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Tagesplan und Themen 

2 

Themen 
•  Wiederholung und Aufgaben, Ausblick 

•  Netzwerkanalyse (aka  social network analysis) 
•  Einführung in Graphen / Netzwerke 
•  Zentralitätsmasse 
•  Finden von Gruppen in Netzwerken 
•  Visualisierung von Netzwerken 
 

•  13:00 - 14:30: Vorlesung(2) + Übungen 

•  14:30 - 14:45: Pause 

•  14:45 – 16:30: Vorlesung (2) + Übungen 

•  16:30 – 16:45: Pause 

•  16:45 – 18:15: Vorlesung (2) + Übungen 

 



At the end of the day… 

…visualize and analyse your own linkedin network  



Homework(s) & Recap 



The task 

For some methods, distances / 
dissimilarities are sufficient 

High  
Dimensional 

Low  
Dimensional 
typical 2,3 D  



Taxonomy of covered techniques  

Dimension Reduction 

Linear (PCA) 

MDS 
•  Classical 
•  Sammon 
•  isoMDS 
Isomap 

(t-)SNE 

Nonlinear 

Distance Probability 

For a fine grained map see (Maarten,  http://www.iai.uni-bonn.de/~jz/dimensionality_reduction_a_comparative_review.pdf) 

Other methods: e.g. autoencoder 

Needs X Only needs distances 
/ dissimilarities 



Definition: Let O1 and O2 be two objects from the universe of possible 
objects. The distance (dissimilarity) between O1 and O2 is a real number 
denoted by d(O1,O2) 

0.23 3 342.7 

Peter Piotr 
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Defining Distance Measures (Recap) 
 



Homework 

Aufgabe 4, Aufgabe 5 



Introduction to Networks 



Social Networks (Zachary Karate Club) 



Artist Network (lastfm) 

http://sixdegrees.hu/last.fm/ 
Interatice map @http://sixdegrees.hu/last.fm/interactive_map.html 



Terror Networks 

From American Scientist Article 



Authorship network 

All people who wrote a paper with Erdös.  
 
 



Protein Protein Interaction Network 

Kill the interaction between to proteins and see if the organism survives (yeast!)  



Social Network of Twitter-Users  

BA von Kilian Kessler and Pascal Stähli : Statistische Analyse von Twitter Daten (1 zu 12 Initiative) 

•  Layout 
•  Groups 

•  Community detection 
•  Important people 

•  Centralities 



Network Analysis (Overview, biased selection) 

All these networks (social-, actors, genes, …) are similar and can analyzed 
with the same tools: 

Analysis 
•  General Graph Theory 

§  Shortest Path,… 
•  Graph Drawing  

§  Layout Algorithms 
•  Global Properties   

§  Diameter of Graph,  
•  Centrality Measures 

§  E.g. Google’s PageRank 
•  Community Detection 

§  E.g. Friendships 
•  Modules / Motifs 

•  Pattern in the Network 
•  Comparison 

§  How similar are (sub)networks / 
Chemoinformatik 

§  Dynamics on Graphs 
§  E.g. spreading of rumors / 

viruses 

 

Properties of typical networks 
•  Small worldness 

§  Six Steps of Seperation 
•  Scale-freeness 

§  There are hubs of abitrary size (Barabasi 1999) 
 

Generation 
•  From data 

§  Correlation with thresholding 
§  Graphical Models (e.g Bayesian 

networks) 
•  Random 

§  Erdös, Barabasi 

Software 
•  Standalone Tools: Cytoscape, Gephi  
•  R: igraph (also python interface) 
•  Libraries: Jung, Pajec, Graphviz, 

prefuse 

 



Definition of Networks 



Introduction 

What is a network (or graph)? 
A set of nodes (vertices) and edges (links)  
Edges describe a relationship between the nodes 
Edges can be (un-)directed, or (un-)weighted 



Definition(s) of a graph 

Liste: (undirected graph) 
 

 
 

Adjacency matrix 
 
 

 
For undirected and unweighted graphs, adjacency matrix is symmetric and 

consists of 0‘s and 1‘s.  

 
 
 

 
 

Alice	   Bob	  
Alice	   Joe	  
Bob	   Joe	  
Joe	   Gilbert	  

Alice	   Bob	   Joe	   Gilbert	  
Alice	   0	   1	   1	   0	  
Bob	   1	   0	   1	   0	  
Joe	   1	   1	   0	   1	  
Gilbert	   0	   0	   1	   0	  

Alice 
Joe 

Bob Gilbert 



Layout 

The definition of a graph does not entail the layout! 
 

 
 

 
 
 

 
 

 
More about layout a.k.a. graph drawing later. 



Creating graph from edge list 

Package igraph (good tutorial http://igraph.sourceforge.net/igraphbook/) 

 

 

m <- matrix(c("Alice","Bob","Alice","Cecil","Bob","Cecil","Cecil","Denis"), 
ncol=2) 

>m 

     [,1]    [,2]    

[1,] "Alice" "Bob"   

[2,] "Bob"   "Cecil" 

[3,] "Alice" "Cecil" 

[4,] "Cecil" "Denis" 

 

 

>g <- graph.edgelist(m, directed=F) 

>plot(g) 

 

 

 

 

A note on plotting graphs. We don’t use ggplot, since the graphs have build in 
support for the traditional plot() framework. 



Importing Graphs 

> g <- read.graph("c:/Users/oliver/Desktop/dumm.txt", format="edgelist", directed=F) 
> plot(g) 



Creating special graphs   

g <- graph.ring(10) 

plot(g) 

 

g <- graph.full(10) 
plot(g, layout=layout.circle) 
 



Creating special graphs   

l1 <- graph.lattice(length=5, dim=2)  

plot(l1) 

 

 

 

 

 

 

 

 

 

 

 
plot(l1, layout=layout.circle) 



Creating random graphs: Erdös Rényi   

Erdős and Rényi (~1950)  
g <- erdos.renyi.game(5, 2, type="gnm"); 

5 Vertices with 2 Edges (always) 
g <- erdos.renyi.game(5, 1/5, type="gnp"); 

5 Vertices with prop. of an Edge being 1/5 

 g <- erdos.renyi.game(20, 0.1, type="gnp"); 
 plot(degree.distribution(g), xlab="degree",  
ylab="frequency", pch=1, col=1, type="b") 



Creating random Graphs: Barabasi 

Barabasi 1999 

g <- barabasi.game(100, directed=F) 
plot(g) 



Definitions: Degree 

The degree of a node is the number of edges incident with it. 
In directed graphs, we also define the in-degree and out-degree of a node. 

 
 

 
 
 

In R 
 

 

 
 
 

 
 



Definition: Shortest - Path 

Shortest-Path between two nodes a.k.a. geodesic distance  
0 to 5 in 3 steps 

 
 
 

 
 

Weighted Network 



Definition: Diameter 

The diameter is the longest shortest path in the network  
 

 
 

 
 
 

 
 

 
 

Diameter ? Diameter ? Diameter ? 

In R  
> diameter(g)  
[1] 2 
The diameter is a global property of the 
network 



Definition: Connected Components 

 
 

 
 

 
 
 

 
 

 

3 connected components 



Verallgemeinerungen  

Pseudograph / Multigraph 
 

 

 

 

 

 

 

 

 

Hat self-loops und mehrfache Kanten 

Hypergraph 
Eine Kante verbindet mehrere 

Knoten 
 

Im folgenden nur behandeln wir nur einfache Graphen 



igraph: changing the size and colour of a graph 

# Coloring of a graph
load('karate.Rdata')
V(karate)$color <- 'green' #Global
plot(karate, vertex.size=7, vertex.label=NA)

V(karate)$color <- sample(c('red','green','blue'), size=length(V(karate)), 
replace = TRUE)
plot(karate, vertex.size=7, vertex.label=NA) #Auch mal ohne 

V(karate)$size=degree(karate)
plot(karate,  vertex.label=NA) #Auch mal ohne 

# Other attributes
V(karate)$label.cex = 0.5 #Size of labels
plot(karate)



Exercise with igraph  

 



2 interesting properties of 
networks 



Frage 

Wieviele Freundschaften liegen zwischen Osama bin Laden und Barack Obama? 
 

Wieviele Freundschaften liegen zwischen Ihnen und Angela Merkel? 

 

 

 



Surprising properties of networks I 

(Most) “real world” networks have in common that it just takes a few steps to 
reach any node  
(small-worldness) / “6 degrees of separation” 

Network Diameter and average path length both scale like: L~Log(N) 
 
 
 
 



Fragen 

Wie viele Nachbarn hat ein Knoten im Netzwerk? 
 

Wie ist die Verteilung der Nachbarn? 

 

 

 



Surprising properties of networks II 

Degree Distribution: 
Number of edges k 



Examples of networks 

PPI network Correlation network 
(gene expression) 

Random Graph (Erdös) 
“Small world”  
Not scale-free 

2D Lattice 
No “small world”  
Not scale-free 

IMDb costarring 

Random Graph (Barabasi) 
“Small world”  
Scale-free 

Real World networks 

Artificiel networks 



In R 

g <- barabasi.game(10000, directed=F) 
dist <- degree(g) 
h <- hist(log(dist), 20) 
plot(matrix(c(log(h$mids), log(h$intensities)), ncol=2), 
xlab="Log(Degrees)", ylab="Log(Häufigkeiten)") 



Centrality Meassures 



Finding key players 

Given a network:  
 Which nodes (players) are most important? 

Known as centrality 
Examples: 

•  In a twitter followers network: which are the opinion leaders 
•  In a decease network: super spreaders of disease 
•  Google’s PageRank (that’s Larry Page!) 

•  PageRank for directed networks 
  

  



Centrality measures  

Degree centrality 
Number of neighbors 
Diane: has “the most friends” 

Closeness centrality 
How many steps you need on average to 

reach the rest of the network 
Fernando, Garth: are “at the center” 

Betweenness centrality 
How many communications go via a node 
Heather: is “holding it together” 

 
Taken from http://mande.co.uk/special-issues/network-models/ 



Closeness	  centrality	  of	  actors…	  	  

If two actors played together in a movie they are connected (data from IMDb 
2009) 

Take average number of (shortest) connection to all others 

Is Kevin Bacon the most central actor? It takes on average 2.91 connections 
from K.B. to all others. 

 

Kevin Bacon  
at place 507 

Taken from: Chris Snijders de rol van netwerken (1) 



Centralities in igraph (degree) 

degree(g) 

Degree 
> es <- rbind(c(0,1),c(0,2),c(1,3),c(2,3),c(3,4)) 
> g <- graph.edgelist(es, directed=FALSE) 
> plot(g, layout=layout.kamada.kawai) 

> degree(g) 
[1] 2 2 2 3 1 



Centralities in igraph (closeness) 

closeness(g) 

Closeness 
> es <- rbind(c(0,1),c(0,2),c(1,3),c(2,3),c(3,4)) 
> g <- graph.edgelist(es, directed=FALSE) 
> plot(g, layout=layout.kamada.kawai) 

> closeness(g) 
[1] 0.5714286 0.6666667 0.6666667 0.8000000 0.5000000 
 

Average distance to all others 
 
High if average distance is 
short. 



Centralities in igraph (betweeness) 

betweeness(g) 

Betweenness 
> es <- rbind(c(0,1),c(0,2),c(1,3),c(2,3),c(3,4)) 
> g <- graph.edgelist(es, directed=FALSE) 
> plot(g, layout=layout.kamada.kawai) 

> betweenness(g) 
[1] 0.5 1.0 1.0 3.5 0.0 
 

 σst is the number of shortest paths 
from s to t, and σst(v) is the number of 
shortest paths from s to t that pass through 
v 

No shortest path go via 4 



Centralities in Directed Graph (pagerank) 

Pagerank: Result from a random surfer, surfing to one of the links in 85% of the 
time and doing a random click at 15% of the time.  

Pagerank is precentage of time the 
surfer spends on a certain website. 



Pagerank (simple example) 

m <- matrix(c(1,2,2,1,3,1,3,2), ncol=2, byrow = TRUE)
g <- graph.edgelist(m, directed=TRUE)
plot(g)
page.rank(g)
$vector
[1] 0.475 0.475 0.050

# For Afficinados
P = matrix(c(0.05, 0.9, 0.05, 0.9 , 
0.05, 0.05, 0.475,0.475,0.05), 
ncol=3, byrow = TRUE)
> P
      [,1]  [,2] [,3]
[1,] 0.050 0.900 0.05
[2,] 0.900 0.050 0.05
[3,] 0.475 0.475 0.05
> library(expm)
> P %^% 1001
      [,1]  [,2] [,3]
[1,] 0.475 0.475 0.05
[2,] 0.475 0.475 0.05
[3,] 0.475 0.475 0.05

Prob. to go from 
1,2,3 (rows) to 1,2,3 (cols) 

Prob. to go from 
1,2,3 (rows) to 1,2,3 
(cols) in 1000 steps 

15% / 3 = 5% 



It’s your turn 



Community Detection 



Graph clustering / Community detection 

Task: 
Decompose network into parts 
Biological relevance: 

Given a network find parts with act together (modules) 
Notion: Many ties within a community few between communities 
 
 
 
 
 
 
 

 
 
 

 
 

 
 
 

 

Community  
 
Detection 



Example: The famous Karate Club 

If you don’t get it right on this network, 
then go home. 

T-Shirt for $18.00 from http://www.cafepress.com/ThePowerLawShop 
 

This schism really happened   



Examples of community detection 

Random network  
(Barabasi) 

Part of a  
gene expression correlation network 



Many Methods! 

 
Community detection  

Dozens of different fields 
Hundreds of measures 
Thousands of algorithms 

Taken from: http://de.slideshare.net/sympapadopoulos/community-detection-in-social-media 



Vertex Based Method: Walktrap 

Let a random walker start with e.g. 4 steps.  
The random walker stays more often inside the community. 

It´s possible to define a distance r between two nodes i,j based on the prob. to reach a 
third node k.  

 

  

Standard clustering (see below) gives community structure 

 
Clustering based on distances, 
between the nodes. 
 
Cut is done when the modularity 
Q a measure of clustering 
goodness is maximal. 
 



Vertex Based Method: Walktrap 

require("igraph") 
g <- barabasi.game(70, directed=F) 
wt <- walktrap.community(g) 
member <- wt$membership 
V(g)$color <- rainbow(max(member))[member + 1] 
plot(g, vertex.size=7, vertex.label=NA) 



Modularity a measure for the quality of a clustering 

Popular measure: modularity 
Newman and Girvan, Phys. Rev. E 69, 026113 (2004) 

 
 

 
 

Q=0.35  2 Communities 

Q=0  1 Community 

Q=0.03  4 Communities 

Direct Optimization of Q? 

NP complete (Brandes 2008) 

A is adjacency matrix 
ki is degree of node i 
2m is the total number of nodes 
ci is the community of node i 



Brute Force 

For small networks one can try to find the optimum. 

wt <- optimal.community(g) 
member <- wt$membership 
V(g)$color <- rainbow(max(member))[member] 
plot(g, vertex.size=7, vertex.label=NA) 

Use with care (NP-complete!) 



Heuristic Multiscale Optimization of Modularity 

Multiscale Heuritic of Blondel et al. 2008 http://arxiv.org/abs/0803.0476v2 



Heuristic Multiscale Optimization of Modularity 

Multiscale Heuristic of Blondel et al. 2008 http://arxiv.org/abs/0803.0476v2 

Network of 2’000’000  
mobile phone customers. 
Connected if people had a phone call. 

Guess the country… 

…it’s Belgium 



Multiscale Heuritic of Blondel 

wt <- multilevel.community(g) 
member <- wt$membership 
V(g)$color <- rainbow(max(member))[member] 
plot(g, vertex.size=7, vertex.label=NA) 



It’s your turn 



Graph Drawing 



Graph Drawing (Definition) 

Die Art wie man einen Graph zeichnet ist eine spezielle Darstellung 
(layout).  

Beispiel a-f immer der selbe Graph 

Masse für die Qualität: Crossing, Längenverteilung der Kanten, Symetrie, … 



Randes in http://cs.brown.edu/~rt/gdhandbook/chapters/social.pdf 

Graph has natural layout 



Graph has natural layout 



Kinds of Layout (Not Force Directed) 

Circular Layered (good for DAG) 



Force Directed Layout  

Forces: 
–  Vertex-Vertex Repulsion: Electrically 

charged particles (nodes)  
–  Edges: Attraction: Springs that connect 

particles via edges; 
–  (Viscosity to damp movements) 

See also: 
 
http://vimeo.com/4356593 
http://vimeo.com/3206267 

 

http://www.yasiv.com/graphs#Pajek/CSphd 



3 historical models 

Eades Spring embedder (1984) 
Springs and artificial repulsion forces (logarithmic) 
 

Fruchterman-Reingold (1991) 
Forces artificial springs and repulsion 
Optimization: Steepest decent, step size ~ to temperatur 

  

Kamanda and Kawai (1989) 
Only Springs but with rest length 
 
 



Details of the Intercation (Springs) 

Spring Forces: 
Hook’s law ||x(from(ei)) - x(to(ei))|| used in prefuse library 
 
FR found that they had more success using a quadratic spring force  

||x(from(ei)) - x(to(ei))||^2 better for local minima backed by Jiggle [Jiggle DISS] 
 
Eades log(||x(from(ei)) - x(to(ei))|| / x0),  

Logarithmic spring force leads to an unaesthetically high degree of variance in 
the edge lengths [Joggle DISS] 

 
Kamada and Kawai (only Springs) 

Rest length of the corresponding spring is proportional to shortestPath(vi, vj)  
Force (1 / shortestPath(vi, vj)) • | ||xi - xj|| - c • shortestPath(vi, vj) | 
Problem n^2 Springs 



Details of the interactions (V-V Forces) 

Vertex-Vertex Forces 
 

Kamanda Kawai  
 (no such force) just springs with rest length 

Eades, prefuse-library 
1/||xi - xj||^2 

Fruchterman Reingold 
1/||xi - xj||  
 

  
Side remark (Column interaction in 2d log(||xi - xj|| è Force 1/r as in FR) 
 



Demo Force Directed 

# Demo dynamic of layout  

g <- graph.ring(100, directed=FALSE) 

wt <- multilevel.community(g) 

V(g)$color <- wt$membership 

l <- layout.random(g) 

for (i in 1:100) { 

  l <- layout.fruchterman.reingold(g, params=list(niter=5, start=l, repulserad=1e30)) 

  #l <- layout.fruchterman.reingold(g, params=list(niter=4000, start=l)) 

  plot(g,layout=l,vertex.size=3, vertex.label=NA, main=paste0("FR ", i)) 

  Sys.sleep(1); 

} 

l <- layout.fruchterman.reingold(g, params=list(niter=5000, start=l, repulserad=1e30)) 

plot(g,layout=l,vertex.size=3, vertex.label=NA, main=paste0("FR ", i)) 

 



Running Times 

Number of Edges: n 
Time per Iteration θ(n^2)  
Number of Iterations until convergence (poorly understood) but generally 

assumed to be ~ n  

 
Eades / Fruchterman Reingold θ(n^3)  

 
 

Kamanda Kawei 
Different naïve θ(n^3)  
Spezialized approach θ(nm log n)  
 



Pros and Cons force directed 

•  Pros (from wikipedia) 
•  Good-quality results 

•  At least for graphs of medium size (up to 50–100 vertices)… following criteria: uniform 
edge length, uniform vertex distribution, symmetry. 

•  Flexibility 

•  Force-directed algorithms can be easily adapted and extended to fulfill additional aesthetic 
criteria.  

•  Simplicity 

•  Typical force-directed algorithms are simple and can be implemented in a few lines of code. 
Other classes of graph-drawing algorithms, like the ones for orthogonal layouts, are usually 
much more involved. 

•  Interactivity 

•  …This makes them a preferred choice for dynamic and online graph-drawing systems. 

•  Strong theoretical foundations 

•  …statisticians have been solving similar problems in multidimensional scaling (MDS) since 
the 1930s, and physicists also have a long history of working with related n-body problems – 



Ways to do Graph Drawing (Force Directed) 

Cons (from wikipedia) 
•  High running time 

•  The typical force-directed algorithms are in general considered to have a running 
time equivalent to O(n^3), where n is the number of nodes of the input graph. This 
is because the number of iterations is estimated to be O(n), and in every iteration, 
all pairs of nodes need to be visited and their mutual repulsive forces computed 
O(n^2).  
Solution: Barnes-Hut Approximation.   

•  Poor local minima 
•  …The problem of poor local minima becomes more important as the number of 

vertices of the graph increases. For example, using the Kamada–Kawai 
algorithm[10] to quickly generate a reasonable initial layout and then the 
Fruchterman–Reingold algorithm[11] to improve the placement of neighbouring 
nodes. Another technique to achieve a global minimum is to use a multilevel 
approach. 

Lets tackle the cons… 
 

 



How to draw it faster I (Barnes-Hut) 

two galaxies colliding (Nice Movie) 
 

 
Particels which are far enough away can be approximated by the center of mass. 
Stored on the nodes in the search tree 
Has been used for simulating e.g. many particel problems.  
 



How to draw it faster I (Barnes-Hut) 
Barnes-Hut Approximation (from:O(n2) to O(n log n)) 
 

 

 

 

 

 

 

 

 

 

 

The search Tree (quadtree) In space 



Barnes Hut vs. no approximation 

BH 0.8 5.5 sec  No BH 30 sec  

Similar layout in 1/6 of the time. 
 
Scaling n log(n) vs. n^2 



How to draw it faster II (Multilevel) 

Problem: unfolding takes quite some time 

Idea: Decompose graph into various small parts and do a successively layout. 
Walshaw 2000 

Different ways to coarsen: 
See e.g. An Experimental Evaluation of 
Multilevel Layout Methods  

Bartel et al 2012 

Why not take to coarsen? 

Simple Force Directed  
http://www.youtube.com/watch?v=-K5zTCrQ_wc&feature=plcp 



ML layout algorithm at work 

Multilevel Layout 
http://www.youtube.com/watch?v=J_wkNESO65k&feature=plcp 



It’s your turn 

 
 

 

 

 

 

Alternatively 
 

 

 

 

 

Or get you facebook friends and analyse them: see  

http://www.r-bloggers.com/cluster-your-facebook-friends/ 


