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= Building model --- Random graphs
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SOCIAL NETWORKS



i Social network

= Wiki: A social network is a social
structure made of individuals (or
organizations) called "nodes," which are
tied (connected) by one or more
specific types of interdependency,

= such as friendship, kinship, financial
exchange, dislike, sexual relationships, or
relationships of beliefs, knowledge or
prestige. (From Wiki)



http://en.wikipedia.org/wiki/Social_structure
http://en.wikipedia.org/wiki/Social_structure
http://en.wikipedia.org/wiki/Interdependency

i Social network

= Node: actor (people, group, organization)

= Arc (edge) : social relation tie, such as friend,
collaboration, message transmission...

« Directed or undirected (bidirectional or unidirectional)
= An example: Friend network

= Node: people

= Arc: friend relationship

= In blogosphere: a node is a blog



i Social network Example

= Information flow
network

=« Node:
organization

»« Edge: information
flow




All shortest paths between SHE and Jolin on
Wretch (444 Blog, Taiwan)
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i Social networks--- Example

m Co-author network of scientists
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CATEGORIES AND ONLINE
SOCIAL NETWORKS



i Categories of Social networks

= Single relation

= One-mode (relation between member):

= Classmate, club members, colleague, like or dislike, coauthor,
friendship

= General graph, directed or undirected
= Two-mode (group-member relation):
= BBS board vs. author
« Fans
= teacher-student
= Bipartite graph
= Mixed mode
= Blog with fans of celebogs, FB with fans

= Multiple relation
= With more than one relation
= Graph with edges of different colors



Categories of Social networks (II)

s Levels of Measurement of ties:

= Binary
= is this person a close friend or not
= Yes or no; 1 or 0; a tie exists or not

= Signed
= whether you like, dislike, or don't care.
= +,-,0r0

= Valued

= 'rank the three people on this list in order of who you
like most, next most, and least.”
Ordinal data
= 0N a scale from minus one hundred to plus one hundred
- where minus 100 means you hate this person, zero
means you feel neutral, and Flus 100 means you love
this person - how do you feel about..."



Categories of Social networks

i (II1)

= Directed or "Bonded" Ties

= Directed tie (arc)

= Each person (ego) is being asked about ties or
relations that they themselves direct toward
others (alters).

= arrows that have arrowheads

= Bonded tie (undirected, bidirectional, edge)
= A and B are having a conversation
= line segments without arrowhead




i Social networks on Internet

= One-mode
« WWW hyperlink relation (Directed)
= Blog friend relation (Directed?)
= Facebook (Undirected?)
» Instant messenger (Undirected)

= Two-mode
= BBS
= Celeblog (Blog fans relation)



i 2-mode (bipartite) network

= Group-member relation
« PPT authors and boards

= One-mode projection

» Using num of common neighbors as the
strength (similarity) of tie

X X,

x A ){1_2__?2 4 1-E'II:s %

o C\'IE Ye 2 2 Y
\ D Ox, / 2
\ 1<t ? 1 1
WY (b) 4

x
X-nodes:

X-projectiol

Y-projection I




i One-mode projection

= Used in personal recommendation and
predictions

= Friend recommendation in FB

= Simple but Loss information

= Similarity in the other part is not
considered

= Only one-step neighborhood



i Example of 1-mode projection

= The relations between PTT boards

= We analyze the authors for each board of
PTT
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Mixed Social networks on

i Internet

= FaceBook, Twitter, line, Instagram
» friendship and fans
= information transmission and friendship

= YouTube, YouKu
= people->film, people->people




i Social networks on Internet

= Vs. traditional
0 Huge

= Unreliable links
= False positive (link to a beauty by a friend link)

= False negative (lose of links by degree
restriction or for some other reason)

= Duplicated nodes
= One may have several accounts




i Social networks on Internet

= Typical features

= Power-law and fat-tail degree distribution
= Hub effect

= Sparse

= A large component

= Small diameter (small world phenomenon,
6 degrees of separation)

« Effective diameter: most of the nodes can be
reached within this distance



Broder et al.,, Computer networks, 2000

i WWW Structure, degree distribution
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Using crawler to retrieve 200 million pages and 1.5 billion links



i Small world

| = Social network analysis
oY TS o7 ¥ 9¥  views social relationships in
terms of network theory
-9 consisting of nodes and

O Q ©OLI OO i
QO O] © O G « Example: six degrees of
O © QY gV Voo separation

Facebook (November 2011, 721 million users with 69 billion friendship links): average

distance=4.74, 99.91% of Facebook users in a large connected component,
The distance had decreased to 3.57 in February 2016, when it had 1.6 billion users
(about 22% of world population).


http://en.wikipedia.org/wiki/Social_relationship
http://en.wikipedia.org/wiki/Network_theory
http://en.wikipedia.org/wiki/Six_degrees_of_separation
http://en.wikipedia.org/wiki/Six_degrees_of_separation
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RESEARCH ISSUES AND
IMPORTANT METRICS



Research issues in social
network analysis

= Finding network structure
= Crawler—entire network or sampling
= Latent relation mining (predicting) (Data Mining)

= Features computation and analysis

= Important metrics (approximately or exactly)
= Diameter, degree distribution, and other distribution
= Centrality: degree, betweenness, closeness, and others

= Sub-structure analysis
= Community detection, clustering

= Other applications
= Influence analysis, personal recommendation, social trust



Research issues in social
i network analysis

= Building model --- Random graphs
=« Mathematical or computational
= Generative models
= Simulating the growth

» Configuration models

= Generating random graphs satisfying some
given parameters



i Finding network structure

= Crawling and sampling

= Find the all relations by crawler, or
sometimes we only want to sample them

= Snowball sampling
« Start from seeds and BFS

= Induced subgraph
= Guess the nodes and check the edges



Limitations and weaknesses

= Snowball method

= Actors who are not connected (i.e. "isolates") are not
located

o ?/ tend to overstate the "connectedness” and
idarity" of populations of actors.

Mlssmg neighbors for actors on the boundary
o Induced subgraph
= Sampling rate should not be too small
= Missing high-degree nodes loses important message

= Other methods: Forest fire, random walk, and
some mixed method

= A node with high degree has more prob. to be sampled.



i Ego-centric networks

= Ego-centric network (ego only)
= Ego: the node we want to study
= Alter of ego: the neighbors of ego

= Only the information on ego's connections to
alters -- but not information on the
connections among those alters.

= Ego-centric network with alter connections

= The subgraph induced by N[v], i.e., the closed
neighborhood of ego



i Finding network structure

= Relation prediction

= Content analysis
= Al methods

= Structure analysis
= Similarity
= The simplest way: co-friends.

= TWO actors with many co-friends tend to be
friends

= Mixed method



i Balance theory

= People tend to maintain balanced
relationship.

= Reciprocity: bidirectional tie, i.e., symmetry
« Transitivity: a friend’s friend
= A real social network (friendship)
= Relatively high reciprocity
= Relatively high transitivity



Clustering Coefficient

s Used to estimate the cohesion of the
neighborhood of a node.

= For a node v,
= Prob((u,w) in E | u,win N(v))
= For a (sub)graph,
= Prob((u,w) in E | (u,v) and (v,w) in E)

= By balance theory, a well developed social
network has a larger CC.

= A important feature of social networks
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TYPICAL EXAMPLES
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Xuite 62,257 159,891 15,826

2007/12 Till 2010/3, about 5M nodes and 90M links
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§2 (k)

Results of South Korea 2007

From WWW2007

Set # I IT I11 IV

Cyworld Testimonial(Cy) | MySpace orkut
sampling ratio p 100% 0.77% ~ 0.08% ~ 0.30%
no. of nodes N 12,048, 186 92, 257 100, 000 100, 000
no. of edges L 190, 589, 667 703,835 | 6,854,231 | 1,511, 117
mean degree (k) 31.6 15.3 137.1 30.2
avg. clustering coeflicient ' 0.16 0.32 0.26 0.31
assortativity r —0.13 0.43 0.02 0.31
estimated degree of separation £ 3.2 7.1 2.7 3.8

Table 1: Summary of data sets from
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Features computation and

i analysis

= Important metrics (approximately or exactly)

= Diameter, degree distribution, and other distribution

= Centrality: degree, betweenness, closeness, and others
= Sub-structure analysis

= Community detection, clustering
= Other applications

= Influence analysis, personal recommendation, social
trust




i Centrality

= In SNA, centrality = importance of actor
= Ego's power is alter's dependence

= Or ego’s power comes from alter’s powers
= Several measurements

= Degree:

= Closeness: total distance to others

= Betweenness: how many pairs the node (edge) is
at the geodesic path of them

= Flow: How critical is it to the maximum flow



i Closeness and Distance

= Finding shortest st-path or single source
all destinations

= BFS or Dijkstra, unweighted or weighted

= Intractable for huge networks, but no
better available in the sense of worst case

= Several algorithms with better practical
performances



i How to find all shortest paths

= It is easy by BFS (breadth first search)
= Easy?
= IZ80E/ NS, (HE TR AIZBELEF RS
=« Wretch has roughly 5M nodes and 80M
edges. Typically N.=30N_,
= Most of the nodes has distance 5 or 6
= A simple BFS almost search the whole graph

LULll'




‘L 2-way BFS

= We need to search roughly 2*303 nodes

= 2-way Dijkstra can also used in weighted
graphs



i ALT

= ALT algorithm:

= A* search, Landmarks and Triangle
inequality. Basically, a prune Dijkstra.

= Good performance, especially on geometric
data, such as road map. Also tested on
social networks.



i Computing the diameter

= {FUB algorithm:
= iterative Fringe Upper Bound

= Bounding-Diameter algorithm
= Using pruning method

= 4-sweep algorithm and its modification

= Using 4 BFS to find the approximate
diameter




i Experimental results

Avg.
Graphs nodes edges degree
inet 1,719,037 11,095,298 6.45
ip 2,250,498 19,394,216 8.61
facebook 4,039 88,234 21.85
Slashdot0902 82,168 948,464 11.54
Slashdot0811 77,360 905,468 11.70
soc-Epinions1 75,879 508,837 6.71
Network graphs_ o oy

) : 1,632,803 30,622,564 18.75
relationships
soc-LiveJournall 4,847,571 68,993,773 14.23
amazon 334,863 925,872 2.77
dblp 317,080 1,049,866 3.31
orkut 3,072,441 117,185,083 38.14
youtube 1,134,890 2,987,624 2.63
road net-TX 1,393,383 3,843,320 2.76
road net-CA 1,971,281 5,533,214 2.81
road net-PA 1,090,920 3,083,796 2.83

48



Experiment result for modified
‘“FUB with deleting methods

The number of BFS executions

lood for most social networks

Graph exact | i+HD | BD iC iC+BD1 | iC+BD2 | i«C+BD3 | iC+BD4
INET 5] GA9164 | HTR998 | 699164 | 466314 4505617 528543 280021
1P 5] 280771 | 421 289771 | 90749 599499 129434 TH455
facebook B 143 4 207 158 158 36 3
Slashdot0902 | 13 5! 11 4 4 4 G 6
Slashdot0811 | 12 4 8 3 3 3 4 4
Wiki-Vote 7 14 15 14 14 14 12 2
Epinionsl 15 8 1 b} B 8 14 14
pokec 14 2 G 2 2 2 2 2
LiveJournal 20) § B 6 6 G 9 7 G
AMAZOIL 47 52 14 62 14 14 14 ]
DBLP 23 9 31 15 T T T 11
orkut 110 39295 70 oy o8 98 91 04
Youtube 24 12 3 12 12 12 5 18
road-net TX 1064 HEOSTHE | 95 544280 | 1843 1759 2923 103
road-net PA | 794 263606 | H9 535961 | 17347 17418 13180 RE
road-net CA | 865 354382 | 152 A54382 | 1727 1694 2815 143

[

TC Lin and BY Wu, 2016



i Betweenness centrality

= Betweenness indicates the importance
of an actor in message flow

= Brandes algorithm
= Two-pass BFS (or Dijkstra)
« O(mn), but too costly for large networks

= Approximation or modified definition



i Community detection

s 1 EE(for friend network)
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Community detection

= Cohesive group
= Cligue: not practical
= Several relaxations
= K-clique: the distance on original graph = k

= K-club: subgraph of diameter k
= K-plex: each connected to all but at most k nodes

= Max Clique and Cligue Partition are NP-hard

= Also for many clique-like problem, e.q., Densest k-
subgraph
= And hard to approximate



DIFFERENT APPROACHES FOR DEFINING
SUBSTRUCTURES AND GROUPS

Substructure Description

Name

Clique Actors who have all possible ties among themselves

N-Clique Actors are connected to every member of the group at a
maximum distance of NV

N-Clans N-Cliques that all paths among members occur by the
way of other members of N-Clique

K-Plex Clique in which actors have ties to all but k of members
of the group

K-Core Actors are connected to k of members of the group

Component Parts of sociogram that are connected within bu discon-
nected with other components

Cut Points Nodes which if removed, the structure becomes divided
into un-connected systems

Block The divisions into which cutpoints divide a graph

Lambda Set Set of actors who if disconnected, would most greatly

disrupt the flow among all of the actors




Community detection
i (partition)

= Partitioning the nodes into several groups

= Variants
= Overlap or non-overlap
= Fixed or variable num of groups

= Measurement the goodness of clustering:
modularity (by Newman 2006), good for sparse
graphs.

= Finding the max modularity is also NP-hard, but
existing approximation algorithms

Q=5

2m 2m

- 5 e ).



i Influence issue

= How an idea (rumor) can be spread
over almost the whole network?

= Depending on the models?
= How one be influenced by the other

= How one will send a message heard from
others

= Maximum coverage problem
»« Domination set and similar problems



i An simple mathematic result

= Each person who has heard the idea
communicates it to neighbors with
independent probability r

= The expected number who hear it is r(k-1).

= The average number of people a person
passes the idea on to, also called the basic
reproductive number Ro, IS

o Sikik— 1) UP) — ()
0 — — I — —— .
Z; -'I‘ri' {. k:




+

s If R, > 1, then the number of people
hearing the idea grows as it gets passed
around and it will take off exponentially. If
Ry < 1 then the idea will die.

= We have a phase transition for the spread
of the idea: it spreads if and only if

.-mft_'-f
)=

!



Building the models — random

i graphs

= Used to explain how the network grows
and predict.

= Predict the behavior of actors.
»« Generate random graph for experiments.

= Generate random graphs with some
given features.




Some Popular random graphs

= Bernoulli random graph
= Each edge has i.i.d. probability

= Easy, simple but not social network
= Deg distribution: binomial (approximately Poisson)

= Preferential attachment
= Rich-get-richer
= Random graphs with any given degree distribution

= Usually, model generates graphs with some, but
not all, features
= Used to explain the reasons
= Practical networks are much more complex



i Further issue
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i Different network flows

= Centrality and community should not
only consider shortest path

= But the influence depends on how the
flow process

= Rumors are spread not necessarily along
the shortest paths.



Typology of flow processes

-classification

ransmission dimension
parallel duplication, serial duplication, and transfer

2. Trajectory dimension
geodesic path, path, trails, and walks

Table 1
Typology of flow processes

Parallel duplication Senal duplication Transfer
Geodesics =No process= Mitohic reproduction Package delivery
Paths Infernet name-server Viral nfection Mooch
Trails E-mail broadeast Gossip Used goods
Walks Aftitude mmfluencing Emotional support Money exchange

Borgatti, Social Networks 2005



Social trust
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i Trust propagation
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i Privacy and Anonymity
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i Life finds the way
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