This model was first proposed independently by Edgar Gilbert  and 
Solomonoff and Rapoport.
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Expected Degree

The expected number of edges connected to a node 
(expected degree) in G(n, p) is c=(n - 1)p

ÅProof:

ïA node can be connected to at most n-1 nodes (or n-1 
edges)

ïAll edges are selected independently with probability p

ïTherefore, on average, (n - 1)p edges are selected

Åc=(n -1)p or equivalently,
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Properties of Random Graphs

ÅDegree Distribution
ïThis is a binomial degree distribution. In the limit this 

will become the Poisson degree distribution 

ÅGlobal Clustering coefficient
ïThe global clustering coefficient of any graph defines the 

probability of two neighbors of the same node that are 
connected. This probability is the same for any two nodes 
and is p

ÅAverage Path length
ï(sketch) When moving average path length number of 

steps away from a node, almost all nodes are visited. 
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Small -World Model
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Small -world Model

Å In real -world interactions, many individuals have 
a limited and often at least, a fixed number of 
connections 

Å In graph theory terms, this assumption is 
equivalent to embedding individuals in a regular 
network. 

Å A regular (ring) lattice is a special case of regular 
networks where there exists a certain pattern on 
how ordered nodes are connected to one another. 

Å In particular, in a regular lattice of degree c, 
nodes are connected to their previous c/2 and 
following c/2 neighbors. Formally, for node set                                
V an edge exists between node i and j if and only if
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Small -World Model Properties

Å Degree distribution :

Å In the graph generated by the small world model, most nodes 
have similar degrees due to the underlying lattice.

Å Clustering Coefficient
and Average Path Length:
C(0) and L(0) are the clustering 
Coefficient and average path 
Length of the lattice. We
change the value of p
such that C(p)/C(0) and L(p)/L(0)
Are desirable
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Preferential Attachment 
Model
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Preferential Attachment Model

ÅNode v arrives
ïP(1) = 1/7
ïP(2) = 1/7
ïP(3) = 0
ïP(4) = 3/7
ïP(5) = 2/7

ÅNetworks:

ïWhen a new user joins the network, the probability of 
connecting to an existing node vi is proportional to the 
degree of vi

ÅDistribution of wealth in the society:

ïThe rich get richer
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Preferential Attachment Model Properties

ÅDegree Distribution:

ÅClustering Coefficient:

ÅAverage Path Length:
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ÅWhy connected people are 
similar?

Assortativity in Social 
Networks
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Birds of a feather flock together


