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was attended by the union
set of children attending
G Party 2 and Party 3

[Wasserman Faust 1

Union set of
children attending
Party 2 & Party 3

What is the least
upper bound of
Party 2 and Party 37
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Q2: Is there a party that was attended by the
union set of children attending Party 2 and 37

Keith Drew
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Agenda

Overview

* Network Creation and Evolution
— Random Networks, Configuration Model, Barabasi and Albert

« Network Processes

— The SIR Model
* Pajek

— A social network analysis tool

NEXT WEEK: Midterm Course Feedback

. Markus Strohmaier
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Midterm Course Feedback
Opinions, Criticism, Improvement Suggestions

« Course Contents
— Prerequisites
— Scope, Difficulty
— Speed
— Relevance / ,Interestingness®
« Qrganisation
— Mandatory Participation
 Breaks
» Lecture Style
— Speed
— Interaction
« Language
— Comprehensibility
« Home Assignments
— Effort

— Degree of Difficulty
— Comprehensibility

 \Website Resources
 Bach. Thesis / Project

. Markus Strohmaier 2008




Knowledge Management Institute

TU

Grazm

A look back

?{\-"eek ‘ Date

Title, Links

‘C‘ulmnents and Links N

Week 1| 25.2.2008

Introduction and Motivation: Web &
Science

{shdes, home assignment 1)

In this class, we will discuss the course orgamzation and prowvide a basic motivation for and mtroduction to the course.

Readings: Web science: a provocative invitation to computer science, B, Shneiderman, Communications of the ACh 30
25--27 (2007 [Web link]

Readings: Chapter 1 & 2, & Framework for Web Soience, T. Berners-Lee and W, Hall and J. A, Hendler and K. O'Hara
and I, Shadbolt and D. I, Wettzner Foundations and Trends® m Web Soience 1 (2006) [Web link]

Weelk 2| 332008

The Small World Problem

home assigment 1 due
(slides)

e will discuss several examples and research efforts related to the small world problem and set the ground for our
dizcuzsion of network theory and zsocial network analysis.

Readings: An Expenmental Study of the Small World Problem, J. Travers and 2. Milgram Sociometry 32 425-443 (1965
[Brotected Access]

Cwtional The Strength of Weals Ties, ML 3. Granowetter The American Journal of Sociology 78 1360--1280 (1973)
[Brotected Access)

Optianal Worldwide Buzz: Planetary-Scale Views on an Instant-Messaging Network, . Leskovee and E. Horvitz
WSE-TE-2006-186. Microsoft Research, June 2007, [Web Link, the most recent and comprehensive study on the
sihjact!]

Weelk 3 | 10.3.2008

Network Theory and Terminology

{shdes, home assignment 2)

In this class, we will discuss networl theory findamentals, including concepts such as diameter, distance, clustering coefficient
and others. We will also dizcuss different types of networles, such as scale-free networks, random networks ete.

Readings: Graph structure m the Web, &4 Broder and E. Eumar and F. IMaghoul and P. Eaghavan and 5. Eajagopalan and
E. Stata and A Tombins and J. Wiener Computer Metworles 33 309--320 (2000) [Web Lnk, Alternative Link]

Cwtional The Structore and Function of Complex Metworks, ML E T, Newman, STAW Eeview 45 167--256 (2003) [Web
link |

Weelc 4 | 7.4.2008

Social Network Analysis

home assignment 2 due
{(shdes, home assignment 3)

What are fundamental entities m social networles and what mformation 15 contamed m social graphs? We will discuss some
selected concepts i social networls analysis, such as one- and two mode networles, prestige and centrality, and cliques, clans
and clubs.

Readings: Web tocl predicts election results and stock prices, I Palmer, New Scientist, 07 February (2008) [Protected
Arcess)
Optional Sooal Networle Analysiz, Methods and Applications, 3 Wasserman and K. Faust {1994)

.:teekl‘? 14.4.2008

Affiliation Networks

home assignment 3 due
(shdes)

How can we analyze and understand affiliation networles? In this class, we will discuss properties of affiliation networks and
we will investigate the use of Galois lattices for the exploration of structural patterns in bi-partite graphs.

Optional - L.C. Freeman and D B White. TTsing Galois Lattices to Eepresent Network Data. Sociological IMethodology,

(231127--146, {1993) [Protected Access) Yy
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Up Next

will discuss the nature of network evolution and some selected network processes. We will discuss graph generation algorithms
Network Evolution and Processes tate networlce with different interesting characteristics.
Week 6 | 2142008
(shides, hotne assignment 4) Cptional - The Structure and Function of Complex Metworks (chapter 8), M E.J Newman, SIAN Eeview 45 167--256 (2003) [Web link]
Optional Emergence of Scaling in Random Metworks, 4 L. Barabast and B Albert, Science 286, 508 {199%) [Protected Access]
Link Analysis and Search “What are ways of searching in graphs? In this class, we will discuss basics of link analysis, including Google's PageRank algorithim as an example.
Week 7| 28.4.2008 | e assignment 4 due Readings: The PageRank Citation Ranking: Bringing Order to the Web, L. Page and S, Brin and R. Motwani and T. Winograd (1998)
(slides, home assignment 5) [Protected Access]
Thiz class focuses on a selected subset of web technologies that are of mterest to the topics of thiz course.
Webtechnologies I Readings: Chapter 5 "Eepresentational State Transfer (REST)", in "Architectural Stvles and the Design of MNetwork-based Software
Weel 8 5.5 9008 Architecture”, Roy Fielding, Dissertation, University of California Irvne, 2000
- i el Optional Chapter "Eepresentational State Transfer (REST)" m "Pro PHP WL and "Web Services”, B, Richards 633--672, 2006 [Protected
r(s]ides, home assignment 6, files_for_hab zip) § |Access]
This class mtroduces basics of web mining and mformation retrieval including, for example, an introduction to the Yector Space Model and Text
Web I\-IiJLng and Information Retrieval I G E.L Dr. Michael Grani
Week 9 |19.5.2008 esi Lecturer: Dy, Michael Gratutzer
(5 Optional Modeling the Internet and the Web: Probabilistic Methods and Algorithms, Pierre Baldi, Paclo Frasconi, Padhraic Smyth, Wiley,
2003 {Chapter 4, Text Analysis) [Protected Access)
I this class, we will discuss metadata as well as current phenornena such as tagging and folksonornies.
Metadath, Tagging and Folkksonomies
Weel: 10| 26 5 2008 Readings: Ontologies Are Ts: & Unified Model of Soctal Hetworks and Semantics, P. Mika, International Semantic Web Conference,
{(slides) 522-336, 2005, [Web link]
Cptional Folksonornies: power to the people, E. Quintarelli, ISE O Ttaly-TniWTE Meeting, (2005)
Search engines - such as Google - have been characterized as "Databases of intentions". This class will focus on different aspects of mntentionality
User In:tltiuns and Intentional Structures | the web, inchiding goal 2 goal modeling and goal-ortented search.
S on the Wb Readings: 3. Strohmaier, 3. Tux, M Granitzer, P. Scheir, 3. Liaskos, E. Tu, How Do Tsers Express Goals on the Web? - An Exploration of
W CLIS [l Lh . L6 d Intentional Structures i "Web Search, We Enow'07 International Wortkshop on Collaborative Enowledge IManagement for Web Information
E‘g: e = Systems in conjunction with WISE'07, Nancy, France, 2007, [Web link)
/ Readings: Automatic identification of user goals in web search, TT. Lee and Z. L and J. Che WATW '05: Proceedings of the 14th International
W orld Wide Web Conference 391--400 (2005) [Web link]

. Markus Strohmaier
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Motivation

ks evolve? Are there ,natural laws”

How do networ
f certain networks?

governing the evolution O
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Background
[Newman 2003]

« First example of a scale-free network (Price):
— Network of citations between scientific papers
— Both in- and out-degrees had power-law distributions

* Answered the question: How do power law distributions
emerge”?
— “the rich get richer”

— In other words: the amount you get goes up with the amount you already
have

« The “Matthew affect”

— “For to every one that hath shall be given” (Matthew 25:29)
— (in german ~ “wer hat dem wird gegeben”)

e QOther labels

— Cumulative advantage
— Preferential attachment

« Evident in scientific paper citations
— The rate at which a paper gets new citations is proportional to the number
that it already has Wwhy do you

"
hink 1S that:

. Markus Strohmaier 2008
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Two Assumptions
[Leskovec 2000}

“Conventional Wisdom” that networks that evolve are characterized
by
« Constant average degree
— Edges grow linearly with edges

« Slowly growing diameter
— Growing diameter with the addition of new nodes

Empirical observations show that

« Networks are becoming denser over time (densification power
laws)

- Effective diameter is in many cases decreasing as networks
grow (shrinking diameter)

. Markus Strohmaier 2008
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Empirical Observation: Densification

[Leskovec 2000}
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Figure 1: The average node out-degree over time.[Notice that it increases, in all 4 clatasets.]

. Markus Strohmaier

2008
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Empirical Observation: Densification

. Markus Strohmaier

[Leskovec 2000}
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graphs. All 4 graphs obey the Densification Power Law, with a consistently good fit. Slopes:
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Empirical Observation: Effective Diameter
[Leskovec 2000}
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Figure 3: The effective diameter over time for 6 different datasets. Notice consistent decrease

. MarkUS StrOh maier 200 of diameter over time.
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Motivation
[Leskovec 2000}

What underlying processes cause a graph to
1. systematically densify?

2. experience a decrease in effective diameter even as
its size increases?

But first, let’s take a step back

. Markus Strohmaier 2008
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Graph Generators Why are We
interested In
[Leskovec 2000} simulating graph

evolution?

“What if we could develop algorithms that are capable of
constructing networks that exhibit similar characteristics as
observed in “real-world” networks?”

We could do interesting things, such as:

« Extrapolations
— predicting future network development
« Sampling
— Drawing a sample and generalizing to the entire population

« Abnormality detection
— ldentifying deviations from “normal” network behaviour

 Simulation
— Exploring “what if” scenarios, e.g. deletion of hubs, network resilience

. Markus Strohmaier 2008
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Simple Graph Generators
[Newman 2003]

Can we develop an algorithm that constructs random graphs?

Algorithm:
Take some number n of vertices and connect each pair (or not)

. - \
with probability p (or 1-p). Oo\‘\e'

The Erdos-Renyi / Poisson random Graph

G(n,m) the set of all graphs having n vertices and m edges, each
possible graph appearing with equal probability

For example: G(3,2) is the set of all three graphs having 3 vertices
and 2 edges, each graph has probability 1/3

->Does not mimic reality (Qd() Qg)o QBCD

. Markus Strohmaier 2008
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g CMU SCS
Poisson vs. Scale-free network

Faloutsos / Leskovec
ECML/PKDD 2007

ﬁ%ﬁf//ﬁ!ﬁ?

Poisson network

(Erdos-Renyi random graph) Scale-free (power-law) network

Degree
|‘| distribution is Function is
Faloutsos&Lesk Power-law scale free it
Degree distribution is Poisson gcpipkop 20— Jlax) = c fix)
. Markus Strohmaier 2008
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Random Graphs
[Faloutsos / Leskovec ECML/PKDD 2007]

"1 Pros:

— Simple model
— Phase transitions (giant component with avg. degree >1)
— Giant component

1 Cons:

— Degree distribution
— No community structure
— No degree correlations

1 Extensions:

Configuration model
— Random graphs with arbitrary degree sequence

. Markus Strohmaier 2008
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The Configuration Model

Consider the model defined in the following way.

We specify a degree distribution p,, such that p, is the
fraction of vertices in the network having degree k.

We choose a degree sequence, which is a set of n
values of the degrees k; of verticesi =1 ...n, from
this distribution. We can think of this as giving each
vertex i in our graph k; “stubs” or “spokes” sticking
out of it, which are the ends of edges-to-be.

[Newman 2003]

. Markus Strohmaier 2008
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The Configuration Model

Then we choose pairs of stubs at random from the
network and connect them together. It is
straightforward to demonstrate that this process
generates every possible topology of a graph with
the given degree sequence with equal probability.

The configuration model is defined as the ensemble of
graphs so produced, with each having equal weight.

[Newman 2003]

. Markus Strohmaier 2008
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The Configuration Model:
Example

1. Define a degree distribution (e.g. 3,2,1,1,1)

2. Specify degrees for each node, based on the degree
distribution (e.g. A->3, B->2, C->1, D->1, E->1)

3. Insert an edge between two arbitrary nodes in your node set
that have not satisfied their specified degree yet.

4. Repeat step 3 until all node degrees are satisfied.

2

%

@ 1 ®1 1 ®1
e W
@ ©2 2

©

Example

/ Specified degree satisfied

Specified

. Markus Strohmaie&\node degreeJ 2008
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The Configuration Model:
Example |l

Another perspective:

Configuration mode|

* o
Y- O

0\
o) \\o o)
o o o
/
o o o /
o) (o] /
o_ ] Faloutsos / Leskovec
ECML/PKDD 2007

Example

. Markus Strohmaier 2008
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The Configuration Model

« Can reproduce networks with power-law distributions
— Accepts arbitrary degree distributions as input

* Does not explain the natural emergence of power law
networks

* Does not explain network growth / evolution

. Markus Strohmaier 2008
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Generating Scale Free Networks
[Barabasi and Albert 1999]

To incorporate the growing character of the network, starting with a small number
(m,) of vertices, at every time step we add a new vertex with m(sm;) edges
that link the new vertex to m different vertices already present in the system.

To incorporate preferential attachment, we assume that the probability 1 that a new
vertex will be connected to vertex i depend onnectivity k; of that
vertex, so that Degree of

Probability of a neﬁ Vertex i

vertex attaching to a ( he sum of

vertex i with degreem n(k )} {k /[ZJ kj}%all vertlces}

degrees

In other words: the probability is the degree of vertex i divided by the sum of all
nodes’ degrees

After t time steps, the model leads to a random network with t+m, vertices and mt
edges.

This network evolves into a scale-invariant state following a power law (satisfies the
two conditions: Growth and Preferential Attachment).

. Markus Strohmaier 2008
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A—F® o

Generating Scale Free Networks
[Barabasi and Albert 1999]

Example:

1. Specify a starting network with a given number of vertices m, and an initial set
of edges (e.g.: #edges = 3); initialize t=0
2. Define the number of vertices a new node is required to link to (e.g. m=2)

3. Calculate the probabilities Il that a new vertex will be connected to vertex i by
calculating I(k;) = k; / 3 k

4. Add the new vertex. Add edges according to the calculated probabilities and m

5. Sett=t+1 at time t: t+m, vertices

6. While t< 3 Goto Step 3. at time t: mt edges added
7. Terminate @

-

© ® /© © - o) =51 14
[Nk =4/10 M(ky) = 2/ 14 )=
f= 0 [I‘I(kA)=3/6} t=1 M(kg) =2/10 t=2 N(ke)=1/147 =3 ko) = 2
m, = 4 HEEB; = 1 ;6 # vertices: 5 2((:(:)) = :: // 1(()) # vertices: 6 MNkp)=1/14 # vertices: ? M(ke) =
_ M = 6 #edges n) = #edges M(ke)=3/14 #edges M(k.) =
m=2 c _ : E _ (ke)
Niko)=1/6 29992 | [qgy=2/10) added: 4 Mky) = 2/ 14 added: ? MNkg) =

. Markus Strohmaier 2008
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Generating Scale Free Networks
[Barabasi and Albert 2003]

BIRTH OF A SCALE-FREE NETWORK

A SCALE-FREE NETWORK grows incrementally from two to 11 nodes in this example. When deciding where to establish a link, a new node
(green) prefers to attach to an existing node (red) that already has many other connections. These two basic mechanisms—growth
and preferential attachment—will eventually lead to the system's being dominated by hubs, nodes having an enormous number of links.

© ®

. Markus Strohmaier 2008
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Generating Scale Free Networks
[Barabasi and Albert 1999]

Because of preferential attachment, a vertex that acquires more
connections than another one will increase its connectivity at a
higher rate; thus, an initial difference in the connectivity
between two vertices will increase further as the network
grows.

Thus older (with smaller t. ) vertices increase their connectivity
at the expense of the younger (with larger t; ) ones, leading
over time to some vertices that are highly connected, a “rich-
get-richer” phenomenon that can be easily detected in real
networks.

But, [Faloutsos / Leskovec ECML/PKDD 2007]

« all nodes have equal (constant) outdegree (in a directed
network)

 one needs complete knowledge of the network (knowing the
degrees of all nodes)

. Markus Strohmaier 2008
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Edge copying model

[Faloutsos / Leskovec ECML/PKDD 2007]

. Marku

% CMU SCS

communities

chosen node

exponent 1/(1-p)
Generates communities

Faloutsos&Leskov
ECML/PKDD 20C.

Edge copying model
But, preferential attachment does not have
Copying model [Kleinberg et al, 99]:
= Add a node and choose & the number of edges to add

= With prob. S select k random vertices and link to them
= With prob. /- edges are copied from a randomly

®e

.
/ f// e
.

New node

Generates power-law degree distributions with

Part 1-41

29
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Forest Fire Model
[Faloutsos / Leskovec ECML/PKDD 2007]

% CMU SCS

Forest Fire Model

But, we do not want to have explicit
communities

Want to model graphs that density and have
shrinking diameters
Intuition:

= How do we meet friends at a party?

= How do we identify references when writing
papers?

outsos&Leskovec Part 1-44

ECML/PKDD 2007

. Markus
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Forest Fire Model
[Faloutsos / Leskovec ECML/PKDD 2007]

% CMU SCS

Forest Fire Model

The Forest Fire model [KDDO035] has 2
parameters:

= p ... forward burning probability

= ... backward burning probability

The model:
= Each turn a new node v arrives
Uniformly at random chooses an “ambassador’ w

Flip two geometric coins to determine the number in-
and out-links of w to follow (burn)

Fire spreads recursively until it dies
Node v links to all burned nodes

. Marki Faloutsos&Leskovec Part 1-45
ECML/PKDD 2007
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Forest Fire Model
[Faloutsos / Leskovec ECML/PKDD 2007]

% CMU SCS

Forest Fire Model

Forest Fire generates graphs that
densify and have shrinking diameter

E(t)
“T | densification 61r diameter
10° il
) 59
g’m‘- = 58F
@ | Y
: 132 5 s
g b g 5.6/
102_ :'5 5.5
1 —Edsg.,:q x"l-” R?=1.00 >

10° 10 10° 0 2000 4000 8000 1000

10 . N
Lo Number ¢
K umber of nodes N(t) ECML/PKDD 200/ (t)
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Forest Fire Model
[Faloutsos / Leskovec ECML/PKDD 2007]

Forest Fire Model

Forest Fire also generates graphs with
Power-Law degree distribution

107

in-degree

10%

out-degree

10"

10"}

0

10

. Mark

10°

" log count vs. log in-degree ... log count vs. log out-degree |
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Percolation Theory
[Newman 2003]

A percolation process is one in which vertices or

edges on a graph are randomly designated either
“occupied” or “unoccupied”.

One of the main motivations for the percolation model
when it was first proposed in the 1950s was the
modeling of the spread of disease.

. Markus Strohmaier 2008
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Percolation Theory iy are e
[Newman 2003] interested in

percolation theory
in the Context of
Y Cj"“'--..r*x web SC.‘enCe?

xﬂ r’/
| L
i:/ \:j -

site percolation bond percolation

FIG. 13 Site and bond percolation on a network. In site per-
colation, vertices (“sites” in the physics parlance) are either
occupied (solid circles) or unoccupied (open cireles) and stud-
ies focus on the shape and size of the contiguous clusters of
occupied sites, of which there are three in this small exam-
ple. In bond percolation, it is the edges (“bonds™ in physics)
that are occupied or not (black or gray lines) and the vertices
that are connected together by occupied edges that form the
clusters of interest.

. Markus Strohmaier

2008
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Two Fundamental Network Process Distinctions

[N ewman 2003] Can you name examples

of these processes on the

web?

/Epidemic processes A

« such as influenza, which sweeps through the
population rapidly and infects a significant fraction of
\_ individuals in a short outbreak (cf. the SIR model) )

Endemic processes

* such as measles, which persists within the population
at a level roughly constant over time. The disease
can persist indefinitely, circulating around the
population and never dying out (cf. the SIS model)
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The SIR Model
[Watts 2004]

The SIR model of network epidemics

S Susceptible

Vulnerable to infection, but not yet been infected
I Infected

infected and infectious (can infect others)
R Removed

either recovered or ceased to pose a threat

Rules:

* New infections can only occur when an infected individual (an infective) comes
into direct contact with a susceptible.

« The susceptible can become infected, with probability p depending on
infectiousness of the disease and the characteristics of the susceptible

Who comes into contact with whom will depend on the populations‘ network
structure.
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Loss of
immunity

Recovery
(or death)

The SIR Model
[Watts 2004]

R\_/I

Figure 6.1. The three states of
the SIR model. Each member of
the population can be susceptible,
infected, or removed. Susceptible
individuals can become infected by
interacting with infectives.
Infectives can either recover or die,
thus ceasing to take part in the
dynamics. If they recover, they
might become susceptible again

through loss of immunity.
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In its simplest version,

* based on purely random e #.' e o
interactions s® o
S
» Rate of infection depends only T S
on the relative population sizes . 85 i
2 N e

The SIR Model
[Watts 2004]

Figure 6.2, Inthe classical version of the SIR model, interactions are
assumed to be purely random. One way to think of random interactions is as
individuals being mixed together in a large vat. The main consequence of the

random mixing assumption is that interaction probabilities depend only on the

relative population sizes, a feature that greatly simplifies analysis.
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The SIR Model
[Watts 2004]
Slow
A growth Explosive Burnout
phase phase phase Figure 6.4. Logistic growth,

B e ‘/ 5 —/— I displaying the slow-growth
© | | ;
_GC_J' | I phase, explosive phase, and
B | | burnout phase.
2 | i
2 : | In terms of the SIR model,

| : stopping an epidemic is

| roughly equivalent to
> preventing it from reaching

Time the explosive growth phase.

Reproduction - o _ _
rate Low  High  Low This implies focusing not on

the size of the initial
outbreak but on its rate of
growth.
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The SIR Model
[Watts 2004]

Each infection requires the
participation of both an
infected and a susceptibel

Slow-growth phase

individual.
<
The rate at which new infections 0;%
ca be generated depends on Explosive phase

the size of both populations.

Reproduction rate: the average Bumout phase
num ber Of new in feCt IVes Figure 6.3. In logistic growth, the rate of new infections depends on the size
gener ated by each curre ntly of the susceptible and infected populations. When either population is small (top
infected. and bottom diagrams), new infections are rare. But when both populations are

intermediate in size (middle diagram), infection rates are maximized.
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The SIR Model
[Watts 2004]

Condition for epidemics: reproduction rate >1 (threshold)

Note: That's the same threshold at which a giant component occurs
in networks

A Figura 2.2. Figure 6.5. Phase

fe e o o  m— ww os

-k

Connectivity of a random transition in the SIR

h.The fraction of th
graph. The fraction ot the model. When the

nodes connected in a single

component changes reproduction rate (R) of

suddenly when the average the disease exceeds one

Fraction of all nodes in
largest component

Final fraction of
population infected

number of links per node

1 (the epidemic
ds one.

Average number excee -

of links per node R=1 threshold},

Reproduction rate (R) an epidemic occurs.

SIR simulation: e.g.
http://www.uni-tuebingen.de/modeling/Mod Pub Software SIR en.html
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Applications of Graph Generators and Growth
Models [Leskovec 2006]

Recapitulation:

« ,What if* scenarios

« Forecasting future parameters of computer and social networks
* Anomaly detection

« Graph sampling algorithms

« Realistic graph generators

Examples:

« Invites® to join GMail

* ,Invites” to buy Chumby

« Invites® to join Joost

« Vaccination strategies for epidemics
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Pajek

A Social Network Analysis Tool

File Met Mets Operations Partition Partitions Weckor Yectors  Permutation  Permutations  Closter  Hierarche:

Options  Draw  Macro Info Tools

=10l x|

|1. CAProgram Files\pajekitestdataA\LONDON_NET (10}

E 1. C:\Program Files',pajek’ testdata’, LONDOMN.NET (

Layout  GraphoOnly  Prewious Redraw  Mext Options Export  Spin
Info

Vectors |
el H =

| W W W

Permutations |

& H =

N |
B

Cluster

| Hl =

=10l x|

Mave

-

; I:_____L..
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Pajek

Examples: The Pajek .net format

One mode network

[® home assignmen

=10l x|

File Edit Farmat Yiew Help

Myartices 7 |
1 "a"
2 ""
3 IIC“
4 "o
5 IIEII
5 "F"
7 'g"
¥Edges
1 4 1
1 5 1
341
231
2 a8l
a7l
S
351
Kl vl

Two mode network

_Io/x]
File Edit Format Miew Help
wyartices 10 g “
l “A“ J
2 """
3 "c"
4 IIDII
5 "g"
5 1"
? IIIIII
8 "III
9 “Iv“
10 My
*Edges
1 61
1 7l
1 51
2 71
2 =
3 o1
4 o1
4 10 1
5 51
g 10 1
KN I vl
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Pajek

Manuals, Documentation and Tutorials:

o “Official” website: http://vlado.fmf.uni-
li.si/pub/networks/pajek/

o “Official” manual: http://vlado.fmf.uni-
li.si/pub/networks/pajek/doc/pajekman.pdf

* A tutorial: http://vw.indiana.edu/tutorials/pajek/

e Some notes:
http://www.itee.uq.edu.au/~hallinan/ACCSWinterSch
ool/PajekTutorial.doc
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Any questions?

See you next week!
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