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From Genomes to Biological Networks

Over 1000 on-going genomes 
projects, and more than 200 
microbes have been completely 
sequenced.  By now, scientists 
have a lot genomic and protein 
data.

NCBI Genome Database
http://www.ncbi.nlm.nih.gov/Genomes/index.html

Genomes OnLine Database
http://www.genomesonline.org/

Microbial Genome Program
http://www.er.doe.gov/production/ober/microbial.html

PIR
http://www-nbrf.georgetown.edu/

http://www.ncbi.nlm.nih.gov/Genomes/index.html
http://www.genomesonline.org/
http://www.er.doe.gov/production/ober/microbial.html
http://www-nbrf.georgetown.edu/


From Genomes to Biological Networks
E. coli K-12 genome



From Genomes to Biological Networks

Knowing the functionality and interactions is far more important than just 
having the genomic or protein sequencing information.
Networks of interactions are fundamental to all biological processes; for 
example, the cell can be described as a complex network of chemicals 
connected by chemical reactions.  Cellular processes are controlled by various 
types of biochemical networks.

Types of biochemical networks : 
(i) metabolic networks
(ii) protein-protein interaction networks
(iii) gene regulatory networks
(iv) Cell signaling networks

Modular Framework



Biological Networks - metabolic networks

Metabolism is the most basic network of 
biochemical reactions, which generate 
energy for driving various cell processes, 
and degrade and synthesize many 
different bio-molecules.



Biological Networks 
– Protein-protien interaction networks

Protein-protein interaction network (PIN)
Proteins perform distinct and well-defined functions, but little is known about how 

interactions among them are structured at the cellular level.  Protein-protein interaction network, 
such as binding interactions and formation of protein complex.
- Experiment – Yeast two-hybrid method 

Limitation: 
No subcellular
location, and 
temporal
information.

www.utoronto.ca/boonelab/proteomics.htm

http://www.utoronto.ca/boonelab/proteomics.htm


Biological Networks 
– gene regulation networks

In a gene regulatory network, the protein encoded by a gene can regulate
the expression of other genes, for instance, by activating or inhibiting DNA 
transcription [Lewin 2000]..  These genes in turn produce new regulatory
proteins that control other genes. 

Example of a genetic regulatory network of two genes (a and b), 
each coding for a regulatory protein (A and B).

Recently, it was reported that [Farkas et al. 2003] in the yeast organism, there is 
a hierarchical and combinatorial organization of transcriptional activity pattern.



Biological Networks 
– Signal transduction networks

Nuclear transcription factor NF-kB
-control of apoptosis (cell suicide), 
-development of B and T cells,
-anti-viral and bacterial responses  

Oxidant-induced activation of NF-kB signal 
transduction



From Genomes to Biological Networks - PIN
Yeast Protein-protein interaction network
- Experiment – Yeast two-hybrid method
- protein-protein interactions are not random
- highly connected proteins are unlikely to interact with each other.  

Not a random network - Data from the high-
throughput two-hybrid   
experiment (T. Ito, et al.  
PNAS (2001) )

- The full set containing 
4549 interactions among 
3278 yeast proteins
87% nodes in the largest 
component

- kmax ~ 285 !
- Figure shows nuclear 

proteins only

Limitation: 
No subcellular
location, and 
temporal
information.



From Genomes to Biological Networks

Biological networks are not randomly connected

Underlying architecture clustering

How to characterize ?

Are there any similar features 
across different species ?



Real networks
Many networks show scale-free behavior

World-Wide Web
Internet
Ecology network (food web)
Science collaboration network
Movie actor collaboration network

Cellular network
Network in linguistic
Power and neural network
Sexual contacts within a population (important 
for disease prevention!)
etc.

Power law behavior



Graph Theory – Basic concepts
Node degree

Components

Complete graph 
(Clique)

Shortest path length

Clustering coefficient Ci
if A-B, B-C, then it is 
highly probable that A-C
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-Ei actual connections out of Ck
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Graph Theory – Adjacency matrix
Undirected graph ki
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Graph Theory – average network distance
Interaction path length or average network distance, d

- the average of the distances between all pairs of nodes
- frequency of the shortest interaction path length, f(L)
- determined by using the Floyd algorithm 
The average network diameter d is given by 

where L is the shortest path length between two nodes.

Network diameter (global) ∫ Average network distance (local)
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Graph Theory – the shortest path

1

2 3

4

The shortest path
- Floyd algorithm, an O(N3)

algorithm.  For iteration n,
Mn

ij=min{Mn-1
ij, Mn-1

ik+Mn-1
kj}

- search for all possible paths,
e.g. 1-2, 1-2-3, 1-2-4, 2-3, 2-4

i
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Random Graph Theory
= Graph Theory +Probability



Random Graph Theory
= Graph Theory +Probability

N = 4  C6
nRandom graph (Erdos and Renyi, 1960)

N nodes labeled and connected by n edges
CN

2 = N(N-1)/2 possible edges

possible graphs with N nodes and n
edges
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n Number of possible graphs, C6
n

1 6

2 15

3 20

4 15

5 6

6 1

N = 4

n       3          3          4          4           5          6



Random Graph Theory 
– Random network, Scale free network

Connectivity distribution P(k)
In a random network, the links are randomly connected 

and most of the nodes have degrees close to <k>=2E/N.  
The degree distribution P(k) vs. k is a Poission distribution, 
i.e. P(k) ~ <k>ke-<k>/k! for ká <k> and k à <k>.  

power-law distribution, P(k) ~ k-γ ,where γ is a constant.  
Such networks are known as scale-free network. 

Random network Log[P(k)] vs Log[k] plot has a peak
homogenous nodes
d ~ log N

Scale-free network Log[P(k)] vs Log[k] plot is a line 
with negative slope

inhomogenous nodes
d ~ log(log N)

To reduce fluctuation, we consider Pcum(k) ~ k-α

where γ = α + 1

Albert R. and Barabasi A.L.(2002) Rev. Mod. Phys. 74, 47

Random network Scale-free network
http://physicsweb.org/box/world/

http://physicsweb.org/box/world/


The Scale-free network model (BA model)

The scale-free network model is defined as follows:
1. Growth - add a new vertex with m (≤ m0) edges 

at each time-step 
2. Preferential attachment: A link is added to an 

old node in proportion to it’s connectivity 
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Random Graph, Scale-free network, 
Hierarchical network

Clustering
coefficient

Node degree
distribution

scaling Cave(k) ~ k−β

β= 1 or >1 for 
Deterministic/Stochastic
hierarchical network
Model.  See Ravasz and 
Barabasi, PRE 2003

Hierarchical network -
coexistence of 
(1) modularity, 
(2) local clustering, and 
(3) scale-free behavior

Barabasi and Oltvai. (2004)  Nat. Rev. Genetics



Graph Theory – Node degree correlation

- random graph models node degrees are uncorrelated
- count the frequency P(K1,K2) that two proteins with 
connectivity K1 and K2 connected to each other by a link
- compared it to the same quantity PR(K1,K2) measured in 
a randomized version of the same network.  
- The average node connectivity  for a fixed K1 is given 
by,.

where <> denotes the multiple sampling average, and the 
summation sums for all K2 with a fixed K1.  

- In the randomized version, the node degrees of each 
protein are kept the same as in the original network, 
whereas their linking partner is totally random.
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Network Robustness

To test whether the interaction network is robust 
against mutation or experimental errors, such as false 
negative or false positive arising from the yeast two-
hybrid (Y2H) screening method.

Consider four types of perturbations,
(i) remove nodes randomly (failure) protein 
malfunction (FN)
(ii) remove nodes with highest connectivity in 
descending order (attack)
(iii) rewire nodes randomly (introduce FP and FN)
(iv) remove links randomly protein malfunction (FN)

Multiple sampling of the randomized networks 
<dpert>/d

Nodes rewiring

this process will not change the 
degree of connectivity of each node



Input - Database of Interacting Proteins (DIP)
DIP  http://dip.doe-mbi.ucla.edu

DIP is a database that documents experimentally determined protein-
protein interactions.  We analyze the protein-protein interaction for 
seven different species, S. cerevisiae, E.coli, H.pylori, C. elegans, D. 
melanogaster, H. sapiens and M. musculus.

- Look for general and different features of PIN for different species

http://dip.doe-mbi.ucla.edu/


The seven species

E. coli H. pylori C. elegans H. sapiens

M. musculus S. cerevisiae

D. melanogaster



Results – PPI statistics

- The largest connected clusters ( >90% of the nodes)
- minimize experimental uncertainty CORE subset of budding yeast, S. cerevisiae

- according to the criteria described in Deane CM, Salwinski L, Xenarios I, Eisenberg D. (2002).  Protein Interactions.  Mol Cell Prot 1, 349.



Results – scale-free 
network study

• Large standard deviation of k
• Coefficient of determination, r2 = SSR/SST >0.90
• To account for the flat plateau and long tail behaviors, 
assume a short-length scale correction k0 and an exponential 
cut-off tail at kc

FLY

YEAST

C. elegans

E . coli H. pylori

H. sapiens M. musculus

CkkekkkP /
0 )()( −−+∝ γ



Results – Hierarchical structures

The Log Cave(k) vs Log k plots for the seven species.

Cave(k) ~ k-β

Yeast

E. coli



Results – Hierarchical structures

More like a scale-free network
β= 0.26 close to 0 rather 1, it 
exhibits a flat plateau for small k

Stochastic hierarchical 
network, β >1

Hierarchical network model is a better description for E.coli and S.cerevisiae PINs, 
and it is probably not a universal feature across different species. 
Modular structure similar functions, involve in the same biological pathway 

[22]  Goh K.I., Kahng B. and Kim B. (2005). LANL archive, q-bio.MN/0502018



Results – degree-degree correlations

Average node degree correlation profile of 
protein-protein interaction network for the 
single cellular organisms, 
H. pylori, S. cerevisiae(CORE) and E. coli.
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Average node degree correlation profile of protein-protein 
interaction network for multiple cellular organisms, 
C. elegans, D. melagonaster, H. sapiens and M. musculus.

Highly connected proteins are unlikely to interact with each other.



Robustness of Random and SF Networks

-blue symbols failure
-diameter of the exponential (triangles)
-scale-free (squares)
- f a fraction of the nodes are 
removed randomly

-Red symbols attack
-exponential (diamonds)
-scale-free (circles)
-the most connected nodes are 
removed first

Average network 
diameter increase
under attack

scale-free networks display a surprisingly high degree of tolerance  
against random failures

5%



Results – remove nodes or edges randomly

Pick a network with the largest connected 
component contains >91% proteins.

Failure has a larger effect 
than edge removal.



Results – edges rewiring



Results – comparison of failure and attack

Hubs removal could  cause a larger effects than failure.



Summary 
– failure, attack, rewire and edge removal

The average network diameters for the perturbed cases, <dfail> , <datt>, <drew> and 
<dedge> differed from unperturbed cases with |∆X|<13% at a 50% level of changes. Albert 
and Barabasi found that diameters of WWW and the Internet doubled its original value if 
5% of the most connected nodes were removed. In contrast, the change in diameter is less 
drastic for PINs with respective to attack. Nevertheless, attack perturbation induced a 
larger effect on average network diameter relative to failure or edge deletion perturbation. 
The situation is somewhat inconclusive for rewiring perturbation because it could also 
induced comparable percentage change as attack perturbation.



Summary
Protein-protein interaction Network
• PINs are not random networks

• The Log[Pcum(k)] vs Log[k] study indicates 
that PINs are well approximate by scale-
free networks

• Hierarchical network model is a better 
description for certain species’ PINs

• Node degree correlation study supports the 
earlier result that nodes of low connectivity 
are correlated, whereas nodes of high 
connectivity are not directly linked
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Summary

PINs are topologically robust with 
respective to failure, attack, nodes 
rewiring and edges removal and robust 
against experimental artifacts, i.e. the 
false negative and false positive errors.
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