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Network science in biology  
 measuring, visualizing and modelling real world 

complex networks 
 

Petra Vertes 

Before we begin: 

1.  Register 
A.  Subject and level of studies  

2.  Link to last lecture’s slides:  
 http://tinyurl.com/od652m2 

3.  Will you be writing an essay for this course? 
A.  Don’t know yet 
B.  Yes 
C.  No 
 

http://en.wikipedia.org/wiki/Bose–Einstein_condensation_(network_theory) 

“…a perfect analogy could be drawn between the mathematics of 
the network and the mathematics of a Bose gas if each node in the 
network were thought of as an energy level, and each link as a 
particle. These results have implications for any real situation 
involving random graphs, including the world wide web, social 
networks, and financial markets.” 

Before we begin: 
1.  What is a network? – examples from social and 

biological sciences. 

2.  Constructing and representing complex 
networks.  

3.  Topological properties of networks – how to 
measure them and why they matter? 

4.  Network analysis in biological sciences – six 
examples 

5.  Generative modelling of networks – why and 
how? 

6.  Getting hold of data and code – tools and 
resources for network analysis 

 

Overview of topics 

 Network Measures 
(and why they matter) 

1.  Degree 
2.  Clustering 
3.  Path Length 
4.  Betweenness Centrality 
5.  Modularity 
6.  Motifs 

3.  Clustering Coefficient of a 
Node 

High 
C 

24 Introduction

adjacency matrix or directed, such as in the case of neural networks where synaptic

transmission can only occur from the axon of the pre-synaptic cell to the dendrites

of the post-synaptic cell. The networks’s topology can be quantitatively described

using various measures, the most common of which are outlined below.

Node degree and degree-degree correlations

The degree ki of a node i represents the number of its edges with non-zero weight.

In directed networks, so-called in-degrees kin and out-degrees kout can be defined at

each vertex, corresponding to the number of incoming and outgoing edges, respec-

tively.

Degree correlations arise when the degrees of two adjacent nodes are not indepen-

dent. The network is said to exhibit assortative mixing if high-degree nodes prefer-

entially connect to each other and disassortative mixing in the opposite case. ER

graphs have no degree-degree correlations, but many real networks do. Social net-

works are usually found to be assortatively mixed while biological and technological

networks are usually disassortative.

Degree distribution

The degrees of all the nodes of a network form a degree distribution which is Gaussian

for ER networks. Scale-free networks, on the other hand, are characterized by a

power-law decay of their degree distribution. That is, the fraction P (k) of nodes of

degree k goes as P (k) ∝ k−α for large values of k. The parameter α is a constant

(for a given network) whose value is typically in the range 2 < α < 3. This implies

the existence of very high-degree nodes, often called hubs.

One interesting property of many, but not all, scale-free networks is that they are

robust to the random removal of a large fraction of nodes, since the vast majority

of nodes have small degree and the probability of a hub being affected is small. On

the other hand, targeted attacks on hubs can have catastrophic consequences for the

connectivity of the network [34].

Clustering coefficient

The degree of clustering in a network is measured by the clustering coefficient Ci of

its nodes i. As shown in Figure 1.14, this coefficient is defined as the ratio of the

number of crosslinks (links between the node’s neighbours) to the maximal possible

number of such links. This measure can be written as:

Ci =
2× crosslinks

(ki)(ki − 1)

Links between ‘friends’ 

Total possible number 

Low 
C 

Ci 
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Weighted measures of Clustering 
Path Length (or Efficiency) 

Low L 

Li,j =  Shortest path between 
            nodes i and j 
 

L1,2  = 1 
L1,4   = 1 
L1,12 = 4 High L 

E = 1
N(N !1)

1
Li, ji" j

#

Weighted Efficiency 

Eweigthed =
1

N(N !1)
1
di, ji" j

#

E = 1
N(N !1)

1
Li, ji" j

#

Where di,j is the weighted version of 
the path length such as the sum of 
the inverse weight wi,j of each edge 
(i to j) in the path. 

Wi,j 

Wj,k 

k 

j 

i 

Comparing Networks 

L=2.83 
C=0.90 

L=2.83 
C=0.90 

L=4.00 
C=0.87 

benchmark 3/54 edges rewired 4/54 edges rewired 

Small- World Networks: 
 Why it is Fun to Surf the Web 

Watts & Strogatz (1998) Nature 

High C Low L 

Milgram’s small-world experiment 

1967, Harvard:  
 
Milgram sent hundreds of letters to people in 
Nebraska asking them to forward it to personal 
acquaintances who might be able to bring it 
closer to the target person: a stockbroker in 
Boston. 
 
A significant problem was that often people 
refused to pass the letter forward. However, 
among the letters that did reach their target, the 
average path length fell around five and a half 
or six. 
 
There are a number of methodological critiques 
of the Milgram Experiment, which suggest that 
the average path length might actually be 
smaller or larger than Milgram expected – can 
you think of some? 
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Quizz 

Path Length  
(Efficiency) 
 
 
 
Clustering 
 
 
 
Degree (Hubs) 
 
 

i 

j 

i 
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Li, j = ?

di = ?

Ci = ?

 Network Measures 
(and why they matter) 

1.  Degree 
2.  Clustering 
3.  Path Length 
4.  Betweenness Centrality 
5.  Modularity 
6.  Motifs 

3. 

Centrality Measures Identify Key 
Players 

High degree 

High 
betweennes 
centrality 

Periphery 

Central individuals are Early 
Adopters 

High 
betweenness 
centrality 

we expect a set of nominated friends to get infected earlier than a
set of randomly chosen individuals (who represent the population
as a whole). More specifically, a random sample of individuals
from a social network will have a mean degree of m (the mean
degree for the population); but the friends of these random
individuals will have a mean degree of m plus a quantity defined by
the variance of the degree distribution divided by m. Hence, when
there is variance in degree in a population, and especially when
there is high variance, the mean number of contacts for the friends
will be greater (and potentially much greater) than the mean for
the random sample. This is sometimes known as the ‘‘friendship
paradox’’ (‘‘your friends have more friends than you do’’) [15–19].
While the idea of immunizing such friends of randomly chosen

people has previously been explored in a stimulating theoretical
paper [12], to our knowledge, a method that uses nominated
friends as sensors for early detection of an outbreak has not
previously been proposed, nor has it been tested on any sort of real
outbreak. To evaluate the effectiveness of nominated friends as
social network sensors, we therefore monitored the spread of flu at
Harvard College from September 1 to December 31, 2009. In the
fall of 2009, both seasonal flu (which typically kills 41,000
Americans each year [20]) and the H1N1 strain were prevalent in
the US, though the great majority of cases in 2009 have been
attributed to the latter.[1] It is estimated that this H1N1 epidemic,
which began roughly in April 2009, infected over 50 million
Americans. Unlike seasonal flu, which typically affects individuals
older than 65, H1N1 tends to affect young people. Nationally,
according to the CDC, the epidemic peaked in late October 2009,
and vaccination only became widely available in December 2009.
Whether another outbreak of H1N1 will occur (for example, in
areas and populations that have heretofore been spared) is a

Figure 1. Network Illustrating Structural Parameters. This real
network of 105 students shows variation in structural attributes and
topological position. Each circle represents a person and each line
represents a friendship tie. Nodes A and B have different ‘‘degree,’’ a
measure that indicates the number of ties. Nodes with higher degree
also tend to exhibit higher ‘‘centrality’’ (node A with six friends is more
central than B and C who both only have four friends). If contagions
infect people at random at the beginning of an epidemic, central
individuals are likely to be infected sooner because they lie a shorter
number of steps (on average) from all other individuals in the network.
Finally, although nodes B and C have the same degree, they differ in
‘‘transitivity’’ (the probability that any two of one’s friends are friends
with each other). Node B exhibits high transitivity with many friends
that know one another. In contrast, node C’s friends are not connected
to one another and therefore they offer more independent possibilities
for becoming infected earlier in the epidemic.
doi:10.1371/journal.pone.0012948.g001

Figure 2. Theoretical expectations of differences in contagion between central individuals and the population as a whole. A
contagious process passes through two phases, one in which the number of infected individuals exponentially increases as the contagion spreads,
and one in which incidence exponentially decreases as susceptible individuals become increasingly scarce. These dynamics can be modeled by a
logistic function. Central individuals lie on more paths in a network compared to the average person in a population and are therefore more likely to
be infected early by a contagion that randomly infects some individuals and then spreads from person to person within the network. This shifts the S-
shaped logistic cumulative incidence function forward in time for central individuals compared to the population as a whole (left panel). It also shifts
the peak infection rate forward (right panel).
doi:10.1371/journal.pone.0012948.g002

Social Network Sensors

PLoS ONE | www.plosone.org 2 September 2010 | Volume 5 | Issue 9 | e12948

High degree 

Finding Central Individuals:  
The Friendship Paradox 

On average, the friends of 
randomly selected people 
possess more links (have 
higher degree) and are also 
more cen t ra l ( e .g . , as 
measured by betweenness 
centrality) to the network than 
the initial, randomly selected 
people who named them. 
 
Scott L. Feld in 1991  

Early Detection of an Epidemic 

and the same person was frequently nominated several times.
Hence, our data collection procedures wound up yielding
information about 1,789 unique, inter-connected students who
were either surveyed or were identified as friends by those who
took part in the study. A connected component of 714 people was
in turn apparent within these 1,789 individuals. We illustrate the
spread of flu in this component in Figure 4, which shows the
tendency of the flu to ‘‘bloom’’ in more central nodes of the
network, and also in a 122-frame movie of daily flu prevalence
available online (see Supporting Information Video S1).
Sampling a densely interconnected population also allowed us

to actually measure egocentric network properties like in-degree
(number of times a subject was nominated as a friend),
betweenness centrality (the number of shortest paths in the
network that pass through an individual), coreness (the number of
friends an individual has when all individuals with fewer friends
are iteratively removed from the network), and transitivity (the
probability that two of one’s friends are friends with one another).
This would not be possible in a deployment of the friends’
technique in larger populations (wherein surveyed individuals
would be much less likely to actually be connected to each other).
The results showed that, as expected, the friend group differed
significantly from the random group for all these measures,
exhibiting higher in-degree (Mann Whitney U test p,0.001),
higher centrality (p,0.001), higher k-coreness (p,0.001), and
lower transitivity (p = 0.039).
We hypothesized that each of these measures could help to

identify groups that could be used as social network sensors when
full network information is, indeed, available (see Figure 5). For
example, we expect in-degree to be associated with early

contagion because more friends means more paths to others in
the network who might be infected. NLS estimates suggest that
each additional nomination shifts the flu curve left by 5.7 days
(95% C.I. 3.6–8.1) for flu diagnoses by medical staff and 8.0 days
(95% C.I. 7.3–8.5) for self-reported symptoms. On the other hand,
the same is not true for out-degree (the number of friends a person
names). Pertinently, this is the only quantity that would be
straightforwardly ascertainable by asking respondents about
themselves. However, there is low variance in this measure in
the present setting since most people named three friends (the
maximum allowed by our survey).
We also expect betweenness centrality to be associated with

early contagion. NLS estimates suggest that individuals with
maximum observed centrality shift the flu curve left by 16.5 days
(95% C.I. 1.9–28.3) for flu diagnoses by medical staff and 22.9
days (95% C.I. 20.0–27.2) for self-reported symptoms, relative to
those with minimum centrality. A related measure, k-coreness, also
suggests that people at the center of the network get the flu earlier.
NLS estimates suggest that increasing the measure k by one (the
range is from 0 to 3) shifts the flu curve left by 4.3 days (95% C.I.
1.8–6.5) for flu diagnoses by medical staff and 7.5 days (95% C.I.
6.8–8.2) for self-reported symptoms. Moreover, both betweenness
centrality and k-coreness remain significant even when controlling
for both in-degree and out-degree, suggesting that it is not just the
number of friends that is important with respect to flu risk, but also
the number of friends of friends, friends of friends of friends, and
so on [6].
Finally, we expect transitivity to be negatively associated with

early contagion. People with high transitivity may be poorly
connected to the rest of the network because their friends tend to

Figure 3. Empirical differences in flu contagion between ‘‘friend’’ group and randomly chosen individuals. We compared two groups,
one composed of individuals randomly selected from our population, and one composed of individuals who were nominated as a friend by members
of the random group. The friend group was observed to have significantly higher measured in-degree and betweenness centrality than the random
group (see Supporting Information Text S1). In the left panel, a nonparametric maximum likelihood estimate (NPMLE) of cumulative flu incidence
(based on diagnoses by medical staff) shows that individuals in the friend group tended to get the flu earlier than individuals in the random group.
Moreover, predicted daily incidence from a nonlinear least squares fit of the data to a logistic distribution function suggests that the peak incidence
of flu is shifted forward in time for the friends group by 13.9 days (right panel). A significant (p,0.05) lead time for the friend group was first detected
with data available up to Day 16. Raw data for daily flu cases in the friend group (blue) and random group (red) is shown in the inset box (right panel).
doi:10.1371/journal.pone.0012948.g003

Social Network Sensors
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we expect a set of nominated friends to get infected earlier than a
set of randomly chosen individuals (who represent the population
as a whole). More specifically, a random sample of individuals
from a social network will have a mean degree of m (the mean
degree for the population); but the friends of these random
individuals will have a mean degree of m plus a quantity defined by
the variance of the degree distribution divided by m. Hence, when
there is variance in degree in a population, and especially when
there is high variance, the mean number of contacts for the friends
will be greater (and potentially much greater) than the mean for
the random sample. This is sometimes known as the ‘‘friendship
paradox’’ (‘‘your friends have more friends than you do’’) [15–19].
While the idea of immunizing such friends of randomly chosen

people has previously been explored in a stimulating theoretical
paper [12], to our knowledge, a method that uses nominated
friends as sensors for early detection of an outbreak has not
previously been proposed, nor has it been tested on any sort of real
outbreak. To evaluate the effectiveness of nominated friends as
social network sensors, we therefore monitored the spread of flu at
Harvard College from September 1 to December 31, 2009. In the
fall of 2009, both seasonal flu (which typically kills 41,000
Americans each year [20]) and the H1N1 strain were prevalent in
the US, though the great majority of cases in 2009 have been
attributed to the latter.[1] It is estimated that this H1N1 epidemic,
which began roughly in April 2009, infected over 50 million
Americans. Unlike seasonal flu, which typically affects individuals
older than 65, H1N1 tends to affect young people. Nationally,
according to the CDC, the epidemic peaked in late October 2009,
and vaccination only became widely available in December 2009.
Whether another outbreak of H1N1 will occur (for example, in
areas and populations that have heretofore been spared) is a

Figure 1. Network Illustrating Structural Parameters. This real
network of 105 students shows variation in structural attributes and
topological position. Each circle represents a person and each line
represents a friendship tie. Nodes A and B have different ‘‘degree,’’ a
measure that indicates the number of ties. Nodes with higher degree
also tend to exhibit higher ‘‘centrality’’ (node A with six friends is more
central than B and C who both only have four friends). If contagions
infect people at random at the beginning of an epidemic, central
individuals are likely to be infected sooner because they lie a shorter
number of steps (on average) from all other individuals in the network.
Finally, although nodes B and C have the same degree, they differ in
‘‘transitivity’’ (the probability that any two of one’s friends are friends
with each other). Node B exhibits high transitivity with many friends
that know one another. In contrast, node C’s friends are not connected
to one another and therefore they offer more independent possibilities
for becoming infected earlier in the epidemic.
doi:10.1371/journal.pone.0012948.g001

Figure 2. Theoretical expectations of differences in contagion between central individuals and the population as a whole. A
contagious process passes through two phases, one in which the number of infected individuals exponentially increases as the contagion spreads,
and one in which incidence exponentially decreases as susceptible individuals become increasingly scarce. These dynamics can be modeled by a
logistic function. Central individuals lie on more paths in a network compared to the average person in a population and are therefore more likely to
be infected early by a contagion that randomly infects some individuals and then spreads from person to person within the network. This shifts the S-
shaped logistic cumulative incidence function forward in time for central individuals compared to the population as a whole (left panel). It also shifts
the peak infection rate forward (right panel).
doi:10.1371/journal.pone.0012948.g002

Social Network Sensors
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Christakis & Fowler, 2010 
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Immunization of central 
individuals? 

•  Diffusion theories predict a particular 
threshold for the propagation of 
contagion throughout a population: any 
virus that is less infectious than a 
given threshold will die out. 

•  In scale-free networks this threshold is 
zero. Because hubs have so many 
links they are likely to get infected 
early and will then pass it on to huge 
numbers of others. 

•  Is the tradit ional public health 
approach of random immunization 
wise? Could we target hubs? 

 Network Measures 
(and why they matter) 

1.  Degree 
2.  Clustering 
3.  Path Length 
4.  Betweenness Centrality 
5.  Modularity 
6.  Motifs 

3. 

Modularity 
Low M 

High M 

M =  Fraction of within-module 
connections compared to what 
is expected by chance (for the 
optimal partition). 
 

Network motifs 

Network motifs are subgraphs of a few nodes which 
appear in directed networks more often than would be 
expected by chance. 
!
!
!
!

Image: Milo et al., Science 303, 1538 (2004) 

Superfamilies 
Alon (2004) showed that the frequency signatures of network motifs classify 
networks into superfamilies.  
 !
!
!
!
!
!
!
!
!

Image: Milo et al., Science 303, 1538 (2004) 

Networks in Biology 
 

(Cell biology 101) 
1.  Protein-protein interaction networks 
2.  Epistasis interaction networks 
3.  Drug target networks 
4.  The diseasome 
5.  Coexpression networks 
6.  Brain networks 

4. 
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Cell biology 101 - Proteins 
Proteins are long molecules made up of a chain of 
amino acids (smaller molecules). The sequence of 
these amino acids determines it folding into a 
specific three-dimensional structure and its activity. 
 
Proteins perform a vast array of functions within 
living organisms, including mechanical support, 
response to stimuli, catalyzing metabolic reactions 
(enzymes), storing and transporting molecules from 
one location to another, facilitating the immune 
response (antibodies).  
 
Different cells ‘express’ different types of proteins in 
different amounts at different times. 
 
Examples: 
•  Keratin – key material in skin, hair, nails 
•  Hemoglobin – oxygen transporting protein in red 

blood cells 
•  P53 – regulates cell cycle  
•  Insulin – hormone controlling glucose absorption 

(from blood) by muscle and fatty tissues 

101: Human Cells 

101: DNA & nucleotides 
The genetic code is the set of rules by which information encoded within 
genetic material (DNA) is translated into proteins by living cells. The code 
defines how sequences of nucleotide triplets, called codons, specify which 
amino acid will be added next during protein synthesis. 
 
 
 
 
 
 
 
 
 
 
 
 
While the genetic code determines the protein sequence for a given coding 
region, other genomic regions can influence when and where these 
proteins are produced. 

101: The genetic code 

m 

101: Translation 

mRNA 

tRNA 

amino acids 

protein 

ribosome 

Networks in Biology 
 

(Cell biology 101) 
1.  Protein-protein interaction networks 
2.  Epistasis interaction networks 
3.  The diseasome 
4.  Drug target networks 
5.  Coexpression networks 
6.  Brain networks 

4. 
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Protein-protein interaction networks 

Nodes: Proteins 
 
Links:  
Protein–protein interactions 
(PPIs) refer to intentional 
physical contacts between two 
or more proteins as a result of 
biochemical events and/or 
electrostatic forces. 

a.k.a: The Interactome 

Saccharomyces cerevisiae (yeast)  

S. cerevisiae has developed as a model organism 
in cell biology because: 
 
•  As a single-cell organism, S. cerevisiae is small 

with a short generation time (doubling time 1.25–
2 hours at 30 °C) and can be easily cultured.  

•  S. cerevisiae is easily amenable to genetic 
manipulations (addition and deletion of genes). 

•  As a eukaryote, S. cerevisiae shares the 
complex internal cell structure of plants and 
animals. Many proteins important in human 
biology were first discovered by studying their 
homologs in yeast; these proteins include cell 
cycle proteins, signaling proteins, and protein-
processing enzymes. 

Size of the interactome 

•  It has been suggested that the size of an 
organism's interactome correlates well 
with the biological complexity of the 
organism. 

•  Protein–protein interact ion maps 
containing several thousands of 
interactions are now available for several 
organisms (viruses, bacteria, yeast, 
C.elegans, Drosophila, Human)  - but 
none of them is presently complete. 

•  The yeast interactome has been 
estimated to contain between 10,000 
and 30,000 interact ions. Larger 
estimates often include indirect or 
predicted interactions. 

Estimated size of yeast interactome 

Lethality and centrality 

Protein-protein interaction network of yeast is scale-free. Yeast knockouts of 
yeast genes encoding hubs are approximately threefold more likely to confer 
lethality than those of non-hubs. 

Protein-protein networks 
We can distinguish two types of hubs in protein-protein interaction networks: 
•  Party hubs, which interact with several other proteins simultaneously. 
•  Date hubs, which interact with several other proteins sequentially. 

Date hubs organize the proteome, connecting biological processes - or modules - 
to each other, whereas party hubs function inside modules. 
 
  

Han et al., Nature 430, 88 (2004) 

Network-based predictions of 
protein function 

Sharan et al (2007) Mol Syst Biol 

direct Module-based 
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Networks in Biology 
 

(Cell biology 101) 
1.  Protein-protein interaction networks 
2.  Epistasis interaction networks 
3.  The diseasome 
4.  Drug target networks 
5.  Coexpression networks 
6.  Brain networks 

4.  Epistasis interaction networks 

Knockout gene A – yeast grows 

Knockout gene B – yeast grows 

Knockout gene A & B – yeast dies: 
A & B must ‘work together’ 

Global mapping of the yeast gene interaction network: 291 genetic interactions 
amongst 204 yeast genes 
 
Hin Yan Tong, Science 294: 2364 (2001) 

Networks in Biology 
 

(Cell biology 101) 
1.  Protein-protein interaction networks 
2.  Epistasis interaction networks 
3.  The diseasome 
4.  Drug target networks 
5.  Coexpression networks 
6.  Brain networks 

4. The diseasome 
The bipartite network of diseases and disease-related genes is also known as 
the diseasome. 
 !

Goh et al. PNAS 104, 8685 (2007). 

Single Nucleotide 
Polymorphisms (SNPs) 

•  A SNP is a DNA sequence variation 
occurring commonly within a 
population. 

•  These genetic variations underlie 
differences in our susceptibility to 
disease. 

•  For example, a SNP in the APOE 
gene is associated with a higher risk 
for Alzheimer disease.  

Genome-wide association 
studies - GWAS 

An illustration of a Manhattan plot depicting several strongly associated risk loci. Each dot 
represents a SNP, with the X-axis showing genomic location and Y-axis showing association level. 
In this example the peaks indicates genetic variants that are more often found in individuals with 
constrictions in small blood vessels. 

A genome-wide association study (GWAS) is an examination of many common genetic 
variants in different individuals to see if any variant is associated with a trait. GWAS 
typically focus on associations between single-nucleotide polymorphisms (SNPs) and 
traits like major diseases. 



25/07/2014 

8 

Disease Gene Network 
The projection of the diseasome onto disease genes, creates a Disease Gene 
Network (DGN). 
!
!
!
!
!
!
!
!
!
!
!
!
 !

Goh et al. PNAS 104, 8685 (2007). 


