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Lecture 9

• Assignment 2/Quiz and Practical Activity

• Introduction to Networks

• Network Analysis in R

Presenter: Dr John Betts
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Week-by-week outline
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SETU

Student Evaluation of Teaching and Units (SETU) 

has opened for Semester 1.

• All students are encouraged to participate. Your 

feedback in all units studied is very important.

• You will see a block in the side bar on Moodle 

linking you to the survey.
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Assignment 2
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Assignment 2
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Assignment 2

Consider saving your
working file.
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Assignment 2
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Assignment 2
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Assignment 2
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Assignment 2
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Assignment 2
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Assignment 2
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Assignment 2
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Assignment 2
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Assignment 2
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Quiz and Practical Activity

• This will run in Week 11 in your applied session.

• Instructions, sample questions and formulas 

available under the Week 9 tab.

• Solutions visible as a separate document!
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Quiz and Practical Activity
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Quiz and Practical Activity
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Q&P 1 Mark question
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Q&P 1 Mark question
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Q&P 2 Mark question
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Q&P 6 Mark question
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Q&P 6 Mark question cont.
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Q&P 6 Formulas A
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Q&P 6 Formulas B
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Introduction to networks

We’ll cover:

• Introduction to networks

• Types of networks

• Network structure

• Network statistics

• Centrality measures

• Hand calculations
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Flavor network

Flavor network and the principles of food pairing

https://www.nature.com/articles/srep00196

https://www.nature.com/articles/srep00196
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The Internet

http://vv.arts.ucla.edu/thesis/cybergeog/atlas/topology.html

http://vv.arts.ucla.edu/thesis/cybergeog/atlas/topology.html
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Food webs: predators and prey

https://www.sciencelearn.org.nz/resources/367-toxins-and-food-webs
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Transport network

https://www.ptv.vic.gov.au/

https://www.ptv.vic.gov.au/assets/PDFs/Maps/Network-maps/0bc94c22f8/PTV_MetropolitanTrainNetworkMap_August2018.pdf
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Social networks

https://socialadr.com/features

https://socialadr.com/features
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Florentine social network: Medici

(inactive) http://blogs.teradata.com/international/tag/data-scientist/

http://blogs.teradata.com/international/tag/data-scientist/
http://blogs.teradata.com/international/tag/data-scientist/
http://blogs.teradata.com/international/tag/data-scientist/
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Star Wars characters

http://evelinag.com/blog/2016/01-25-social-network-force-awakens/#.WZwWUpOg8cl
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Neural pathways

https://ki-galleries.mit.edu/2014/saygin-2
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Information networks: insider trading

https://www.valuewalk.com/2015/03/information-networks-evidence-from-illegal-insider-trading-tips/
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COVID-19 US social network

The Costly Toll of Not Shutting Down Spring 

Break Earlier

• People got sick — and some died — after attending 

crowded parties and theme parks in Florida as the 

coronavirus spread.

• A video by the data analytics company Tectonix 

showed how cellphones that were on one Fort 

Lauderdale beach at the beginning of March spread 

across the country over the next two weeks.
https://www.nytimes.com/2020/04/11/us/florida-spring-break-coronavirus.html
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https://www.nytimes.com/2020/04/11/us/florida-spring-break-coronavirus.html

COVID-19 US social network
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https://www.wsj.com/us-news/you-probably-know-611-people-heres-how-we-know-88dd27d9

You probably know 611 people…
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How many people do you know? You’ve probably never 

counted. Well, now you don’t have to. Tyler McCormick 

has worked it out: around 600.

Or more precisely 611, according to estimates by 

McCormick, a professor in the statistics and 

sociology departments at the University of 

Washington. That’s a national average, but McCormick 

can actually compute an estimate for you, or anyone. 

His technique is a fascinating illustration of the 

power of statistics to illuminate society: not just 

how many acquaintances the average person has, but 

the number of homeless and other hard-to-reach 

populations.
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You probably know 611 people…
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Why study networks?

Networks are everywhere:

• We all have a social network in the physical world, 

and an on-line network through Facebook, Instagram, 

… 

Studying network structure lets us:

• Determine relative importance of key players in a 

social (or other) network.

• Understand the fundamental structure of natural or 

human networks. Why some networks are fragile 

(break easily) and others are robust.
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How to think about a network

For the previous examples, think about:

Elements in the network:

• Same?

• Different?

Connections between elements:

• One way?

• Two way?

• Varying strength?
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How to think about a network (a)

How is the structure of these networks different?

(a)     (b)
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How to think about a network (b)

Which nodes are the most important?

(a)     (b)
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A simple social network

Some of John’s research collaborators:

• John collaborates with: Ana-Maria, RJ, Dilpreet

• + Ana-Maria also collaborates with: Matteo, RJ, Sue

• + Sue also collaborates with RJ.

Questions to answer:

• Describe the network.

• Who is the most important/central/influential person 

in this network?
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Network graph

Drawing the network graph:

• Vertices (nodes) indicate each person.

• Edges (lines/arcs) show that there is a connection.

• The graph below is one of many possible layouts.

• Assume relations are two-way.
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Terminology: edges and vertices

• Vertices (or nodes) typically represent the entities in 

the network.

• Edges (or arcs) represent connections between these 

entities.

• Edges may be undirected, e.g., Friend A <==> Friend B 

or directed, e.g., Parent ==> Child etc.

• Edges may be weighted: to indicate the strength of a 

relationship or bond etc.

• See Newman (following) for vertex and edge names in 

some specific networks. 
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Terminology: edges and vertices

From Networks (Newman): An Introduction
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Network structures

Particular link sequences have formal descriptions

• Walk: a sequence of links

• Path: a walk with no repeated vertices

• Cycle: a walk that begins and ends at the same vertex

• Geodesic: the shortest path between two vertices

• Length: the number of links in a walk or path

• Connected: there is a path between each pair of vertices

• Directed graphs: all definitions above apply but travel 

on each edge is permitted in one direction only.
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Network structures cont…

Particular link sequences have formal descriptions

• Loop: an edge from a vertex to itself

• Complete: a graph where every vertex is joined to 

every other vertex

• Subgraph: a subset of a graph

• Clique: a subgraph that is complete (every vertex 

joined to every other vertex)

• Simple: a graph with no loops or multi-edges (more 

than one edge between same pair of vertices) can be 

connected or disconnected
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Network structures

Example from the research collaborators network:

• Walk: (M, A, J, R, J, …)

• Path: (M, A, J, R)

• Cycle: (A, S, R, A)

• Geodesic: Geodesic(R, D) = (R, J, D)

• Length: dist(M,D) =3

• Connected: yes

• Clique: A, S, R

• Simple: yes.
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Adjacency matrix

We can represent the network as a matrix 

indicating the connections between individuals:
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Degree of a vertex

Arguably the single most important measure of the 

importance of a node (vertex) in a network:

• Degree: the number of edges connected to a vertex; the 

size of the vertex’s neighbourhood.

• For directed graphs this is adapted to in-degree and 

out-degree.

• Example: dR = 3.
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Analysing the network (overall)

Statistics of the network as a whole include:

• Diameter: the longest geodesic between any two 

vertices.

• Average path length: average distance (geodesic) 

between any two vertices over the whole network.

• Degree distribution: the probability distribution 

describing the magnitude of vertices in the network.

Analysis of these and other factors indicate how 

connected, robust or fragile etc. a network is.



FIT3152 Data analytics – Lecture 9            Slide 55

Analysing the network

Calculate degree distribution and distance 

matrices for the research collaborators network:
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Analysing the network

Example from the research collaborators network:

• Diameter: = max(dist(u,v)) = 3

• Degree distribution: 

• Average path length: 1.667
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Analysing the network

Also known as transitivity
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Analysing the network
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Vertex importance

The importance of a vertex is based on two 

factors: Number of connections with other 

vertices

• Degree

Centrality of vertex within the network (strategic 

power to control information)

• Betweenness

• Closeness

• Eigenvector
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Closeness centrality

For this measure, a vertex is ‘close’ if there is a 

small total distance between it and all the other 

vertices in the network.

• Closeness centrality is the inverse of total (shortest) 

distance between a vertex and the others.

• cCl(J) = 1/(1+1+2+1+2) = 1/7
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Betweenness centrality

This measure indicates the degree to which the 

vertex is ‘between’ other vertices.

• Betweenness centrality is the number of shortest paths 

between s and t σ(s,t) that pass-through vertex v 
(proportionally if more than one shortest path exists*).

• cB(J) = (DR+DA+DS*+ DM) = 4

• cB(M) = 0
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Eigenvector centrality

Too difficult to calculate by hand but included for 

completeness…

• The basic idea is that it gives a higher weight to 

vertices with neighbours that are more central in the 

graph (for example, Google PageRank). See Kolaczyk 

and Csárdi (in references), Section 4.2.
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Which centrality measure?

In his blog, A Crazy Belief: Predicting Outcomes 

from Network Graphs, Fredembach discusses the 

reasons why the Medici family became the most 

prominent among the noble families of 

renaissance Florence.

Ideas of graph centrality are key to this. 

Essentially the Medici were the best-connected!

(inactive) http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
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http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
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Which centrality measure?

Adapted from: Fredembach, C., A Crazy Belief: 
Predicting Outcomes from Network Graphs
• Betweeness centrality: measures the hub potential of a 

node. High BC nodes act as hubs/relays/bridges.

• Closeness centrality: measures how well a node is 
connected locally. High CC nodes are strong local 
influencers.

• Eignencentrality: weights a node according to the quality 
of its connections. Nodes connected to important nodes 
are ranked higher.

(inactive) http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/

http://blogs.teradata.com/international/tag/data-scientist/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
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Which centrality measure?

• s are ranked higher.
(inactive) http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/

http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
http://blogs.teradata.com/international/a-crazy-belief-predicting-outcomes-from-network-graphs/
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SNA and the making of a new pope

https://arxiv.org/html/2505.17635v1

https://arxiv.org/html/2505.17635v1
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Class example

For the graph below calculate the following:

• Average path length

• Diameter

• dY 

• Degree distribution

• cB(Y)

• cCl(Y)

• Cliques
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Class example – answers

For the graph below calculate the following:

• Average path length ave(1, 1, 2, 1, 2, 1) = 1.333.

• Diameter for example d(W,Z) = 2

• dY = 3

• Degree distribution 3, 2, 2, 1

• cB(Y) W-Z, X-Z = 2

• cCl(Y) 1/(1+1+1) = 0.333.

• Cliques 2:W-X, W-Y, X-Y, Y-Z, 3:W-X-Y
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Network analysis in R

We’ll cover:

• Creating a network in R

• Network statistics and analysis

• Community detection
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Analysing graphs using R

We will use the igraph (and igraphdata) package.
> install.packages(c("igraph", "igraphdata"))

> library(igraph)

> library(igraphdata)

There is a website devoted to igraph where you 
can download the documentation or use online 
reference:
https://igraph.org/r/

Alternatively search Stack Overflow or other 
online resources.

https://igraph.org/r/
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Creating a graph from data frame

Create a data frame and then convert it to a graph 

object. For John’s research collaborators:

> graphdata <- data.frame(

from = c("J", "J", "J", "A", "A", "A", "S"), 

to = c("D", "R", "A", "S", "R", "M", "R"),

weight = c(1, 1, 1, 1, 1, 1, 1))

Convert to a graph object:

> g <- graph_from_data_frame (graphdata, 
directed=FALSE)
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Data frame

> graphdata
  from to weight

1    J  D      1

2    J  R      1

3    J  A      1

4    A  S      1

5    A  R      1

6    A  M      1

7    S  R      1
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Graph summary

Graph object:

> g
IGRAPH UNW- 6 7 -- 

+ attr: name (v/c), weight (e/n)

+ edges (vertex names):

[1] J--D J--R J--A A--S A--R A--M S--R
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Graph summary

Vertex and edge sequence:

> V(g)
+ 6/6 vertices, named: 

[1] J A S D R M

> E(g)
+ 7/7 edges (vertex names):

[1] J--D J--R J--A A--S A--R A--M S--R
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Graph summary

Count vertices, edges, test if simple graph:

>  vcount(g)
[1] 6

> ecount(g)
[1] 7

 

> is_simple(g)
[1] TRUE
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Graph summary

Diameter, average path length (mean distance), 

clique size:

> diameter(g)
[1] 3

 

> mean_distance(g)
[1] 1.666667

 

> table(sapply(cliques(g),length))
1 2 3 

6 7 2 
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Graph summary

Density and clustering coefficient:

> edge_density(g)
[1] 0.467

> transitivity(g)
[1] 0.462



FIT3152 Data analytics – Lecture 9            Slide 78

Adjacency matrix

> as_adjacency_matrix(g)
6 x 6 sparse Matrix of class "dgCMatrix"

  J A S D R M

J . 1 . 1 1 .

A 1 . 1 . 1 1

S . 1 . . 1 .

D 1 . . . . .

R 1 1 1 . . .

M . 1 . . . .
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Basic plot

> plot(g, vertex.color = "red")
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Degree distribution

> hist(degree(g), breaks = c(0,1,2,3,4,5), col = "grey")
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Vertex summary

Degree, betweenness and closeness centrality
> degree(g)

J A S D R M 

3 4 2 1 3 1 

 

> betweenness(g)
J A S D R M 

4 5 0 0 1 0 

 

> format(closeness(g), digits = 2)
      J       A       S       D       R       M 

"0.143" "0.167" "0.111" "0.091" "0.143" "0.100"
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Vertex summary cont…

Eigenvector centrality: first calculate the measures 

and then format the output.
 

> e = eigen_centrality(g)

> format(e$vector, digits = 2)
     J      A      S      D      R      M 

"0.80" "1.00" "0.69" "0.29" "0.90" "0.36" 
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What does this all mean?

Summary: who is the most important person in 

the research collaborators network?
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More on creating graphs

Other methods of creating graphs:

• Inbuilt graph models based on fundamental 

topologies.

• Direct creation of graphs.

• Graphs from a csv file.

• Creating cliques directly and merging two graphs.



FIT3152 Data analytics – Lecture 9            Slide 85

Four important network topologies

Complete Ring

StarTree

Using R:
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Four important network topologies

> # Code for graphs on prev. slide adapted from Kolaczyk

> g.full <- graph.full(6)

> g.ring <- graph.ring(6)

> g.tree <- graph.tree(6, children=3, mode="undirected")

> g.star <- graph.star(6, mode="undirected")

> par(mfrow=c(2, 2))

> plot(g.full)

> plot(g.ring)

> plot(g.tree)

> plot(g.star) 
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Direct creation of graphs

Simple graphs can be created using an edge list:

> g <- graph.formula(J-D, J-R, J-A, A-S, A-R, A-M, S-R)

This can be adapted to create directed graphs, for 

example:

> g <- graph.formula(J-+D, J++R, J+-A, A-+S, A++R, A-+M, 
S-+R)
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Graphs from a csv file

More complex graphs can be defined by 

adjacency matrix as csv file:

> gdata = read.csv(filename, header = TRUE, row.names 
= 1, check.names = FALSE)

> mdata = as.matrix(gdata) # convert to matrix

> g = graph_from_adjacency_matrix (mdata, mode = 
"undirected", weighted = NULL) # create graph

• Rows/columns may not be symmetrical.

• Weights can vary.
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Two-mode network

Two-Mode networks arise when

• Entities can be considered connected via an 

association to a third party.

• For example, Person A and Person B are both 

members of a club. Therefore, they can be 

considered as having a social connection.

*
For reading only
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Two-mode network

• The attendance of 18  women at social events in 

the 1930s is a famous two-mode network.

• See Applied Session 9, Question 8.

• Ideas for creating the network in igraph follow.

*
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Creating cliques directly

You can create a clique (complete graph) directly 

by specifying the vertices as follows.
• For a club having members: A, B, C, D, E, F, G:

> # To make a complete graph from a set of vertices

> # https://igraph.org/r/doc/graph_from_literal.html

> gg = graph_from_literal(A:B:C:D:E:F:G -- A:B:C:D:E:F:G)

> plot(gg)

*
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Merging two graphs

You can merge two graphs to form a new graph:

> # first group

> gg = graph_from_literal(A:B:C:D:E:F:G -- A:B:C:D:E:F:G)

> # second group from a different club with some 
members in common. Members A, B, H, I, J:

> hh = graph_from_literal(A:B:H:I:J -- A:B:H:I:J)

> # now make a union

> ii = (gg %u% hh)

> # see https://igraph.org/r/doc/union.igraph.html

> plot(ii)

*
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Merging two graphs

> plot(ii) *
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Coding directly (make data frames)

Data frames of people and club membership
> rm(list = ls()); library(ggplot2); library(igraph)

> # make a data frame of people and club membership

> Person = as.data.frame((c("A", "B", "C", "D", "E", "F", 
"G", "H", "I", "J", "A", "B")))

> Club = as.data.frame((c("X", "X", "X", "X", "X", "X", "X", 
"Y", "Y", "Y", "Y", "Y")))

> ClubData = cbind(Person, Club)

> colnames(ClubData) = c("Person", "Club")

> UniquePerson = unique(Person)

> colnames(UniquePerson) = "Person"

*
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Coding directly (make data frames)

The Data frames: *
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Coding directly (create graph)

Make an empty graph and add vertices

> g <- make_empty_graph(directed = FALSE)

> # add vertices using “for loop”

> for (i in 1 : nrow(UniquePerson)) {

>   g <- add_vertices(g, 1, name = 
as.character(UniquePerson$Person[i]))

> }

*



FIT3152 Data analytics – Lecture 9            Slide 97

Coding directly

Make complete graph for each group, add to g (two loops)
> # loop through each group
> for (k in unique(ClubData$Club)){
> temp = ClubData[(ClubData$Club == k),]
> # combine each pair of agents to make an edge list
> Edgelist = as.data.frame(t(combn(temp$Person,2)))
> colnames(Edgelist) = c("P1", "P2")
> # loop through pairs of edges and add
> for (i in 1 : nrow(Edgelist)) {
> g <- add_edges(g, 

c(as.character(Edgelist$P1[i]),as.character(Edgelist$P2[i])))
> }
> }

*
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Coding directly

Plot, and simplify to remove duplicated edge

> plot(g)

> g = simplify(g)

> plot(g)

Duplicated edge

*
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A bigger graph – karate club

In the 1970s the anthropologist W. W. Zachary 

studied the social network formed by members of 

a karate club.

• The club went through an interesting transformation 

which could potentially have been predicted from its 

network structure.

• W. Zachary, An information flow model for conflict 

and fission in small groups. J. Anthropol. Res. 33 (4), 

452–473 (1977)
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Karate club – what happened

W. Zachary, An information flow model for conflict and fission in small groups. 

J. Anthropol. Res. 33 (4), 452–473 (1977)
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Karate club – looking at the data

> library(igraph)

> library(igraphdata)

> data(karate) # we use an inbuilt data set

> diameter(karate)
[1] 13

> mean_distance(karate)
[1] 2.4082

> V(karate)
+ 34/34 vertices, named: ...

> E(karate)
+ 78/78 edges (vertex names): ...
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Karate club – circle plot

> plot(karate, layout = layout.circle, vertex.color = "red")
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Karate club – force-directed plot

> plot(karate, layout = layout.fruchterman.reingold)
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Karate club – degree distribution

> hist(degree(karate), breaks = 18, col = "grey")
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Karate club – vertex statistics

What can we conclude about the structure of this 

network? Who are the most important people?
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Karate club – cliques

> table(sapply(cliques(karate), length)) # Kolaczyk p.52
1  2  3  4  5 

34 78 45 11  2

 

> cliques(karate)[sapply(cliques(karate), length) == 5]
[[1]]

+ 5/34 vertices, named:

[1] Mr Hi   Actor 2 Actor 3 Actor 4 Actor 8

[[2]]

+ 5/34 vertices, named:

[1] Mr Hi    Actor 2  Actor 3  Actor 4  Actor 14
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Community detection

iGraph enables the detection of communities (or 

subgroups) in a social network.

• To do this, fit a community detection algorithm 

and store the results as a “communities” class 

object.

• The network can then be plotted to show the 

communities.

• There are many detection algorithms, see A User’s 

Guide to Network Analysis in R, pages 118-119. 

(References on last slides)
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Karate club – community detection

We can get another view of the club by clustering

> # fast greedy clustering only

> data("karate")

> # detect communities

> cfb = cluster_fast_greedy(karate)

> plot(cfb, karate,vertex.label =                  
V(karate)$role, main                                                 
="Fast Greedy")
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Karate club – community detection

Different algorithms give different communities

Something for you to investigate!
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Karate club – community detection

> #for prev. slides: create the clusters/community groupings
> ceb = cluster_edge_betweenness(karate)
> cfb = cluster_fast_greedy(karate)
> cle = cluster_leading_eigen(karate)
> clp = cluster_label_prop(karate)

> #create community plots in the karate network
> plot(ceb, karate,vertex.label=V(karate)$role,main="Edge 

Betweenness")
> plot(cfb, karate,vertex.label=V(karate)$role,main="Fast Greedy")
> plot(cle, karate,vertex.label=V(karate)$role,main="Leading 

EigenVector")
> plot(clp, karate,vertex.label=V(karate)$role,main="Label 

Propogation")
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Karate club – what happened

W. Zachary, An information flow model for conflict and fission in small groups. 

J. Anthropol. Res. 33 (4), 452–473 (1977)
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Karate club – R code

> library(igraph)
> library(igraphdata)
> data(karate)
> plot(karate, layout = layout.circle, vertex.color = "red")
> plot(karate, layout = layout.fruchterman.reingold, 

vertex.color = "red")
> hist(degree(karate), breaks = 18, col = "grey")
> d = degree(karate)
> c = format(closeness(karate), digits = 2)
> b = format(betweenness(karate), digits = 2)
> ksum = as.data.frame(cbind(d, c, b))
> write.csv(ksum, "karatesum.csv")
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How is the structure of these networks different?

(a)     (b)

Recap: How to think about a network
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Summary

Network Analysis

• Introduction: types of networks; network structure.

• Network statistics; node importance measures.

• Using R for network analysis (igraph package).

• Examples

Not covered, for you to follow up (see references)

• Better graphics (put more dimension on to a plot).

• Deeper analysis, community detection, for example.
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More theoretical…

If you’re keen to pursue Network science in 

greater depth:

• Read Kolaczyk and Cśardi Chapter 5.

• Use R to generate some random networks for analysis 

and discovery based on the famous models:

• Random Graph Model (Erdós and Rényi),

• Small-World (Watts and Strogatz),

• Preferential Attachment (Barabási and Albert).

.
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References

Two great textbooks, both available for free from 

the Monash Library

• Statistical Analysis of Network Data with R,  

Kolaczyk, E. D., Csárdi, G. Springer 2020. Chapters 1 

– 4 especially.

• A User’s Guide to Network Analysis in R, Luke, D. A. 

Springer 2015.
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More resources

More theoretical resources:

• Networks: An Introduction, Newman, M., Oxford U. P. 

2010 (full text available online via library)

• The physics of networks, Newman, M., Physics Today, 

2008. https://physicstoday.scitation.org/doi/10.1063/1.3027989

Great reference on graph design and layout

• Network visualization with R, PolNet 2018 Workshop
https://kateto.net/wp-content/uploads/2018/06/Polnet%202018%20R%20Network%20Visualization%20Workshop.pdf

https://physicstoday.scitation.org/doi/10.1063/1.3027989
https://kateto.net/wp-content/uploads/2018/06/Polnet%202018%20R%20Network%20Visualization%20Workshop.pdf
https://kateto.net/wp-content/uploads/2018/06/Polnet%202018%20R%20Network%20Visualization%20Workshop.pdf
https://kateto.net/wp-content/uploads/2018/06/Polnet%202018%20R%20Network%20Visualization%20Workshop.pdf
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