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Social Media: Many-to-Many

A Everyone can be a media outlet or producer
A Disappearing communication barrier

A Distinct characteristics

I User generated content: Massive, dynamic,
extensive, instant, and noisy

I Rich user interactions

I Collaborative environment, and wisdom of the
crowd

I Many small groups (the long tail phenomenon)
I Attention Is expensive
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A Big Variety of Social Media

Networking . N O @
Sharing e mb Flickr m

Publishing

1 Gaming

Discussing

Location

Marketing
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Two DMML Books of SMM

Social Media Mining

Twitter Data Analytics
Feb. 2014

Nov. 2013

MDRIDGL www.cambridge.org/9781107018853

Social Media Mining

SPRINGER BRIEFS IN COMPUTER SCIENCE
Reza Zafarani, Arizona State University
Mohammad Ali Abbasi, Arizona State University
Huan Liu, Arizona State University

February 2014
SM{ A Textbook for Advanced Undergraduates & Hardback
o Graduate Students 352 pages
e - : - Social Media Mining discusses ways to collect raw data from social 20 tables
media websites, analyze this data, and utilize patterns found in this 107 exercises
data for related applicati suchasr dation. The book
is designed for senior undergraduate and graduate students. It is 9781107018853
organized such that it can be taught in one semester, with students HetPrice-U5B-60-00%
having basic prior knowledge of statistics and linear algebra. It can Discount Price: $48.00

alsobe used for a d inar course by on mon
advanced chapters. Moreover, the book can be used as a reference
book for researchers, practitioners, and project managers of related
- fields who are interested in learning basics and tangible examples
of this emerging field and understanding the potentials and
' opportunities that social media can offer.

* Basic yet rich concepts and algorithms from multidisciplinary
fields such as social network analysis, social sciences, and data
mining that are fundamental for mining social media

= Concise descriptions with numerous examples to illustrate how
social media mining works

* Comprehensive coverage from social media essentials, core
theories, and algorithms as well as real-world applications with
supporting teaching materials such as lecture notes, slides, and
solutions

Contents

Introd uction to Social Media Mining; 2. Graph Essentials;

3. Network Measures; 4. Network Models; 5. Data Mining
Essentials; 6. Community Analysis; 7. Information Diffusion;

8. Influence and homophily; 9. Recommendation in Social Media;
10. Behavior Analytics

*HOW TO ORDER CA_MB RID GE
Visit www. cambridge.org/9781107018853 or UNIVERSITY PR_ESS

Call 1.800.872.7423

o

1 Springer

Discount Code: MESACMCIKM WWW.Cambrldge.Org
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Networks are Pervasive

A A network is a graph.

I Elements of the network have meanings
A Network problems can usually be represented

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

Subgraph

V= {01102/---1011}

E = {81162/° . -/em}
Node/
Vertex
/Actor

For any nodev, the set of
nodes it is connected to via
an edge is called its
neighborhood and is
represented asN(v)

N(vl) = {v2,v7}

Edge/Tie/
Relationship

The size of the neighborhood
(a) Directed Graph (b) Undirected Graph of a node is its degree

d(vl)=2

Social Media Mining ICDM 2013 Tutorial 7




Degree Distribution

When dealing with very large graphs, hown o d e s C
degreesare distributed Is an important concept to
analyze and is calledDegree Distribution

1e-01

1e-03

Degree distribution histogram

i The x-axis represents the degree *
and the y-axis represents the
fraction of nodes having that I R R
degree L o
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Graph Representation: Adjacency Matrix

€ 1, if there is an edge between nodesi and vj
Aj — | Vi Vo V3 Vg Vs Vg

|’ 0, otherwise
v.| 0l1[0 /0|0 |0
-
v, (1|01 |1 |0]0
Q@ v, | 0|1 [0 |1 ]0]0O
Q Q ve|l O[1[1]0([1]1
v | 010 |0 |1 |0 |0
Q @ ve | 0[O0 |0 1 (0|0

A Diagonal Entries are self-links or loops

Social media networks have

very Adjacency matrices
Social Media Mining ICDM 2013 Tutorial 9




Types of Graphs

Do

Undirected Directed Simple graph Multigraph
Graph graph
A=AT A AT

Weighted graph

swwi R G(V,E W)
- : 0, Thereisnoedgebetweemandj

Signed graph

j
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Adjacent nodes/Incident Edges/Paths/

Shortest Paths/Connectivit

adjacent <
If they are &
connected via an
edge.

Two edgesare
iIncident, If they
share one end
point

Length of path=4
A A walk where nodes and edges are distinct is called apath and
a closed path is called acycle

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

Component—_

0‘@ () Q\'Q 0\‘6

Connected Disconnected Strongly connected  Weakly connected
Social Media Mining ICDM 2013 Tutorial 11




Shortest Path

A Shortest Path is the path between two nodes that
has the shortest length.

I We denote the length of the shortest path between nodesv,
andv; as [, i

A The concept of the neighborhood of a node can be
generalized usingshortest paths.

I An n-hop neighborhood  of a node is the set of nodes that
are within n hops distance from the node.

A The diameter of a graph is the length of the longest
shortest path betweenany pairs of nodes in the graph

diameterc = max ;.
(v, 0;)EVXV

Social Media Mining ICDM 2013 Tutorial 12




Special Graphs/Properties

A forest with Spanning Tree

Bridges

h } Anna
lub

Social-Affiliation
Network

y =7

\N
s
P
Complete Graph e“a

e

Bipartite Graph  Affiliation Network

Regular Graph

Social Media Mining ICDM 2013 Tutorial 13




Graph Algorithms

A Graph/Tree Traversal Algorithms
I Depth-First Search (DFS)
I Breadth-First Search (BFS
A Shortest Path Algorithms
I Di j k Algoatians
I Bellman-Ford Algorithm
I Floyd-Warshall Algorithm
A Minimum Spanning Tree Algorithms
I Primb6bs Al gorithm
I Kr us kAbloridhra
A Maximum Flow Algorithms
I Ford-Fulkerson Algorithm
A Matching Algorithms
I Bipartite Matching
I Weighted Matching
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Network Measures

Social Media Mining ICDM 2013 Tutorial 15



Why do we need measures?

Barack Obama
oo

This account is run by #Obama2012 campaign staff. Tweets
from the President are signed -bo.

Influences 2M others Influential about 20 topics

;ﬂlﬁﬂﬂ -+ Govemment
¥ e i =+ Politics
ey ) Media

Justin Bieber
- Invite to Kout, and incroase
: u your verified connections!
?'\ #BELIEVE is on ITUNES and in STORES WORLDWIDE! - SO
MUCH LOVE FOR THE FANS.. you are always there for me

and | will always be there for you. MUCH LOVE. thanks

Influences 10M others Influential about 20 topics

- | Colobrities
v { r | Somebody to Love
B - ¢

Justin Biobe!

DK
KLO UT the Standard for Influence

Klout Summary for Warren Buffett

$4 ore p'f\ll'llv“'i\'

36

— | Warren Buffett
S

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.

Social Media Mining

ICDM 2013 Tutorial 16



Centrality

Centrality defines how important a node is within a network.

Social Media Mining ICDM 2013 Tutorial 17



Centrality: Degree Centrality

A The degree centrality
measure ranks nodes with

more connections higher in
terms of centrality

Cd(Ui) = d, In this graph degree
. centrality for vertex v,
A d. is the degree (number of s d, = 8 and for all

adjacent edges) for vertexv,  othersis di=1,j, 1

In directed graphs, we can Ca(v)) = di:” ( prestige ),

either use the in-degree, N qout .
the out-degree, or Cd(U,) = di (gT@ngTlOLlSHGSS),

the combination as the ,
t
degreecentrality value: Cd(U,') = d:-n + d:-m .

ICDM 2013 Tutorial 18
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Eigenvector Centrality

A Having more friends does 1
not by itself guarantee that _ N |
someone ismore important , Ce(0i) = 1 2 Ajice(0)),
but having more '

Important friends -
provides a strongersignal L8t Ce = (C@), Ce(@), .., Cooa) T

. o2 _ AT

A Eigenvector centrality tries AC, = A" C..
to generalize degree
centrality by incorporating

the importance of the This means that C, is an

neighbors (undirected) : .
A For directed graphs, we can eigenvector of adjacency

use incoming or attimes, ~ Matrix Aand | is the
outgoing edges corresponding eigenvalue

Social Media Mining ICDM 2013 Tutorial 19



Katz Centrality

n
A A major problem with [ Z ) _
eigenvector centrality arises Crarz (01) = @ ' lAIJCKatz(UJ) +p.

]:

when it deals with directed

graphs Rewriting equation in a vector form
A Centrality only passes over

outgoing edges and inspecial — T
cases such as when a node CKatz = aA CKatz + ﬁl
IS In a directed acyclic graph

centrality becomes zero even

though the node can have Katz Centra”ty;
many edge connected to it

A To resolve this problem, we

add bias term b to the CKatz — )B(I - aAT)‘l -1
centrality values for all nodes

A We select) < 11, wherel is
the largest eigenvalue ofAT
For the matrix (I - {AT) to be vector of
iInvertible

Social Media Mining ICDM 2013 Tutorial 20



PageRank

A Problem with Katz Centrality:

In directed graphs, once a n C,(v )
node becomesan authority C,(v) = Z A1
(high centrality ), it passesall : I out

its centrality along all of its
out-links

D = diﬂg(d1,d2, co ,dn)

This is less desirable sincenot
everyone known by a welt

known person is well-known Cp — aATD‘l Cp - 'Bl,

To rgi_tigdateﬁhis plroblefm we ;

can divide the value of passe ol |
centrality by the number of Cp = B(I - aA'D 1) Yy 1,
outgoing links, i.e., out-degree

of that node such that each

connected neighbor gets a

fraction of the source nodeos
centrality

Social Media Mining ICDM 2013 Tutorial 21



Betweenness Centrality

Another way of looking e
at centrality is by

considering how
Important nodes are In 0 e o

connecting other nodes

Cy(v;) = Z“ 0st(0;) o

citzo, st G@) = ((1/1) + (1/1) + (2/2) + (1/2)+ 0 + 0 )
J 1 N~ S~ N—— N on? N — ——
S=U t=U3  S=ULt=0y S=U,i=05 S=Dat=py S-Ust=Us S=U4l=Us

o,  the number of shortest paths = 35,
from vertex stoti a.k.a.
information pathways In undirected graphs we can
assume s<t

0s¢(vi) the number of shortest paths
from s to t that pass through vi

Social Media Mining ICDM 2013 Tutorial 22




Closeness Centrality

A The intuition is that
Influential and central
nodes can quickly reach e
other nodes
A Thesenodes should 0 @ @
have a smaller average 0

shortest path length to

other nodes Covr) =1/((1+2+2+3)/4) =

Cvy) =1/(1+1+1+2)/4) =
Cvs)= Cp(vg) =1/(Q+1+2+2)/4)=0.66,
Cvs) =1/(1+1+2+3)/4) =0.57

Social Media Mining ICDM 2013 Tutorial 23



Transitivity and Reciprocity

Social Media Mining ICDM 2013 Tutorial 24



Transitivity

A Mathematic () ()
representation: () S .@
I For a transitive relation R:
() ()

aRb AN bRc — aRc

[Global] Clustering Coefficient

A In a social network: Co |Paths of Length 2 that have the third edge|
i Transitivity is when a [Paths of Length 2|
friend of my friend is : .
my friend Loca[ plgsterlng coefficient measures
i Transitivity in a social transitivity at the node level

network leads to a denser

graph, which in turn is Cwy) = number of pairs of neighbors of v; that are connected

closer to a complete graph number of pairs of neighbors of
I We can determine how

close graphs are to the .

complete graph by

measuring transitivity (v)

C(v))=1 C(v,)=1/3 C(v,)=0

Social Media Mining ICDM 2013 Tutorial 25




Reciprocity

If you become my friend, | al be yours
A Reciprocity is a more simplified version

of transitivity as it considers closed u ‘Q

loops of length 2

A If node v is connected to node u,
u by connecting to v, exhibits reciprocity

Jd

R = Z"”K’AI"AM; T Z AijAjir i
|EI/2 iji<j

_ 2 L Az A=
— IElszracc(A )

1
= —Trace(A?), | |

— 1 »f A2
= —Trace(A?), 1

o - O
S R
o O =

2 1
R = —Trace(A*) = = = =
Trace(A) = A1 +Agp + ... + Ay = Yig Aij m mce( ) 4 2
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Balance and Status

AMeasuring stability for an
observed network

Social Media Mining ICDM 2013 Tutorial 27



Social Balance/Social Status

Social balance theory discusses
consistency in friend/foe ‘ ‘
relationships among individuals. @ @ @ =) @—

The friend of my friend is my friend,

The friend of my enemy is my enemy, ‘ ‘

The enemy of my enemy is my friend, @ @ @@ @@
The enemy of my friend is my enemy. ""” cocedanbaoncdtulneed anbeace

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

A Social status theory measures how -
consistent individuals are in assigning Unstable
status to their neighbors configuration configuration

If X has a higher status than'Y and Y has a higher status than Z, then
X should have a higher status than Z.

Social Media Mining ICDM 2013 Tutorial 28




Similarity

AHow similar two nodes are
IN a network?

Social Media Mining ICDM 2013 Tutorial 29



Structural Equivalence

A In 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.

Social Media Mining ICDM 2013 Tutorial 30




Structural Equivalence: Definitions

A Vertex similarity

o(v;, vj) = IN(v;) N N(v))l.

(0,0 N(v;) N N(v;)
Imilarity: OJaccard\Vi, Uj) = ’
Jaccard Similarity: Jaccard j N(v;) U N(vj)
N(v;) N N(v;)
Cosine Similarity:  Ocosine(0i, 0}) = :
VIN(@)IN (v;)

A In general, the definition of neighborhood N(v) excludes
the node itself v.

I Nodes that are connected and do not share a neighbor will be
assigned zero similarity

I This can be rectified by assuming nodes to be included in their
neighborhoods

Social Media Mining ICDM 2013 Tutorial 31




Regular Equivalence

A In 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.

Vi, v; are similar when

their neighbors v, and  Oyequiar (V;, 7j) = ZA,- kA 10 Reqular(Vk, V1)
v, are similar k]

Social Media Mining ICDM 2013 Tutorial 32



Regular Equivalence

O'regula‘( Vi, vk) Q ~o
regu/@( Vb VI)‘ @
" (v pVJ)
~Oref
regu]a'(v vj) e 0 |

v, v, are S|m|Iar when
Oreoul U,U _aZAkAIU coular\ Ok, 01).
viissimilartov ;0 s egulr (U1, 0j) kA0 Regular (U U1)

k1

neighbors v

J K Gregular(vi/ U]’) = Z Ai,kGRegular(vk/ Z)]')
k

A vertex is highly similar

to itself, we guarantee this _

by adding an identity Oregular = aAGReg”l‘”’ +1

matrix to the equation O requiar = (I — aA)?!

Oreqular = aAGRegular

Social Media Mining
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Network Models
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Why should | use network models?

A In 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

I What are the principal underlying processes that help
Initiate these friendships

I How can these seemingly independent friendships
form this complex friendship network?

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

I They are complex and it is difficult to analyze them

Social Media Mining ICDM 2013 Tutorial 35



So, what do we do?

A We design modelsthat generate, on a smaller scale,
graphs similar to real-world networks.

A Hoping that these models simulate properties
observed inreal-world networks well, the analysis of
real-world networks boils down to a costefficient
measuring of different properties of simulated
networks

I Allow for a better understanding of phenomena observed
In real-world networks by providing concrete
mathematical explanations; and

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

A These models are designedo accurately model
properties observed in real-world networks

Social Media Mining ICDM 2013 Tutorial 36



Properties of Real -World
Networks

Power -law Distribution,
High Clustering Coefficient, and
Small Average Path Length

Social Media Mining ICDM 2013 Tutorial 37



Power -law Degree Distribution

A Many sites are visited less than a 1,000 times a
month whereas afew are visited more than a
million times dalily .

A Social media users are often active on a few sites
whereassome individuals are active on hundreds
of sites.

A There are exponentially more modestly priced
products for sale compared to expensive ones

A There exist many individuals with a few friends
and a handful of userswith thousands of friends

(Degree Distribution)
.




Power -Law Distribution

A When the frequency of an
event changes as a power of
an attribute:

I the frequency follows a
power -law

A Let f(k) denote the number
Individuals having degree k.

f(k) = ak™
In f(k) = —bInk + Ina

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

Degree
(a) Power-Law Degree Distribution
Log-Log
plot

requency)

Log(F

Log(Degree)
(b) Log-Log Plot of Power-Law
Degree Distribution

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

Social Media Mining
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High Clustering Coefficient

A In real-world networks, friendships are highly
transitive, I.e., friends of an individual are often
friends with one another

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

A In May 2011, Facebook had an average clustering
coefficient of 0.5 for individuals who had 2

friends.
Web Facebook Flickr LiveJournal Orkut YouTube
0.081 0.14 (with 100 friends) 0.31 0.33 0.17 0.13

Social Media Mining ICDM 2013 Tutorial 40



Small Average [Shortest] Path Length

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

I Six degrees of separation:

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

I Four degreesof separation:

A Lars Backstrom etal. in May 2011, the average path
length between individuals in the Facebook graphwas4.7.
(4.3 for individuals in the US)

Web Facebook Flickr LiveJournal Orkut YouTube
16.12 47 5.67 5.88 425 5.10
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Random Graphs

Social Media Mining ICDM 2013 Tutorial 42



Random Graphs

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

Random Grapho6s main assumpti on:
Edges (i.e., friendships) between
nodes (l.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.

Social Media Mining ICDM 2013 Tutorial 43



Expected Degree

The expected number of edges connected to a node
(expected degreg in G(n, p)isc=(n - 1)p
A Proof:

I A node can be connected to at mosnh-1nodes(or n-1
edges

I All edgesare selected independently with probabillity p

I Therefore, on average, (1 - 1)p edges are selected

A c=(n-1)p or equivalently,

o c
P=hn-1

Social Media Mining ICDM 2013 Tutorial 44




Properties of Random Graphs

n-1 e
A Degree Distribution P(dv=d)=( d )Pd(l-P) =

I This is a binomial degree distribution. In the limit this
will become the Poisson degree distribution

A Global Clustering coefficient

I The 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
andisp

A Average Path length

I (sketch) When moving average path length number of
steps away from a node, almost all nodes are visited.

®=d=|V|

In|V|
!
Inc
Social Media Mining ICDM 2013 Tutorial 45
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Small -World Model
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Small -world Model

A

A

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

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

A regular (ring) lattice is aspecial case of regular
networks where there exists a certain patternon

how ordered nodes are connected to one another.

In particular, in a regular lattice of degree c,
nodes are connected to their previousc/2 and
following c/2 neighbors. Formally, for node set

V an edgeexists between nodei and j if and only if

0<|i—j|<c/2
s -
#’?’; - %:7?3. {( ) JIE;;:%‘
O R A
: A ITANEF AN 5
1‘}‘1 -7-*5;":’ *;‘1'1 [ :}-‘/EE‘
-y -

rewiting of links

W

Social Media Mining
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Small -World Model Properties

A Degree distribution

min(d—c/2,c/2)

)

n=0

P(d, =d) =

( ! 2) (1 - By

B2

(d—-c/2- n)

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

A 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

1@ o o8 0g.-

i

08k
06 -
04}

02k

o -

L(p) / L(0)

Clp) / C(0)

0.0001

sl PO S S L
0.001
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Preferential Attachment
Model
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Preferential Attachment Model

A Networks:

I When a new user joins the network, the probability of
connecting to an existing node V; is proportional to the
degreeof v, d.

P(v;) = Y d;

A Distribution of wealth in the society: -
i The rich get richer e

A Node v arrives
i P() =17
i P(2)=1/7
i PB)=0
I
I

" P(4) = 3/7
" P(5)=2/7
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Preferential Attachment Model Properties

A Degree Distribution:

2m?
p(d) = Fr
A Clustering Coefficient:

~ my—=1(Int)?
C="% t’

A Average Path Length:

In|V]|

' V)
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Assortativity in Social
Networks

AWhy connected people are
similar?
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Birds of a feather flock together

PORRT

[ Adeom




