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 PREFACE 

         This book is a compilation of articles by pioneers of pathway analysis. While 
providing some solutions and the state - of - the - art overview, the book formu-
lates many questions that yet to be addressed by the scientifi c community. The 
phrase  “ drug discovery ”  in the title was intended to emphasize the pragmatic 
approach for the book. Pathway analysis attempts on the enormous task of 
formalizing the molecular biological knowledge to make it suitable for predic-
tive computation. Pathway analysis is currently in its infancy and requires the 
framework for thinking and development of useful applications. This frame-
work can only be based on practical solutions that have a direct impact on 
human life and well - being of society. Improving human health and optimizing 
biological organisms for human needs are two main practical applications of 
molecular biology that rapidly move it away from being an academic discipline 
toward the application science in commercial industry. 

 Drug discovery industry is likely to benefi t most from pathway analysis. 
There are two major computational challenges in the drug development. First 
is calculating the structure of drug molecules that have specifi c and predictable 
protein targets and therefore predictable biological effects. Second is calculat-
ing the biological effects themselves. Both tasks require extensive computa-
tional resources but use very different fundamental principals. The structural 
drug design is based on physics of molecular structure and interaction while 
calculating biological effects is based on the analysis of information fl ow or 
pathways. Even though the information fl ows inside the living cell through the 
physical interaction network, the physics of the molecular interactions has 
limited effect on biological pathways. Instead, the combinatorial effect from 
players in the protein community network determines the biological outcome 
of the drug treatment, disease progression, and healthy signaling throughout 

 vii



the human body. The computational complexity in structural drug design is 
due to the large number of atoms participating in the molecular interaction, 
while the complexity of pathway analysis is due to the large number of pro-
cesses that occur in a single human cell, multiplied by the large number of 
tissues in human organism. 

 Currently used approach of  “ computing ”  the drug effects using live organ-
isms such as animal models and patients in clinical trials is expensive, error 
prone, and can be viewed as unethical. Therefore, everyone appears to believe 
that  in silico  predictions should be the safest and most economical way of 
improving the drug discovery pipeline. Because the excuse of having insuffi -
cient computational resources rapidly vanishes into the history, the book 
attempts to summarize critical elements that are necessary for successful 
 in silico  pathway analysis for drug development.       

Anton Yuryev

viii PREFACE



 CONTRIBUTORS     

      Gordana Apic,    Cambridge Cell Networks Ltd., St John ’ s Innovation 
Centre, Cambridge CB4 0WS, United Kingdom;  gordana.apic@camcellnet.
com  

  Michael J. Birrer,    MD, PhD, National Cancer Institute, Center for Cancer 
Research, 37 Convent Drive, Bldg 37, Room 1130, Bethesda, MD 20892; 
 birrerm@bprb.nci.nih.gov  

  Fedor Bokov,    Ariadne Genomics Inc, 9430 Key West avenue, Suite 113, 
Rockville, MD 20850;  masf@ariadnegenomics.com  

  Andrej Bugrim,    GeneGo, Inc., 500 Renaissance Drive, #106, St Joseph, MI 
49085;  andrej@genego.com  

  Bojana Cosovic,    Cambridge Cell Networks Ltd, St John ’ s Innovation Centre, 
Cowley Road, CB4 0WS Cambridge, United Kingdom;  Bojana.Cosovic@
camcellnet.com  

  Nikolai Daraselia,    Ariadne Genomics Inc, 9430 Key West avenue, Suite 113, 
Rockville, MD 20850;  nikolai@ariadnegenomics.com  

  Sreenivas Devidas,    PhD, Vice President Business Development, GVK 
BioSciences, 5457 Twin Knolls Road, Suite 101, Columbia, MD 21045; 
 sreeni.devidas@gvkbio.com  

  Zoltan Dezso,    GeneGo, Inc., 500 Renaissance Drive, #106, St Joseph, MI 
49085;  zoltan@genego.com  

  Sean Ekins,    PhD, DSc, Collaborations In Chemistry, 601 Runnymede Ave, 
Jenkintown, PA 19046, USA;  ekinssean@yahoo.com  

 ix



  John Farley,    MD, Associate Professor, Department of Obstetrics and Gyne-
cology, Uniformed Services University of the Health Sciences, 4301 Jones 
Bridge Road, Bethesda, MD 20814;  jfarley@usuhs.mil  

  Craig N. Giroux,    Institute of Environmental Health Sciences, Wayne State 
University, 2727 Second Avenue, Detroit, MI 48201;   cgiroux@genetics.
wayne.edu  

  Iaroslav Ispolatov,    PhD, Departamento de Fisica, Universidad de Santiago de 
Chile, Casilla 302, Correo 2, Santiago, Chile. Ariadne Genomics Inc., 9430 
Key West Avenue, Suite 113, Rockville, MD 20850;  slava@ariadnegenomics.
com  

  Andrey Kalinin,    Ariadne Genomics Inc, 9430 Key West avenue, Suite 113, 
Rockville, MD 20850;  kalinin@ariadnegenomics.com  

  Mark P. K ü hnel ,    EMBL - Heidelberg, Cell Biology and Biocomputing Meyer-
hofstrasse 1, 69117 Heidelberg, Germany;  mark.kuehnel@camcellnet.com  

  Sergei Maslov,    Department of Physics, Brookhaven National Laboratory, 
Upton, NY 11973;  maslov@bnl.gov  

  Goran Medic,    Cambridge Cell Networks Ltd, St John ’ s Innovation Centre, 
Cowley Road, CB4 0WS Cambridge, United Kingdom;  Goran.Medic@
camcellnet.com  

  Alexander Nikitin,    Ariadne Genomics Inc., 9430 Key West Avenue, Suite 
113, Rockville, MD 20850;  shura@ariadnegenomics.com  

  Tatiana Nikolskaya,    GeneGo, Inc., 500 Renaissance Drive, #106, St Joseph, 
MI 49085;  tatiana@genego.com  

  Yuri Nikolsky,    GeneGo, Inc., 500 Renaissance Drive, #106, St Joseph, MI 
49085;  yuri@genego.com  

  Laurent L. Ozbun,    PhD, Center for Cancer Research, National Cancer Insti-
tute, 37 Convent Drive, Bldg 37, Room 1130, Bethesda, MD 20892;  ozbunl@
mail.nih.gov  

  Robert B. Russell,    EMBL - Heidelberg Biocomputing Meyerhofstrasse 169117 
Heidelberg, Germany. Email:  russell@embl.de  

  Sergey Simakov,    Moscow Institute of Physics and Technology, Department 
of Applied Mathematics, Instituskii Lane, 9, Dolgoprudny, Russia; 
 simakovss@ya.ru  

  Andrey Y. Sivachenko,    PhD, Senior Staff Scientist, Ariadne Genomics, Inc. 
9430 Key West Ave. #113, Rockville, MD 20850;  andrey.sivachenko@gmail.
com  

  Todor Vujasinovic,    Helios Biosciences, 8, Avenue du G é n é ral Sarrail, 94010 
Cr é teil, France;  todor.vujasinovic@heliosbiosciences.com  

  Anton Yuryev,    PhD, Ariadne Genomics Inc., 9430 Key West Avenue, Suite 
113, Rockville, MD 20850;  ayuryev@ariadnegenomics.com  

  Andr é  Sini š a  Ž ampera ,    Helios Biosciences, 8, Avenue du G é n é ral Sarrail, 
94010 Cr é teil, France;  sinisa@heliosbiosciences.com        

x CONTRIBUTORS



 INTRODUCTION TO 
PATHWAY ANALYSIS  

  ANTON   YURYEV       

                     Table of Contents 
    1.1     Introduction 1  
  1.2     Methods to Construct the Pathway Analysis Knowledge Base 2  
  1.3     Organizational Challenges for Constructing the Knowledge Base 

for Pathway Analysis 5  
  1.4     From Molecular Interaction Database to Pathway Collection 6  
  1.5     Pathway Analysis Software and the Scientifi c Community 10  
  1.6     Pathway Analysis and Systems Biology 12  
  1.7     Pathway Analysis and Network Analysis 13  
  1.8     Pathway Analysis of Disease 13  
  1.9     Pathway Analysis and Dynamic Modeling in Drug Development 16  
  1.10     Steady - State Analysis of Metabolic Networks 18  
  1.11     So What Is Pathway Analysis? 19  
   References 20           

  1.1   INTRODUCTION 

 Pathway analysis is a rapidly developing discipline that combines software 
tools, database models, and computational algorithms — all of which help 
molecular biologists to convert molecular interaction data into a set of 
computational models. The models are developed for better prediction of 
cell behavior in response to a drug, nutrients, or other outside stimuli. The 
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2 INTRODUCTION TO PATHWAY ANALYSIS

development of pathway analysis was triggered by the expansion of high -
 throughput methods and the completion of human genome sequencing project. 
Because of these technological advances, the emphasis of molecular biology 
has shifted from reductionism to system integration. Suddenly, nearly all of 
the components of a living cell became known and the new goal of  “ putting 
them all together ”  into a working computational model of the living cell is 
awaiting the scientifi c community. This model must be built by a consensus 
effort of all molecular biologists and will be constantly refi ned for a signifi cant 
period of time. The fi rst and most important goal of pathway analysis is to 
provide tools and infrastructure that facilitate building a consensus cell model 
by the collective effort of the scientifi c community. These tools must enable 
adequate data exchange, automatic data integration, communication with 
central public depositories of pathways, and molecular interaction information 
supporting consensus knowledge base building. In this review, I discuss current 
approaches for constructing a molecular interaction database, explain the 
available pathway analysis methods from the drug discovery point of view, 
and place pathway analysis into the historical perspective of advances in 
molecular biology.  

  1.2   METHODS TO CONSTRUCT THE PATHWAY ANALYSIS 
KNOWLEDGE BASE 

 Several layers of consensus information are necessary for pathway analysis: 
(1) a generally agreed - upon list of molecules; (2) a consensus global molecular 
interaction network; and (3) a collection of consensus pathways for known 
biological processes. Even though signifi cant portion of the work to create the 
molecular  “ inventory ”  of the human organism has been accomplished by 
sequencing the human genome, it is still far from being completed. The alter-
native splicing and protein modifi cation isoforms are yet to be fully cataloged. 
This next major challenge for this knowledge level is being addressed now by 
development of exon and phosphorylation microarray technologies. The con-
sensus interaction network is being created by a combination of efforts in 
high - throughput experiments, prediction of interactions, and classical molecu-
lar biological and genetic techniques aimed at elucidating the function of 
individual proteins. Because the results of numerous small - scale experiments 
usually are available only in the form of scientifi c publications and because no 
central depository for molecular interactions exists in the scientifi c commu-
nity, special text - mining techniques have been developed to extract this infor-
mation into machine - readable format  [1] . 

 Every available technique to record interactions for a global network data-
base has some degree of a false - positive rate. High - throughput methods for 
detection of protein – protein interactions, such as a two - hybrid screen or an 
identifi cation of protein complexes by co - immunoprecipitation followed by 
mass spectrometry, are currently being reassessed in a panic due to an appar-



ently worrisome 50 – 70% false - positive rate  [2] . Even though the sources of 
errors are well understood for these methods, the only way to reduce them at 
present is to scale down these experiments, effectively reducing them back to 
one of the laboratory techniques and preventing their high - throughput appli-
cation. Consequently, attempts to improve the reliability of these methods 
continue amidst criticism  [3] . As a reconciliation note for all high - throughput 
methods, I emphasize that proteins were designed by nature to interact with 
each other so as to provide the structural backbone for a living organism. They 
literally stick to each other to be alive. Therefore, it is not surprising that every 
protein can interact with many different partners, and many interactions that 
appear as false positives are in fact true physical interactions. Yet, many of 
these interactions are not biologically meaningful. Some of them never occur 
inside the living cell because two proteins never meet each other in space or 
time. Even if an interaction does occur  in vivo , it simply may not perform a 
biological function — it is not followed by the cascade of molecular events that 
is called a  “ cell process. ”  In my opinion, high - throughput methods probably 
produce mostly correct interaction data, but additional evaluation is necessary 
to sort out biologically functional and meaningful interactions. The identifi ca-
tion of biologically meaningful interactions is a separate task from measuring 
them. If this is the case, our frustrated energy should be diverted away 
from these methods and refocused on remedying our general inability to 
understand what each interaction means for cell physiology. In Chapter 
 3 , about automatic pathway inference, I show that measuring and recording 
regulatory interactions is one way to calculate biological meaning for physical 
interactions. 

 The prediction of physical interactions is typically accomplished using 
sequence homology  [4,5] , and regulatory interactions can be calculated from 
time - series gene expression data using Bayesian inference  [6,7] . By holding 
the powerful promise to  “ reverse engineer ”  biological objects, Bayesian infer-
ence has been even proclaimed as the principal method of systems biology. 
However, it currently suffers from the noisy and dispersed experimental data 
available for analysis, a lack of understanding how to construct good training 
sets  [8] , and the emerging realization of the plasticity of biological regulatory 
networks  [9] . 

 Peer - reviewed scientifi c literature is still the most important source of reli-
able molecular interaction data. The sheer number of scientifi c publications 
and the fact that they are written in machine non - readable format necessitated 
the development of methods to extract this information into machine - readable 
format that can be used by computational algorithms. These attempts focused 
on the manual recording of interactions into a database by an army of curators 
and, at the same time, on the development of natural language processing 
algorithms to read scientifi c papers automatically. Manual curation turned out 
to be a slow and expensive process that is not error - free: humans do make 
mistakes when both writing and reading papers. The rate of manual recording 
appears unable to keep up with the rate of new articles being published. 

METHODS TO CONSTRUCT THE PATHWAY ANALYSIS KNOWLEDGE BASE 3



4 INTRODUCTION TO PATHWAY ANALYSIS

 Automatic extraction of the interaction from peer - reviewed scientifi c litera-
ture faces its own challenges. The main advantage of automatic text - mining 
algorithms is the speed that allows the processing of hundreds of thousands 
of articles in minutes. For example, MedScan technology from Ariadne 
Genomics can process the entire PubMed database that contains more than 
14 million abstracts in 2 days on a regular personal computer. This speed 
allows comprehensive coverage of the entire body of scientifi c literature, as 
well as a fairly good assessment of interaction confi dence. Interaction confi -
dence can be estimated using the frequency with which the interaction was 
recovered from the literature. The high misinterpretation rate that occurs 
during fact extraction is the biggest problem of text - mining technologies. 
Natural language processing algorithms that use a full sentence parsing 
approach have the lowest error rate, but they also have the lowest recovery 
rate among all methods for automatic extraction of interactions  [1] . Because 
errors are evenly distributed among all sentences, false - positive interactions 
appear as interactions with a low number of supporting references. This tech-
nique can be used as a fi lter to eliminate erroneous interactions at the end of 
an extraction. Unfortunately, it effectively increases the error rate among 
relations with a low reference count. Recently discovered true interactions 
by defi nition have a low number of references. Thus, automatic extraction 
methods make the effective confi dence of novel interactions even lower due 
to contamination by false - positive facts. For example, some linguistic patterns 
used by the MedScan technology extract interactions with one supporting 
reference with only 70% accuracy. Hence, it is diffi cult to use the extracted 
data immediately for analyzing experimental data and building pathways. 
Additional efforts to curate automatically extracted data are required prior to 
an analysis such as this one  [10,11] . 

 Improvement of all methods for recording of molecular interactions will 
have to continue for some time until a clear winner can emerge. The most 
likely outcome, however, is that all interactions for human proteins will be 
found by the combined effort of all these methods before a winner is deter-
mined. After the best method is apparent, interactions for new organisms will 
be predicted mostly from the consensus interaction network for the human 
organism and other model organisms. Despite a seemingly overwhelming 
challenge to measure all physical interactions between proteins in the human 
genome, this goal will be achieved within the life span of most readers of this 
book. Indeed, the total number of unique interactions between  N  proteins is 
equal to  N ( N     −    1)/2. There are 30,000 – 35,000 genes in the human genome, 
making the total number of all possible pairwise interactions around 500 
million. This number is the upper estimate for human interactome size, which 
includes both true -  and false - positive interactions regardless of the methods 
used to measure and record them to the global database. The interactions for 
alternatively spliced proteins can be found relatively easily by calculation 
using protein sequence information, known interactions of the longest iso-



forms, and interactions from the homologs to determine the protein interact-
ing domains. Thus, even though alternatively splicing greatly increases the 
number of possible protein – protein interactions, measuring and recording the 
interactions between splicing isoforms should not require much time and 
investment. To measure all 500 million possible interactions, each of 500,000 
molecular biologists will have to measure about 100 interactions to achieve 
this goal in 1 year. Assuming there are about 50,000 research projects world-
wide actually measuring protein – protein interactions, all physical interactions 
will be measured in 10 years. The speed of measuring the new physical interac-
tion should gradually increase, and the actual number of interactions is smaller 
than 500 million. Therefore, 10 years is a very safe upper estimate for time 
required for recording of all physical interactions.  

  1.3   ORGANIZATIONAL CHALLENGES FOR CONSTRUCTING 
THE KNOWLEDGE BASE FOR PATHWAY ANALYSIS 

 The major barrier separating humankind from measuring all physical protein –
 protein interactions in its own species is the lack of organization and commu-
nication among individual scientists. I have reason to assume that this book 
will not change this situation, so research will continue as usual by measuring 
the same interactions multiple times in different laboratories that are trying 
to prove or disprove each other ’ s theories. Typically, the authors of these 
studies publish only interactions that seem to support their respective favorite 
scientifi c theory or model in hopes of securing funding in the future. High -
 throughput methods will also continue to contribute to a signifi cant amount 
of interaction data while attempting to improve their accuracy. Taking the 
opportunity given to me by this book, I want to join the call to release all 
interaction data into the public domain  [2] . The relatively small organizational 
challenges that accompany this call include having a central authority to main-
tain an interaction depository, the tools for data submission and building a 
consensus global network database, and a method for calculating the confi -
dence of a specifi c interaction from supporting evidence submitted by multiple 
sources. 

 Several public institutions have taken an early lead in the attempt to become 
a central authority for pathway and molecular interaction databases. Kyoto 
University provides the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
database curated by its own staff. Its main disadvantage is that a system cannot 
be used as a depositary by external users outside KEGG. The Signal Trans-
duction Knowledge Environment (STKE) database is maintained by the 
American Association for the Advancement of Science (AAAS) and contains 
a collection of pathways curated by scientists considered to be the top experts 
in the fi eld. This database contains a small collection of highly reliable and 
canonical pathways and accurately refl ects the current state of the art of the 
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6 INTRODUCTION TO PATHWAY ANALYSIS

pathway analysis fi eld: very few pathways are actually known and experimen-
tally verifi ed at present. The slow rate of curation and the absence of any 
formal method to create pathways, including the absence of universal identi-
fi ers for pathway components, are the main disadvantages of the STKE data-
base. Unfortunately, the usual leaders in storage of biological information, the 
National Center for Biotechnology Information (NCBI) in the United States 
and the European Bioinformatics Institute (EBI) in the European Union, 
seem to be overwhelmed by the amount of sequencing data they need to 
maintain. Currently, they lag behind in creating a central resource for pathway 
information. NCBI, for example, has limited itself by integrating protein phys-
ical interaction information from public databases: Biomolecular Interaction 
Network Database (BIND), Human Protein Reference Database (HPRD), 
BioGRID, and EcoCyc. Moreover, the constant introduction of new protein 
identifi ers by these organizations unnecessarily complicates the issue even 
further. Among other public sources of pathway information, I must mention 
the Reactome database maintained by Cold Spring Harbor Laboratory in 
collaboration with EBI and Gene Ontology, and the Database of Interacting 
Proteins (DIP) at the University of California at Los Angeles. Currently, the 
largest pathway and molecular interaction databases are only available com-
mercially from privately held companies such as Ingenuity Systems, GeneGo, 
and Ariadne Genomics.  

  1.4   FROM MOLECULAR INTERACTION DATABASE TO 
PATHWAY COLLECTION 

 The collection of physical interactions is not, however, the pathway database. 
It merely provides the underlying network or pool of interactions necessary 
for pathway and network building. This pool is not likely to be 100% accurate 
because of all the reasons I previously mentioned. Software tools and methods 
developed for pathway building must take into account the reliability of each 
interaction when working with such a database. At this point, it is worth 
emphasizing the difference between a network and a pathway, because both 
can be built by the same software tools. A network represents a static image 
of all possible physical and/or regulatory interactions between biological enti-
ties, while a pathway represents how the information propagates through the 
network. Because information propagation is a directional process, a pathway 
must have entry nodes where the information fl ow starts and terminal points 
where the information fl ow ends. The pathway components represent the 
sequence of molecular events in space or time while the biological process is 
occurring. A network, in contrast to a pathway, can contain any relation or 
entity, including those that do not participate in the information fl ow. For 
example, a physical interaction network can include structural interactions, 
while regulatory networks can include indirect relations that actually are 
mediated by a set of physical interactions. Network analysis can provide 
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important insights into biological functions. It can, for example, identify major 
regulators and targets in a biological process that appear as hubs — nodes with 
many connections for this process in the network. Hubs also can provide an 
idea about the information fl ows within the network, starting from major hub 
regulators and propagating toward major hub targets. Network analysis can 
also identify protein complexes involved in a process. Yet, a network cannot 
be used for dynamic modeling because it lacks one essential ingredient of any 
pathway: an initial signal or input. 

 Because a pathway is a way to represent specifi c events that take place after 
exposing a cell to an extracellular signal or environmental condition, the main 
task of pathway analysis is to establish methods for converting network infor-
mation into a pathway. Any biological pathway is essentially an abstraction 
or an approximation describing the major channels of information fl ow through 
the physical interaction network. The goal of pathway inference is generating 
a diagram simple enough to be used in kinetic simulations yet adequately 
describing what happens inside a cell after the stimulation. That known canon-
ical pathways represent the preferred path through the network was proposed 
some time ago  [12] . If this premise is true, then a pathway is simply a path 
through hubs in the global regulatory network. The evidence taken from sci-
entifi c literature certainly supports this view: essentially every component in 
any currently known canonical pathway is a hub in the global and regulatory 
network. Hubs should be also the fi rst experimentally detectable components 
of a pathway because they are the best targets for pathway inhibition, which 
is the favored method to study pathways  in vivo . For this reason, the currently 
known connectivity of a hub must be artifi cially elevated relative to other 
 “ non - hub ”  proteins in both physical and regulatory networks derived from 
experimental literature: historically, researchers fi rst identifi ed hubs as prin-
cipal pathway components and then began identifying other proteins interact-
ing with them. Thus, in reality, the relative connectivity of hubs may not be 
as high as it appears to be in the currently known network. Nevertheless, cur-
rently known hubs will still probably remain hubs even after the entire network 
is known. 

 Figure  1.1  represents the principal task of pathway analysis: converting a 
network into a pathway suitable for dynamic modeling. The input for pathway 
analysis is a network and a stimulus used to invoke the information fl ow. The 
output of pathway analysis is a pathway suitable for dynamic modeling with 
adequate predictive power. Where does the input network come from? From 
another class of high - throughput experiments aimed at measuring the state of 
an entire biological system, such as gene expression microarray experiments. 
In spite of being noisy like all other biological high - throughput methods, they 
provide a snapshot of a system upon exposing cells to a stimulus. Ideally, the 
state of a cell must be measured on several different levels such as cell tran-
scriptome, proteome, and metabolome  [13] . The current state of the art, 
however, produces only gene expression data with acceptable quantity and 
accuracy. Yet recent developments in proteomic methods measuring protein 



8 INTRODUCTION TO PATHWAY ANALYSIS

      F
ig

ur
e 

1.
1   

  C
an

on
ic

al
 E

G
F

R
 p

at
hw

ay
 s

ho
w

n 
in

 th
re

e 
w

ay
s:

 (
A

) 
ph

ys
ic

al
 in

te
ra

ct
io

n 
ne

tw
or

k;
 (

B
) 

ph
ys

ic
al

 in
te

ra
ct

io
n 

ne
tw

or
k 

co
m

bi
ne

d 
w

it
h 

re
gu

la
to

ry
 n

et
w

or
k;

 (
C

) 
as

 a
 p

at
hw

ay
 r

ea
dy

 f
or

 k
in

et
ic

 m
od

el
in

g;
 a

nd
 (

D
) 

ki
ne

ti
c 

m
od

el
 o

f 
M

A
P

 k
in

as
e 

ca
sc

ad
e,

 w
hi

ch
 is

 a
 p

or
ti

on
 

of
 E

G
F

R
 p

at
hw

ay
. O

ne
 w

ay
 t

o 
vi

su
al

iz
e 

th
e 

go
al

 o
f 

pa
th

w
ay

 a
na

ly
si

s 
is

 t
o 

im
ag

in
e 

th
at

 it
 c

ha
ng

es
 t

he
 c

on
tr

as
t 

of
 t

he
 n

et
w

or
k 

im
ag

e 
to

 
m

ak
e 

th
e 

m
ai

n 
in

fo
rm

at
io

n 
fl o

w
 m

or
e 

vi
si

bl
e 

by
 h

id
in

g 
re

la
ti

on
s 

th
at

 a
re

 n
on

es
se

nt
ia

l 
fo

r 
de

pi
ct

in
g 

th
e 

pr
in

ci
pa

l 
in

fo
rm

at
io

n 
fl o

w
. S

ee
 

co
lo

r 
in

se
rt

.  



FROM MOLECULAR INTERACTION DATABASE TO PATHWAY COLLECTION 9

F
ig

ur
e 

1.
1 

(C
on

tin
ue

d)



10 INTRODUCTION TO PATHWAY ANALYSIS

concentration and modifi cation already necessitate integration of information 
from different experimental types into software for pathway analysis. The 
important workfl ow described above must be supported by all pathway analy-
sis software: it must provide access to the molecular interaction database, 
permit analysis of high - throughput data to identify molecular networks appear-
ing in response to an experiment, and subsequently allow calculation of path-
ways suitable for molecular modeling.   

 An additional approach for building pathways for the human organism is 
by using orthologous pathway information from model organisms and paralo-
gous information about known pathways in human tissues. One of the most 
important achievements of network biology in the last decade is providing 
further support to the duplication - divergence theory of molecular evolution 
(see reference  [14]  and references therein). The best way to evolve is to dupli-
cate an existing mechanism and then modify one or both copies to develop 
new functions while keeping older functions in one of the copies, if necessary. 
Evolution constantly duplicates individual genes and occasionally makes 
a copy of entire genomes in order to mutate genes later and to develop 
new interactions and functions  [15] . As further evidence in support of the 
duplication - divergence model of evolution, current efforts in studying model 
organisms provide crucial insights into general rules for the modular and 
pathway organization of a cell. They have revealed and will reveal more of 
the conserved,  “ must have ”  mechanisms in molecular signaling and cell physi-
ology  [16] . The following list enumerates currently known conserved princi-
ples of pathway organization: 

   •      Pathway sub - compartmentalization using clustering in physical interac-
tion networks  [17]  and scaffolding  [18,19]   

   •      Fast decay of crosstalk mediated by binding interactions  [20]   
   •      Feedback loops providing positive self - activation of a pathway  [18,21]   
   •      Feed - forward loops providing noise tolerance for a pathway  [22,23]   
   •      Cross - pathway inhibition  [18,22,24]     

 In addition, model organisms reveal the conserved molecular interaction 
and regulatory blocks necessary for biologically meaningful propagation of 
information  [25] , such as the MAPK - kinase cascade, for example  [18] .  

  1.5   PATHWAY ANALYSIS SOFTWARE AND THE 
SCIENTIFIC COMMUNITY 

 While providing the tools and methods for pathway building and data analysis, 
pathway analysis software provides additional important functions for scien-
tifi c enterprise: enabling fast communication, data exchange, and education 



among members of the scientifi c community. It has been recognized that 
graphical and other visual information is more effective than text for learning 
molecular biological concepts  [26] . For example, the image of the double - helix 
DNA structure is the most common form used by people to learn, think, and 
teach about DNA. This image migrates from one textbook to another. Any 
text describing the double - helix is merely a caption for the image. Similarly, 
diagram visualization in pathway analysis software allows scientists to exchange 
information about biological networks and work with them more effi ciently. 
I want to demonstrate how important visualization is for pathway analysis by 
suggesting the following virtual experiment. First, take any pathway diagram 
that you fi nd in this book and describe it in writing. Be warned that this exer-
cise may be very boring. Second, fi nd two of your colleagues who have never 
seen this pathway before. Show the diagram to the fi rst colleague and show 
the text to the second one. Give both of them the same amount of time to 
inspect and memorize the pathway information. Then, ask them both to repro-
duce the pathway. You will discover that the colleague who saw the pathway 
will reproduce it more accurately than the person who read about the same 
pathway. Now, try to draw the same pathway yourself and you will realize that 
it is much faster to describe a pathway as text than to make a good drawing 
of it. Describing a pathway is easier because you most likely have a text pro-
cessor program on your computer but do not have an application for pathway 
drawing. Imagine, however, that this pathway - drawing program exists and also 
enables you to send a pathway diagram to your colleagues so that they can 
reproduce an exact copy of your pathway, add their information to it, or 
compare it to their own experimental results or to other pathways. It should 
now be readily apparent that a pathway analysis tool can increase your ability 
to communicate with the scientifi c community and speed up your collabora-
tion projects many times over. 

 Biologists usually visualize three major classes of processes as diagrams: 
biochemical pathways, molecular signaling cascades, and various cellular 
mechanisms such as a cell cycle and apoptosis. As all scientifi c papers 
are written these days using computers, pathway diagrams are drawn with 
computer programs as well. The degree of sophistication of these pathway -
 drawing programs ranges from simple vector graphics drawing tools like 
Microsoft PowerPoint to the database programs like Pathway Studio 
from Ariadne Genomics that link every pathway to the underlying global 
molecular interaction network and to the functional annotation of biological 
molecules. At the same time, these programs allow the comparison of 
thousands of data points from high - throughput experiments with the pathway 
collection in the database. The increased sophistication of pathway drawing 
tools has put the term  “ pathway analysis ”  on the same level with other 
scientifi c methods and disciplines that study the propagation of information 
inside the living cell, such as: systems biology, molecular network analysis, 
and dynamic modeling or kinetic simulation. In the remaining part of this 
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12 INTRODUCTION TO PATHWAY ANALYSIS

introduction, I will position pathway analysis relative to these approaches in 
an attempt to show how pathway analysis both differs from and complements 
them.  

  1.6   PATHWAY ANALYSIS AND SYSTEMS BIOLOGY 

 In short, systems biology is a discipline and pathway analysis is one of its 
methods. Historically, the term  “ systems biology ”  was used as an umbrella to 
describe various attempts to understand and to model the behavior of an 
entire cell or organism. Since our current biological knowledge is still incom-
plete, systems biology focuses on the development of computational methods 
for analysis of high - throughput data and on designing databases and data 
models to store and refi ne the information necessary for achieving the ultimate 
goal of modeling cell physiology. Pathway analysis is not different in this 
respect from any other methods of systems biology. It allows compiling, main-
taining, classifi cation, and utilization of pathway information. The reason why 
pathway analysis must be isolated from other methods is evident from the 
following estimates. There are more than 520 signaling ligands in the human 
genome and 232 tissues in the human organism. Even though many tissues do 
not have receptors for every ligand, one hormone often can bind different 
types of receptors and sometimes activate different pathways  [27] . Therefore, 
we can estimate about 100,000 signaling diagrams that are necessary in order 
to have a comprehensive collection of signaling pathways for the human 
organism. Variations of about 50 canonical biochemical pathways in 232 
human tissues add another 10,000 diagrams. The number of various intracel-
lular and physiological intercellular processes can be estimated to be about 
1,000. This estimate increases the number of necessary diagrams to roughly 
about 200,000. Finally, there are about 2,500 complex diseases that are usually 
depicted as diagrams of defective pathways and cellular processes. We also 
must remember that pharmaceutical research typically uses animal models 
that require a separate pathway collection for each model organism: mouse, 
rat, dog, etc. All of the previous numbers estimate a daunting collection of 
nearly 500,000 pathways needed to build a comprehensive database for drug 
discovery. To create and maintain this vast pathway collection, we need a 
rather sophisticated software infrastructure. This software must provide inter-
active access to pathway diagrams, enable fast and seamless data exchange 
between users and databases, and allow the comparison of pathway collection 
with high - throughput and other experimental data. One of the goals for 
pathway analysis is to devise strategies and algorithms to compose such a col-
lection and to develop an appropriate software infrastructure for its mainte-
nance, for its utilization in analysis, and for drug discovery. The effort to create 
this pathway collection for drug discovery is comparable in scale to the Human 
Genome Project (HGP). Continuing this analogy, I would say that the current 
technological level of pathway analysis is about the same as the level of 



sequence analysis soon after Frederick Sanger proposed his method for DNA 
sequencing.  

  1.7   PATHWAY ANALYSIS AND NETWORK ANALYSIS 

 Briefl y, network analysis studies the global properties of biological networks, 
while pathway analysis studies the propagation of information through a 
network. I have already described the pathway diagram as an intermediate 
step between isolating the network modules and building the dynamic model 
of a biological process, as shown in Figure  1.1 . The method of network analysis 
gained momentum in 1999 after a publication by Hartwell et al.  [28]  that pre-
sented an intuitively clear paradigm about the modular organization inside a 
living cell. Since then, biological networks have undergone intense investiga-
tion. The recent efforts to analyze biological networks have yielded several 
important fi ndings relevant to pathway analysis. I will list them here, since this 
book does not cover network analysis in much detail. First, it has been dem-
onstrated that both physical and regulatory biological networks indeed have 
a modular structure that correlates well with known functional modules, as 
defi ned by humans in protein annotation  [17] . Second, it was found that bio-
logical protein networks tend to have power law degree distribution, meaning 
that they have hubs — highly connected proteins with many interaction part-
ners. This discovery appears to be true for both physical and regulatory net-
works (Figure  1.2 ). The main reason for having a hub or scale - free network 
topology is to provide robustness to the network so it does not break into 
independent components when a link or node is occasionally removed  [29] . 
A node or link removal can occur because of the following: genetic mutations 
in evolution; somatic mutations occurring in a disease and throughout the life 
of the organism; and environmental conditions such as diet, trauma, and stress. 
The scale - free topology of a network allows biological systems to randomly 
try new ways of evolutionary adaptation without the danger of disintegration 
and to survive rather signifi cant damage during a disease.    

  1.8   PATHWAY ANALYSIS OF DISEASE 

 Network biology logic suggests that, in order to become stable and robust, a 
disease network must acquire a scale - free topology with hubs. A disease is 
developed if its sub - network or module that carries out the malignant function 
becomes robust and perpetual. These perpetual networks may take years to 
develop in an organism. Genetic predisposition, diet, lifestyle, infection, acci-
dental trauma, and stress all may contribute to the development of a disease 
network. Because of these multiple contributions, the networks causing 
the same disease most likely differ among individual patients, thus necessitat-
ing personalized drug intervention. To cause the same disease in different 
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14 INTRODUCTION TO PATHWAY ANALYSIS

individuals, individualized disease networks must, however, have in common 
the misdirected information fl ow that should occur through the sharing of the 
pathway components. Since hubs are the best targets to disrupt a scale - free 
network, it is yet to be seen whether individualized disease networks have 
similar hub composition or they overlap only in the  “ peripheral ”  nodes that 
are responsible for malignancy. Once formed, the disease network should be 
resilient to drugs precisely because of the robustness that has enabled its 
existence in the fi rst place  [30] . Therefore, from the network biology perspec-
tive, a drug design strategy must be a strategy to disrupt the robustness of a 
disease network. The network disruption itself cannot be adequate and must 
be supplemented by other changes that will make the disruption irreversible. 
Irreversibility can be achieved by either using other drugs or changes in life-
style and diet. It is highly unlikely, however, that drugs will restore the original 
 “ normal ”   network , due to the general complexity and evolutionary nature of 
the development of the malignant network. Nonetheless, drugs must restore 
the  “ healthy ”  information fl ow, which is a desirable clinical outcome. There-
fore, from the pathway analysis perspective, drugs must redirect a malignant 
information fl ow to restore the normal, healthy  pathway . In many cases, this 
restoration can mean returning to the original pathway disrupted by a disease. 
In some cases, for example, in diabetes or obesity, it may mean  “ improving ”  
the original pathway and making it even  “ healthier. ”  

    Figure 1.2     Degree distribution among known physical and regulatory interactions in 
ResNet database from Ariadne Genomics. The networks were built by automatically 
extracting relations from scientifi c literature using MedScan, a natural language pro-
cessing technology  [16] .  



 I must mention that no disease network has been completely established, 
and the previous paragraph is only a speculation. This book will offer exam-
ples of the current efforts toward building such networks. Here I want to 
mention the networks recently identifi ed for inherited ataxia  [31]  and the 
angiogenic switch in human pancreatic cancer  [32] . Most complex diseases, 
such as cancer or diabetes, are multistep processes of malignant transforma-
tion. Each step is probably characterized by a different robust malignant 
network. Therefore, it is not entirely correct to speak about a cancer disease 
network, for example. It is quite appropriate to speak about and study a cancer 
pathway, however. This pathway represents the path of cancer development 
that has a start, a direction, and a fi nal stage. Every step on this pathway rep-
resents a biological process whose defect causes the progression of the disease 
(Figure  1.3 ). Each step has its own malignant network. This is another example 
of the difference between a pathway diagram and a network diagram: the 
depiction of disease history as a chain of events in time.    

    Figure 1.3     Typical cancer development pathway. This diagram depicts the sequence 
of cell transformation events occurring from the onset of the disease until the death of 
the patient. Each transformation is triggered by defects in one or several cellular pro-
cesses shown at the top level of the diagram. Depending of the type of cancer, some 
steps may be irrelevant or skipped. For example, angiogenesis is not necessary for 
oncogenic transformation of blood cells. The exact order of events contributing to 
malignant cell proliferation is not known. In principle, this sequence can vary in dif-
ferent patients or cancer types, but tumor - induced angiogenesis occurs at the later 
stages of cancer after micro - tumors have reached a certain size. Angiogenesis in the 
context of cancer development means the induction of blood vessels growth by tumors. 
Therefore, the angiogenesis network in cancer cells mediates the production of cyto-
kines responsible for angiogenesis in endothelial cells and the angiogenic switch 
network in endothelial cells mediates proliferation and differentiation of endothelial 
cells. 

 A defect in every process contributing to cancer development occurs through the 
establishment of the robust molecular network performing the malignant function in 
the cell  [73] . These networks are beginning to be identifi ed  [31]  for each step of cancer 
progression. In principle, these networks should be different in every human tissue, 
and each tissue may have several networks for each cancer step depending on individ-
ual genetic and environmental factors that lead to the development of cancer in the 
fi rst place.  

Oncogenic
transformation

Cell processes = robust molecular networks
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16 INTRODUCTION TO PATHWAY ANALYSIS

  1.9   PATHWAY ANALYSIS AND DYNAMIC MODELING IN 
DRUG DEVELOPMENT 

 In essence, dynamic modeling or pathway kinetic simulation requires building 
a pathway diagram prior to developing a kinetic model. The mathematical 
model developed from experimental data is considered to be the fi nal triumph 
of the effort to understand biological processes. The main criterion for suc-
cessful mathematical modeling is the correct simulation of experimentally 
observed behavior. For this reason, good models can be built only when a 
system or a process is studied well enough to have known reproducible behav-
ior in response to a stimulus. Very few examples of such processes in molecu-
lar biology exist, imposing a major limitation on the development of kinetic 
models. Experimentally observed cycling, oscillations, and threshold behavior 
appear as the most attractive targets for kinetic modeling. Hence, the fi rst 
models developed in molecular biology were for the cell cycle  [33] , the circa-
dian cycle  [34] , and the oscillation in NF - kappaB pathway  [35] . Recently, the 
models simulating development of apoptosis  [36 – 41] , signaling in the EGFR 
receptor  [42] , and the JAK - STAT pathway  [43]  were developed. The criteria 
for a successful apoptosis model were selected based on known drug effects 
 [44,45] , threshold behavior or bistability between cell apoptotic responses and 
survival responses to cytotoxic stress  [39] , and tissue - specifi c differences in 
bistable (irreversible) and monostable (reversible) apoptotic responses  [40] . 
For the EGFR signaling model, the criterion for success was the known activa-
tion profi le of EGFR downstream targets. For the JAK - STAT pathway, the 
criterion for success was the cycling of STAT protein between cytoplasm and 
nuclei. 

 A mathematical theory for modeling of signaling pathways has been put 
forward by Heinrich et al.  [46] . The theory was designed to model rate, dura-
tion, and amplitude of a signal in linear kinase - phosphatase cascades, coupled 
to feedback interactions and crosstalk with other signaling pathways. Undoubt-
edly, these modeling attempts contribute to our general understanding of 
biological processes dynamics. For example, they showed that phosphatases 
affected the rate and duration of signaling, whereas kinases controlled signal 
amplitude in the EGFR pathway  [46] ; that RAF - 1 signaling was the most 
important regulator of EGFR phosphorylation  [47] ; that EGF - induced 
responses were stable over a wide range of ligand concentration; and that the 
initial velocity of receptor activation determines signaling effi ciency through 
the EGFR pathway  [42] . 

 The behavior of a biological system, by defi nition, must be probabilistic in 
order to cope with novel environmental factors previously unmet in evolution. 
The only way a cell can fi nd the optimal response to a novel stimulus is by 
presenting all possible responses while looking for the fi rst optimal one that 
may become selected. For example, that cell transcriptional response to previ-
ously unknown challenges is fundamentally random was recently shown for 
yeast  [9] . Drug treatment, by all means, represents the unmet challenge for a 



cell and therefore the cell response to a drug must be a stochastic process, 
which varies among the cell population of one or several human tissues. Tran-
scriptional and epigenetic reprogramming of an entire system in response to 
a drug may provide strong limitations on using dynamic models in drug devel-
opment. Drug - induced cell reprogramming can be caused by both the inhibi-
tion of an intended drug target and the side effects of a drug. If a drug causes 
global transcriptional reprogramming in a cell, its effi cacy cannot be predicted 
by solely using the kinetic models. Instead, the new cell state fi rst must be 
determined through using experimental measurements in every individual 
patient. The reprogrammed cell will have changed relative concentrations of 
proteins involved in the process that is to be modeled. Therefore, mechanistic 
dynamic modeling can be useful in evaluating how close the new cell state and 
the desired clinical outcome are by calculating the dynamics of affected pro-
cesses in a new state. In the case when a drug does not cause the global 
reprogramming, or reprogramming is mild, it should be possible to predict the 
cell response by a dynamic model. Due to the variability of the initial condi-
tions among cells in the body, the biologically meaningful outcome of any 
modeling should be a solution space of all possible cell responses to a drug 
treatment with a specifi c probability score assigned to every response curve 
in the solution space. Even though computational approaches to address this 
problem are being developed  [48 – 50] , they currently suffer from the general 
lack of knowledge about intracellular events, which is necessary for creating 
the model. These approaches also have knowledge gaps about cell behavior 
that is necessary for model validation. 

 A global cell model is the ultimate goal of pathway analysis. Its general 
complexity with millions of freely adjustable parameters probably will require 
more experimental constraints than modern molecular biology can ever 
provide. Thus, the uncertainty due to the lack of knowledge about the system 
must be added to the fundamental variability of the cell response, making the 
predictions by available models even less reliable. Nevertheless, current efforts 
will ultimately yield a computational model for the entire cell. The useful 
application of the global cell models, however, will be made in the even more 
distant future than the creation of complete database of molecular interactions 
for the human cell. Therefore, the best success stories of dynamic modeling 
are likely to happen beyond the life span of most readers of this book. 

 One goal of current dynamic modeling efforts is to isolate the minimal set 
of components and relations that can be used to correctly predict the behavior 
of a system and then to predict a system response, such as drug action, to the 
perturbations. While creating a model that uses pathway analysis methods, 
one can identify essential interactions from the pool of all cellular interactions 
mediating the modeled process. Once principal interactions are identifi ed 
from the pool of all known interactions, it may become evident that the 
pathway is incomplete and actually misses some interactions. Pathway analysis 
can point an investigator to missing pathway components and help in the 
design of an appropriate experiment for identifying missing components. An 
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18 INTRODUCTION TO PATHWAY ANALYSIS

assumption that the correct evaluation and prediction of drug effi cacy requires 
the kinetic simulation of pathways containing drug targets automatically 
necessitates simulating hundreds of thousands of pathways for the same 
reasons described in previous sections. Such a large number of models will 
require automatic assembly using pathway analysis tools. As you will see in 
upcoming chapters of this book, pathway analysis may provide some alterna-
tives to brute force kinetic modeling in evaluating drug effi cacy and toxicity, 
as well as in selecting drug targets.  

  1.10   STEADY - STATE ANALYSIS OF METABOLIC NETWORKS 

 Flux balance analysis (FBA)  [51]  and extreme pathway analysis  [52]  are two 
main methods of global analysis of metabolic networks developed by Bernard 
Palsson and his colleagues in the last 10 years. They take advantage of a basic 
physical principle of mass balance with the reasonable assumption that intra-
cellular metabolic reactions are in a steady state and therefore have constant 
fl uxes. Certainly, metabolism changes multiple times throughout the day in 
the human organism  [53] . These changes are rapid and the periods between 
changes can be viewed as a steady state. Steady - state analysis predicts a set 
of allowed metabolic phenotypes or phenotypic planes within the space of all 
possible fl uxes while avoiding any kinetic modeling. The allowed fl ux space is 
calculated using standard linear algebraic methods and has the form of a 
convex polyhedral cone. The cone edges are called  “ extreme pathways ”   [54]  
and the space between them is a phenotypic plane  [55] . The initial FBA solu-
tion space turned out to be very large, and the problem of calculating extreme 
pathways was found to be NP - hard. For genome - scale networks, this solution 
space has proven to be infeasible  [56] . For those reasons, additional con-
straints on thermodynamics  [57] , expression regulation  [58] , compartmental-
ization  [59] , maximum capacity, and reaction irreversibility  [60]  had to be 
taken into account to narrow down the solution space. 

 In my view, metabolic reconstruction represents the most advanced method 
available for pathway analysis. It uses the power of the complete genome 
sequence, modern mathematical and computational approaches to model 
metabolism using basic physical principles. Yet, it possesses several limitations 
for drug discovery that do not allow it to become the main focus of this book. 
First, metabolic control in multicellular organisms is under tight hormonal 
control. Second, the scale of changes detectable by this method may be too 
detailed and irrelevant for drug discovery. It is more important to predict 
global metabolism homeostasis of an entire organism than the metabolism of 
the local cell population. The diffi culties of fi nding a physiological interpreta-
tion of the results from extreme pathway analysis were acknowledged by 
Bernard Palsson himself  [61] . 

 FBA has proven to be a very good method to model the metabolic state 
and to predict growth conditions and metabolite yields of the microorganisms 



 [62,63] . But the applications of FBA to drug discovery are yet to be found. 
FBA proponents suggested using this technique to model the metabolic state 
of mammalian mitochondria  [64] , red blood cells  [56] , and even the classical 
JAK - STAT signaling pathway  [65] . One obvious application of FBA in drug 
discovery is predicting the response of microbial fl ora in the human body to 
drugs. The human body contains about 1.5 kilograms of symbiotically living 
microorganisms. Bacteria such as E. coli  [58] , H. infl uenza  [66] , and H. pylori 
 [67]  are among them and were modeled by Palsson and his colleagues. A 
better understanding of bacterial metabolism will likely help to develop better 
drugs and antibiotics against diseases linked to bacteria, such as diarrhea and 
gastritis. 

 Metabolic control analysis (MCA) is complementary to the FBA method 
for modeling biochemical reactions in a steady state. Its goal is to calculate a 
control coeffi cient for each enzymatic step in a pathway, refl ecting the extent 
to which the component is rate - limiting  [68] . MCA has been used to identify 
transketolase as a rate - limiting enzyme responsible for thiamine defi ciency in 
the Ehrlich ’ s ascites tumor model  [69] . Interestingly, the authors of this paper 
failed to explain why a very high concentration of thiamine exhibits an inhibi-
tory effect on the tumor, which is the opposite of its effect predicted by MCA 
and observed at modest concentrations. The metabolic control analysis meth-
odology has been recently modifi ed for transient signaling through the classi-
cal MAP kinase cascade  [47,70] .  

  1.11   SO WHAT IS PATHWAY ANALYSIS? 

 To answer this question, I want to remind you that pathway analysis is a 
method or a tool. As with any tool, it has a fi nite life span: it has appeared 
out of necessity to solve several biological problems currently facing the sci-
entifi c community. Once these problems are solved, most pathway analysis 
methods will become obsolete, as it happened with many sequence analysis 
methods after human genome sequencing was completed. I have outlined 
problems that have to be solved by pathway analysis in previous sections and 
will summarize them in the next paragraph, while putting them into historical 
and social perspective. 

 In order to build a comprehensive computational model of the living cell, 
we need to know all of the principal components of the system plus the inter-
actions that enable information fl ow through the system. The sequencing of 
the human genome has moved our understanding of the molecular mecha-
nisms that govern life processes from the phase when many components and 
their interactions were unknown to the phase when most components are 
known but the interactions between them largely are not. More and more 
molecular interactions are being discovered as a result of the development of 
new high - throughput methods to measure individual interactions and because 
of the individual efforts of biologists worldwide. In 2004, biologists estimated 
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that the discovering of all possible biological interactions would take about 20 
years  [71] . This estimate is consistent with my previous estimates of having 
these goals completed within the life span of most readers of this book. While 
working toward this goal for another 15 – 17 years, we also must learn how to 
use this information to better diagnose diseases and to improve our drugs. 
Let me direct you again to Figure  1.1  for an illustration of the ultimate goal 
of pathway analysis: converting a huge, unstructured molecular interaction 
network into well - defi ned modules describing the major information fl ows 
that can be used for predictive dynamic modeling. These modules will describe 
individual biological processes and signaling cascades with enough accuracy 
so that they can be combined into the computational model of an entire cell. 
The global cell model will ultimately consist of these modules linked by inter -
 model interactions and will predict cell response to a drug. Because generally 
speaking, drug development and the state of public health are the most impor-
tant practical validations for any achievements in biological science, the goal 
of pathway analysis must be to yield improvements in drug development and 
disease prevention. 

 The community of billions of interacting proteins yields the visible living 
structure that we call the cell. Community of cells in turn forms human organ-
ism. Both organism and an individual cell can also be described as an informa-
tion system that constantly follows and responds to environmental signals. The 
information inside a cell is propagated through physical interaction network. 
Therefore, a disease can be described as broken pathways or as a disruption 
of a physical structure maintained by the network of interacting proteins. 
Effort in pathway analysis shall eventually yield the representation of human 
organism as an information system via the collection of pathways. This collec-
tion will allow quick assessment of the personal health state and effi ciency of 
a drug action. 

 The collection of hundreds of thousand of pathways can exist and be 
used only in electronic form, which makes pathway analysis a discipline 
of computer science. However, the roots of pathway analysis are in experi-
mental molecular biology and genetics. The classical deductive path in 
molecular biology starts with the defi nition of a phenotype or biological 
process. In principle, it is the most important step that defi nes the overall goal 
of research. The rest of the effort is  “ simply ”  elucidation of the molecular 
mechanisms driving the process or explaining the phenotype. The word 
 “ simply ”  is in quotation marks because, in reality, the understanding of the 
molecular mechanism for every biological process once was a daunting 
task that involved thousands of researchers, millions of dollars spent on 
salaries and reagents, and usually produced several Nobel laureates. The 
magnitude of the effort was multiplied by the general lack of understanding 
of basic principles governing the function and structure of biological 
molecules. 

 The biological knowledge base has dramatically changed after Human 
Genome Project (HGP) was fi nished. First, all missing pathway components 



have suddenly become known. Second, the structure and function of proteins 
have suddenly become predictable using sequence homology and new com-
putational algorithms. Finally, protein – protein interactions have also become 
abundant and predictable with a certain amount of accuracy, thanks to the 
development of high - throughput methods. Currently, more than 70% of all 
known physical protein – protein interactions for human proteins were mea-
sured by high - throughput experiments. By my estimate, there are about 
200,000 experimentally determined protein – protein interactions and more 
than 5,000,000 predicted interactions for human proteins. The next challenge 
is to create a multitude of pathways and dynamic models. The lack of tools 
and talent to develop pathway infrastructure was indicated in 2000 by the same 
Bernard Palsson  [72] . The situation has changed 7 years later in part due to 
Palsson ’ s efforts, but also due to the efforts of the scientifi c community, several 
commercial bioinformatics companies, and scientists in big pharmaceutical 
companies. With these changes in mind, this book provides an overview of 
current tools, methods, and software for pathway analysis.  
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  2.1   INTRODUCTION 

 The comprehensive software solution for pathway analysis consists of three 
major parts: 
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  1.     Database for storage of molecular interaction network, collection of 
pathways, and molecular annotation and classifi cations (ontologies).  

  2.     Algorithms allowing the navigation of the network in the databases, the 
statistical analysis of the high - throughput data, and the pathway infer-
ence and modeling.  

  3.     Software client interface for pathway and network visualization and 
layout.    

 The global interaction network is usually stored as a collection of individual 
mostly binary interactions; pathways are stored as subnetworks. 

 The implementation details of these three components vary in different 
solutions but usually follow the standard three - tier client – server architecture 
of the web - based or enterprise class software consisting of (1) database engine; 
(2) application server middle layer running algorithms, interfacing with the 
database and the third party products; and (3) graphical user interface for 
pathway visualization, data editing, and network navigation. Despite the occa-
sional efforts to develop dedicated open - source software, languages  [1,2] , and 
database engines  [3]  for bioinformatics all currently available solutions for 
pathway analysis use the existing commercial software technologies. They 
implement schema for storage and retrieval of molecular network and annota-
tion in standard commercial relational database engines such as Oracle (Oracle 
Inc), SQL server (Microsoft), or DB2 (IBM). The middle layer can be imple-
mented using Java application server developed in Tomcat container or by 
using variety of J2EE certifi ed commercial application server platforms such 
as Weblogic (BEA) or WebSphere (IBM). .NET platform from Microsoft, 
which is alternative to J2EE has not been used yet in any pathway analysis 
software but its utilization is imminent. The graphical user interface for 
network visualization can be implemented in Java (IPA software from Ingenu-
ity, open source Cytoscape software), in C++ (Pathway Studio software from 
Ariadne Genomics). Some applications use available technologies for web 
browsers: web client interface for Pathway Studio Enterprise from Ariadne 
Genomics uses ActiveX technology from Microsoft, MetaCore from GeneGO 
uses Flash animation technology from Adobe. The open source Cytoscape 
program ( www.cytoscape.org ) is the only software that does not use the data-
base as a backend but loads the entire network form a fi le  [4] . This approach 
allows faster network navigation compared with the network stored in the 
database but essentially reduces the network data to read - only access.  

  2.2   BACKEND 

  2.2.1   Data Model for Network Storage 

 The standard data model for network storage in the relational database rep-
resents the network as a set of  Entity1  -  relation  -  Entity2  triplets, where  relation  
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object stores the description of the relationship between objects  Entity1  and 
 Entity2 . Thus, relation encodes for network edge and  Entity  encodes for 
network vertices or nodes. Various annotation fi elds for  Entities  and  relations  
are stored in other tables linked to the network objects via global database 
identifi er. This data model is similar to triplets in the Resource Description 
Framework (RDF), which serves as the foundation for Semantic Web. In both 
theory and practice, the network of biological interactions is heterogeneous 
and contains different types of relations between different types of biological 
entities. The classifi cation of both entities types and relations types slightly 
varies from one data model to another; however, all of them contain (1) pro-
teins and small molecules (drugs and metabolites) as separate entity types; 
and (2) physical interactions, protein modifi cation, and regulatory interactions 
as separate relations types. The example of the data model used in Pathway 
Studio software from Ariadne Genomics is shown in Table  2.1 .    

  2.2.2   Container Entities and Relations 

 As much as any human knowledge, the biological knowledge is hierarchical. 
The examples of such hierarchy can be found in every major biological data-
base such as Gene Ontology  [5]  and KEGG  [6] . This hierarchy can be and 
should be used in pathway analysis to reduce the complexity of large networks 
produced by the analysis of the high - throughput data. The most popular use 
of knowledge hierarchy is the representation of a pathway containing sub -
 pathways as nodes in the diagram. To avoid overloading the pathway diagram, 
most people prefer to represent a sub - pathway as a node connected to the 
proteins in the super - pathway. Cytokine signaling pathway through NF -
 kappaB cascade can be shown as a regulatory path from cytokine receptor to 
at least eight protein components of NF - kappaB cascade, or alternatively as 
one relation between receptor and one pathway entity, representing the entire 
NF - kappaB cascade (Figure  2.1 ). Another example of knowledge hierarchy is 
a link between entity representing functional protein class and its downstream 
targets. The fact that the 14 - 3 - 3 proteins bind RAF1 kinase can be presented 
as a collection of 11 relations between 11 14 - 3 - 3 isoforms or as just one rela-
tion between 14 - 3 - 3 functional class entity and RAF1 protein (Figure  2.2 ). In 
both examples, the functional class entity or NF - kappaB cascade entity must 
store the information about the internal content: their protein members and 
how they regulate each other in case of NF - kappaB sub - pathway. Such mul-
ticomponent entities are called  container entities  in the context of data model 
or  complex nodes  in the context of graphical pathway visualization. The rela-
tion connecting container entity must store the information on how its indi-
vidual components connect to other entities in the super - pathway. Therefore, 
the relation should be also a container. Having both container and non - con-
tainer entities unnecessarily overcomplicates the data model and necessitates 
implementation of separate routines to manage two types of entities. There-
fore, it is more effi cient to have all entities and relations as containers having 
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  TABLE 2.1     Data Model and Statistics for the ResNet 5.0 Database from 
Ariadne Genomics  

  Name    Description    Statistics  

  Protein    Represents everything that is encoded by a 
single gene: protein with all its splicing 
isoforms, mRNA and DNA region  

  106,749  

  Small Molecule    Represents any small molecular weight 
chemical (metabolites and drugs) and 
nonbiological polymers  

  47,852  

  Functional Class    Represents protein functional class 
containing more than one protein member 
in any biological organism  

  4,563  

  Complex    Represents protein complex    461  
  Cell Process    Represents biological process    1,094  
  Treatment    Represents environmental stimuli or 

condition  
  17  

  Disease    Represents disease and organism 
malfunctions  

  2,301  

  Pathway    Represents biological pathway: collection of 
entities and relations  

  749  

  Group    Represents any group of entities of different 
types  

  8,638  

   Direct physical relations           
  Binding    Represents direct physical interaction    55,683  
  ProtModifi cation    Represents reaction of protein modifi cation. 

Has mechanism property specifying the 
exact type of modifi cation.  

  16,479  

  PromoterBinding    Represents binding of a protein to a gene 
promoter  

  5,635  

  DirectRegulation    Represents regulation by means of physical 
interaction  

  725  

  Chemical Reaction    Represents chemical reaction    13  

   Regulatory relations           
  Expression    Represents regulation of gene expression or 

protein levels. Has mechanism property 
specifying mechanism of regulation: 
expression, degradation.  

  147,160  

  MolTransport    Represents regulation of molecular transport. 
Has mechanism property specifying 
mechanism of regulation: export, import.  

  62,046  

  MolSynthesis    Represents regulation of small molecule 
levels  

  117,867  

  Correlation    Represents correlation between 
concentration of two entities  

  0  

  Regulation    Represents unspecifi ed regulatory event    850,692  
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the common set of routines to open or close a complex node on the graph. 
Container entities can represent any type of biological object including cellu-
lar organelles, biological polymers and cytoskeleton, and even different cell 
types, tissues, and organs. Biological processes are essentially pathways and 
therefore containers as well. At present, there is no software that uses the 
container concept to big extent. Therefore, potential performance problems 
due to large containers such as cellular organelle are not yet understood. 
Theoretically the number of possible complex nodes in the database should 
grow exponentially when all possible combinations of the components can be 
included into a complex node. However, the actual number of biologically 
meaningful complex entities seems to be within reasonable range that can be 
handled by modern hardware.   

 Another way to use complex nodes is for changing the level of detailization 
or granularity in the network diagram. The large biological networks are rou-
tinely produced during the analysis of the high - throughput data containing 
measurements for thousands of proteins or metabolites, or when pathways are 
built by automatically extracting facts from the large number of articles. One 
way to understand the information fl ow and functional organization of the 
large networks is to change the detailization level from relations between 
numerous individual proteins, to relations between functional classes or sub -
 pathways containing the proteins in the network. For example, most hormone 
signaling pathways can be represented at a very high detailization level as a 
simple diagram with three protein localization class nodes: Extracellular pro-
teins → Membrane proteins → Intracellular proteins, or alternatively as diagram 

    Figure 2.1     (A) Cytokine signaling pathway for VEGI from TNF ligand superfamily 
shows activation of three sub - pathways: p38 - MAPK, NF - kappaB, and JNK - MAPK 
signaling cascades. (B) NF - kappaB sub - pathway from the previous Figure can be 
viewed in a separate window.  

A B
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A

B

    Figure 2.2     (A) Graph depicting mitochondrial control of apoptosis showing several 
protein functional classes as orange octagons. (B) Protein members of 14 - 3 - 3 protein 
functional class interacting with RAF kinase. The same information is shown as binary 
interaction between 14 - 3 - 3 complex nodes and RAF kinase on panel A.  
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containing functional class Ligand → Receptors → Scaffolds → Kinases → Tran-
scription factors. On the other hand, the detailization of pathways containing 
proteins can be increased by displaying the information about interaction of 
individual splicing isoforms, and even one further down by displaying the 
protein interaction domains and/or protein modifi cation forms for each 
isoform. 

 The implementation of rules automatically increasing the network detailiza-
tion by specifying more  “ microscopic ”  details about the interaction in the 
graphical user interface is a straightforward task. The layout algorithm simply 
replaces container entity with its members and container relation with member 
relations. The opposite algorithm decreasing the detailization level by collaps-
ing the network into higher - level entities is more complicated. If a database 
contains a lot of containers entities, the large network can be collapsed using 
several different combinations of containers (Figure  2.3 ). Therefore, the col-
lapsing strategy should be specifi ed prior to network collapse. The collapsing 
strategies can be stored and recycled for different networks, or designed on 
the fl y from the list of all containers possible for a given network. More sophis-
ticated algorithms that automatically calculate optimal collapsing strategies, 
based on the available network topology using user - defi ned optimization cri-
teria, can be envisioned. For example, such algorithms can collapse a network 
by optimizing for the number of container entities or relation in the collapsed 
network. Some collapsing strategies can be allowed to use only  “ known ”  
container entities that already exist in the database. Other strategies can be 
allowed creating new containers while trying to match them as close as possi-
ble with existing container relations.    

  2.2.3   Equivalence of Complex Entities and Hierarchical Classifi cations 

 The Gene Ontology (GO) classifi cation is an example of acyclic hierarchical 
graph where one child node can belong to multiple parent nodes. The GO 
groups are connected with links representing two types of term relations:  “ is -
 a ”  and  “ part - of ”   [2] . It is a custom to represent GO graph as tree of groups 
 [7 – 9] . It is also possible to represent GO classifi cation as a set of three complex 
nodes corresponding to three GO branches: biological classifi cation, molecu-
lar function, and cellular component. Each complex node in this representa-
tion contains child groups that are also complex nodes and entire ontology is 
essentially a  “ Russian doll ”  of complex nodes. Such representation of hierar-
chical ontologies as complex nodes helps to avoid developing a dedicated 
software code to store hierarchical classifi cations as a separate entity. The 
special layout algorithm arranging complex nodes representing ontology in 
the familiar tree - like view can be also useful for laying out other complex 
nodes and therefore its code can be recycled. 

 There are already two examples of algorithms that use the hierarchical 
knowledge to reduce the complexity of the observed gene expression patterns. 
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    Figure 2.3     Different collapsing strategies of CREB activation pathway. (A) Using 
sub - pathways. (B) Using functional classes. See color insert.  



BACKEND 35

Gene set enrichment analysis (GSEA)  [10]  uses Gene Ontology or any other 
predefi ned gene sets to collect differentially expressed genes into functional 
groups or biological processes. Network enrichment analysis (NEA) fi nds the 
differentially expressed subnetworks in the large network database  [11] . The 
subnetworks are built using the predefi ned network queries from known regu-
latory and physical relations in the network database. Algorithm can use dif-
ferent queries and the network types to construct biologically meaningful 
subnetworks.  

  2.2.4   Data Model for Nonbinary Relations 

 Most biological interactions are binary, i.e. they occur between two entities. 
There are few examples, when the relations connect more than two entities. 
The measurements of the protein – protein interaction using mass - 
spectrometry analysis of co - immunoprecipitates are typically recorded as a 
spoke model where all detected proteins are connected by one relation  [12] . 
This refl ects the fact that the knowledge about the exact binary interactions 
in complexes measured by this technique is incomplete. 

 Another example of nonbinary relation is control - of - control relation sym-
bolizing that an entity regulates the relations between another two entities. 
For instance, if a protein A blocks interaction between other two proteins B 
and C, it can be shown as A blocking the B – C relations  [13] . Control - of -
 control relation can also symbolize the formation of tertiary complex where 
the interaction of the third protein depends on the presence of heterodimer 
formed by the fi rst two proteins. In reality, however, such control - of - control 
relations are always mediated by a set of binary interactions. Protein A blocks 
B – C interaction because it regulates either B or C individually therefore pre-
venting formation of B – C complex. Tertiary complexes are formed by means 
of several weaker binary interactions between individual components, and 
therefore the protein complexes can be presented as a set of densely linked 
protein communities rather than as a sequence of binding events. Alterna-
tively, complex can be represented as container node describing the steps how 
the complex is formed from its protein components. To simplify the analysis 
and navigation of the biological network, most relations can be and should be 
represented as a set of binary interactions.  

  2.2.5   Database Schema and Molecular Annotation 

 The optimized database schema is very important for performance of pathway 
analysis software because most algorithms require frequent access to the 
database for network navigation. Ideally, the network triplets should be stored 
in one table to enable fast retrieval of the entire network required for some 
algorithms such as network enrichment analysis for example. However, other 
solutions that store network nodes and controls separately can also provide 
the suffi cient performance for most network navigation tasks. The example of 
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such solution is shown in Figure  2.4  illustrating schema for Pathway Studio 
database from Ariadne Genomics Inc. The complete network retrieval in this 
case can be optimized on the level of the database interface layer of the appli-
cation server by implementing the dedicated SQL query. The lazy loading 
strategy implemented in the data providing interface is another technique 
used for optimizing the database access. The rapid database access can be 

    Figure 2.4     Pathway Studio database schema stores biological network in the rela-
tional database.  
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further accelerated by optimizing the hardware confi guration. Disk arrays in 
stripe confi gurations RAID0 or RAID1+0 can signifi cantly increase the per-
formance of the application. EMC storage arrays such as Symmetrix must also 
boost the performance of the network database.   

 Besides the table that stores relations between entities, all other tables in 
the relational database schema store the annotation for objects and relations. 
The node annotation usually includes name and various identifi ers for biologi-
cal objects from other databases to maintain the data integrity when importing 
a network or annotation from other databases. The database can also store 
some annotation necessary for algorithms. For example, the cell localization 
layout requires the annotation of entities with subcellular localization, pathway 
inference algorithms require annotation with protein function, and the algo-
rithms for navigation and query of the network require information about type 
of relation, its direction, effect and mechanism as well as type of the node to 
be used in the network construction. It becomes clear that the biological 
molecular interactions must be annotated with the confi dence score, indicating 
the reliability of supporting evidence as well as the strength of the physical 
interaction  [14] . This information can be used by the algorithm to adjust the 
confi dence of the visualized network and to recalculate the confi dence based 
on additional evidence.  

  2.2.6   Export/Import Utilities 

 It is highly benefi cial for any software designed for pathway analysis to have 
data export/import utility into XML format. XML format is the best way to 
exchange data between databases and to transform one data model into 
another. These two tasks are likely to become maintenance routine for molec-
ular interaction knowledge bases due to the rapid accumulation of the data 
for biological networks, constant increase in the number of studied organisms, 
and numerous public and commercial databases. The perception of the scien-
tifi c database as a static, rarely changed data source containing highly accurate 
reference information persists among many biologists. There is no doubt that 
such  “ textbook ”  database is highly important for both research and educa-
tional purposes. However, the research databases allowing frequent changes 
of the content while maintaining the data integrity are likely to gain a wide-
spread use in the scientifi c community, providing the relative ease of software 
use and adequate user education. These databases and complementary soft-
ware are necessary to enable the high - throughput research analyzing hundreds 
and thousands of different biological molecules at a time. They must allow 
necessary fl exibility to build and test their private hypothesis and validate 
them with proprietary experimental data without contaminating the  “ text-
book ”  database with unverifi ed information. The necessity to have research 
databases demands the functionality to exchange data between databases, 
which in turn bring us to a very important point of data integrity and universal 
entity identifi ers in biology. 
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 The database content is stored in relational databases in multiple tables 
which are linked to each other via database identifi ers. This standard practice 
requires identifi ers in one database to be identical to identifi ers in another 
database to guarantee data integrity during information exchange between 
databases. Thus, the universal or global identifi ers must be exported into the 
database exchange XML format. Ariadne Genomics has adopted the Univer-
sal Resource Name (URN) as the major identifi er for its XML fi le format. 
The concept of URN was introduced by W3 consortium to start building the 
foundation framework for semantic web  [15] . While URNs play a role of 
global entity identifi ers for Ariadne ’ s technology, each database contains 
internal integer indexes used by software for performing SQL queries. This is 
done to optimize database navigation performance since numerical indexes 
enable faster data access in the tables. The database importer uses URNs 
supplied by XML fi le to convert them into Object Identifi ers that have a scope 
of the imported database only. The relationship between URN and Object ID 
is stored in the Nodes table (Figure  2.4 ) and used during export to assign URN 
to entities in the XML fi le. Rules describing how to form Ariadne ’ s URNs are 
described in  “ Ariadne URNs ”  document available from Ariadne ’ s web site 
 www.ariadnegenomics.com . The URNs are usually formed using the identifi er 
from one of the major biological databases such as Entrez Gene or Pubchem 
with added prefi x, symbolizing the source of the identifi er (i.e. database name). 
For example, the standard URN for proteins is formed as  “ urn:ag - llid:123 ”  
where 123 is Entrez Gene ID and  “ llid ”  stands for LocusLink ID, which is   the 
old name of Entrez Gene database. If data are imported into Ariadne ’ s data-
base using the standard database importer for RNEF XML, the data from the 
objects with the identical URNs will be merged in the database, i.e. annotation 
and all relations described in XML will be assigned to the object with the same 
URN in the database. If the URN does not exist in the database, the software 
will create a new object in the database. Figure  2.5  shows the example of the 
ResNet exchange XML format developed by Ariadne Genomics for the data 
exchange between databases.     

  2.3   ALGORITHMIC MIDDLE LAYER 

  2.3.1   Software Architecture: Application Server 

 Key components of the Java application server for Pathway Studio are shown 
in Figure  2.6 .  Data provider  provides access to the data objects stored in the 
database, such as entities, relations, experiments, saved analysis results, tem-
porary objects, etc. It utilizes Object - Relational mapping (ORM) framework 
for Java Persistence API from Hibernate ( http://www.hibernate.org ) to map 
object model to relational database (tables). Data provider exposes several 
high level services, such as Object Database, Folder Database, Search Service, 
Temporary Storage, etc., which in turn use Data Access Objects (DAOs) to 



retrieve/store the data in the database. The data provider ’ s purpose is to 
transform data stored in the relational database into Java objects used in the 
middle layer for running algorithms and communication with end - user inter-
faces.  Synchronous Operations service  implements generic framework to run 
short user interface and data manipulation operations, such as Delete object, 
Rename object, etc. Each button in UI corresponds to separate operation in 
Synchronous Operations framework.  Asynchronous Tools service  and  Tool 
Servers  implement generic framework to run long - running tools, such as 
network navigation and statistical analysis algorithms. This framework allows 
running algorithms in a distributed environment on multiple servers. Applica-
tion server includes one embedded Tool Server. Any number of additional 
external Tool Servers can be added to relieve the load from the application 
server.    

  2.3.2   Application Programming Interface (API) 

 API and CPU load distribution are two major reasons for having three - tier 
architecture software solutions. Multi - tier architecture allows application to 
run each tier on a separate computer. Addition of asynchronous distributive 
tool service to the application server layer also allows running individual 
algorithms or applications in batch mode on additional CPUs. This allows 

    Figure 2.5     Example of RNEF XML format developed by Ariadne Genomics to 
exchange network data between different databases.  〈 resnet 〉  section is used to describe 
interaction between two entities. It contains entity and relation annotation and stores 
information about the direction of the interaction. The complete description of the 
XML format is available from Ariadne Genomics ’  web site.  

<resnet>
  <nodes> 
   <node local_id="N1" urn="urn:agi-llid:50"> 
   <attr name="NodeType" value="Protein"/> 
   <attr name="Name" value="ACO2"/> 
 </node> 
 <node local_id="N2" urn="2395"> 
   <attr name="NodeType" value="Protein"/> 
   <attr name="Name" value="FXN"/> 
 </node> 
  </nodes> 
  <controls> 
 <control local_id="L1"> 
   <link type="in-out" ref="N1" /> 
   <link type="in" ref="N2" /> 
   <attr name="ControlType" value="DirectRegulation" /> 
   <attr name="mref" value="16713569" /> 
   </control> 
  </controls> 
</resnet>

ALGORITHMIC MIDDLE LAYER 39
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    Figure 2.6     Pathway studio application server schema. SOAP, Simple Object Access 
Protocol; JSP, Java Server pages; AJAX, Asynchronous JavaScript and XML; DAO, 
Data Access object; ORM, Object - Relational mapping; JPA, Java Persistence API; 
RMI, Remote Method Invocation.  

multiple users accessing the same database and running different algorithms 
and services at one time without competing for hardware resources. 

 API makes software open to customization and integration. The principal 
functionality of the pathway analysis software is storage, retrieval, and visu-
alization of molecular network data. It must provide interface for various 
algorithms that use these data for statistical analysis and pathway building to 
access the data and then ability to display algorithm results. The new algo-
rithms are destined to appear in the future while pathway analysis fi eld 
matures. It is absolutely unnecessary to have dedicated pathway analysis soft-
ware for every new algorithm. Therefore, the comprehensive solution must 
provide API to ensure scalability and fl exibility of the system and its useful-
ness in the future. The algorithms for pathway analysis have two major types 
of input: collection of pathways and ontologies in the database and the entire 
network. The output of these algorithms is the list of existing pathways or the 
list of new pathways generated by the algorithm with assigned statistical score. 
Other output types include new annotation for relations and entities in the 



database and graph layout for pathways and subnetworks. The annotation can 
include statistical scores assigned to entities and relations by the algorithm. 
Sometimes such scores can be only relevant within a scope of a pathway pro-
cessed by the algorithm. In this case, this annotation must have a scope of a 
subnetwork and displayed as local property not available outside the scored 
pathway. 

 Besides allowing integration of new and proprietary algorithms for 
pathway analysis, API allows seamless integration of the software with the 
third party software into existing software infrastructure. The input into 
pathway analysis software usually comes from the statistical packages for 
microarray data analysis in the form of gene lists or gene or protein numerical 
data such as gene expression values. The output of the algorithm should be 
exported into other statistical packages, graphics, and imaging software for 
pathway drawing and annotation, and into software for pathway simulation 
and dynamic modeling.   

  2.4   CLIENT INTERFACE FOR NETWORK AND 
PATHWAY ANALYSIS 

 Client interface for pathway analysis software performs three major tasks: 

  1.     Graphical visualization networks and pathways  
  2.     Visualization and navigation of the hierarchical classifi cations such as 

pathway collections or protein functional classifi cation  
  3.     Presentation of algorithm results    

  “ Pathway ”  and  “ network ”  are two names that are used most often to describe 
communities of proteins and metabolites performing common function. 
Perhaps it is worth to spell out the distinction between them here because it 
is important for description of automatic layout algorithms.  Pathway  repre-
sentation usually requires demonstrating the fl ow of information, free energy, 
or metabolites as a series of consecutive steps. Pathway is a diagram depicting 
the sequence of events either in space or time. Therefore, it is important to 
show the start or input on a pathway diagram as well as the output or terminal 
nodes, or in rare cases the cycling of information.  Networks  in biology are 
usually characterized by hubs — nodes that have the most connection in the 
networks and by clusters — a subset of nodes that have higher link density 
between themselves as compared with the rest of network. As described in 
Chapter  3 , there are algorithms that can predict pathways from the networks; 
however, software for pathway analysis must visualize both types of informa-
tion. Different algorithms for automatic layouts can be used for either network 
or pathways. 

CLIENT INTERFACE FOR NETWORK AND PATHWAY ANALYSIS 41



42 SOFTWARE INFRASTRUCTURE AND DATA MODEL

    Figure 2.7     Example of hierarchical layout. All - trans isoprenoid chain biosynthesis 
pathway in Bacterial metabolism.  
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    Figure 2.8     (A) Example of network clustering using direct - force layout. Gene expres-
sion correlation network clustered to identify proteins with correlated expression 
profi le. The link between two proteins in such network represents the fact of correla-
tion between expression profi les of two genes. (B) Direct - force layout identifi es hubs 
in anaphylaxis network.  
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  2.4.1   Graphical Layout Algorithms for Pathways Visualization 

  Hierarchical layout   [14]  works best for directed graph and is very popular to 
draw biological pathways. It assigns a layer or score for each node based on 
the number of the nodes it has upstream and downstream in the directed 
graph. Then, the nodes that have the smallest number of upstream nodes are 
put on top of the graph and nodes that have the largest number of upstream 
nodes are put at the bottom of the graph. It does not do a good job for laying 
out graph with loops and cycles but is superb for laying out directed acyclic 
graphs. The algorithm is most appropriate for laying out classical regulatory 
signaling kinase cascades starting from a receptor and metabolic cascade. 
Once applied, it will show you the nodes where the information fl ow begins 
by placing them on top of the graph, it will place the most downstream nodes 
at the bottom of the graph. You can see the example of hierarchical layout on 
Figure  2.7 .   

 Another popular method to draw biological pathways is by arranging nodes 
by  cellular localization . The popularity of the method is based on the notion 
that information in the cell must fl ow from the membrane toward the nucleus. 
Environmental signals are collected by membrane receptors that transmit 
their information to cytoplasm and nuclear protein to invoke the cell response 
to stimuli. The implementation of the algorithm for automatic layout by cell 
localization requires information about protein cell localization stored in the 
database. The algorithm can either simply arrange nodes with the same cell 
localization on different levels in the graph, or use organelle images with 
assigned cell localization to associate node position with the position of the 
organelle. In the latter case, algorithm matches the cell localization annotation 
between organelle and proteins. Examples of layout by cell localization in 
Pathway Studio software from Ariadne Genomics is shown in Figures  2.1 A 
and  2.2 A. 

 Direct - force algorithm is the principal algorithm to lay out the biological 
networks. By providing the appropriate network structure, the algorithm can 
easily identify hubs in the network placing them in the center of a graph, 
or arrange densely linked communities of proteins in the network clusters 
(Figure  2.8 ).     
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  3.1   INTRODUCTION 

  Biological association network  ( BAN ) is a term describing a database of 
molecular interactions and associations with other biological concepts such as 
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cellular and physiological processes, diseases, and phenotypes. Both associa-
tions and interactions are represented as links or relations of different types 
between molecules and concepts. The association of proteins with biological 
processes can be also stored in the form of molecular annotation. Currently, 
biological association network databases are available from several commer-
cial companies: GeneGo, Ingenuity Systems, and Ariadne Genomics. The fi rst 
two companies rely on manual curation to create database content, while 
Ariadne Genomics uses MedScan natural language processing technology for 
automatic extraction of associations from scientifi c literature. There are two 
major classes of relationships in BANs: regulatory relations and physical inter-
actions. Regulatory relations between biological molecules may be both direct 
and indirect. Molecules are always connected to concepts by regulatory rela-
tions that symbolize the involvement of a molecule in a concept or effect of a 
process on the molecule. Physical interactions typically have subtypes such as 
physical binding, protein modifi cation, promoter binding, and chemical reac-
tion. Major subtypes of regulatory interactions include expression regulation, 
regulation of metabolite synthesis, regulation of molecular transport and 
translocation, genetic interactions, and regulatory events with unknown mech-
anisms. All relations, with the exception of physical and genetic interactions, 
have directions showing the upstream regulator and the downstream target. 

 The recording of an interaction or association into the BAN database 
attempts to formalize fi ndings from typical biological scientifi c publications in 
which authors describe the various ways that their favorite molecules interact 
with each other and play roles in biological processes. Therefore, regardless 
of the recording method — using natural language processing technology or by 
manual curation — a biological association network is essentially the formal-
ized representation of scientifi c literature. BANs can be supplemented with 
the interaction data from other manually curated databases such as KEGG, 
Entrez Gene, Reactome, and BioGRID. Predicted and high - throughput 
physical interactions can be added to the BAN to enhance its content. 

 While providing the raw digest of molecular interactions described in the 
literature, the biological association network can be used for evaluation and 
cross - validation of interactions and provide evidence for further automatic 
and manual curation of the interaction data  [1] . A BAN also can be used for 
automatic and manual building of pathways from interactions stored in the 
database. This chapter describes several approaches for automatic pathway 
building in BANs. The quality of the resulting pathways depends on the 
quality of data in a BAN and on the quality of molecular annotation used in 
some of the approaches.  

  3.2   PATHWAY BUILDING IN MOLECULAR BIOLOGY 

 As described in this section, every algorithm for pathway building in a BAN 
consists of two major steps: (1) fi nding nodes connected in the regulatory and 



association networks and, (2) connecting nodes found in the fi rst step with 
physical interaction relationships. This process is essentially an automation of 
the literature review performed by scientists who compile results from various 
papers to build a pathway. It is based on the intuitively clear fact that every 
regulatory interaction inside the cell must be mediated by a set of physical 
interactions. Experimental approaches for pathway identifi cation in molecular 
biology include searching for molecules that respond to the excitation or inhi-
bition of a molecule in focus and then explaining how the response propagates 
through physical interactions from the stimulus toward the downstream 
targets. The stimulus can be a hormone treatment, a specifi c protein inhibitor 
such as a drug, a dominant negative mutant, siRNA, or a targeted gene knock-
out. Current methods for detecting proteins that respond to a stimulus usually 
include various microarray technologies such as gene expression arrays, phos-
phorylation arrays, proteomics experiments, and various smaller - scale molec-
ular biological techniques. Manual pathway building involves the compilation 
and comparison of results from various publications to create a consensus 
diagram consistent with a majority of the papers. 

 This approach is used to create pathways in the STKE database ( http://stke.
sciencemag.org ), in which every pathway is built manually by an editing 
authority — a scientist who is considered an expert in the fi eld. Every scientifi c 
report usually provides one or a few individual interactions and sometimes 
the measurement of one interaction by various methodologies both  in vivo  
and  in vitro . Therefore, the manual building of a single pathway may some-
times involve reviewing hundreds of papers. The STKE database has a collec-
tion of about 100 consensus experimentally proven pathways for various 
model organisms. The task of the STKE authority is to review and curate the 
pathways on a regular basis and update it with new information published in 
peer - review journals. Undoubtedly, this is the most accurate and conservative 
approach to generate pathway collection, yet it is the slowest and the most 
expensive way to do it. Taking into account the cost of numerous experiments 
performed to identify and prove each interaction, the cost of every STKE 
pathway can be easily estimated at several million dollars. Therefore, the clas-
sical approach for pathway building cannot achieve the goal of building the 
collection of 500,000 human pathways necessary for drug discovery. New 
approaches for automatic pathway reconstruction or inference are required 
to meet this goal. 

 Because STKE pathways are manually curated, they also tend to be rela-
tively small, containing no more than 50 – 100 molecules. It becomes clear, 
however, that signaling and functional blocks may contain a few hundred or 
even thousands of molecules. For example, the original modeling of NF -
 kappaB oscillations in a Toll - like receptor (TLR) pathway was performed 
using 17 parameters  [2] . The most recent model of this pathway includes 652 
species and 444 reactions (340 proteins, 79 simple molecules and other enti-
ties), yet its authors still acknowledge that their network is far from comple-
tion  [3] . The current model for the EGFR signaling pathway contains 211 
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reactions and 322 species  [4] . The increased size of biological functional blocks 
provides additional motivation for developing algorithms for automatic 
pathway inference. 

 The STKE approach, however, is the absolutely necessary fi rst step for 
building a comprehensive pathway collection for the human organism. It pro-
vides insights into general principles of molecular organization in pathways 
and produces a collection of conserved molecular signaling blocks that are 
reused by the evolution of various organisms. The basic principles of biological 
pathway organization can be used as additional rules and constraints for algo-
rithms, while conserved regulatory blocks can simplify and accelerate pathway 
building and allow the sorting out of irrelevant or nonessential physical interac-
tions. In the following sections, we describe several approaches for automatic 
pathway inference in biological association networks using the principle of 
explaining the regulatory and association relations by physical interactions.  

  3.3   ALGORITHMS 

 All algorithms described in this section rely on network navigation tools 
available in pathway analysis software. These tools allow different strategies 
for expansion of a heterogeneous BAN network by combining different 
graph queries with different types of relations. Due to the noise and 
incompleteness of available biological association networks, these algorithms 
currently require some manual intervention. The global biological association 
network usually contains a dense area with many relations for well - studied 
proteins. This area tends to have a high noise level due to mistakes 
made during the recording of facts and due to errors in publications. The 
area that contains proteins that are not very well studied, on the other hand, 
suffers from incomplete information. Therefore, manual curation is required 
to either remove false or unreliable facts or to add missing links to a 
pathway. 

 While building pathways in real BANs, the last step of the algorithms — con-
necting nodes with either regulatory or physical interactions — almost always 
produces a major interaction network plus a set of unconnected nodes. The 
nodes cannot be connected to the major network either because they are not 
well studied and do not have enough relationships in the database or because 
they may have nothing to do with the biological process or the regulome in 
the fi rst place. Both errors in recording regulatory interactions and those made 
during experiments can add false connections between a protein and an origi-
nal concept used for pathway building, such as a ligand - receptor pair, cell 
processes, or a disease. If a protein or a metabolite is falsely linked to a bio-
logical concept, it has fewer chances to become part of the physical interaction 
network formed by proteins that are truly involved in the concept. Therefore, 
the second algorithm step serves as a fi lter to remove false or unreliable rela-
tions from a pathway. 
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  3.3.1   Regulome Pathways 

 The regulome pathway explains how the information from a molecule propa-
gates toward its downstream targets in a regulatory network through the 
physical interaction network. The input for the regulome pathway is one 
or two functionally related proteins, for example, a ligand and its receptor. 
The downstream targets are found simply as proteins regulated by the original 
molecule(s). Experimentally, this is done by inhibiting or activating the 
selected molecule and measuring which proteins change activity in response 
to the stimuli. In a BAN, this experimental evidence is recorded as regulatory 
interactions. Figure  3.1  illustrates how the direction of information fl ow can 
be determined in an ideal BAN, where all regulatory and physical interactions 
are known and accurate. In reality, however, not all links necessary for build-
ing of the regulome pathway are known. Therefore, in order to calculate the 
most likely direction of information fl ow, the nodes in a pathway should be 
scored based on their in - degree to out - degree ratio. The presence of feedback 
regulatory loops in a BAN further complicates the calculation. Therefore, it 
is highly desirable to detect and delete feedback loops prior to building a 
regulome pathway.   

 The detection and removal of feedback loops is equivalent to the minimum 
feedback arc set problem in graph theory where a directed acyclic graph must 
be built by removing a minimal number of links from the directed graph  [5] . 
It was shown that the solution can be found only with certain accuracy using 
the constant - factor approximation algorithm; that is, the minimum feedback 
arc set problem is APX - hard  [6] . We found that this task can be interpreted 
as an optimization problem and tackled by probabilistic methods such as 
simulated annealing. The details of this procedure are described in Chapter 
 4 . 

 Once feedback loops are removed, the in - degree to out - degree ratio can 
be used to arrange molecules by the direction of information fl ow. The original 
protein(s) used for fi nding the downstream targets must have an in - degree 
equal to zero and will have the highest score that puts it at the top of an 
information fl owchart. The end nodes terminating the information fl ow in a 
regulome pathway must have an out - degree equal to zero (Figure  3.3   ). Alter-
natively, the end nodes can be set manually, based on the biology of a pathway. 
For example, transcription factors can be specifi ed as end nodes in regulomes 
for a ligand - receptor pair.   

 After the sequence of regulatory events is identifi ed, the next step in 
building a regulome pathway is to connect nodes by physical interactions. 
In an ideal BAN, interactions between nodes at different regulation levels 
are the interactions that participate in the information fl ow, while interactions 
between nodes at the same regulatory level indicate a physical complex 
or scaffolding interactions in a pathway. In reality, however, noisy and 
incomplete BANs sometimes make it impossible to differentiate between 
 “ structural ”  physical interactions that hold the pathway components together 
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    Figure 3.1     The basic principles of pathway building in a biological association network 
are similar to the manual compilation of experimental evidence for a consensus 
pathway. The order of components for information fl ow can be determined from the 
combination of regulatory interaction. Upstream molecules must have only outgoing 
relations to all downstream pathway components. After the order of components is 
determined from a regulatory network, the components must be connected by physical 
interactions that mediate signal propagation. (A) The relations are shown in an ideal 
BAN that contains a complete and accurate set of experimental interactions. (B) The 
relations between proteins in the same pathway are present in the ResNet 5 database. 
ResNet 5 contains biological association networks automatically extracted from scien-
tifi c publications using MedScan, a natural language processing technology. Notice 
multiple feedback loops and incomplete regulatory network that complicate pathway 
calculation in a real - life BAN. See color insert.  

Legend

and the  “ regulatory ”  physical interactions actually mediating the information 
fl ow. 

 An example of a real - life regulome pathway is shown in Figure  3.3 . Notice 
that the regulome pathway correctly identifi es major pathway components but 
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essentially fails to fi nd the direction of information fl ow due to the multiple 
feedback loops that were not removed prior to pathway building. The only 
way to visualize the information fl ow for this pathway is by laying proteins in 
the pathway by cell localization to show the orientation of pathway relative 
to the direction of the major information fl ow in the cell — from plasma mem-
brane to nucleus.    

  3.3.2   Signaling Line Pathways 

 The signaling line algorithm can be considered either a modifi cation or an 
alternative to the regulome method. The goal of the algorithm is fi nding indi-
vidual  “ signaling channels ”  from cell receptors to transcription factors in a 
BAN. Each  “ signaling channel ”  contains exactly one receptor and one tran-
scription factor, a chain of intracellular effectors transmitting the signal, and 
a set of ligands activating the receptor. The algorithm uses fi ve groups from 
protein functional annotation: extracellular ligands, receptors, transcription 
factors, nuclear receptors, and effectors (all others). The algorithm works in 
three steps: 

  (1)     For each individual receptor, a set of target transcription factors is 
identifi ed in the regulatory network.  

  (2)     For each receptor - transcription factor pair, an optimal  “ signaling 
channel ”  is calculated in the physical interaction network.  

  (3)     Appropriate ligands interacting with the receptor are added to com-
plete the pathway.    

    Figure 3.2     Node 1 with two incoming and one outgoing links is selected to move from 
its current position on level j to a new position on level j   +   2. The associated energy 
difference is  Δ E   =    − 1    −    1   +   1   =    − 1, where two  − 1 contributions come from making 
(2, 1) and (3, 1) links hierarchical, and the single +1 contribution comes from turning 
the link (1, 4) from hierarchical to nonhierarchical.  

New positionj+2

j+1

j 2 Old position

3

4

1

1
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A

B

    Figure 3.3     An example of a regulome pathway. (A) All proteins found as downstream 
targets of IL6 or its receptor IL6R in a BAN. (B) IL6 targets connected by physical 
interactions found in a BAN. The classical JAK - STAT pathway is shown in blue, and 
the MAP kinase pathway is shown in green. Only transcription targets were allowed 
to be targets - only proteins during the construction. The network trimming procedure 
was performed as described in the literature  [1] .  
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 The fi rst step is performed by recording all transcription factors regulated 
by the receptor. The second step utilizes graph theory algorithms to calculate 
a signaling pathway. Only  “ effector ”  proteins are allowed to participate in 
signal transduction from the receptor to the transcription factor, and only 
physical interaction relationships are allowed to be used for connecting effec-
tor proteins in the pathway. Prior to pathway calculation, each relation must 
have a weight indicating the reliability of the interaction and relative likeli-
hood of information fl ow through the link. For example, the weight can be 
based on a number of references for each relationship as a measure of its reli-
ability and can take into account a sequence similarity to a paralogous protein 
that has similar relation as a measure for information fl ow likelihood. The 
latter score is proportional to the number of close homologues of A and B, 
which are also connected by the same type of relationship. 

 During the second step, the shortest path based on link weights between 
the receptor and the transcription factor is calculated using Dijkstra ’ s algo-
rithm  [7] . This approach demonstrates the generation of valid signaling paths, 
but they tend to be shorter than real paths, because the shortest path algorithm 
tends to omit some components of signal transduction channels, especially if 
they are parts of multi - protein complexes. To overcome this problem, the 
shortest path can be augmented by additional proteins and relationships if 
they are part of multi - protein complexes. Complexes can be defi ned as densely 
connected protein – protein interaction subnetworks around a pair of adjacent 
proteins directly linked in the original shortest path. After the augmentation 
step, the minimal spanning tree (MST) calculation algorithm is applied to the 
resulting graph, and the single tree branch that leads from the receptor to 
transcription factor is selected as a signaling channel pathway. The augmentation - 
MST calculation step was found to lengthen the originally calculated shortest 
paths while including relevant signal transduction components missed by 
Dijkstra ’ s algorithm. 

 The third step is accomplished by adding all the extracellular ligands con-
nected to the receptor by protein – protein interaction relations to every channel 
pathway. At the end of the process, all pathways must be manually curated to 
make sure they include the complete conserved signaling blocks such as MAP 
kinase cascade, JAK/STAT cascade, IKK - NF - kappaB pathway, ADC/cAMP/
PKA cascade, PLC/DAG/PKC, etc. We have identifi ed 34 conserved signaling 
blocks altogether (Table  3.1 ). The combination of all signaling line pathways 
from one receptor should, in principle, yield the regulome pathway for the 
same receptor in an ideal BAN. An example of a signaling line pathway is 
shown in Figure  3.4 .      

  3.3.3   Biological Processes Pathways 

 In BANs containing biological processes as entities, the involvement of 
individual proteins and metabolites in a cell process is shown as a regulatory 
relation between a protein and an entity symbolizing the process. In 
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 TABLE 3.1     A List of Experimentally Proven Signaling Modules Used for Building 
Signaling Line Pathways 

  Module Components    Description  

  ADC > cAMP > PKA    Protein kinase A activation by cyclo - AMP  
  PKA > RAP1A > B - Raf > MEK1/2 > 

ERK1/2  
  ERK activation by PKA  

  GUCY > cGMP > PKG    Protein kinase G activation by cyclo - GMP  
  PLC > DAG > PKC    Protein kinase C activation by diacylglycerol  
  PLC > IP3 > ITPR > Ca++ > PKC    Protein kinase C activation via Ca++ 

release  
  Ca 2+  > RasGRFs > Ras    Ras activation via Ca++ release  
  Shc1 > GRB2 > SOS1 > Ras    Ras activation by Shc1 - SOS1 complex  
  Ras > Raf > MEK1/2 > ERK1/2    ERK activation by Ras  
  Ras > CDC42/Rak > PAK > MAP3Ks > 

MKK4/7 > JNKs  
  JUN kinase activation by Ras  

  Ras > CDC42/
Rak > PAK > MAP3Ks > MKK3/6 > 
p38 MAPKs  

  p38 MAP kinase activation by Ras  

  VAV > CDC42/Rak > PAK > MAP3Ks > 
MKK4/7 > JNKs  

  JUN kinase activation by Vav  

  VAV > CDC42/
Rak > PAK > MAP3Ks > MKK3/6 > p38 
MAPKs  

  p38 MAP kinase activation by Vav  

  MEKK1/MLK3 > MEK1/2 > ERK1/2    ERK activation by MAP kinase kinase  
  MEKK2 > MEK5 > ERK5    ERK5 activation  
  NIK > IKK > IkB > NFkB    NF - kB activation pathway  
  PI3K > PIP3 > PDPK > Akt    Akt activation by Phosphoinositide - 3 - kinase  
  Act > GSK3 β  >  β  - Catenin     β  - Catenin activation by Act  
  Dvl > AXIN/FRAT > GSK3 β  >  β  - Catenin     β  - Catenin activation by Dvl  
  PI3K > PIP3 > PDPK > PKC    Protein kinase C activation by 

Phosphoinositide - 3 - kinase  
  PKC > Ras    Ras activation by Protein kinase C  
  Akt > IKK > IkB > NFkB    NF - kB activation by Akt  
  Akt > NOS > NO    Nitric oxide synthase activation by Akt  
  MyD88 > IRAKs > TRAFs > MAP3Ks

 > MAP2Ks > JNKs/p38 MAPKs  
  MAP kinase activation by TRAFs  

  TRAFs > IKK > NF - kB    NF - kB activation by TRAFs  
  MAP3Ks > IKK > NF - kB    NF - kB activation by MAP kinases  
  MAP4Ks > MAP3Ks    MEKK kinase activation by MEKKK 

kinases  
  JAK > STAT    Jak - Stat pathway  
  JAK > SHP2 > GRB2 > SOS1 > Ras    Ras activation by JAK kinases  
  JAK > PI3K    Phosphoinositide - 3 - kinase activation by 

JAK kinases  
  BMPR/ACVR > SMAD1/5/8    SMAD activation by BMP receptor  
  TGFBR/ACVR > SMAD2/3    SMAD activation by TGF β  receptor  
  Gq - proteins > PLC    Phospholipase C activation by Gq - proteins  
  Gs - proteins  > ADC    Adenylate cyclase activation by Gs - proteins  
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  Module Components    Description  

  Gi - proteins  > PI3K    Phosphoinositide - 3 - kinase activation by 
Gi - proteins  

  SRC > PLC    Phospholipase C activation by SRC kinase  
  SRC > ADC    Adenylate cyclase activation by SRC kinase  
  SRC > PI3K      
  SRC > Shc1    Shc activation by SRC kinase  
  SRC > Vav    Vav activation by SRC kinase  

   The direction of the arrow indicates the direction of information fl ow within the module. Chemi-
cals abbreviations: IP3   =   inositol 1,4,5 - trisphosphate; PIP3   =   phosphatidylinositol - 3,4,5 - trisphos-
phate; cAMP   =   cyclo - AMP; cGMP — cyclo - GMP; NO   =   nitric oxide; DAG   =   diacylglycerol.   

TABLE 3.1 A List of Experimentally Proven Signaling Modules Used for Building 
Signaling Line Pathways (continued)

    Figure 3.4     An example of a signaling line pathway showing an information fl ow path 
from endothelin receptor B (ENDB) toward serum response factor (SRF).  
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experimental molecular biology, the  “ cell process ”  is the reproducible cell 
behavior that can be detected using a dedicated functional cell - based assay 
 [8,9] . Often, cell - based assays measure an activity of a biomarker indicative 
of the process. The biomarker can be an enzymatic activity  [10] , a protein 
expression  [11] , or a change in cell morphology or phenotype  [12,13] . The 
experimental results of these assays are reported in the literature and conse-
quently recorded into a BAN as a regulatory relation between a protein and 
a cell process. 

 An alternative to graphical representation in BAN, proteins can be anno-
tated with a cell process name. In this case, the input entity list for a pathway 
building algorithm can be generated directly from protein functional annota-
tions, such as Gene Ontology biological processes  [14] . A protein functional 
annotation can be compiled by manual curation or by automatic text mining 
of scientifi c literature  [15] . Both methods have the same problems as recording 
methods for BANs: manual curation is slow and therefore incomplete, auto-
matic annotation has a higher level of false positives. Therefore, similar pre-
cautions must be taken when building pathways from the functional annotation, 
as in building a pathway from a BAN. 

 Once the set of proteins involved in a cell process is identifi ed, the next 
step is to determine the direction of information fl ow in a process. This can 
be done the same way as for regulome pathways by connecting all proteins by 
regulatory interactions, deleting feedback loops, and scoring the nodes using 
the in - degree/out - degree ratio. The direction of information fl ow can be also 
set manually using biological knowledge. The physical interactions mediating 
information fl ow are determined in the last step. An example of a pathway 
built using Gene Ontology information is shown in Figure  3.5 .    

  3.3.4   Disease Networks 

 Disease networks can be built the same way as pathways for biological pro-
cesses by using a disease entity in a BAN or using protein disease annotation 
to generate the initial input for pathway construction. The experimental input 
for disease networks are proteins whose activity and amount changes in 
patients as compared to healthy individuals. Usually, the experimental 
approach to identify such proteins is measuring differentially expressed genes 
 [16] . More proteins can be added by identifying downstream targets physically 
linked to the differentially expressed genes. A similar approach to the identi-
fi cation of direction of information fl ow in regulome pathways might prove 
useful in determining the malignant information fl ow in a disease network. 
Since very few disease networks have been identifi ed so far, it is not clear how 
useful this approach can be. 

 At least two experimentally proven disease networks have been described 
so far in the literature. It is worth describing in detail the approaches for build-
ing them in this section. The network for the angiogenic switch was reported 
and proven experimentally by Abdollahi et al.  [16] . The authors ’  goal was to 
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understand the mechanisms that trigger the growth of blood vessels inside 
tumors. The angiogenesis happens at late stages of cancer and eventually 
promotes metastases. VEGF and bFGF are hormones that promote angiogen-
esis, and endostatin is a hormone that inhibits it. To identify proteins involved 
in establishing the angiogenic switch, the authors selected genes that were 
up - regulated in response to VEGF and bFGF, and were down - regulated in 
response to endostatin in epithelial cells. The well - defi ned input protein list 
was one important ingredient for success. Then, the proteins were connected 
using interactions from a BAN, which allowed only interactions that were 
confi rmed by  in vivo  experiments. To validate their approach, the authors 
performed the targeted gene knockout in mice in one of the hubs in the angio-
genic switch network — PPAR δ  protein. They showed that the angiogenesis 
was inhibited around micro - tumors embedded into PPAR δ  − / −  mice. 

 Another example of a disease network was reported for ataxia genes  [17] . 
The authors performed a targeted two - hybrid screen to identify interaction 
partners for 54 proteins genetically linked to inherited ataxia. They also 
expanded the network by two to three steps relative to ataxia proteins with 
interactions reported in the literature or predicted by protein sequence homol-
ogy. They have validated the network by confi rming some interactions by  in 
vivo  co - immunoprecipitation, by successfully predicting a novel ataxia gene, 
and by fi nding genes modifying ataxia in an animal model among proteins of 
their network. Interestingly, they found that many original ataxia proteins 
were not hubs in the reported network. An example of a disease network built 
using information available from a BAN is shown in Figure  3.6 .     

  3.4   ADDITIONAL SOURCES OF FUNCTIONALLY 
RELATED PROTEINS 

 The fi rst step in automatic pathway building is connecting entities in the regu-
latory and association networks. If a BAN contains entities symbolizing 
biological concepts such as cell processes or diseases, the information about 
molecules participating in these concepts is readily available in the form of 
links between molecules and the concepts. There are two additional methods 
to identify functionally related molecules: (1) using functional annotation and 
(2) from dedicated experiments. We have already mentioned these approaches 
in the previous section and use the following section to compare them. 

  3.4.1   Functional Protein Annotation 

 Functional annotation essentially represents the same information as links 
between proteins and cell processes in a biological association network. Their 
difference is simply in data representation due to the difference in methods 
for gathering and recording information about protein function. Gene Ontol-
ogy is the most accurate currently available functional annotation that is  de 
facto  the gold standard in molecular biology  [14] . Because it is manually 



    Figure 3.6     An example of a disease network built for endothelial cancer from rela-
tionships available in the ResNet 5 biological association network. (A). The fi rst step 
of pathway building — identifi cation of proteins linked to endothelial cancer in a BAN.  
(B). The second step of pathway building — connecting proteins into a physical interac-
tion network.  Note that about half of the proteins originally linked to the disease in 
the BAN could not be connected to the major network and were removed.  The hubs 
in the endothelial cancer network (vitronectin receptor, MMP2, and GRB2) point to 
major proteins involved in the development of this type of cancer.  

A

B
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curated, Gene Ontology suffers from a slow rate of information gathering and 
curator subjectivity, and is far from being complete  [15] . Manually curated 
BANs also suffer from incompleteness and subjectivity, while BANs auto-
matically extracted using text mining algorithms usually have comprehensive 
coverage of functional protein association but also contain noisy data. 

 Because, in reality, both molecular annotation and BAN currently comple-
ment each other, the proteins involved in a biological process should be 
searched for in both BANs and Gene Ontology. Both types of functional 
annotation are likely to merge in the future; however, since a biological 
process is an artifi cial concept representing the current view of cell function 
by humans, the list of biological processes will constantly evolve and must be 
regularly updated.  

  3.4.2   Experimentally Derived Functional Protein Association 

 If data about protein association are not available from the literature, a 
BAN, or a molecular annotation, an experimental approach must be used. 
Experiments can be aimed at determining the function of an individual protein 
as in aforementioned cell - based assays, or they can be conducted in a high -
 throughput manner in order to identify a large group of proteins involved 
in a process. There are several important considerations when a protein 
set derived by the latter approach for pathway building is used. First, high -
 throughput experiments tend to have a high level of noise. Second, criteria for 
selecting genes that change their behavior in a cell process are not always 
obvious. For example, there are still debates about how to select differentially 
expressed genes in a microarray experiment  [18] . There are at least three 
criteria for selection: the ratio of expression values indicating the strength 
of the differential expression, the  p  - value indicating the confi dence of the 
differential expression calculated from multiple experimental sample replicas 
for each gene, and a false discovery rate indicating the level of noise in a 
group of differentially expressed genes. To add to the confusion, the  p  - value 
and the false discovery rate can be calculated by several statistical algorithms. 
It is worth mentioning here that building a network from high - throughput 
data is also a way to fi lter out noise: true differentially expressed genes 
are expected to be functionally linked in a BAN, while genes erroneously 
identifi ed as differentially expressed should not have any connection to 
the network of differentially expressed genes. In our experience, several 
different cutoffs should be tried in order to identify a network cluster formed 
by the differentially expressed genes. The optimal cutoff identifi es the 
well - defi ned cluster in a network that is the community of densely linked 
proteins. 

 The networks built from experimental data provide important insights 
about major regulators and targets among responsive genes that appear as 
network hubs. Nevertheless, for building a pathway that demonstrates infor-
mation fl ow, one must perform a time - course experiment. If no time - course 



data are available, pathway analysis tools can identify the molecular network 
formed by responsive genes in the experiment, but they will not reveal the 
direction of information fl ow without additional data. Additional information 
can be obtained from a time - course experiment or can be already present in 
the database.  

  3.4.3   Finding Functionally Related Proteins by Text Mining 

 One more way to gather a list of functionally related proteins for input to 
pathway building is by extracting the list of entities from scientifi c literature 
gathered on a specifi c topic. If an available BAN does not contain your disease 
or cell process of interest, it can be useful to collect proteins mentioned in all 
publications about the process of interest and then use them as input for 
pathway building. Proteins can be collected manually or using text mining 
technology that is capable of recognizing protein names.   

  3.5   BIOLOGICAL RULES AND CONSTRAINTS FOR 
PATHWAY BUILDING 

 Recent studies of signaling pathways in model organisms have identifi ed 
several rules for  in vivo  pathway regulation (see  [21]  and the following refer-
ences). They are listed with an explanation of how each rule can be used to 
improve algorithm construction. 

  (1)     The information inside a cell propagates by means of physical interac-
tions and catalytic reactions. This self - explanatory rule is derived from 
basic principles of molecular biology. It dictates that the fi nal pathway 
must consist of only physical interactions and catalytic reactions, even 
though regulatory interactions can be used during pathway construc-
tion. This rule provides the theoretical foundation for the second major 
step in pathway building — connecting nodes found in regulatory 
network by physical interactions.  

  (2)     Pathway sub - compartmentalization using clustering in a physical 
interaction network  [15]  and scaffolding  [19,20] . The components of a 
pathway must form a cluster in both physical and regulatory interaction 
networks, creating a community of densely interconnected nodes. If 
proteins used for algorithm input do not form a network cluster, the 
biological function of such a pathway is questionable; this suggests 
that the pathway may be incomplete. This criterion can be used to evalu-
ate the biological relevance of the input protein list and to estimate 
whether the database contains enough interaction data to build the 
pathway from the input. Indeed, even if the input proteins do perform 
a common function, little may be known about their interaction with 
each other and, therefore, pathway building becomes impossible.  

BIOLOGICAL RULES AND CONSTRAINTS FOR PATHWAY BUILDING 63
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  The existence of scaffolding interactions implies that physical inter-
actions in a pathway can be divided into two classes: structural interac-
tions that hold pathway components together, and interactions 
participating in the information fl ow. Some structural interactions may 
not participate directly in the information fl ow and can be omitted from 
the pathway diagram for simplifi cation before proceeding with pathway 
kinetic simulation.  

  (3)     Fast decay of pathway cross talk mediated by binding interactions  [22] . 
The information does not propagate well through physical interactions 
alone. Additional mechanisms such as protein modifi cation and trans-
location must be involved for effi cient signal propagation.  

  Both rules (2) and (3) can provide a way to identify the borders of 
a physical interaction cluster that form a pathway and also can help to 
remove some erroneous proteins from the input list. The errors in the 
input protein list may arise due to the experimental noise or errors in 
the BAN database. It is safe to assume that these errors will always 
exist in molecular biology. Therefore, they have to be dealt with, rather 
than ignored. Refi ning the input protein list is essentially an attempt to 
make the protein clusters more well defi ned by increasing the clustering 
coeffi cient between proteins before proceeding with pathway building. 
This process can be described as slightly shifting a protein cluster 
around the original input list in the physical interaction network in 
order to increase cluster density relative to the surrounding network. 
The algorithm optimizing the network clustering is yet to be created.  

  (4)     Positive feedback loops allow self - activation of a pathway  [19,23] . An 
abundance of positive feedback loops among input proteins can serve 
as additional evidence for pathway existence and quality of available 
interaction data. In contrast, an abundance of negative feedback loops 
may be used as evidence for invalidating the input gene list. Since every 
regulatory loop must be explained through physical interaction, the rule 
can also help in validating and classifying physical interactions in the 
pathway. The physical interaction mediating the feedback loop should 
be classifi ed as one participating in information fl ow rather than in 
pathway scaffolding. If the physical interaction mediates a negative 
feedback loop, it can be considered to be erroneous. Negative feedback 
loops also can be used to determine the end nodes in a pathway, 
because they indicate that information has reached its fi nal destination 
and the pathway can be shut down.  

  (5)     Feed - forward loops provide noise tolerance for a pathway  [24,25] . This 
type of loop can be used in the same way as feedback loops to evaluate 
pathway quality and validate the input gene list. The existence of posi-
tive feed - forward loops should indicate a noise - tolerant pathway, while 
many negative feed - forward loops should invalidate the input protein 
list.  



  (6)     Cross - pathway inhibition  [19,24,26]  is a type of regulatory relation that 
allows an activated pathway to compete and win out over other path-
ways in the cell and to refocus cellular resources to respond to stimuli 
that have activated the pathway. This phenomenon can provide addi-
tional criteria to determine a pathway boundary. Taking into account 
rules (2) and (6), the ideal pathway boundary can be summarized as 
having fewer physical interaction links and an increased number of 
negative regulatory links aimed at inhibiting other pathways.  

  (7)     Consistency of the regulation effects through the regulatory path. If 
regulatory relations in the BAN are annotated with an effect sign, this 
annotation can be used to calculate the net regulatory effect at the end 
of every regulatory path in a pathway. The absence of consistency 
between the net effect along the path and the effect of the regulatory 
relation shortcutting the origin of a path to its end can be used as evi-
dence to invalidate the protein list input for pathway building or for 
fi ltering out inconsistent BAN relationships from a pathway.     

  REFERENCES 

   1.       Yuryev   A  ,   Mulyukov   Z  ,   Kotelnikova   E  ,   Maslov   S  ,   Egorov   S  ,   Nikitin   A  ,   Daraselia  
 N  ,   Mazo   I  .  Automatic pathway building in biological association networks .  BMC 
Bioinformatics   2006 ; 7 : 171 .  

   2.       Hoffmann   A  ,   Levchenko   A  ,   Scott   ML  ,   Baltimore   D  .  The IkappaB - NF - kappaB 
signaling module: temporal control and selective gene activation .  Science  
 2002 ; 298 ( 5596 ): 1241  –  1245 .  

   3.       Oda   K  ,   Kitano   H  .  A comprehensive map of the toll - like receptor signaling network . 
 Mol Syst Biol   2006 ; 2 : 2006.0015 .  

   4.       Oda   K  ,   Matsuoka   Y  ,   Funahashi   A  ,   Kitano   H  .  A comprehensive pathway map of 
epidermal growth factor receptor signaling .  Mol Syst Biol   2005 ; 1 : 2005.0010 .  

   5.       Crescenzi   P  ,   Kann   V  ,   Halld ó rsson   M  ,   Karpinski   M  ,   Woeginger   G  . Minimum Feed-
back Arc Set. A compendium of NP optimization problems.   http://www.nada.kth.
se/ ∼ viggo/wwwcompendium/node20.html .  Last modifi ed March 20,  2000 .    

   6.       Kann   V  . On the approximability of NP - complete optimization problems. PhD 
thesis. Department of Numerical Analysis and Computing Science, Royal Institute 
of Technology, Stockholm.  1992 .  

   7.       Dijkstra   EW  .  A note on two problems in connection with graphs .  Numerische 
Mathematik   1959 ; 1 : S269  –  271 .  

   8.       Castel   D  ,   Pitaval   A  ,   Debily   MA  ,   Gidrol   X  .  Cell microarrays in drug discovery . 
 Drug Discov Today   2006 ; 11 ( 13/14 ): 616  –  622 .  

   9.       Rausch   O  .  Use of high - content analysis for compound screening and target selec-
tion .  IDrugs   2005 ; 8 ( 7 ): 573  –  577 .  

  10.       Minor   LK  .  Assays to measure the activation of membrane tyrosine kinase recep-
tors: focus on cellular methods .  Curr Opin Drug Discov Dev   2003 ; 6 ( 5 ): 760  –  765 .  

REFERENCES 65



66 AUTOMATIC PATHWAY INFERENCE IN HETEROGENEOUS BIOLOGICAL 

  11.       Herschman   HR  .  Noninvasive imaging of reporter gene expression in living sub-
jects .  Adv Cancer Res   2004 ; 92 : 29  –  80 .  

  12.       Loo   DT  ,   Rillema   JR  .  Measurement of cell death .  Methods Cell Biol  
 1998 ; 57 : 251  –  264 .  

  13.       Caldwell   JS  .  Cancer cell - based genomic and small molecule screens .  Adv Cancer 
Res   2007 ; 96 : 145  –  173 .  

  14.       Ashburner   M  ,   Ball   CA  ,   Blake   JA  ,   Botstein   D  ,   Butler   H  , et al.  Gene Ontology: tool 
for the unifi cation of biology .  Nat Genet   2000 ; 25 ( 1 ): 25  –  29 .  

  15.       Daraselia   N  ,   Yuryev   A  ,   Egorov   S  ,   Mazo   I  ,   Ispolatov   I  .  Automatic extraction of gene 
ontology annotation and its correlation with clusters in protein networks .  BMC 
Bioinformatics   2007 ; 8 : 243 .  

  16.       Abdollahi   A  ,   Schwager   C  ,   Kleeff   J  ,   Esposito   I  ,   Domhan   S  ,   Peschke   P  ,   Hauser   K  , 
  Hahnfeldt   P  ,   Hlatky   L  ,   Debus   J  ,   Peters   JM  ,   Friess   H  ,   Folkman   J  ,   Huber   PE  .  Tran-
scriptional network governing the angiogenic switch in human pancreatic cancer . 
 Proc Natl Acad Sci U S A   2007 ; 104 ( 31 ): 12890  –  12895 .  

  17.       Lim   J  ,   Hao   T  ,   Shaw   C  ,   Patel   AJ  ,   Szab ó    G  ,   Rual   JF  ,   Fisk   CJ  ,   Li   N  ,   Smolyar   A  ,   Hill  
 DE  ,   Barab á si   AL  ,   Vidal   M  ,   Zoghbi   HY  .  A protein – protein interaction network for 
human inherited ataxias and disorders of Purkinje cell degeneration .  Cell  
 2006 ; 125 : 801  –  814 .  

  18.       MAQC   consortium  .  The MicroArray Quality Control (MAQC) project shows 
inter -  and intraplatform reproducibility of gene expression measurements .  Nat 
Biotechnol   2006 ; 24 ( 9 ): 1151  –  1161 .  

  19.       Morrison   DK  ,   Davis   RJ  .  Regulation of map kinase signaling modules by scaffold 
proteins in mammals .  Ann Rev Cell Dev Biol   2003 ; 19 ( 1 ): 91  –  118 .  

  20.       Levchenko   A  ,   Bruck   J  ,   Sternberg   PW  .  Scaffold proteins may biphasically affect the 
levels of mitogen - activated protein kinase signaling and reduce its threshold prop-
erties .  Proc Natl Acad Sci U S A   2000 ; 97 ( 11 ): 5818  –  5823 .  

  21.       Klipp   E  ,   Liebermeister   W  .  Mathematical modeling of intracellular signaling path-
ways .  BMC Neurosci   2006 ; 7 ( Suppl 1 ): S10   .  

  22.       Maslov   S  ,   Ispolatov   I  .  Propagation of large concentration changes in reversible 
protein - binding networks .  Proc Natl Acad Sci U S A   2007   ; 104 ( 34 ): 13655  –  13660 .  

  23.       Yeung   K  ,   Janosch   P  ,   McFerran   B  ,   Rose   DW  ,   Mischak   H  ,   Sedivy   JM  ,   Kolch   W  . 
 Mechanism of suppression of the Raf/MEK/extracellular signal - regulated kinase 
pathway by the raf kinase inhibitor protein .  Mol Cell Biol   2000 ; 20 : 3079  –  3085 .  

  24.       Acar   M  ,   Becskei   A  ,   van Oudenaarden   A  .  Enhancement of cellular memory by 
reducing stochastic transitions .  Nature   2005 ; 435 ( 7039 ): 228  –  232 .  

  25.       Brandman   O  ,   Ferrell   JE ,  Jr.  ,   Li   R  ,   Meyer   T  .  Interlinked fast and slow positive 
feedback loops drive reliable cell decisions .  Science   2005 ; 310 ( 5747 ): 496  –  498 .  

  26.       Dang   VD  ,   Bohn   C  ,   Bolotin - Fukuhara   M  ,   Daignan - Fornier   B  .  The CCAAT box -
 binding factor stimulates ammonium assimilation in Saccharomyces cerevisiae, 
defi ning a new cross - pathway regulation between nitrogen and carbon metabo-
lisms .  J Bacteriol   1996 ; 178 ( 7 ): 1842  –  1849 .   

        
   
 



 ALGORITHMIC BASIS FOR 
PATHWAY VISUALIZATION  

  SERGEY   SIMAKOV  ,   IAROSLAV   ISPOLATOV  ,   SERGEI   MASLOV  , 
AND   ALEXANDER   NIKITIN       

                 Table of Contents 
    4.1     Introduction  68  
  4.2     Force - based and Energy Minimization Algorithms 70  
   4.2.1     Analysis  70  
   4.2.2     Algorithm Implementation 72  
   4.2.3     Fast Clustering Method 75    
  4.3     Layout by Cellular Localization 78  
  4.4     Symmetrical Algorithm 82  
  4.5     Orthogonal Layout 84 
    4.5.1     Analysis  84  
   4.5.2     Topology 84  
   4.5.3     Orthogonalization 85  
   4.5.4     Metrics  86  
   4.5.5     Summary and Results 87    
  4.6     Hierarchical Algorithm 87  
  4.7     Acyclic Core Graph Construction 89 
    4.7.1     Analysis  89  
   4.7.2     Network Layout 91  
      4.8     Collapsing Protein Maps 98  
   References  99           

4

 67

Pathway Analysis for Drug Discovery, Edited by Anton Yuryev
Copyright © 2008 John Wiley & Sons, Inc.



68 ALGORITHMIC BASIS FOR PATHWAY VISUALIZATION

  4.1   INTRODUCTION 

 System biology deals with a large amount of data, often with a very complex 
structure. Visualization of these data is very important in many scientifi c 
applications to make it available to be reviewed conveniently by experts. In 
most cases, the problem can be reduced to the placement of graph nodes at a 
plane surface using specifi c aesthetic criteria and an  a priori  assumed graph 
structure. Here, we summarize the most popular approaches for two - 
dimensional graph layout, provide some details for their implementation, 
propose several useful modifi cations to standard algorithms, and give exam-
ples of their application. An extended review of these approaches to graph 
drawing may be found in the literature  [1 – 3] . We fi rst describe force - based 
(direct force) and energy - based algorithms and their application to reveal 
hubs and clusters in the network. We also propose several modifi cations to 
the standard methods that both increase layout speed and improve quality of 
network clustering. The main idea behind these methods lies in ascribing 
certain physical properties to the nodes and edges of the graph and looking 
for the equilibrium state of the system. It uses both repulsive and attractive 
forces between nodes that may have no direct physical analogy. Energy - based 
algorithms are similar to direct - force algorithms, as the equilibrium state of 
the system corresponds to a minimum of energy. These methods provide a 
good basis for arbitrary graph placement but require relatively large compu-
tational resources. Some modifi cations of these algorithms utilize the LinLog 
 [4]  force model and the energy - based GEM algorithm  [5] . The fi rst method 
helps to reveal clustering properties of the graph without any additional 
assumptions. The second method exploits randomization and a specifi c tech-
nique for detecting and decreasing oscillations and rotations of the graph 
during iterations. The second algorithm is very fast, while the fi rst provides a 
qualitative appearance. A new modifi cation combining these approaches is 
proposed in the conclusion of the fi rst part of this chapter. 

 We also discuss the space - limited layout, which is a novel extension of the 
direct - force method. This technique is used to lay out nodes in a biological 
pathway using cellular localization. The nodes of the graph are assigned to the 
specifi c regions of the plane surface where they must be arranged. The appli-
cation of this method is obvious when the placement of proteins relative to 
the cellular elements is considered in order to see how proteins in a pathway 
are distributed in relationship to the major direction of information fl ow from 
the plasma membrane to the nuclei, as well as among other cell organelles. 
Two modifi cations are proposed based on the visual appearance of the mem-
brane: belt - shaped and ring - shaped. The geometry of the other cellular ele-
ments depends on the type of the membrane confi guration and is discussed in 
this part. Several graph drawings are presented at the end of this section. They 
show pleasant layouts that are straightforward and easy to analyze. 

 The fourth section describes the so - called symmetrical algorithm. The idea 
is that the root node is selected and incident nodes are placed relative to it. 



These nodes are used as roots for the placement of subsequent incidentals, 
and so on. The result is a tree - like drawing that is useful both for trees 
and for almost acyclic directed and undirected graphs. Because the original 
algorithm implementation utilizes recursion, some modifi cation is required to 
adapt it for large graphs. Hereafter, some implementations of well - studied 
orthogonal drawings are considered. The general idea of these methods is 
to place nodes of the graph at the points of 2D orthogonal mesh, provided 
that square bends of the edges are allowed. These tasks are often reduced to 
the well - known cost - fl ow minimization problem with subsequent refi nement 
and compaction. A great number of methods have been proposed for these 
tasks. A brief overview is provided, and one of the possible combinations of 
constituent algorithms is proposed in this section. In addition, we describe 
hierarchical drawing. This approach assumes the presence of hierarchical 
structure in the data that composes a graph. Common stages of this algorithm 
are described and include the following: assigning nodes to layers, decreasing 
edge crossing by node permutation within layers, and fi nal assignment of 
coordinates. 

 The section that follows describes an effective method of acyclic core graph 
construction. It is based on a probabilistic approach, exploiting simulated 
annealing. This method allows the discovery of a not necessarily exact but 
suffi ciently near - optimal solution. In particular, it is very important as part of 
the hierarchical drawing of large graphs, as it increases overall performance 
and imposes fewer memory restrictions. 

 At the end of this chapter, we discuss the collapsing network method as an 
approach to reduce the complexity of a large biological graph and present it 
as a smaller graph that connects more global biological concepts, including 
components of the original biological network. We describe several strategies 
that exploit the hierarchy of biological knowledge to collapse a network. The 
main idea is to collapse some parts of the graph into subgraphs using heuristic 
criteria. The most obvious example of such a criterion may be subgraphs rep-
resenting complete graphs. A more complex approach may utilize the Markov 
Cluster Algorithm (MCL) or others to collapse strongly connected compon-
ents of the graph into subgraphs. A completely different approach may 
exploit specifi c biological information contained in the graph. For example, 
hierarchical protein classifi cation stored in the database may be used for col-
lapsing, or a set of smaller sub - pathways already stored in a database may be 
part of the larger pathway and thus may be collapsed. After collapsing, a 
force - directed method may be applied to lay out the whole graph and sub-
graph independently. These approaches highly simplify the drawings of the 
large graphs, while focusing on their biological structure. At the same time, it 
provides much better performance, as weakly connected components are pro-
cessed regardless of the presence of one another. 

 Let  G    =   ( V , E ) be a graph (not necessarily connected) where  V    =   a set of 
nodes (vertices) and  E    =   a set of selected node pairs, i.e. edges (links), and  N   
 =   number of vertices and  M    =   number of nodes. A plane drawing for this 
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graph is required. Thus, an assignment of a vector  r   u      ∈     R  2  to every node  u     ∈   
  E  of the graph is needed. Let the nodes of the graph represent proteins, mol-
ecules, diseases, treatments, functional classes, cell processes, etc., and the 
edges or links represent chemical reactions, regulations, bindings, etc. Using 
this analogy, we can think of the graph as a biological pathway and vice versa. 
Most links of the pathway may have controls — specifi c nodes assisting in the 
identifi cation of the biological meaning of the link and its geometric shape. 
Controls having two incidental nodes require specifi c processing. The other 
controls are processed as common nodes.  

  4.2   FORCE - BASED AND ENERGY MINIMIZATION ALGORITHMS 

  4.2.1   Analysis 

 Numerous algorithms of graph layout exploit the  N  - body simulation method. 
Nodes on the graph are treated as a set of interacting particles. The interaction 
law is described by forces acting among the particles. Usually, these forces are 
divided into the forces of repulsion and attraction. They depend on the dis-
tance between particles. Thus, these force - based methods are generally known 
as force - directed (direct force) methods. Attractive forces are sometimes asso-
ciated with spring interaction along the graph edges, while repulsive forces 
are associated with electrostatic interaction between every pair of nodes. The 
task is to fi nd the stationary node position corresponding to the equilibrium 
state of the system. For every fi xed node   ū   (  ū      ∈     V ), we have:

    F r r F r r 0rep u v
v V

attr u v
u v E

−( ) + −( ) =
∈ ( )∈
∑ ∑

,

    (4.1)   

 It should be mentioned that so - called energy minimization algorithms are 
similar to force - based ones. But sometimes these approaches are referred to 
as different types of algorithms. Both approaches are focused on the equilib-
rium state of the set of nodes. The result of force - based algorithms is charac-
terized by zero net force, while the result of energy - based algorithms is 
characterized by the state corresponding to the minimum energy.

    U U Urep u v
u v V

attr u v
u v E

min = −( ) − −( )⎡
⎣⎢

⎤
⎦⎥{ }∈ ( )∈

∑ ∑min
, ,

r r r r     (4.2)  

where  U   rep   and  U   attr     =   absolute values of the repulsion and attraction 
potentials. 

 In both algorithms, a stationary equilibrium state is the goal. The force -
 based algorithm can be easily transformed to the energy - based one. From a 
mathematical point of view, the force - based algorithm implementation con-
sists of a solution of a nonlinear set of algebraic equations. The energy - based 
algorithm implementation performs functional minimization. Both of these 



tasks can be derived from one another. The following statement is derived 
from equation  (4.2) .

    ∇ −( ) − ∇ −( ) =
∈ ( )∈
∑ ∑U Urep u v
v V

attr u v
u v E

r r r r 0
,

    (4.3)   

 It is similar to the problem in equation  (4.1) . Because the two algorithms share 
these similarities, we will mainly discuss force - directed algorithms. It also 
allows us to combine the descriptions of LinLog and GEM, since they were 
stated in different terms. 

 Force - directed methods have several strong advantages and are valid for 
an arbitrary undirected graph that has straight - line edges. It produces visually 
attractive graph placements. Algorithm implementation is quite straightfor-
ward because its theory is an obvious concept. An algorithm can be used in 
the same manner in both 2D and 3D Euclidean space. However, numerous 
studies reveal drawbacks that are almost as strong as the advantages. They 
can be divided into two groups. The fi rst group follows from physics. It is 
commonly known that the equilibrium state is not necessary to be stationary. 
Spring frictionless systems can produce oscillations. The system spinning 
around a common center represented as a single graph is also in an equilib-
rium state. The second drawback is related to the potential wells that have 
occurred as a result of the formulation of specifi c force laws. A set of nodes 
may have none, one, or multiple equilibrium states depending on the force 
law. Other drawbacks are related to the numerical implementation of a par-
ticular method. They can be referred as numerical drawbacks. For large graphs 
(several thousands nodes and tens of thousands of edges), the force - based 
algorithms require many computational resources. 

 Another aspect of these algorithms is that the interruption condition should 
be explicitly stated because the iteration procedure is used in many implemen-
tations. In our experience, little or no node movement during several itera-
tions cannot be used as a criterion for the system to be near the equilibrium 
state. Therefore, it cannot be used as an interruption condition. Convergence 
is also important as a faster converging iterative procedure that decreases the 
number of iterations. Potential wells may occur during the iterative process, 
especially in the case of large graphs. These wells may arise even if force laws 
do not allow local minimum states. For example, the initial placement of the 
nodes can create the wells: a node placed inside a graph loop may never leave 
it if attractive forces toward it are incidentals and are relatively small. In 
order to overcome the aforementioned diffi culties, we developed different 
approaches. Our algorithm exploits some useful ideas and provides several 
extensions specifi c to biological pathways. 

 We fi rst consider how physical drawbacks can be resolved. To achieve a 
stationary equilibrium state, friction forces can be added to the system. A 
variation of node mobility can also be very useful. It allows the reduction of 
the length of a node track for every iteration. The track length becomes 
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shorter as the temperature decreases, and a correctly chosen cooling schedule 
allows the improvement of the results. The presence of potential wells and 
multiple equilibrium states is hard to predict, even in the case of 10 nodes. 
The possibility always exists for a convergence to the local equilibrium state 
instead of global equilibrium. Certain algorithms can deal with this problem, 
such as Sim  [6] , Frick et al.  [5] , and Davidson and Harel  [7] . They exploit the 
idea of simulated annealing by not allowing monotonic decrease in system 
energy between two successive iterations. Other methods must accept that 
local minimum equilibrium is satisfactory and may do nothing to overcome 
it. 

 When formulating force laws, it is important to remember that at least one 
equilibrium state must exist. Generally, this is a minor problem, as attractive 
forces are frequently proportional to the distance between the nodes, and 
repulsive forces are inversely proportional to this distance. Thus, the sum of 
decreasing and increasing functions defi nitely has at least one minimum. The 
key point of numerical implementation is speed of calculation. Interactive 
speed is highly desirable because a large graph can be processed within 
seconds. This speed can be achieved either by decreasing algorithm complex-
ity or by increasing convergence speed. The fi rst approach usually results in 
the increased complexity of algorithm implementation and in the increased 
sophistication of the fi tting parameters (such as force intensity, power laws, 
etc.). The second approach seems to be more useful. It is worth mentioning 
that the force laws for repulsion and attraction may have no direct physical 
analogy. This fact can be used for faster converging algorithm construction. 
Several models were proposed  [8,9]  that can be formulated in the same terms. 
(See Noack  [4]  for a more general approach.)  

  4.2.2   Algorithm Implementation 

 We used the following relations for the repulsion and attraction forces exerted 
from node  v  to node  u  directed along the vector  r   v      −     r   u  .

    F
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where  R    =    d   u   d   v  ,  L   av     =   2 R /( d   u     +    d   v  ),  L    =    ||  r   u      −     r   v   || ,  d   u  ,  d   v     =   average diameters of 
the vertices  u  and  v , respectively. A force formulation as in the previous 
example has the following characteristics. 

 First, node dimensions are considered to prevent their adhesion. Node 
diameter is introduced as the average of the height and width of the bounding 
box of the node. The distance  L   av   determines the scale of the stable state. As 



follows from equation  (4.4) ,  L   av   is used to avoid infi nite values of repulsion 
force for the short - distance nodes. In addition, due to the second part of equa-
tion  (4.5) , the short - distance states become instable when attraction turns to 
repulsion. Thus, even if at a given step, we have  r   u     =    r   v  , this confi guration is 
hardly observed in the fi nal layout. In order to increase stability and decrease 
oscillations and rotations, a global temperature is introduced. The tempera-
ture value determines a maximum distance for moving a node in the iteration 
step. This maximum  L  max  is constantly decreased during the iterations, and the 
value of the resulting node displacement  r   u   of the node  u  is determined by the 
following:

    r
r

r
u

u

v E
v

d L

d
=

( )
∈

0 2.
max

max
    (4.6)  

where  d  r   u   is the node  u  displacement induced by the forces. 
 For biological pathways, convergence can be improved by dividing the 

iteration procedure into several stages. Pathways often include chains — a set 
of double - connected nodes ending with a single incident node and having a 
node connected with an  n  - connected node (n    >    2). These chains may cause 
disturbances that slow down the layout of the rest of a graph near equilibrium. 
The collapsing of chains before the fi rst stage highly improves both the layout 
speed and the graph aesthetics. Since the skeleton layout of the graph is near 
equilibrium, the chains are rolled out along a straight line and the second stage 
begins. The other feature of biological pathways is that one pair of nodes can 
be connected by multiple links (multilink) representing different types of 
biological interactions. In the fi nal layout, it is of no importance how many 
links connect one node pair. However, processing all links from the multilink 
slows down the algorithm. It also results in a tighter but unnecessary position-
ing of the pair. Therefore, a multilink can be safely replaced by one single link 
during the layout with the appropriate procedure of backward substitution at 
the end of the algorithm run. One possible solution is to split controls of the 
multilink into a fan. Special attention should be paid to graph connectivity. 
The problem of fi nding unconnected components is addressed previously 
 [10,11] . After fi nding connected components, each subgraph can be processed 
and scaled separately. Scaling is needed at this point, because algorithms 
provide just the relative node positions and because the actual layout may be 
limited both below and above. For example, every node must be shown sepa-
rately, or the whole graph must fi t into the screen. The last step is the question 
of the placement of unconnected components after the main algorithm  [12] . 
Polyomino covering is generated for every unconnected component. A poly-
omino is a shape made up of several rectangles joined by complete edges; it 
covers all nodes and edges of the component. Next, a drawing plane is tightly 
fi lled out with these polyominoes, and unconnected components are placed at 
the appropriate polyomino ’ s locations. 
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 Let us summarize the steps included in a direct - force algorithm: 

  1.     Hide controls and collapse multilinks.  
  2.     Identify connected components.  
  3.     Roll up chains.  
  4.     Perform stage 1 (a directed - force algorithm for the graph skeleton).  
  5.     Roll out chains.  
  6.     Perform stage 2 (a directed - force algorithm for the entire graph).  
  7.     Restore controls and split same end links.  
  8.     Scale connected components separately.  
  9.     Calculate a polyomino for every connected component and assign its 

position.    

 Stages 1, 2, 8, and 9 are common for most of the layouts considered in this 
chapter and may be used for a wide range of other implementations. Stages 1 
and 2 are used for preprocessing and stages 8 and 9 for postprocessing refi ne-
ment. The result of the algorithm implemented in Pathway Studio software is 
depicted in Figure  4.1 .    

Figure 4.1 Direct-force layout.
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  4.2.3   Fast Clustering Method 

 Force - based and energy - based algorithms are very fl exible. A number of 
modifi cations that satisfy different aesthetic criteria are possible. One such 
criterion is clustering, i.e. depicting strongly connected components of the 
connected graph. Several approaches reveal clustering such as the Markov 
Cluster Algorithm (MCL), which is thoroughly studied by Enright et al.  [13] . 
It allows the extraction of strongly connected components, but an additional 
procedure for assignment of the coordinate is required. For example, a force -
 based model may be constructed so that the attraction of the nodes from the 
same strongly connected component should be greater than that of the nodes 
from different connected components. Additional repulsion should also be 
added to the nodes from different components. The performance of this pro-
cedure is the same as the performance of the force - based method itself, but 
the computational cost for MCL must be added. The resulting performance 
is quite complicated. Therefore, we introduce a fast algorithm that provides 
the best possible clustering property, the fast clustering method (FCM). Its 
main idea is to combine algorithms, giving the best clustering but a slow per-
formance (LinLog)  [4] , and an algorithm providing an enhanced performance 
but with no attention to clustering (GEM)  [5] . FCM is, essentially, a hybrid 
between GEM and LinLog that incorporates their best properties: network 
clustering and low computational cost. It is important to note that no special 
pre -  or postprocessing is required to obtain clustering with FCM. It is based 
simply on selecting the right force for the algorithm. 

 The LinLog algorithm is a specifi c energy - based algorithm with the energy 
function formulated as equation  (4.7) . It was proven that the shape of this 
function provides the best clustering in a wide range of energy models  [4] . 
Remarkably, no additional assumptions are needed, such as desired edge 
length, for example. The key feature of the GEM algorithm is the use of a 
randomization technique that allows moving the graph out from potential 
wells that correspond to the full energy local minimum. The local temperature 
is also used to decrease oscillations and rotations of the graph nodes during 
iterations. The temperature is defi ned as node mobility for every iteration. It 
is decreased throughout calculations as the system approaches the equilib-
rium. As reported  [5] , this algorithm is very fast but provides no clustering as 
many direct - force algorithms do. The following energy model was proposed 
by Noack  [4] .

    ULinLog u v
u v E
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u v V
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 That formula can be rewritten in terms of the following force - based 
model:
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 After this transformation, the model can be used in the GEM algorithm. 
The fi rst summation in equation  (4.8)  is responsible for repulsion, and the 
second is responsible for attraction. Special attention should be paid to this 
formula, as an infi nite force value is possible for the short - distance nodes. 
We add a small random vector a( || a ||     <    10  − 2 ) to the node position whenever  
||  r   u      −     r   v   ||     <    5    ·    10  − 3  exists to avoid division by zero. This addition is another way 
of removing the singularity similar to the second case in the equation  (4.4) . 
The results obtained with GEM and FCM are presented in Figures  4.3  and 
 4.4 . The input for both algorithms was a random initial placement of the nodes 
on a graph, as shown in Figure  4.2 . The input graph consists of seven strongly 
connected top - level components. Every component consists of seven strongly 
connected subcomponents formed by seven nodes that are linked by 21 edges. 
Subcomponents of every component are linked by 100 edges. Two compo-
nents are linked if a path exists from the node of one subcomponent to another 
and only the nodes from these two subcomponents are visited along the path. 
In addition, components are linked by 100 edges. Thus, we have 343 nodes 
that are linked by 1,829 edges.   

 As follows from Figure  4.3 , the GEM algorithm is also capable of revealing 
clustering that is due to the weak connectivity of the top - level components. 
The FCM algorithm reveals more distinct clustering that can be adjusted to 
the desired scale (see Figure  4.4 ). 

Figure 4.2 Initial random placement.



Figure 4.3 GEM layout.

Figure 4.4 FCM layout.
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 The proposed FCM algorithm has one interesting property that we observed 
during algorithm implementation: it allows the depiction of multidimensional 
clustering. If we have a graph consisting of several subgraphs that in turn have 
rarely linked strongly connected components, applying FCM to this graph 
reveals clustering at every subgraph level. The initial node placement of this 
graph may be arbitrary. This feature is illustrated in Figure  4.5 , where the nodes 
of every subcomponent are designated by different shades of gray.   

 It appears that the ability to perform multidimensional clustering remains 
for any number of nested subgraphs that form weakly self - similar clusters. A 
more thorough theoretical discussion is needed to address this question. We 
describe this property simply as a result of our observations.   

  4.3   LAYOUT BY CELLULAR LOCALIZATION 

 Every node of a biological pathway may be ascribed to a specifi c part of the 
cell (nucleus, cytoplasm, membrane, mitochondria, etc.) or extracellular space. 

Figure 4.5 Multidimensional clustering with FCM.



The depiction of the subcellular localization of nodes in a pathway, while 
maintaining relations between the nodes of the pathway, has important bio-
logical meaning. This layout type can be classifi ed as space - limited. 
The general idea for this layout is similar to the direct - force layout or energy 
minimization technique. From a physical point of view, it is supposed that 
the space is uniform and the nodes are the only sources of attraction and 
repulsion. 

 Let us assume that there are several zones in space interacting with the 
nodes of the pathway. Each node is ascribed to or belonging to a specifi c zone 
and is owned by this zone. The node is attracted to its owner zone and is 
pushed away from the foreign zones. The forces exerted from the zones should 
be appropriately balanced in such a way that repulsion from the foreign zone 
and interaction between other nodes should not push the node away from its 
owner. Pathway zones may be classifi ed according to their geometric primi-
tives: elliptic
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where  a,b    =   major and minor semiaxes; rectangular (belt - shaped)
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where  W,H    =   zone width and height; circular (ring - shaped)
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where  a,b    =   major and minor semiaxes for the outer boundary,  α    =   ratio of 
the inner and outer boundary dimensions, and ( x  0 , y  0 )   =   zone center 
coordinates. 

 The geometric type of the membrane determines the types for other zones. 
Two types of membrane can be considered: ring - shaped and belt - shaped. In 
the fi rst case, the cytoplasm and extracellular space must have a circular shape 
concentric to the membrane. In the second case, the cytoplasm and extracel-
lular space must have a rectangular shape. Other zones have an elliptic shape 
in all cases and are placed inside or below the membrane according to the fi rst 
and second cases mentioned previously. The node – node interaction is 
described by equations  (4.4)  and  (4.5) . We also need a force - based model for 
node – zone interaction. A new reference system is introduced before calculat-
ing node – zone forces that is a parallel translation and scaling along the axes. 
For the elliptic and the ring shapes:

    � �x x x a y y y b= −( ) = −( )0 0,     (4.12)  
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and for the rectangular shape:

    � �x x x W y y y H= −( ) = −( )0 0, .     (4.13)   

 Thus, the ellipse and elliptic ring are transformed to the circle of radius 1 and 
a pair of concentric circles of radii 1    −     α  and 1. The rectangle is transformed 
to the square of side 1.   L x y= +� �2 2  is a dimensionless distance between the 
node and zone center. Using the described reference system, the following 
force - based models may be used. For the elliptic zone:

    F Lelliptic = 80 6     (4.14)   

 For the ring - shaped zone:
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 For the belt - shaped zone:
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 In all cases, the positive force direction is toward the center. After calculation 
of the forces, an inverse transformation to the initial reference system is 
required. Equations  (4.4) ,  (4.5) , and  (4.14)  to  (4.16)  give us the full - force 
model for layout by cellular localization. The forces given by equations  (4.14)  
to  (4.16)  must provide suffi cient intensity to hold out their own nodes. 

 If random initial placement of the nodes is used, zone attraction forces must 
predominate over other forces, especially for the nodes outside of the zone. 
Node – node interaction may be switched off during the fi rst stage of the algo-
rithm. Switching off this interaction allows the nodes to take place inside the 
appropriate zone. Specifi c attention should be paid to the nodes owned by the 
ring - shaped zones. Node repulsion along with attraction to the same zone may 
be the reasons for the local minimum energy well occurrence. It may prevent 
the pathway layout from reaching a global minimum state. An additional stage 
is introduced to the algorithm to avoid this problem. Repulsion of the nodes 
owned by the same ring - shaped zone is switched off during this stage, which 
allows the nodes to be correctly positioned with respect to each other. After 
this stage, repulsion is switched on and the nodes occupy their fi nal places. 

 We also use an additional force for node – zone interaction, which is the 
zone reaction to the net force pushing out its own node from the zone. This 
force is calculated after all other forces as the difference between the net force 
and the maximum possible force along the same direction, leaving the node 
inside the owner zone. If a magnitude of the zone reaction force is less than 



a magnitude of the net force zone, reaction force is not applied. This proce-
dure is analogous to the cutoff of the coordinate whenever a node tends to 
leave zone boundaries. The problems of resizing zones automatically and their 
initial placement happen when no previous information was specifi ed for these 
parameters. A minimum zone area  S   Z   may be calculated as the total area of 
the bound boxes of its nodes   Sn

Z  added with some extra space   Sextra
Z  and the 

area of the zones is placed inside   Ssub
Z :

    S S S S S SZ
n
Z

extra
Z

sub
Z

extra
Z

n
Z= + + =, ,β     (4.17)  

where  β    =   the coeffi cient depending on the nodes ’  number and graph density. 
Before calculating the zone area, the areas of all the internal zones must be 
determined and   Ssub

Z  calculated. Final elliptic -  and ring - shaped zone dimen-
sions may be calculated based on the viewport aspect ratio  γ    =    W   v  / H   v  ( W   v     =  
 width,  H   v     =   height) by the following:

    S ab S ab a belliptic
Z

ring
Z= = −( ) =π π α γ, , .1 2     (4.18)   

 The results of the layouts by the cellular localization algorithm implemented 
in Pathway Studio software with ring - shaped and belt - shaped membranes are 
presented in Figures  4.6  and  4.7 .    

Figure 4.6 Layout by cellular localization with ring-shaped membrane.
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  4.4   SYMMETRICAL ALGORITHM 

 The symmetrical algorithm is a quite simple approach mostly intended for 
tree - like graphs. It is an extension of the level drawing approach  [1] . This 
approach is also useful for acyclic directed graphs and thus may be applied to 
an arbitrary connected graph if a core acyclic graph must be computed. The 
details of acyclic directed graph construction will be discussed in subsequent 
sections. In the area of system biology, a symmetrical algorithm may be 
applied after pathway expansion, which results in a tree - like graph that can 
be nicely drawn using this approach. 

 The main aesthetics in this approach is to reveal the central symmetry of a 
graph. A central node is selected and the other incident nodes are placed 
around it along a circle. Then, the same algorithm starts for every placed 
incident node and its incident nodes are placed inside an angular segment. 
Several algorithms exploit this idea  [1,14]  to construct symmetrical drawings 
that are also known as radial drawings. 

 The procedure described previously is an expansion tree construction based 
on a core acyclic directed graph. It can be performed using breadth - fi rst search 
(BFS). 

Figure 4.7 Layout by cellular localization with belt-shaped membrane.

TGFB3

TNFSF6

RIPK1

TRAF2

TRADD

SHC1

Rac1

CDC42Grb2

SHC2
DAXX

ATF2HMG14

CREB1
MYC MAX

DDIT3

ELK1
HSPB1

STAT1

MEF2A

MAP3K
5

TGFBR
2

MAP3K
7

MAP2K
4

MAP3K
9

MAP3K
1

MAPKA
PK5MAP2K

6

PLA2G1
8

MAPK1
4

MAPKA
PK2

TGFB2 TGFB1

anisomycin

growth

fact...

growth

fact...

cytokine

histone

RPS6
K

GEF

MAS
small
mo...

SB20
3580

TNFRS
F6

Trophic
fact...

Gamma
irra...

Osmotic
shock

UVapoptosis



 One important aspect for software implementation is that a recursive pro-
cedure must be avoided if huge graphs with thousands of nodes and edges 
would be processed. It is known that every recursive algorithm may be imple-
mented without recursive calls. In the case of a symmetrical layout, a list of 
currently placed incident nodes can be stored at every pass. The next pass uses 
this list for the same procedure. The algorithm continues until the list is not 
empty. The angle of a spanning segment is computed based on the size of the 
BFS sub - tree of the node. 

 A central node can be selected based on the maximum distance from the 
leaves  [14] , and the vertex of maximum degree can be chosen if no leaves are 
present in the graph (i.e. all vertices are at least of degree two). 

 The problem that cannot be solved in this approach is related to non - tree 
edges that may induce substantial complications for the overall drawing. A 
sample layout obtained with the symmetrical algorithm implemented in 
Pathway Studio software is shown in Figure  4.8 . It is easy to observe several 

Figure 4.8 Symmetrical layout.
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non - tree edges that are slightly decreased aesthetics. The result can be more 
complicated for more complex graphs.    

  4.5   ORTHOGONAL LAYOUT 

  4.5.1   Analysis 

 An orthogonal drawing is a classic plane representation of a graph in which 
each edge is drawn as a polyline consisting of orthogonal (horizontal and 
vertical) segments and each vertex is drawn as a rectangle or inside a rectangle 
(bound box) of calculated dimensions. These drawings are widely used in 
VLSI circuits modeling, visual CASE tools, CAD software, etc. Naturally, the 
use of these drawings also extends to the area of system biology. The most 
common aesthetic criteria are bend minimization and area minimization. In 
addition, the coordinates of nodes and bends may be limited to integers. 

 The common steps in the algorithm are similar for different implementa-
tions. They include planarization, orthogonalization, and compaction  [15]  or 
the Topology - Shape - Metrics approach  [16]  that is an equivalent. It was shown 
that only a planar graph of the degree no greater than four can be drawn 
according to the requirements imposed previously  [17] . Usually, an input 
graph is not planar and has an arbitrary degree. Planar embedding construc-
tion is quite diffi cult for large graphs. A planar graph  G  ′    =   ( V  ′ , E  ′ ) of a degree 
at most four must be constructed from the input graph  G  during the fi rst step. 
We will refer to  G  ′  as a supporting graph. Three tasks arise at this step: initial 
embedding for the input graph; substituting the vertices of a degree greater 
than four with the cycle of virtual vertices (clones) of a degree of at most three; 
and substituting each edge crossing with a virtual vertex. 

 The second and third tasks are quite straightforward, while the problem of 
initial embedding is quite complicated. It was reported that, without initial 
planar embedding, the problem of orthogonal drawing is  NP  - hard  [18] . The 
problem of embedding a graph in a grid of a specifi ed area is also  NP  - hard 
 [19] . Any planar graph of a degree at most four can be drawn at  O ( n  2 ) area 
 [17]  while minimizing the bend number by an  O ( n  2 log n ) time algorithm  [20] . 
 O ( n ) bend drawings are possible with an  O ( n ) time algorithm  [21] .  

  4.5.2   Topology 

 For initial graph embedding, we use a simplifi ed direct - force algorithm with 
higher intensity repulsion and weaker attraction to smooth out the graph. All 
subsequent operations are applied to this embedding. Before this stage, the 
endpoint vertices (i.e. vertices of degree one) of the chains are linked by 
virtual edges to another node of the same chain or to a specifi c node of the 
supporting graph, preferably of degree two or three. Strictly speaking, an 
arbitrary graph  G  does not allow an orthogonal layout. It is only possible for 
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the supporting graph  G  ′ . The dilemma lies in changing the rectangle dimen-
sions (or bound boxes) of the vertices or in using a quasi - orthogonal drawing. 
A quasi - orthogonal drawing is almost an orthogonal drawing that allows some 
terminal segments at the edge of a graph to form an arbitrary angle with its 
incidental segments. For a graph of maximum degree four, a quasi - orthogonal 
drawing is equivalent to an orthogonal drawing.  

  4.5.3   Orthogonalization 

 The process of orthogonalization includes the task of bend minimization. A 
reduction of a graph to a fl ow network is widely used to complete this stage. 
Minimum cost fl ow is calculated for the network as the fl ow pattern corre-
sponding to a specifi c orthogonal drawing  [20] . A different technique is avail-
able for solving the minimum cost - fl ow problem, starting with the algorithms 
developed by Ford and Fulkerson  [22]  and Edmonds and Karp  [23]  until 
recent works that exploit the network simplex method  [24] , etc. A brief over-
view may be found in a technical report by Goldberg and Rao  [25] . 

 The other possible approach to the orthogonalization stage uses topological 
numbering and visibility representation. This stage strongly depends on initial 
embedding assigned during the fi rst stage. First of all, starting ( s ) and terminal 
( t ) nodes are selected in  G  ′ . These nodes also referred as the  source  ( s ) and 
the  sink  ( t ). The lowest and the topmost nodes can be chosen, for example, as 
s -  and t - nodes. After that, all edges of the undirected graph  G  ′  must be 
directed from s to t. This problem is also known as st - numbering, st - orienta-
tion, or bipolar orientation and was fi rst introduced by Lempel et al.  [26] . st -
 numbering is a function  f   st  ( v ):{ v     ∈     V  ′ }  →  {1,   .  .  . ,   N } having the following 
properties:

    
f s f t N

f p f u f q p u E u q E u
st st

st st st

( ) = ( ) =
( ) < ( ) < ( ) ( ) ∈ ′ ( ) ∈ ′

1, ,

, , , , , ∈∈ ′ { }{ V s t/ ,
    (4.19)   

 Several algorithms allow calculation of the numbering, inducing the required 
orientation  [27 – 29] . The edge ( u,v )    ∈    E ′  is directed from  u  to  v  if   st  ( u )    <     f   st  ( v ) 
and from  v  to  u , otherwise. It should be mentioned that only a biconnected 
graph allows st - numbering. Thus, an additional update of  E  ′  may be required 
to make  E  ″  biconnected. Then, a dual graph   ′ = ( )D V ED D′ ′,  is constructed, 
based on the supporting graph  G  ′ . The nodes of the dual graph correspond to 
the faces of  E  ′ . A face is an area representing a polygon formed by the vertices 
and edges of the graph. The edges of the dual graph correspond to the edges 
common to the two faces in  E  ′ . In addition, the outer face is divided into two 
parts,  s   D   and  t   D  . The half face  s   D   is formed by the vertices of the external face 
perimeter lying on the path from  s  to  t  in a clockwise direction relative to any 
internal face. Biconnected  E  ″  may be constructed here, that is, to avoid the 
condition when a vertex of the graph belongs to both  s   D   and  t   D  . Additional 
edges may be installed and the dual  D  ′  must be properly updated to  D  ″ . Fur-
thermore,  E  ″  is referred to as  E  ′  and  D  ″  as  D  ′ . 
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 For every face  φ , a source  s   φ   and a sink  t   φ   are induced by the previously 
calculated st - orientation, and two different directed routes from  s   φ   to  t   φ   must 
be noted. The path from  s   φ   to  t   φ   is called the left side of the face if it goes along 
a clockwise direction relative to the face and is otherwise called the right side. 
Only the left and right faces are assigned to every edge ( u , v )    ∈     E  ′  :  φ   l  ( u , v ), φ   r  ( u , v ) 
and every node  v     ∈     V  ′  :  φ   l  ( v ), φ   r  ( v ). The face including incoming and outgoing 
edges of  v  in a clockwise direction is called the left face for the vertex  φ   l  ( v ) 
and the right face for the vertex  φ   r  ( v ), in the case of a clockwise direction. If 
an edge lies on the left side of a face, then the face is called  φ   r  ( u , v ) for this 
edge ( u , v ); it is called  φ   l  ( u , v ) otherwise.  s   D   and  t   D   are selected as source and 
sink for  D  ′ . Fast st - orientation may be assigned by specifying edge direction 
from  φ  1  to  φ  2 , if for any edge ( u , v )    ∈     E  ′  :  φ  1    =    φ   l  ( u , v ) and  φ  2    =    φ   r  ( u , v ). No explicit 
st - numbering is required in this case. 

 Now, we have directed graphs (digraphs)  G  ″′  and  D  ″′  derived from  G  ′  and 
 D  ′  by imposing the st - orientation described previously. The visibility repre-
sentation of  G  ′  may be derived using optimal topologic numbering of  G  ″′  and 
 D  ″′   [30] . Optimal topologic numbering is a function   f̄̄     st  ( v ) : { v     ∈     V  ′ }  →  
{1,   .  .  . ,   N }

    f v l s vst( ) = ( ),     (4.20)  

where  l ( s,v )   =   the maximum distance along all directed routes from  s  to  v . The 
length of every edge is equal to 1. 

 The visibility representation of a planar graph is a graph drawing in which 
each vertex is depicted as a straight - line horizontal segment and every edge 
is depicted as a straight - line vertical segment. The edge segment endpoints lie 
on the segments corresponding to the vertices incident to this face and do not 
intersect any other segments. This concept was fi rst introduced by Otten and 
Van Wijk  [31] , and several approaches have been proposed since that time 
 [30,32,33] .  

  4.5.4   Metrics 

 The orthogonal drawing of  G  ′  and the quasi - orthogonal drawing of  G  can be 
implemented using visibility representation. Typical structures of visibility 
representation can be easily transformed into an orthogonal layout (see Figure 
 4.9 ) that results in an orthogonal layout for  G  ′ . Finally, additional compaction 
procedures may be applied  [34] .    

Figure 4.9 Visibility representation patterns.



  4.5.5   Summary and Results 

 We summarize orthogonal layout below in the following steps  : 

  1.     Planarization  
   a.     Initial embedding  
    I.     Linking chains endpoints to the supporting graph  
    II.     Using direct force with high - intensity repulsion    
   b.     Substituting vertices of degree  n , ( n     >    4) with virtual cycles  
   c.     Substituting edge crossings with virtual vertices    
  2.     Orthogonalization 
    a.     Dual graph construction  
    I.     Looking for faces in supporting graph  
    II.     Setting edges between faces    
   b.      st  - orientation of the supporting graph  

  c.     Left and right faces assigning to the edges and vertices of the sup-
porting graph  

   d.      st  - orientation of the dual graph  
   e.     Supporting graph topologic numbering  
   f.     Dual graph topologic numbering  
   g.     Visibility representation    
  3.     Metrics 
    a.     Coordinates assignment  
   b.     Compaction optimization      

 A sample of the orthogonal drawing layout is shown in Figure  4.10 .     

  4.6   HIERARCHICAL ALGORITHM 

 The hierarchical algorithm is one of several solutions for fast arbitrary graph 
drawing  [1,35] . It may be applied to any connected graph, but the results for 
the acyclic directed graphs are the most compelling. This approach also implies 
the presence of hierarchical structure in the data. An arbitrary connected 
graph should be reduced to a directed acrylic graph before the hierarchical 
algorithm is applied. The main feature of the algorithm is that all edges are 
turned along the same direction. For system biology, a hierarchical layout is 
the only way to establish nodes that are top regulators in a pathway and nodes 
that are major targets in the pathway, thus visualizing the information fl ow in 
the network. 

 The aesthetic criteria for this layout are the common direction of edges (i.e. 
from top to bottom or from left to right), drawing area minimization, uniform 
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distribution of vertices in the drawing area, avoiding overly long edges, edge 
crossings minimizing, and straight - line edges  [36] . All these criteria cannot be 
satisfi ed simultaneously; for example, a straight - line edge limitation contra-
dicts the minimum area and uniform distribution. The steps of the hierarchical 
layout algorithm commonly include  [37 – 42] : assigning nodes to layers so that 
all edges are turned in the same direction, decreasing edge crossings by node 
permutation within layers, and fi nal coordinate assignment based on the edge 
length minimization. 

 Before the layout is started, the acyclic graph must be constructed from an 
input graph. This can be achieved by changing the direction of some edges 
and assigning a direction to the undirected edges. The procedure is similar to 
the st - orientation of the graph from the previous section. Source  s  and sink  t  
nodes are selected, and depth - fi rst search (DFS) is performed from s to t. 
Undirected and improperly directed edges for the DFS route are directed 
along this route and marked as non - tree edges, while the properly directed 
edges are marked as the tree edges. Another possible approach of acyclic core 
graph construction will be described later. 

 A node layering is similar to the topologic numbering (equation 
 4.20 ). Thus, for every vertex  p  a positive integer  ψ ( p ) should be ascribed in 
such a way that for every directed edge ( u , v ) ( u    =   tail and  v    =   head),  ψ ( v )    >   
  ψ ( u ). The difference  L ( u , v )   =    ψ ( v )    −     ψ ( u ) is called topologic distance between 

Figure 4.10 Orthogonal layout.



 u  and  v . The other approach is to reduce the task to the integer program 
 [38] :

    min , ,
,

ψ ψ ψ ψ δv u v u u v
u v E

( ) − ( ) ( ) − ( ) > ( )
( )∈
∑ where     (4.21)  

where  δ ( u , v )   =   minimum length function. The minimum cost fl ow or network 
simplex method may be used to solve the task (equation  4.21 ) in polynomial 
time. The fi rst step completely determines the  y  coordinates of the vertices 
that are based on the function  ψ (  p ). 

 During the second step, vertices at every layer are permutated in such a 
way that the number of edge crossings is minimized. Thus, relative vertex 
positions are determined that impose limitations to the fi nal horizontal coor-
dinates assignment. A rigorous solution of this task is  NP  - hard and different 
heuristics are used for its approximate solution. One possible approach is local 
optimization based on vertex sorting. Three successive layers are selected and 
vertex positions of the highest and lowest layers are fi xed. The vertex pairs of 
the middle layer are searched and the vertices are switched if the number of 
edge crossings is decreased. This approach is similar to the bubble sort method 
and is formulated as  O ( N  2 ). The other approaches utilize the barycenter and 
median methods  [38]  that have  O ( N ) time complexity, reduction to planar 
graph, probabilistic approach, genetic algorithm, etc.  [36] . 

 Coordinates are assigned to the vertices at the third step of the algorithm. 
Vertical coordinates are fully determined by the node ’ s layer index  ψ ( p ) at 
the fi rst step of the algorithm. Horizontal coordinates must be assigned in such 
a way that the vertex relative positions determined during the second step are 
preserved. In addition, the total length of the edges can be minimized in this 
step using the integer program (equation  4.21 ). 

 Let us summarize hierarchical algorithm that includes the following steps: 

  1.     Node layering  
  a.     Acyclic graph construction  
  b.     Topologic numbering computation    

  2.     Decreasing edge crossings  
  3.     Coordinate assignment    

 The result of the hierarchical algorithm implemented in Pathway Studio soft-
ware is depicted in Figure  4.11 .    

  4.7   ACYCLIC CORE GRAPH CONSTRUCTION 

  4.7.1   Analysis 

 Finding the dominant direction of information fl ow in densely interconnected 
regulatory or signaling networks is required in many applications in 
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computational biology and neuroscience. This is achieved by fi rst identifying 
and removing links which close up feedback loops in the original network and 
then by hierarchically arranging nodes in the remaining network. In mathe-
matical language, these tasks correspond to a problem of making a graph 
acyclic by removing as few links as possible and thus altering the original graph 
in the least possible way. Practically in all applications, the exact solution to 
this problem requires an enumeration of all cycles and combinations of 
removed links, which, as an  NP  - hard problem, is computationally intractable 
even for modest - size networks. 

 We introduce and compare two algorithms: the probabilistic one based on 
a simulated annealing of a hierarchical layout of the network that minimizes 
the number of  “ backward ”  links going from lower to higher hierarchical levels 
and the deterministic,  “ greedy ”  algorithm that sequentially cuts the links that 
participate in the largest number of cycles. We fi nd that the annealing algo-
rithm outperforms the deterministic one in terms of speed, memory require-
ment, and the actual number of removed links. To further improve a visual 
perception of the layout, we perform an additional minimization of the length 
of hierarchical links while keeping the number of anti - hierarchical links at 
their minimum. 

Figure 4.11 Hierarchical layout.
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 During the last several years, a substantial amount of information on large -
 scale structure of intracellular regulatory networks has been accumulated. 
However, the growth of our understanding of how these networks manage to 
function in a robust and specifi c manner was lagging behind the sheer rate of 
data acquisition. The fact that these networks are frequently visualized as a 
giant  “ hairball ”  (Figure  4.12 ) consisting of a multitude of edges, linking most 
constituent protein - nodes to each other, serves as a striking illustration of the 
complexity of the issue at hand.   

 To understand the functioning or even to effi ciently visualize a densely 
interconnected directed network, it is desirable to determine the dominant 
direction of information fl ow and to identify links that go against this fl ow and 
thus close feedback loops. Ordering a network with respect to the dominant 
direction of fl ow can help to determine its previously unknown inputs and 
outputs, to track back to hidden sources of perturbations based on their 
observable downstream effects, etc. A simple - minded hierarchical layout of a 
densely interconnected network is often impossible due to the ubiquitous 
presence of feedback loops. Indeed, all nodes in a strongly connected compo-
nent of a network are, by defi nition, simultaneously upstream and downstream 
of each other. However, if most feedback loops are closed by relatively few 
feedback - signaling links, the dominant direction of fl ow could still be recon-
structed based on network topology alone. The identifi cation and removal of 
these relatively infrequent feedback links would enable one to perform a 
hierarchical layout of the remaining acyclic network that still suffi ciently 
resembles the original one. 

 We introduce a probabilistic algorithm for hierarchical layout that mini-
mizes the number of counter - hierarchical links by using simulated annealing. 
This algorithm provides us with a new approach to one of the classic  NP  - hard 
problems, the search for the minimum feedback arc set  [44] , which enjoys an 
ever - present popularity and has a substantial number of approximate solu-
tions (see, for example,  [45,46]  and references therein). To evaluate the 
performance of the annealing algorithm in identifying the minimal set of 
feedbacks, we compare it to a fairly straightforward, deterministic greedy 
algorithm that sequentially cuts the links that belong to the largest number of 
cycles. It turns out that the probabilistic algorithm outperforms the determin-
istic one in better minimizing the number of removed links and memory 
requirements, while maximizing the speed. A simple visual example is pro-
vided for the situation in which the deterministic greedy algorithm is nonop-
timal. Following that, we discuss biological implications and applications of 
our fi ndings, as well as how additional constraints such as  a priori  knowledge 
of the function and therefore the hierarchical position of certain nodes may 
affect algorithm performance.  

  4.7.2   Network Layout 

 Consider a graph of  N  vertices labeled as 1,2,3,   .  .  . ,   N  and  L  as directed links 
labeled by pairs of vertices they connect,  l   i      ≡    ( n   i  , m   i  ). The goal is to distribute 
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A

B



the vertices on  M    <    N  levels so that the number of links going against the 
hierarchy, or from a lower level to the same or higher one is minimal. If the 
number of levels  M  is suffi cient (equal or larger than the longest simple graph 
path), this problem is equivalent to fi nding a minimum feedback arc set  [44] , 
or to removing as few as possible links to make the graph acyclic, or 
feedback - free. 

 A naive way to solve this problem exactly is to enumerate all cycles in a 
graph and then sample all possible combinations of links checking if they 
belong to all cycles. If one starts with enumerating individual links, then pairs 
of links, and so forth, until a removal of  l  links yield the fi rst acyclic graph, 

this sampling would require checking the   
L

ii
l ⎛
⎝⎜

⎞
⎠⎟=∑ 1

 combination of links. For 

the biologically relevant values of  L     ∼    10 3  – 10 4  and  l     ∼    10 – 10 2 , this approach is 
clearly infeasible both in terms of the complete enumeration of cycles and 
minimal feedback link sets 1 . 

  4.7.2.1   Simulated Annealing Network Ordering.     The task of fi nding the 
minimum number of counter - hierarchical or feedback links can be interpreted 
as an optimization problem and tackled by probabilistic methods such as 
simulated annealing. Evidently, more than one way to defi ne the optimization 
function exists, and after exploring several possibilities we converged on the 
following one: 

   •      For a given network, a set of  M  levels is introduced ( M    <    N , in reality, 
 M    <<    N  and is of the order of the graph diameter). Initially, all nodes are 
distributed on the levels randomly.  

   •      For a particular distribution of nodes on levels, the number of links that 
oppose the hierarchy, that is, from a lower level to the same or higher 

1 From an obvious identity,
L

ii

L L⎛
⎝⎜

⎞
⎠⎟ ==

−∑ 1

2 12 , it follows that even for fairly modest L = 102 and l = 

L/2 the number of such attempts is ∼1015.

ACYCLIC CORE GRAPH CONSTRUCTION 93

Figure 4.12 A part of the post-translational regulatory network in the human shown 
here includes 1,671 automatically and manually curated protein modifi cation interac-
tions (phosphorylation, proteolytic cleavage, etc.) between 732 proteins from our 
ResNet database [43]. Panel A contains the “hairball” visualization of the network 
structure emphasizing interconnections between individual pathways. Red edges lie 
within the strongly connected component of this network consisting of 107 proteins 
that could all be linked to each other by a path in both directions. This makes any two 
of these proteins to be simultaneously upstream and downstream from each other. In 
panel B, we optimally distribute proteins over a number of hierarchical levels. Red 
arrows represent 208 putative feedback links going from lower levels of the hierarchy 
to higher ones, while yellow ones represent 512 feed-forward links jumping over one 
or more hierarchical levels. Only proteins and links reachable from one of the 71 recep-
tors placed at the top hierarchical level were included. See color insert.
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one, is declared to be the energy  E  of the distribution, or the optimization 
function.  

   •      A node and its new level are selected at random. A difference in energy 
 Δ  E  that would occur if the node were moved to the new level is calcu-
lated. The node is moved to this new level with the probability 
min{1,exp( −  Δ  E / T )}, where  T  is the temperature.  

   •      After the network has been sampled a suffi cient number of times (of the 
order of  N    ×    M ) so that each node has an opportunity to be moved to 
every level, the temperature is reduced by a specifi c factor, usually 0.9. 
Initially, the temperature is set suffi ciently high, usually of the order of 
the average node degree  L / N , to allow unobstructed level changes.  

   •      When the temperature drops low enough to inhibit any level changes, 
the remaining ascending and same - level links are declared feedbacks and 
removed.  

   •      The whole procedure can be repeated several times to check for consis-
tency in the assignment of feedback links and to determine the solution 
with the lowest number of removed links.    

 A change of the level event and the associated energy difference is illustrated 
in Figure  4.13 .   

 The number of levels  M  could be fi xed by the requirements for a hierarchi-
cal layout. Otherwise,  M  could be determined self - consistently, by observing 
when the number of counter - hierarchical links stops decreasing, upon the 
increase in the number of levels. This is illustrated in Figure  4.14  in which a 
plot of the number of non - hierarchical links versus the number of levels is 
presented for the human protein phosphorylation network.   

Figure 4.13 Node 1 with two incoming and one outgoing link is selected to move from 
its current position on level j to a new position on level j + 2. The associated energy 
difference is ΔE = −1 − 1 + 1= −1 where two −1 contributions come from making (2,1) 
and (3,1) links hierarchical and the single +1 contribution comes from turning the link 
(4,1) from hierarchical to non-hierarchical.
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 The performance of the stochastic simulated annealing algorithm scales as 
 N    ×    M . Despite the fairly large coeffi cient required for gradual multistep 
annealing, the algorithm readily performs layouts of protein networks of 
whole organisms, consisting of  ∼ 104 nodes and  ∼ 105 links. This whole organ-
ism layout is needed, for example, for a network backtracking to the source 
of a multigene differential expression pattern, in which feedback links need 
to be removed. The counter - hierarchical links identifi ed by the annealing 
algorithm in biological signaling pathways usually are indeed feedback links 
in the biological sense. For example, in two of the most complex pathways in 
the HPRD pathway database ( www.netpath.org ), EGFR1 and B - cell receptor 
(Figures  4.16  and  4.17 ), we identifi ed fi ve and two counter - hierarchical links, 

Figure 4.14 The number of non-hierarchical links versus the number of levels M in 
the annealing layout of the combined (a union of [47] and [43] datasets) protein phos-
phorylation network in a human cell. The network consists of L = 2,880 links and N = 
1,297 nodes (proteins). The nodes with zero in-degree and zero out-degree are always 
placed on the top and bottom levels, accordingly. The leftmost data point corresponds 
to the single intermediate level (three levels total), the number of non-hierarchical 
links clearly reaches its minimum of 59 links for M > 17, which apparently is the length 
of the largest simple path.
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fi ve of which correspond to Dephosphorylation and one to Ubiquitination, 
which are biological feedback mechanisms.  

  4.7.2.2   Greedy Algorithm.     To illustrate advantages of the proposed anneal-
ing method, we compare it to a  “ greedy ”  algorithm which performs the  “ steep-
est descent ”  in the number of cycles. We implemented it in the following 
way: 

   •      By enumerating all cycles in a graph, each link is assigned a score equal 
to the number of cycles of which it is a member.  

   •      The link with the highest score is removed. When several links have the 
same highest score, a link to be removed is randomly selected among 
them.  

Figure 4.16 Hierarchical layout of EGFR1 from the HPRD pathway database. The 
counter-hierarchical links are shown in red. See color insert.



Figure 4.17 Hierarchical layout B-cell receptor pathways from the HPRD pathway 
database. The counter-hierarchical links are shown in red. See color insert.

   •      The score of each remaining link is reduced by the number of cycles that 
pass through this link and were cut in the previous step.  

   •      The procedure of link removal and score reduction is repeated until no 
cycles remain (which means that scores of all links become zero).    

 Cycle enumeration can be implemented by following all paths that originate 
from a given vertex and recording only the cycles that come back to this 
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vertex. The procedure is repeated for each of the  N  graph vertices: evidently, 
each cycle of length  C  is counted  C  times and a proper normalization is per-
formed. Naturally, the performance of the greedy algorithm is limited in terms 
of speed and memory requirement of the cycle enumeration step. 

 An example of network where the greedy algorithm performs fl awlessly is 
shown in Figure  4.15 . In this example, the link (3,1) carries a maximum score 
of 2. A removal of this link indeed makes the graph acyclic, while a removal 
of any other than the (3,1) link would require the subsequent removal of the 
second link to achieve the same goal. However, one would suspect that as any 
 “ steepest descent ”  method, the proposed greedy algorithm, performing a 
sometimes near - sighted, local one - step optimization, may miss the globally 
optimal solution. This is indeed often the case for bigger and more complex 
graphs; a fairly simple example of nonoptimal performance of the greedy 
algorithm is given in Figure  4.18 .      

  4.8   COLLAPSING PROTEIN MAPS 

 Some recent reviews  [48 – 51]  reveal new trends in protein – protein network 
visualizing. It was proposed that a huge amount of data (thousands of nodes 
and edges and more) should be processed during pathway analysis. It greatly 
affects the throughput of many algorithms as they have considerable time 
complexity. In addition, rather cluttered drawings produced by well - known 
algorithms hardly allow visual analysis. 

 The main idea behind the collapsing protein map algorithm is to 
collapse some parts of the graph into subgraphs based on specifi c heuristic 
criteria. It was proposed to collapse subgraphs and process them as single 
components  [48] . The fi rst candidates for such collapsing procedure are 

Figure 4.18 An example of a network in which the greedy algorithm fails to determine 
the optimal solution. The link (1,2) carries the highest score 3 and thus is cut fi rst. 
However, three 2-node cycles {2,3}, {2,4}, and {2,5} remain to be eliminated, after which 
the number of removed links becomes 4. The optimal solution would be to cut only 
three links (2,3), (2,4), and (2,5) each carrying the score 2. This optimal solution has 
almost always been found by the annealing algorithm.
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cliques — the full subgraphs (i.e. a group of nodes completely connected 
to each other) and groups of nodes with the same interactions  [48,49] . A 
similar idea of modular decomposition points out sub - complexes and shared 
components  [50] . 

 The idea may be extended and generalized for any algorithm that identifi es 
network clustering. For example, LinLog can be used. A more complex 
approach may utilize the Markov Cluster Algorithm  [13]  that allows custom-
ization of the  “ strong connectivity ”  concept or other concepts to collapse 
strongly connected components of the graph into subgraphs. 

 The collapsing graph based on the network topology (e.g. network clusters) 
is one way to decrease computational cost and improve drawing readability. 
A more adequate approach should use hierarchical biological knowledge 
about protein functional classes and pathways to collapse a network map into 
a smaller set of nodes representing protein classes or sub - pathways. The clus-
tering technique can be also applied here. Nodes in the sub - pathway can be 
connected by virtual links invisible to the user. It allows an increase in con-
nectivity of the sub - pathways relative to the other graph. Certain clustering 
algorithms (LinLog, MCL, etc.) keep the vertices of the sub - pathway together. 
After collapsing, direct force or any other method may be applied to lay out 
the whole graph and subgraph independently. These approaches highly sim-
plify the drawings of the large graphs, while focusing on their biological struc-
ture. At the same time, it should provide a much better performance as weakly 
connected components are processed independently.  
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  5.1   INTRODUCTION 

 Recent advancements in biological sciences and emergence of new experimen-
tal techniques and platforms are commonly recognized as crucial ingredients 
for making a quantum leap in understanding the cellular processes at molecu-
lar level, elucidating disease mechanisms, and discovering new and effi cient 
therapies. Large amounts of information have been accumulated and the rate 
of data generation continues growing. Even a simple inspection of NCBI 
database ( http://www.ncbi.nlm.nih.gov ) statistics shows that the amount of 
collected data increases exponentially over time, whether it is raw genomic 
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information (such as total number of DNA bases or total number of 
sequences recorded) or functional information such as the number of 
whole - genome microarray experiments. The very number of molecular 
biology databases themselves continues growing and more than a thousand 
are now listed  [1] . The trend for exponential growth of information is in 
fact very broad and universal, and with the cost of obtaining data ever 
dropping there is no reason to believe that the pace is going to slow 
down anytime soon. It is thus an unexpected and disappointing situation that 
despite a number of striking successes, the overall rates of introducing 
new drugs and FDA approvals have dropped over the past decade. The 
slower trends for utilizing new mechanisms and for developing new drugs 
against novel targets as compared to re - engineering  “ old ”  drugs are especially 
discouraging  [2 – 4] . 

 In order to fully realize the  “ promise of genomic revolution, ”  multiple 
challenges still have to be met by various aspects of the research and 
drug discovery processes both in academic and industrial settings. These 
challenges arise at all steps of the process: data acquisition, storage, and 
mechanistic database - level integration; presentation and visualization of 
large amounts of heterogeneous data, data analysis, extraction of complex 
information present in high - throughput (HT) datasets, and hypothesis 
generation. For instance, with rapid improvement of experimental techniques 
and emergence of novel ones, our databases have to keep pace with 
the increasing amount of data. To make the data useful and to provide the 
framework for data interpretation by the researchers, we must be able to 
keep these data organized, easily retrievable, and available for nontrivial 
querying. The data should be effi ciently cross - linked and conveniently 
integrated with existing annotations. Finally, advanced data analysis 
techniques adequate to the volume, dimensionality, and hidden structure of 
the data must be applied to extract meaningful statistical and biological 
information. 

 It ought to be stressed that, naturally, there is no  “ consensus ”  approach to 
the data analysis and that it is, of course, unlikely in general that a single 
winning approach will ever exist. There are very different questions to be 
answered and different trade - offs offered by various methods. Identifying 
functional roles of genes and proteins in specifi c phenotypes, fi nding signature 
patterns (e.g. in gene expression) that strongly associate with specifi c pheno-
types (diagnosis) and can predict clinical outcome (prognosis), elucidating 
molecular mechanisms and pathways — these are only a few examples of the 
broad range of applications. The properties of HT datasets are subject to 
active research and while a number of plausible and promising models were 
already developed, much better understanding and more powerful models are 
required. The complexity and inherent structure of the data are still poorly 
understood, even overlooked in some cases. Therefore, both further funda-
mental research and translational studies are of great importance (see for 
example Clarke et al.  [5]  for the extensive review from the perspective of 



translational science of the use of HT data in diagnostic and prognostic 
applications). 

 Among various analysis types, pathway analysis is an emerging paradigm 
in systems biology that aims at better integration and interpretation of HT 
data and deeper understanding of the underlying biological processes from 
the causal standpoint. It has been argued  [6 – 10]  that pathway analysis is also 
a critical ingredient for improving effi ciency of drug development process, 
since HT experiments are necessary for drug action validation and under-
standing of disease mechanisms. These data have to be analyzed to evaluate 
drug effi cacy as well as to identify drug targets, whereas pathway analysis helps 
to understand the biological function of responsive genes by identifying either 
known pathways or major regulators and targets involved. 

 Like other broad classes of approaches, pathway analysis is not defi ned by 
a specifi c collection of methods (although some techniques and models may 
be more common than others), but rather by its conceptual framework and 
goal. This goal is to elucidate molecular pathways: to reconstruct the sequence 
of molecular events, the actual fl ow of signals (in regulatory networks) and/or 
intermediates, nutrients or other chemicals (in metabolic networks) that might 
have resulted in the observed data and, ultimately, are responsible for the 
specifi c phenotype or disease. It should be stressed that pathway analysis 
nevertheless does not replace or supersede other methods. While it is true that 
we may want to know  “ the reason behind everything ”  (which is still a distant 
goal), applying pathway analysis can be impossible, impractical or simply not 
helpful for some purposes. For instance, pathway reconstruction may require 
much more data and processing power than sample classifi cation, while such 
classifi cation may be all that is needed for diagnostics applications, which 
should be fast and cost - effi cient. 

 In this chapter, we will specifi cally review concepts and methods relevant 
for the pathway analysis of high - throughput datasets. The standard analysis 
techniques commonly used for the analysis of large - scale datasets on their own 
are well beyond the scope of this chapter, and so is the discussion of different 
types of available datasets and their relative advantages and drawbacks. In 
the following discussion, we will assume, for the sake of certainty, that the 
dataset is microarray - based expression profi ling (differential expression) data. 
Since this is one of the older, more common, and more established types of 
HT experiments, the analysis methods discussed here were also initially 
developed with expression data in mind. In many cases, these methods can 
be directly used with or easily generalized to different HT datasets, such as 
protein expression data, genome - wide methylation assays, large - scale meta-
bolic profi ling screens, and so on. Hence, we invite the reader to think of ref-
erences made here to microarray data as a primer intended to illustrate general 
concepts with concrete examples. We also assume that the reader is well 
familiar with standard microarray data analysis techniques, such as normaliza-
tion, calculation of differential expression  p  - values, hierarchical clustering, 
etc., and do not review them here.  
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  5.2   PATHWAYS, NETWORKS, AND NETWORK MODULES 

 The structure and functioning of a cell at the  “ pathway ”  level provide relevant 
and adequate description for understanding biological processes, addressing 
physiological differences between developmental stages, tissues, environmen-
tal responses or normal/disease conditions, and designing novel therapies. As 
simple and natural as this statement may sound, it should not be taken lightly. 
Cellular pathway is an intuitive concept that is diffi cult to defi ne rigorously. 
Here, we will understand a pathway as a collection of molecular biochemical 
entities (enzymes, scaffold proteins, DNA and RNA molecules, metabolites, 
etc.) acting in concert to perform certain cellular function. Examples of such 
actions include sensing changes in the cell state or in the environment, provid-
ing a channel for the transduction of this information toward the cellular 
effectors or outside of the cell (intracellular signaling, intercellular signaling 
in multicellular eukaryotes or community sensing in bacteria), helping to 
synchronize different subunits and processes, providing cellular checkpoints, 
and executing a sequence of chemical reactions (e.g. metabolic pathway). At 
the molecular level, performing these tasks requires, and is enabled by, ele-
mentary biochemical events such as interactions, chemical modifi cations, 
enzyme activation or inhibition. Thus, these events should be considered an 
integral part of a pathway along with the constituting entities. 

 A pathway therefore can be formally thought of as a collection of  “ nodes, ”  
representing biochemical entities, connected by edges that represent 
interactions (e.g. protein – protein and protein – DNA binding), regulation 
events (e.g. transcriptional control), or modifi cations (such as phosphorylation 
of a substrate by a kinase). In the systemic context of a global bimolecular 
network — a graph consisting of all cellular molecular entities and all possible 
molecular events linking them — a pathway is a subgraph (subnetwork). 
However, not any subnetwork can be a pathway. According to our defi nition, 
it is the actual fl ow of information (signal) and/or chemical reaction fl ow 
in a specifi c condition at specifi c time that elevates part of a network to a 
pathway. Given this function - centric defi nition, a meaningful question 
is whether such functional pathways are  “ etched ”  somehow into the very 
structure of the global cellular network of all molecular events. In other 
words, one may ask if the global network is comprised of a number of well -
 defi ned, almost independent, and isolated modules. Such modules, if existed 
(and if conceivably small) would fi t very well into a simplistic model of a 
pathway. 1  Notably, it would be possible in this case to predict pathways 
by simply analyzing the network structure. Alternatively, the global network 
could be completely  “ amorphous ”  and structureless if viewed statically, 
and existence and functioning of dedicated  “ pathways ”  could be a purely 

    1     Note that alternative interpretations are possible depending on the kind of the network consid-
ered: for instance, a dense cluster, or  “ module, ”  in a protein – protein binding network may be 
better interpreted as a putative protein complex.   



dynamical effect driven by stoichiometry through fi ne - tuned co - expression, 
co - localization and co - activation of only required components of the cellular 
machinery. 

 With the emergence of global biomolecular network datasets available both 
from HT experiments and large - scale mining of peer - reviewed scientifi c litera-
ture, topological structure of biomolecular networks has been a subject of 
active research. Existing results indicate that neither of the two extreme cases 
outlined above is realized: biological networks were repeatedly shown to be 
scale - free and to lack a structure characterized by well - defi ned, (almost) inde-
pendent, and isolated modules  [11 – 16] . Instead, hierarchical organization of 
dense, highly connected structures is observed, with smaller blocks combining 
into larger super - blocks across all scales  [17] . It is indeed possible to identify 
some modules (or  “ communities ”  using language borrowed from the theory 
of social networks) in biomolecular networks using various approaches 
 [18 – 22] . These modules are somewhat better identifi able in protein – protein 
interaction networks (where they usually correspond to protein complexes), 
while there is currently lesser evidence for reliable extended modules in 
regulatory (signal transduction) networks. 

 Although the sensitivity of some of the methods used to identify network 
modules was questioned recently  [23] , and their results may be biased by dif-
ferent availability and coverage of known interaction and regulatory networks, 
it does appear that only weak partial modularity is imposed by structure of 
the global network alone. It is also interesting in this context that a pathway 
building approach was suggested that does not use any  “ clustering ”  or  “ modu-
larity ”  criteria at all but relies on annotations  [24] . In this approach, heuristic 
rules are applied to extract putative signaling pathways from the global 
network as paths connecting receptors and ligands to downstream effectors 
(transcription factors). It has been further demonstrated that pathways auto-
matically reconstructed using this procedure exhibit large and signifi cant (but 
still far from 100%) overlap with known, manually curated ones. To summa-
rize, analysis of the structure of biomolecular networks, although undoubtedly 
helpful, cannot be used alone to predict pathways. Additional information, in 
the form of general (function, localization, etc.) and condition - specifi c (mRNA 
expression levels) annotations is required.  

  5.3   ROBUSTNESS AND TRANSCRIPTIONAL PLASTICITY 

 The observations outlined in the previous section are in line with current 
understanding of the organization of biological processes. Indeed, the original 
appeal of intuitive picture of suffi ciently isolated and well - defi ned modules 
comes from a handful of  “ classical ”  textbook pathways. Apparently, they are 
the best - studied ones and the most common — in a sense that the signaling 
does follow these specifi c routes in the course of most fundamental and 
common cellular responses. However, these pathways are not truly isolated 
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at the level of global network structure — and as the most basic integrating 
signal conduits onto which multiple external stimuli converge, they should not 
be. This view is supported by continued discoveries of novel interactions 
between and modulators of classical pathways;  “ noncanonical ”  signaling, 
including alternative sub - localization and activation as well as dosage com-
pensation between homologues, is being described for many pathways, even 
such fundamental ones as MAPK  [25] . 

 This complexity and dynamical nature of the pathways refl ects robustness, 
a fundamental characteristic of biological systems. Robustness is understood 
here as a  “ property that allows a system to maintain its functions against 
internal and external perturbations ”  (as defi ned by Kitano  [26] , where more 
references to the relevant work on the subject can also be found). Within this 
paradigm, it is argued that it is the high - level functions (such as energy and 
nutrient balance) and homeostasis of a cell or an organism as a whole that 
biomolecular machinery attempts to maintain. The stability and homeostasis 
of various subsystems (e.g. individual pathways) are not required and, in fact, 
are not maintained. The cell is  “ healthy ”  (from its own standpoint, even if it 
is a tumor cell) as long as it can maintain its state and/or proliferate, with its 
subsystems shifting through different steady states or unstable regimes as 
needed in response to different environmental cues. 

 A mechanism ensuring robustness of biological systems can be provided 
by transcriptional plasticity. This relatively novel notion was put forward as 
it was observed with the advent of large - scale transcription screening tech-
niques that changes in mRNA expression profi les occur on a global scale 
rather than in a small group of dedicated genes when cells adjust to specifi c 
external or genetic perturbations  [27] . It was further demonstrated in yeast 
model that despite exhibiting very different global gene expression patterns, 
mutants with different lesions at the same level in the MAPK pathway still 
possessed very similar invasive growth phenotype  [28] . The latter result can 
be viewed as robust global (phenotypic) attractor state realized through very 
different molecular (transcriptional) confi gurations. The transcriptional plas-
ticity itself may be considered a manifestation of redundant paralogs that 
provide functional backup for one another in case of mutation or external 
challenge  [29] . Indeed, as it was shown by Kafri et al.  [29] , paralogs with the 
most effi cient backup capability exhibited only partial overlap of their regula-
tory motifs. These paralogs were expressed dissimilarly in most growth condi-
tions (due to the differences in their regulatory motifs), but were the most 
susceptible to transcriptional reprogramming and thus readily provided backup 
functionality. Finally, the question of the extent to which transcriptional 
response to various stimuli is  “ hardwired ”  through evolution was recently 
addressed by Stern et al.  [30] . The authors engineered yeast cells to present 
them with a severe challenge that they never encountered before, and dem-
onstrated that the cells adapted to the perturbation through global transcrip-
tional reprogramming over a few generations. Interestingly, large fractions of 
the responding genes were non - reproducible in repeated experiments, thus 



suggesting individual rearrangement of transcriptional program passing 
through global shake - up and instability. 

 It should be also mentioned in this context, that the concept of transcrip-
tional plasticity is actually related to the theory of regulatory divergence. This 
hypothesis proposes that protein (functional) divergence alone is insuffi cient 
to account for extensive differences observed between species, and that many 
adaptations may have arisen from changes in gene regulation rather than in 
gene function (see Fay and Wittkopp  [31]  for an excellent review). In other 
words, it was suggested that regulation rather than function may be an impor-
tant target of evolution and that development of new regulation patterns has 
strong effect even if function of participating proteins is only slightly affected. 
In this context, transcriptional plasticity is a similar mechanism acting at the 
organismal level: while the evolution modifi es regulation patterns globally to 
adapt species, these evolved patterns are fl exible enough and can be modu-
lated in an organism to adjust to local environmental changes.  

  5.4   OVERLAP METHODS 

 The most commonly used method in the pathway analysis of HT datasets is 
to process the data using any of the standard statistical methods and then to 
evaluate the obtained results in a biological context. The simplest procedure 
for such evaluation is to quantify the signifi cance of the overlap between the 
set of differentially expressed genes (or other features) detected in the data 
and any number of externally and independently defi ned annotation groups, 
or classes. The logic behind this approach is straightforward and intuitive: 
assume that the total of  N  genes was measured in the HT experiment. Analysis 
of the dataset results in a gene list consisting of  K  genes — for instance, genes 
differentially expressed according to some criteria (e.g. differential expression 
 p  - value cutoff, combined  p  - value and fold - change cutoff, etc.). Let us now 
assume that genes are also annotated independently with a discrete set of 
group labels (or classes)  L i  , so that each label is assigned to some number 
 n ( L i  ) of genes (in other words, these  n ( L i  ) genes belong to a group, or class, 
 L i  ). Note that the selection of differentially expressed genes effectively imposes 
additional, experiment - specifi c annotation label  L D  , such that differentially 
expressed genes can be thought as  “ annotated ”  with this label and the number 
of genes so annotated is  n ( L D  )   =    K . A meaningful question is whether there 
is an association, for a gene, between being differentially expressed and 
belonging to any particular group  L i  , i.e. whether the group  L i   is enriched with 
differentially expressed genes. 2  

 Let  k i   be the number of genes common between  K  differentially expressed 
genes and  n ( L i  ) genes annotated with  L i  . If there were no association what-
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soever between  L i   and  L D  , this situation could be viewed as the two labels  L i   
and  L D   being assigned to the subsets of  n ( L i  ) and  n ( L D  ) genes, respectively, 
selected completely randomly and independently from the original set of all 
 N  genes. Still, some number  k i   of genes could be selected twice (i.e. assigned 
 both  labels) purely by random chance. However, if the observed  k i   is suffi -
ciently greater (smaller) than the value expected by chance, then the data 
suggest positive (negative) association between the labels, i.e. genes from 
group  L i   have a tendency to be (to be not) differentially expressed. The degree 
of the confi dence in favor of such association depends on  N, K, n ( L i  ) and  k i   
and can be quantifi ed using statistical tools of contingency tables and Fisher 
(hypergeometric) test (for exact answer) or  χ  2  - test (for asymptotically accu-
rate approximate answer). Regardless of specifi c statistical test, computational 
algorithm, or scoring method used (raw  p  - value of the overlap signifi cance, 
 z  - score, etc.), we refer to the whole class of such approaches and software 
tools as  “ overlap ”  tests, since it is the signifi cance of the overlap  k i   between 
the two groups that is ultimately evaluated. 

 In practice, annotations used most often as labels  L i   are GO ontology terms 
(especially functional categories and biological processes) and pathway anno-
tations (KEGG, BioCarta, GenMAPP)  [32 – 36] . It is the latter use that makes 
these general approaches and tools important in the context of the pathway 
analysis. On the positive side, the overlap methods are intuitive, simple and 
computationally inexpensive. Since the fi nite overlaps with known, fi xed, and 
usually heavily curated annotations are sought, the results of such analysis are 
easily interpretable: an observation of statistically signifi cant number of dif-
ferentially expressed genes in a given pathway suggests the involvement of the 
pathway in the process or disease under investigation. 

 The overlap methods, however, suffer from some inherent weaknesses. 
The fi rst principal problem lies in the fact that the HT dataset has to be 
fully analyzed and gene lists (differentially expressed genes, or clusters of 
co - expressed genes, etc.) must be preselected. Selection of a gene list from 
the set of all (measured) genes always involves an arbitrary cutoff, with 
different cutoff values resulting in different lists (for instance, genes with 
differential expression  p  - values  < 0.0001 may be selected into the gene list, 
or gene co - expression clusters can be defi ned by drawing a cutoff line at 
an arbitrarily chosen level in the hierarchical clustering tree, etc.). It has 
been observed, however (see Pavlidis et al.  [37,38] ), that when simple overlap 
tests are applied to such lists, the results (i.e. the signifi cance scores for the 
over - representation of differentially expressed genes in specifi c annotation 
groups/pathways and the very identities of groups/pathways exhibiting 
such over - representation) are unstable and may depend strongly on the cutoff 
chosen at the earlier stage. Namely, suppose that genes with some differential 
expression  p  - value  p  1  are selected into a list  D  1 . Let us now try to select 
genes with  p     <     p  2  into another list of  “ differentially expressed ”  genes  D  2  
(clearly, if  p  1     <     p  2  then  D  1  is simply a subset of  D  2 ). If a specifi c pathway is 
signifi cantly enriched with genes from  D  2  but not from  D  1 , it is unclear how 



this information should be interpreted. The question of which of the cutoffs 
(and lists) is  “ better ”  cannot be answered in a satisfactory way using solely 
statistical approaches, since there is often no objective criterion for cutoff 
selection. 

 The second limitation of overlap tests comes from the fact that they rely 
on pre - existing annotations. Functional annotations (such as GO) are more 
universal, stable across multiple conditions and are indeed available for large 
share of the genes. However, as we have discussed earlier, a pathway is a 
dynamical notion and only a relatively small number of fundamental, canoni-
cal pathways are known to be stable enough to serve as generic annotations. 
The number of these  “ textbook, ”  manually curated pathways is in the hun-
dreds (note that even they, despite containing a  “ consensus ”  core, may be still 
 “ fuzzy, ”  due to pathway cross talk, noncanonical signaling, etc). Comparing 
the number of available pathway annotations with 20,000+ genes, numbers of 
splice variants available for many genes, and the numbers of cell types/tissues 
where the same genes or their splice variants may play different roles, we 
conclude that most pathways remain unannotated so far, and that even if all 
pathways were universal and well defi ned, the sheer number of all pathways 
for all genes would probably preclude us from creating an extensive curated 
pathway annotation database, unless some automated methods are used. 
Moreover, even if we could build such comprehensive database, it would have 
to keep multiple closely overlapping variants of same pathways. It would be 
then very diffi cult to observe a signifi cant overlap with a pathway or to be able 
to choose between redundant highly overlapping pathway variants, no matter 
what the experimental data are. Indeed, the larger the number of different 
pathways, the higher the chance of observing strong overlaps with a few of 
them purely by a random chance in any HT dataset. To fi ght increasing false 
discovery rate, multiple testing corrections have to be introduced, which can 
adjust properly the signifi cance values and wipe out most of the results as 
insignifi cant. Finally, due to transcriptional plasticity and robustness of bio-
logical systems, such extensive set of well - defi ned pathways may not even exist 
in principle in a stable and universal form suitable for generic annotation. 
Hence, for the specifi c purpose of pathways analysis, overlap methods can 
only provide a fast answer with respect to involvement of a limited number 
of well - defi ned fundamental pathways.  

  5.5   GROUP SCORING METHODS 

 As we have just discussed, the results of overlap methods depend on the 
(arbitrary) choices made at preceding analysis steps. Another closely related 
problem of overlap methods is that additional evidence provided by the bio-
logical context is not used to adjust confi dence levels for the experimental 
measurements because the analysis of the HT dataset is completed, and gene 
list is selected prior to functional analysis. Consider a situation, when some 
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specifi c pathway  P  is truly affected in the disease, and most of the genes from 
that pathway are up - regulated, but the changes in their expression levels are 
relatively small. In this case, these small changes might not be discernible at 
the individual gene level due to inherent biological variation between samples 
and noise present in HT experimental data. As a result, when the dataset is 
analyzed solely on the level of individual genes by calculating their differential 
expression  p  - values, all genes from the pathway  P  may get poor individual 
 p  - values. None of them will end up in the preselected list of differentially 
expressed genes. Applying overlap analysis to this list will thus never turn  P  
out as an affected pathway because the overlap is zero. Therefore, it would 
be a desirable and much more sensitive model, in which an event when a 
handful of  functionally related  genes (e.g. genes from the same pathway) 
exhibiting  consistent  expression pattern becomes signifi cant, even if the indi-
vidual changes are small. 

 This problem is solved by  “ group scoring ”  approach. Within group scoring 
methods, the data can be preprocessed (for instance, differential expression 
 p  - values can be computed), but, importantly, arbitrary cutoffs are not applied, 
no  “ fi nal call ”  is made and no  “ list of interesting genes ”  is preselected. Instead, 
the experimental data available for  all  the genes are considered. Regardless 
of the specifi c type of data used in any particular method of this broad class 
(differential expression log - ratios,  p  - values, signal - to - noise ratios), all these 
data are compared across different pathways. The background (expected) 
distribution can be estimated, either analytically or by resampling, and conse-
quently the method can determine whether the distribution of the data actu-
ally measured for the pathway  P  is signifi cant. It is not absolutely necessary 
to compare raw distributions as well, as one may choose a suitable statistics 
and use it as a score function. For instance, average log - ratio for all genes 
constituting a pathway can be used and compared to the expected value of 
average log - ratio of a randomly selected set of genes. Importantly, this pro-
cedure is objective as it does not depend on any arbitrary cutoffs chosen in 
advance. One can say that it is expression of pathways (or other annotation 
classes) that is evaluated by group scoring methods rather than the expression 
of individual genes. 

 One early approach for group scoring was outlined  [39] , where distributions 
of gene expression log - ratios observed within groups of functionally related 
genes were compared to the total distributions of log - ratios observed on the 
whole arrays. A few different scoring functions were later explored  [37,38]  for 
the purpose of ranking and comparison of annotation classes. Gene Set Enrich-
ment Analysis (GSEA) method  [40,41]  belongs to the same class of models 
and uses modifi ed Kolmogorov – Smirnov test to evaluate the statistical signifi -
cance of the differences between the distributions of expression values within 
predefi ned groups of genes (termed  “ gene sets ” ) and the distribution of all 
the expression values measured on the microarray. GSEA uses its own custom -
 built collection of gene sets (but can work with any annotation classes in 
principle, such as GO), and its implementation can estimate the false discovery 



rate. Most importantly, group scoring methods can indeed detect subtle 
but consistent changes in gene expression at pathway level as it was the 
case, e.g. for the group of oxidative phosphorylation - related genes discovered 
by GSEA in the studies of human diabetes  [40] . It should be noted, however, 
that due to the choice of Kolmogorov – Smirnov test as the statistical 
vehicle for calculation of the signifi cance of difference between two distribu-
tions, GSEA can evaluate only relatively large groups of genes. It was 
also reported that original GSEA underperforms in some situations and 
multiple interesting extensions and modifi cations are being developed (e.g. 
 [42 – 44] ).  

  5.6   PATHWAY ANALYSIS IN BIOLOGICAL NETWORK CONTEXT 

 Group scoring methods discussed in the previous section are powerful, sensi-
tive, and free from inconsistencies that arise when arbitrary cutoffs are used 
in HT data analysis. However, they still share a weakness with overlap methods: 
a requirement for external annotations, a set of predefi ned, curated pathways 
to be evaluated for signs of signifi cant expression. Hence, group scoring 
methods are an excellent choice for assessing signifi cance of relatively small 
number ( “ small ”  here stands for hundreds, even thousands) of well - defi ned 
canonical pathways (or rather their consensus  “ cores ” ), handpicked reference 
set of disease - specifi c pathways and so on. 

 Furthermore, pathway annotations used in overlap or group scoring 
methods are simply class labels that keep no information about causality and 
hierarchy of events, the interplay between different components of the 
pathway, order of their activation, etc. Results obtained with these methods 
do not provide any direct insight into the mechanism, or  how  the pathway 
works. Instead they just reveal the  identity  of the potentially affected pathway 
while the details of the functioning of the annotated pathways are assumed to 
be known  a priori . To interpret the data at pathway level in the most general 
case, the physical structure that enables pathways — the biomolecular 
network — should be taken into account. 

 Since the structure of the network on its own does not unambiguously 
defi ne pathways, integration of static networks of interaction, promoter -
 binding, protein modifi cation, and other elementary molecular events with 
dynamic HT experimental data that provide a snapshot of the system under 
specifi c conditions is required for pathway reconstruction. While unbiased and 
accurate  de novo  inference of activated regulatory and biochemical cascades 
dynamically emerging in response to internal and external stimuli is still a 
distant goal, a number of feasible and meaningful approaches following this 
general direction were demonstrated. For instance, Gunsalus  et al .  [45]  used 
the integration of co - expression data, phenotypic profi les, and interaction 
network as a basis for prediction of putative  “ molecular machines ”  involved 
in  C. elegans  early embryogenesis. 
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 A group of methods relevant for pathways analysis can be characterized by 
using network knowledge  a priori  during the initial stages of HT data analysis. 
Thus, it was proposed to use in gene expression clustering a modifi ed inter -
 gene distance measure depending on both expression profi le correlation and 
the distance between the genes in the interaction network  [46] . With such 
combined measure, a pair of genes is considered closer to each other at the 
same level of correlation between their expression profi les if these genes also 
physically interact. As a result, clusters of co - expressed genes obtained using 
such metrics tend to contain genes that are also neighbors in the network. This 
procedure was demonstrated to result in more compact clusters, which better 
matched specifi c pathways known to be affected in the experiment. In a 
related approach  [47] , a Bayesian likelihood model was developed for fi nding 
optimal clusters based on co - expression and interaction information. The 
conventional clustering based on correlations between gene expression pro-
fi les was used in this model to seed the partition into clusters, and then itera-
tive expectation - maximization procedure was employed to optimize the 
clusters in the context of interaction network. Yet another technique was sug-
gested  [48]  where multi - body correlations were computed using superpara-
magnetic clustering algorithm  [49] ; genes were sought that comprised a module 
in protein – protein interaction network and at the same time exhibited high 
correlation strength in gene co - expression network. Spectral decomposition 
of gene expression profi les with respect to eigenfunctions of the graph repre-
senting biomolecular network  [50]  is also a promising approach with potential 
applications in pathway analysis, as high - frequency components of expression 
profi les with respect to network topology (presumably noise) are suppressed, 
while retained components are more consistent with the underlying network 
structure and thus should better represent patterns of activation and suppres-
sion of individual genes at pathway level. 

 In contrast to approaches where clustering or other processing of gene 
expression profi les is augmented by  a priori  additional information provided 
by biological network, a class of more direct methods try to perform an oppo-
site task: identify a compact and consistent connected module in the network 
using the expression information (or, in general, any other HT data). The 
concept of these methods, in principle, strictly follows the pathway analysis 
paradigm: while the network itself does not defi ne pathways, it enables them 
by providing the  “ wiring ”  along which the signal can fl ow. Overlaying large -
 scale, condition - specifi c snapshot (such as expression dataset) onto the network 
should in principle make it possible to see how the pathways emerge in that 
specifi c state of the system. A classical model of this class was introduced in  
 [51]  (see also Ideker  [52] ), where a cumulative scoring function was suggested 
to quantify the signifi cance of expression changes observed across a set of 
genes, thus making the model related in this respect to group scoring analysis 
methods discussed in the previous section. The principal difference from group 
scoring approach, however, was that an annealing algorithm was used to itera-
tively fi nd subnetworks (termed  “ active subnetworks ”   [51] ) in the protein 



interaction network that optimize the scoring function. Thus, in contrast to 
overlap or group scoring analysis methods, there are no fi xed, predefi ned 
groups of genes in this approach, but rather the  “ most relevant ”  groups are 
sought and updated dynamically (defi ned as a set of proteins in the active 
subnetwork at the current step of the iterative optimization procedure). 
Importantly, the network imposes strong constraint in this approach, as only 
connected active subnetworks are sought, which in principle is more relevant 
for pathway prediction. 

 It is important that while taking into account  connections  present in the 
biomolecular network, many existing methods do not take into account the 
 connectivity , namely, the number of connections made in the network by a 
given gene or protein. For instance, within the framework used by active 
subnetwork algorithm  [51] , the hubs (proteins with very large number of con-
nections, which are always present in scale - free biomolecular networks) have 
larger probability to have a few of low  p  - value, highly expressed, or otherwise 
 “ interesting ”  genes among their neighbors by random chance. Hence, two 
otherwise independent subnetworks enriched with these  “ interesting genes ”  
may accidentally touch the same hub. A naive algorithm that tries to fi nd such 
 “ active subnetworks ”  through iterative optimization procedure can be prone 
to combining these two subnetworks connected through a hub into one. The 
Signifi cant Area search algorithm  [53]  was developed to avoid this problem —
 it implements a similar logic of iterative search for a subnetwork that opti-
mizes a scoring function (statistically sound score function based on Fisher ’ s 
inverse  χ  2  test is used), but also employs a greedy selection procedure based 
on local network topology to penalize connections through unspecifi c hubs. 
The problem of hubs was also recognized  [54] , where the scoring function of 
active subnetwork algorithm was modifi ed to explicitly downplay connections 
that could be made by a random chance through hubs. 

 Network connections and connectivity are also explicitly taken into account 
in Network Enrichment Analysis (NEA) algorithm  [55] . Given a regulatory 
network, this method fi rst defi nes sets of targets of every regulator in the 
network as  “ groups, ”  and then evaluates the signifi cance of the difference 
between distributions of gene expression log - ratios within each such group of 
targets and the effective distribution constructed for the whole microarray. 
The latter step is similar to other group scoring approaches such as GSEA, 
but the effective baseline distribution of log - ratios on the microarray is built 
in such a way that it downplays the signifi cance of hubs. Note that the regula-
tors themselves can be activated non - transcriptionally and don ’ t have to be 
differentially expressed to be reliably identifi ed by this method. The  “ signifi -
cant regulators ”  discovered with this algorithm, i.e. the regulators, for which 
their targets, as a group, exhibit overall signifi cant deviation of expression 
levels from the background, can provide a fi rst step in a bottom - up reconstruc-
tion of extended pathways consisting of a few levels of signal transduction. 
This method can be also viewed as  “ local ”  network analysis as each regulator ’ s 
immediate downstream neighborhood is analyzed individually, in contrast to 
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more  “ global ”  approaches such as active subnetwork and related algorithms. 
Indeed, the optimal subnetworks determined self - consistently by the latter 
methods tend to be quite large in practice (hundreds of nodes) and may 
require further manual downsizing and cutting into smaller, more manageable, 
and more specifi c pathways. 

 Another promising global approach is provided by the Markov Random 
Field - based model  [56] . Namely, it assumes that hidden true expression 
changes associated with genes in the network are observed, with some proba-
bility of an error, in the HT experiment. On the other hand, the true hidden 
values should be as consistent as possible with physical edges (interactions, 
regulation events, etc.) in the network. Finding the optimal assignment of 
true expression changes that provides simultaneously an explanation for the 
experimental observations and fi ts the network - imposed consistency con-
strains also represents a step toward mechanistic, pathway - level interpretation 
of the data.  

  5.7   CONCLUSIONS 

 Pathway analysis approach presented in this chapter is a broad framework 
that is still being actively developed. Overlap and group scoring methods are 
conceptually relatively simple, well understood, and already used commonly 
and successfully. Improvements and extensions in the existing collections of 
curated pathways should make these methods, especially more robust group 
scoring approaches, even more useful. We have also argued that  “ pathway ”  
is a dynamic state of a system rather than a static annotation that is invariably 
true, exact, and always applicable. It should be thus stressed that overlap and 
group scoring methods are general statistical techniques for evaluating signifi -
cance levels associated with some arbitrary class labels and it is only the 
interpretation and the conceptual framework that make these approaches so 
useful in pathway analysis. Pathway analysis is not reducible to these specifi c 
techniques, and neither are applications of these techniques limited to pathway 
analysis. Furthermore, while the methods outlined in this chapter were dis-
cussed in the context of analysis of microarray data, other HT datasets can be 
placed into a pathway context and analyzed similarly. For instance, a GSEA -
 like approach was recently suggested in the analysis of genome - wide associa-
tion studies  [57] . In this work, the authors argued that while traditional 
approaches seek signifi cant associations of each individual SNP with the 
disease (very much like  “ traditional ”  microarray analysis seeks individual 
signifi cantly differentially expressed genes), additional insights can be offered 
by identifying sets of SNPs occurring in the same pathway, so that even if they 
do not exhibit strong enough association individually, there is consistent 
association at the pathway level. 

 We have also considered pathway reconstruction methods that do not rely 
on the existing pathway annotations but directly use the underlying biomo-



lecular network. These methods are in general more complex and less vali-
dated. However, they are also the most powerful and unbiased, and the 
methods of this class should be capable, in principle, to directly elucidate 
pathways as causal sequences of molecular events in every specifi c situation. 
Similar to group scoring methods, different datasets can be analyzed and 
various questions answered by pathway reconstruction algorithms using dif-
ferent regulatory and interaction networks. For example, in a recent study, an 
updated modern version of Active Subnetwork algorithm was used to identify 
markers correlated with breast cancer metastasis as differentially expressed 
(i.e. affected) pathways rather than individual differentially expressed genes 
 [58] . A modifi ed subnetwork scoring function that takes into account 
metastatic/non - metastatic sample class annotation label was designed, and 
it was found that subnetwork markers associated with metastasis are more 
reproducible than individual marker genes. 

 It is important that with the presently available amount of HT datasets and 
extensive biomolecular networks also available from HT experiments and 
from mining of peer - reviewed biomedical literature, the pathway reconstruc-
tion methods can now be broadly applied and should become a part of every-
day arsenal of methods available for a researcher. While there is no  “ perfect ”  
or  “ established ”  pathway reconstruction method yet, the algorithms for 
network - based pathway analysis are being actively developed and tested. 
Given the availability of the data and computational power, several different 
pathway reconstruction methods can be easily applied for every specifi c 
problem or project, and meta - analysis of the results should provide additional 
insights into the underlying mechanisms.   
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  6.1   HIGH - THROUGHPUT DATA IN DISEASE BIOLOGY 

 Since the introduction of microarray technology in the nineties, high - 
throughput molecular data and its analysis have become an integral part 
of disease biology research. Even though the fi eld is almost 20 years old, 
several new developments have occurred in the last 2 or 3 years which promise 
to revolutionize its applications. First, many technical quirks in microarrays 
and other gene expression assays had been worked out, the data becoming 
more reliable and reproducible. At the same time, the cost of running microar-
ray assays has been dramatically reduced. These two factors alone made 
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microarray - based diagnostics an economically and clinically viable proposi-
tion. Meanwhile, other types of  “ OMICs ”  data have become more widely 
available in both academic and industrial research laboratories. The recently 
embraced technologies include proteomics, metabolomics, genotyping, and 
other platforms for generating high - throughput molecular data. As a result, 
today as never before, it is within technological and fi nancial reach of many 
companies and academic centers to concurrently interrogate mechanisms of 
complex diseases on multiple molecular levels: from DNA, to gene expression, 
to protein behavior and metabolite imbalances. Tellingly, there is also an 
upsurge of offerings in the area of  “ consumer genomics ”  — generation and 
analysis of genomic data for individuals. In recent months at least three 
vendors started to offer such services: Decode, 23andMe, and Navigenics. 

 As a result of these developments, the problem of functional analysis of 
 “ OMICs ”  data has taken a center stage and become one of the main subjects 
of  “ systems biology, ”  a novel integrative discipline aimed at understanding 
functioning of a biological system as a whole. Research in this area often 
combines mining of knowledge bases, statistical analysis, graph theory, and 
mathematical modeling. The fi eld of systems biology progresses rapidly, with 
the number of publications growing exponentially over the last 2 years. 

 In this chapter, we describe how pathway analysis and pathway analysis 
tools are applied to different types of disease - related high - throughput molecu-
lar dataset in order to gain better understanding of functional processes under-
lying these diseases. Our focus will be on how different types of data are 
analyzed in the context of pathways and how they can be combined in the 
analysis. Our fi rst study explores the functional landscape of the so - called 
 “ cancer stem cells ”  based on comprehensive set of Serial Analysis of Gene 
Expression (SAGE) data from different types of cancer cells. The second 
study describes how concurrent analysis of metabolomic and microarray gene 
expression data helps to understand functional pathways involved in athero-
sclerosis. Finally in our third example, we explore how cancer genotyping data 
could be investigated in the context of pathways and introduce a notion of a 
 “ mutated pathway. ”   

  6.2   FUNCTIONAL LANDSCAPE OF CANCER  “ STEM CELLS ”  
ELUCIDATED FROM SAGE DATA 

 Cancer is the most complex and the most comprehensively studied disease 
area in molecular medicine. Thousands of  “ small experiment ”  articles have 
been published, focusing on genetics, epidemiology, biochemistry, and the 
molecular biology of multiple types of cancers. Since the dawn of  “ high -
 throughput ”  biology a decade ago, cancer biology has become the favorite 
fi eld for  “ genome - wide ”  experimentation, such as microarray and SAGE gene 
expression, proteomics, gene copy number, and methylation assays, and, 
lately, multi - parallel sequencing. Hundreds of oncogenomics studies were 
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accumulated in the public domain and at drug companies, with hundreds of 
thousands of individual datasets and billions of data points potentially avail-
able for analysis. 

 In our recent work  [1] , we have investigated how pathway analysis can be 
applied to gene expression data in order to understand important functional 
characteristics of the so - called  “ cancer stem cells. ”  The concept of cancer stem 
cells is based on the observation that regular stem cells share many character-
istics with cancer cells, such as self - renewing capacity, ability to migrate and 
invade into surrounding tissue, and giving rise to heterogeneous progeny. 
Correlating with this, several pathways and genes required for normal stem 
cell function have demonstrated to be activated in cancer cells and to play an 
essential role in tumorigenesis. Cancer stem cells are defi ned as a subset of 
tumor cells with stem cell - like properties that are thought to be responsible 
for the growth, progression, and recurrence of the tumor  [2 – 4] . This hypothe-
sis was proposed many years ago and revived in recent years with new experi-
mental approaches and purifi cation protocols  [2 – 4] . Putative cancer stem cells 
have been purifi ed from various human tumor types generally using cell 
surface markers specifi c for the normal stem cells of the same organ. The 
tumorigenicity and the  “ stemness ”  of the isolated cells are usually demon-
strated by performing  in vitro  clonogenicity and  in vivo  tumorigenicity studies. 
In breast cancer, Al - Hajj et al. demonstrated that lin - /CD44+/CD24 − /low 
(subsequently referred as CD44+) cell population isolated from malignant 
pleural effusion samples of breast cancer patients was more tumorigenic than 
CD44 − /CD24+ (subsequently referred as CD24+) cells and the xenografts 
reproduced the heterogeneity observed in the original tumors, leading to the 
hypothesis that CD44+ cells are breast cancer stem cells. To determine the 
identity of these cells at the molecular level, we have purifi ed these putative 
stem cells as well as CD24+ (differentiated) cells from breast carcinomas and 
determined their global gene expression and genetic profi les. Cells with the 
same properties were also isolated from normal human mammary epithelium 
and characterized using the same methods for comparison. Gene signatures 
specifi c for stem or differentiated cells were correlated with clinical outcome 
and activity of signaling pathways. 

 To determine the comprehensive gene expression profi les of the purifi ed 
cells, we generated SAGE libraries from CD24+ and CD44+ cells purifi ed 
from normal mammary epithelium and pleural effusion and ascites samples 
collected from breast cancer patients. The SAGE data further strengthened 
the hypothesis that CD24+ and CD44+ cells represent differentiated luminal 
epithelial and stem cells, respectively, since known markers of these cells were 
mutually exclusively found in the respective SAGE libraries. 

 To identify signaling pathways that are specifi cally activated in putative 
breast stem cells, we utilized the MetaCore ™  data mining technology  [5,6] . 
First, we selected statistically signifi cantly differentially expressed genes 
demonstrating at least twofold difference in abundance between CD44+ 
and CD24+ cells from the same sample and having at least fi ve SAGE tag 
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counts/200,000. We mapped these genes onto the folders for Gene Ontology 
(GO) functional processes and canonical pathways and ranked these accord-
ing to their statistical signifi cance for fi tting the data. The three differentially 
expressed gene sets were remarkably consistent in terms of the best - fi tting 
processes and pathways. Two out of 10 top - ranked cell processes were shared 
among all three sets (cell motility and cell adhesion), and three additional 
processes were common between one tumor and the normal set (protein bio-
synthesis, protein folding, and cell proliferation). At the same time, cell motil-
ity and cell adhesion were among the 15 processes demonstrating the highest 
dispersion between the datasets, i.e. processes with the largest differences in 
genes differentially expressed between differentiated and stem cells in normal 
and tumor samples. This means that within the same cellular process, different 
pathways are implicated in cancer and normal stem cells. Similar fi ndings were 
observed for individual pathways and genes within them. Five out of 12 top -
 ranked pathway maps were common in all three sets of differentially expressed 
genes: TGF -  β  and WNT signaling, cytoskeleton remodeling, integrin - 
mediated processes, reverse signaling by ephrin B, and chemokines and cell 
adhesion. One of the most complete maps the  “ TGF -  β  and WNT signaling 
and cytoskeleton remodeling ”  and a more detailed view of the TGF -  β  
pathway are depicted in Figure  6.1 A,B. Several extracellular matrix (ECM) 
proteins, including collagen IV, PAI1, and plasminogen, were overexpressed 
both in cancer and normal stem cells, while others such as TGFB1, vitronectin, 
and fi bronectin were overexpressed in cancer but not in normal stem cells. 
Both cancer and normal stem cells overexpressed various integrins. ITGA3 
and ITGA6 were specifi cally up - regulated in cancer but not in normal stem 
cells while ITGAV was down - regulated in normal but not in cancer stem cells. 
Furthermore, PLAT is overexpressed in both cancer stem cells but is down -

      Figure 6.1     Maps and networks of signaling pathways specifi cally or commonly up -  or 
down - regulated in normal and cancer stem cells. (A) Mapping expression data of 
cancer and normal mammary epithelial stem cells on pathway map of  “ TGF -  β  and 
WNT signaling and cytoskeletal remodeling. ”  Rectangles indicate up - regulation of the 
indicated genes in breast cancer (red rectangle) or normal (blue rectangle) CD44+ cells 
or in both (yellow rectangle) compared to their corresponding CD24+ counterparts. 
(B) More detailed view of the TGF -  β  signaling pathway with up -  or down - regulation 
of the genes indicated as described above. (C) Direct interactions network centered 
around TGF -  β  for the genes differentially expressed between breast cancer CD44+ 
and CD24+ cells. Genes downstream and upstream of TGF -  β  are marked with cyan 
and yellow, respectively. (D – F) The  “ direct interactions ”  network for the genes dif-
ferentially expressed in the normal stem cells dataset but not in either of cancer stem 
cells datasets. The input list for the network was calculated as the NCD44/NCD24 gene 
lists with subtracted AscCD44/LPECD24 and LPECD44/LPECD24 gene lists. Red 
circles mark the genes that are up - regulated in NCD44/NCD24. Blue circles mark the 
genes that are down - regulated in NCD44/NCD24. Normalized SAGE tag count  > 20; 
Fold change  > 2 for all three fi gures.  
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Figure 6.1 (Continued)
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 regulated in normal stem cells, while PLAU is overexpressed in normal but 
not in cancer stem cells.   

 Next we used the MetaCore data mining technology to perform a more 
detailed analysis of which pathways are differentially regulated in breast stem 
and differentiated cells, by building the direct interactions (DI) networks 
around sets of differentially expressed genes identifi ed as described above. 
First, we generated the DI network for the set of genes differentially expressed 
between CD24+ and CD44+ cells in both cancers (Figure  6.1 C). This network 
is centered around TGF -  β 1 (up - regulated in stem cells) as the central hub with 
22 interactions. Other up - regulated hubs in this network include heme oxy-
genase and fi bronectin, 7 decorin, and caveolin 1. Next, we identifi ed the 
modules in this network that are differentially expressed in cancer stem cells 
only or in both cancer and normal stem cells. The modules around TGF -  β 1, 
dynamin, fi bronectin, and caveolin, and casein kinase II are up - regulated 
specifi cally in cancer stem cells, while modules around collagen 1 and tran-
scription factors HIF1A and ETS are up - regulated in cancer and normal stem 
cells. We also built DI networks with different abundance ratios for the genes 
differentially expressed between normal CD44+ and CD24+ cells but not in 
cancer cells (Figure  6.1 D – F). The network topology for normal stem cells is 
different from that of cancer stem cells, with up - regulated VEGF - A, IL - 1, 
NF - k β , and AP - 1 and down - regulated Rac1 and SMAD3 as the major hubs. 
This network also features activation of the Notch pathway and TGF -  β 3. 

 Due to the known importance of TGF -  β  signaling in regulating the pluri-
potency of human embryonic stem cells  [7] , as well as its role in tumorigenesis 
and metastasis  [8] , we investigated the role of this pathway in breast stem cells 
in further detail. We analyzed the expression of selected genes involved in 
TGF -  β  signaling by semiquantitative RT - PCR in the cell fractions. Our results 
suggest that the cellular response to TGF -  β  is determined by the cellular 
context and cells with different phenotype even within the same tumor and 
tissue type respond differently. Intriguingly we found that, at least in the 
tumors analyzed, the specifi c activation of TGF -  β  signaling in putative breast 
cancer stem cells is defi ned by the restricted expression of the TGFBR2 signal-
ing receptor in these cells associated with its epigenetic silencing in the more 
differentiated CD24+ cells. Correlating with this treatment with a TGFBR 
kinase inhibitor specifi cally affected the phenotype of the CD44+ cells leading 
to their cellular differentiation. These fi ndings have immediate therapeutic 
implications due to the current testing of TGF -  β  pathway and DNMT (DNA 
methyl - transferase) inhibitors in clinical trials  [9] . Based on our results, we 
have proposed that treatment of tumors with inhibitors of TGF -  β  signaling 
may lead to the differentiation of the putative cancer stem cells, and 
thus, inhibit metastatic spread and recurrence. On the other hand, treatment 
with nonselective demethylating agents such as DNMT inhibitors may 
lead to the acquisition of cancer stem cell phenotype by the more differenti-
ated tumor cells resulting in a more aggressive tumor and worse clinical 
outcome.  
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  6.3   ELUCIDATING ATHEROSCLEROSIS PATHWAYS 
FROM INTEGRATED METABOLOMIC AND 
TRANSCRIPTOMIC DATASETS 

 In our next example, we show how pathway analysis can leverage data coming 
from two different platforms in reconstructing disease pathways of atheroscle-
rosis. Atherosclerosis is a multifactorial disease of the large arteries and the 
leading cause of morbidity and mortality in industrialized countries  [10] . There 
is ample evidence that  hypercholesterolemia  (i.e. elevated plasma levels of 
VLDL and LDL) induced by genetic modifi cation or enhanced intake of 
dietary lipids is a major causative factor in atherogenesis  [11,12] . It is equally 
clear that from the very beginning of lesion formation, atherogenesis requires 
an infl ammatory component which is thought to drive the progression of the 
disease  [13,14] . Indeed, some of the variation in the rate of lesion progression 
in different individuals may relate to variations in their basal infl ammatory 
state  [15,16] . However, while the infl ammatory processes in the complex 
evolution of the lesion from the early fatty streak to a fi brous plaque are 
considered self - perpetuating phenomena, the initial trigger and origin of the 
infl ammatory component in hypercholesterolemia remain enigmatic  [15,17] . 
Recent observations suggest that the liver plays a key role in the infl ammatory 
response evoked by dietary constituents  [17,18] . For example, liver - derived 
infl ammation markers such as C - reactive protein (CRP) and serum amyloid 
A (SAA) increase rapidly (within days) after consumption of an excess amount 
of dietary lipids  [17,19] , and thus by far precede the onset of early aortic lesion 
formation  [17] . These fi ndings suggest that nutritional cholesterol itself may 
contribute to the evolution of the infl ammatory component of atherogenesis. 
In our recent work  [20] , we investigated a hypothesis that proatherogenic 
infl ammatory factors originate at least partly from the liver. We also hypoth-
esized that these factors come into play at high dietary cholesterol doses 
because of the exponential rather than linear nature of the relationship 
between cholesterol intake and atherosclerotic lesion size  [21,22] . In our 
recent study  [20] , we sought evidence for the hypothesis that infl ammation 
and hypercholesterolemia are not separate factors, but closely related features 
of the same trigger, dietary cholesterol. In particular, we addressed the ques-
tion of how the liver responds to increasing dietary cholesterol loads at the 
gene transcription level and analyzed how hepatic cholesterol metabolism is 
linked to the hepatic infl ammatory response, including underlying regulatory 
mechanisms. Notably, all analyses were performed at a very early stage of 
the atherogenic process (i.e. after 10 weeks of cholesterol feeding) to limit 
potential feedback reactions from the vessel wall. An established model for 
cholesterol - induced atherosclerosis, ApoE3Leiden transgenic (E3L) mice, 
allowed the application of experimental conditions that mimic the human 
situation: E3L mice display a lipoprotein profi le similar to that of humans 
suffering from  dysbetalipoproteinemia  and develop atherosclerotic lesions that 
resemble human lesions with regard to morphology and cellular composition 



 [23,24] . E3L mice were exposed to increasing doses of dietary cholesterol (as 
the only dietary variable modulated), and liver genome and metabolome 
datasets were analyzed in a unique context, i.e. at the time point of fi rst lesion 
development. Advanced functional analysis allowed us to integrate metabo-
lome and transcriptome datasets and to analyze pathways and biochemical 
processes comprehensively. 

 To get insight into the complex traits underlying the (patho) physiological 
response of the liver to dietary cholesterol, whole - genome and metabolome 
measurements were executed. Compared to Control (cholesterol free), a 
relatively small number of genes (551) signifi cantly changed with LC (low -
 cholesterol) treatment. HC (high - cholesterol) treatment modulated most 
(440 out of 551) of these genes and, additionally, affected 1,896 other genes. 
The individual gene expression profi les within a treatment group were very 
similar and formed clusters as confi rmed by hierarchical clustering analysis 
Differences in gene expression between the treatment groups were validated 
and confi rmed for a selected group of genes by RT - PCR. Standard Gene 
Ontology (GO) Biological Process annotation allowed categorization of 52% 
of the differentially expressed genes based on their biological function. LC 
treatment predominantly affected genes belonging to lipid and lipoprotein 
metabolism, protein metabolism, carbohydrate metabolism, energy metabo-
lism, and transport. HC affected the same GO groups but, additionally, also 
genes relevant to immune and infl ammatory responses, cell proliferation, 
apoptosis, cell adhesion, and cytoskeleton integrity. To refi ne the liver tran-
scriptome data analysis and to defi ne which biological processes are switched 
on/off with increasing dietary cholesterol loads, we performed gene enrich-
ment analysis in four different functional ontologies: biological processes, 
canonical pathway maps, cellular processes, and disease categories using 
MetaCore ™  pathway analysis platform. This allowed us to analyze function-
ally related genes (e.g. genes belonging to a specifi c biochemical process) on 
the level of detailed biochemical mechanisms. Table  6.1  summarizes the sig-
nifi cantly changed biological processes for LC and HC. Four key ( “ master ” ) 
process categories were affected by cholesterol feeding: lipid metabolism, 
carbohydrate and amino acid metabolism, transport, and immune and infl am-
matory responses. In the LC group, most signifi cant effects occurred within 
the master process of lipid metabolism. Important subprocesses (i.e. processes 
in which more than 10% of process - related genes changed signifi cantly) were 
lipid biosynthesis, lipoprotein metabolism, cholesterol metabolism, and cho-
lesterol biosynthesis (Table  6.1 ). The overall functional effect for LC can be 
summarized as a substantial down - regulation of cholesterol and lipid metabo-
lism. This adaptive response of the liver indicates metabolic liver resilience up 
to doses of 0.25% (w/w) cholesterol. A further increase of dietary cholesterol 
(1% w/w; HC) intensifi ed the changes in gene expression seen with LC, indi-
cating further metabolic adaptation. For example, all individual genes of the 
cholesterol biosynthesis pathway were down - regulated to a greater extent by 
HC than by LC (see pathway map in Figure  6.2 A): the gene of the rate - limiting 
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enzyme of this pathway,  HMG CoA reductase  (HDMH), was down - regulated 
2.8 - fold and 10.6 - fold by LC and HC, respectively. Similarly, genes relevant 
for lipid and lipoprotein metabolism,  LDL receptor  (LC 1.3 - fold down, HC 
1.9 - fold down) and  lipoprotein lipase  (LC 1.8 - fold up, HC 5.5 - fold up), were 
dose - dependently modulated.     

 Besides marked effects on  “ lipid metabolism, ”  HC treatment induced sig-
nifi cant changes in the master processes:  “ general metabolism, ”   “ transport, ”  

 TABLE 6.1     Master Processes and Their Subprocesses (Child Terms) Are Listed 
Together with the Number of Genes Measured (Third Column) 

  Analysis of Processes that Are Changed Signifi cantly upon Treatment with Dietary 
Cholesterol  

  Master Process    Subprocess (Child Terms)  

  Number 
of Genes 
Measured  

  Differentially 
Expressed 

(%)  

  LC    HC  

  Lipid 
metabolism  

      264    8.7  *      24.2  *    
  Fatty acid metabolism, fatty acid 

beta - oxidation  
  8    0.0    50.0  *    

  Triacylglycerol metabolism    7    0.0    57.1  *    
  Cholesterol metabolism    27    33.3  *      33.3  *    
  Cholesterol biosynthesis    7    71.4  *      57.1  *    
  Lipoprotein metabolism    18    16.7  *      44.4  *    
  Lipid biosynthesis    105    11.4  *      23.8  *    

  Immune 
response  

      297    3.0    12.1  *    
  Antigen presentation, exogenous 

antigen  
  10    10.0    70.0  *    

  Antigen processing    17    5.9    35.3  *    
  Acute - phase response    11    9.1    36.4  *    

  General 
metabolism  

      3,600    3.3    13.1  *    
  Cellular polysaccharide metabolism    19    5.3    26.3  *    
  Polysaccharide biosynthesis    9    0.0    33.3  *    
  Cofactor metabolism    116    5.2    21.6  *    
  Regulation of translational initiation    9    0.0    44.4  *    
  Amino acid metabolism    103    2.9    20.4  *    

  Transport        1,119    2.9    14.3  *    
  Intracellular protein transport    161    3.7    19.9  *    
  Golgi vesicle transport    16    6.3    37.5  *    
  Mitochondrial transport    11    18.2  *      54.5  *    

   Percentages refl ect the fraction of genes differentially expressed (within a specifi c process or 
pathway) in the LC and HC groups compared to the Con group. Relevant biological processes 
were identifi ed in GenMAPP by comparison of the set of differentially expressed genes (ANOVA; 
 p     <    0.01 and FDR    <    0.05) with all genes present on the array.  * Biological processes with a  z  - score  
  >    2 and a PermuteP    <    0.05.   



      Figure 6.2     (A) Canonical pathway analysis of cholesterol metabolism, which is the 
top scored map of the enrichment analysis using canonical pathways. Gene expression 
changes are visualized on the map as thermometer - like fi gures. Down - regulation of 
the genes (dark color) by HC and LC is indicated with (1) and (2), respectively. The 
rate - limiting step in the pathway to cholesterol synthesis (and a major site of regula-
tion) is the conversion of hydroxymethylglutaryl - CoA to mevalonate, a reaction 
catalyzed by HMG - CoA reductase (HMDH; in circle). Metabolites are depicted 
as hexagons. (B) Global analysis of changes in gene expression in LC and HC using 
disease categories based on over 500 human diseases with gene content annotated in 
MetaCore software (GeneGO). Top 20 diseases are shown for LC and HC including 
their  p  - value.  

and  “ immune and infl ammatory response ”  (Table  6.1 ). In particular, HC 
enhanced the subprocesses involved in translational initiation, Golgi vesicle 
transport, mitochondrial transport, antigen presentation, antigen processing, 
and acute phase response by affecting the expression of more than 35% of the 
genes in these subprocesses. Signifi cantly, HC but not LC dietary stress acti-
vated specifi c infl ammatory pathways (i.e. the platelet - derived growth factor 
[PDGF], interferon -  γ  [IFN γ ], interleukin - 1 [IL - 1]) and tumor necrosis factor -  α  
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(TNF α ) signaling pathways (Figure  6.3 ). More generally, HC treatment 
induced many genes, the gene products of which reportedly or putatively initi-
ate or mediate infl ammatory events, including genes encoding for proteases, 
complement components, chemokines and their receptors, heat shock pro-
teins, adhesion molecules and integrins, acute phase proteins, infl ammatory 
transcription factors, altogether indicating a profound reprogramming of the 
liver toward an infl ammatory state not observed for LC.   

 We have also investigated enrichment of different disease - related catego-
ries by genes affected by either high -  or low - cholesterol diets. In this test, dif-
ferentially expressed genes are compared to the sets of genes annotated in 

Figure 6.2 (Continued)
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MetaCore ™  as markers for various diseases. Enrichment analysis with these 
disease - related categories confi rmed activation of many signaling and effector 
pathways relevant for infl ammation and immunity by HC, but not by LC, 
treatment. The most affected (i.e. activated at the gene expression level) 
disease categories with HC treatment were interrelated cardiovascular 
disorders and (auto) immune diseases, including cerebral and intracranial 
arterial diseases, cerebral amyloid angiopathy, hepatocellular carcinoma, and 
hepatitis (Figure  6.2 B). 

 To verify whether the switch from metabolic adaptation (with LC treat-
ment) to hepatic infl ammatory stress (with HC treatment) is also refl ected at 
the metabolite level, we performed a comprehensive HPLC/MS - based lip-
idome analysis (measurement in total of about 300 identifi ed di -  and triglyc-
erides, phosphatidylcholines, lysophosphatidylcholines, cholesterol esters) on 
liver homogenates of Con, LC and HC groups, and corresponding plasma 
samples. 

 We found that individual metabolite fi ngerprints within a treatment group 
were similar and formed clusters as assessed by principal component analysis. 
The clusters of the Control and LC groups overlapped partly demonstrating 
that the Control and LC groups have a similar intrahepatic lipid pattern. This 
indicates that the metabolic adjustments on the gene level in LC were effi ca-
cious and enabled the liver to cope with moderate dietary stress. The HC 
cluster did not overlap with the clusters of Control group, demonstrating that 
the switch to a proinfl ammatory liver gene expression profi le is accompanied 
by development of a new metabolic hepatic state, which differs signifi cantly 
from the metabolic state at baseline. 

 To identify the transcription factors and underlying regulatory mechanisms 
that govern the hepatic response to LC and HC, we performed a combined 
analysis of the liver transcriptome and metabolome dataset. Both datasets 
were simultaneously loaded into MetaCore ™  software and functional net-
works were built from integrated data using  “ Analyze Network ”  algorithm. 
In this algorithm, both differentially expressed genes and metabolites are 
mapped onto nodes of the same global network of biological processes and 
tightly connected modules are identifi ed. The global network itself contains 
all kinds of biomolecular events: protein – protein interactions, binding of 
small molecules to proteins, metabolic reactions, etc., allowing for concurrent 
analysis of data from different sources. Functional networks reconstructed 
from integrated dataset allowed identifi cation of transcriptional key 
( “ master ” ) regulators relevant for liver resilience and liver infl ammation. The 
adaptation of hepatic lipid metabolism to LC stress was mainly controlled by 
retinoid X receptor (RXR), SP - 1, peroxisome proliferator activated receptor -
  α  (PPAR α ), sterol regulatory element binding protein - 1 (SREBP1), and 
SREBP2, which are established positive regulators of genes involved in 
cholesterol biosynthesis  [25] . Combined analysis of genome and metabolite 
datasets revealed that the intrahepatic level of eicosapentaenoic acid, a 
suppressor of SREBP1  [26] , was increased, providing a molecular explanation 
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for the observed down - regulation of genes involved in cholesterol biosynthesis 
(Figure  6.4 D).   

 A subsequent network analysis of HC - modulated genes allowed the 
identifi cation of transcription factors that mediate the evolution of hepatic 
infl ammation and that are ultimately responsible for the effects on the process 
level. HC - evoked changes require specifi c transcriptional master regulators, 
some of which are established in this context (nuclear factor kappa B, 
NF -  κ B; activator protein, AP - 1; CAAT/enhancer - binding protein, C/EBP β ; 
p53), and others new (CREB - binding protein, CBP; hepatocyte nuclear 
factor - 4 α , HNF4 α ; SP - 1; signal transducer and activator of transcription - 3/ - 5, 
STAT - 3/ - 5); Yin Yang - 1, YY1) (Figure  6.4 A – C). 

 Consistent with this, the identifi ed transcription factors control the expres-
sion of genes encoding for acute phase response proteins, complement factors, 
growth factors, proteases, chemokine receptors, and factors stimulating cell 
adhesion, as confi rmed by data mining. Most importantly, HC induced genes, 
the gene products of which can act extracellularly and possess reportedly 
proatherogenic properties. Examples include complement components (C1qb, 
C1qR, C3aR1, C9), chemoattractant factors (ccl6, ccl12, ccl19), chemoattrac-
tant receptors (CCR2, CCR5), cytokines inducing impaired endothelial barrier 
function (IFN -  γ ), adhesion regulators (integrin  β 2, integrin  β 5, CD164 antigen/
sialomucin, junction adhesion molecule - 2), growth factors (PDGF, VEGF - C, 
TGF -  β ), proteases involved in matrix remodeling during atherogenesis 
(cathepsin B, L, S and Z; matrix metalloprotease - 12), and cardiovascular risk 
factors/infl ammation markers (haptoglobin, orosomucoid 2, fi brinogen - like 
protein 2,  α 1 - microglobulin). This up - regulation of proatherogenic candidate 
genes in the HC group is consistent with the observed enhanced early athero-
sclerosis found in this group. Expansion of the lipid and infl ammatory 
networks revealed that hepatic lipid metabolism is linked to the hepatic 
infl ammatory response via specifi c transcriptional regulators that control 
both processes. Among these dual regulators were CBP, C/EBPs, PPAR α , 
and SP - 1. The presence of molecular links between lipid metabolism and 
infl ammation raises the possibility that specifi c intervention with an anti -
 infl ammatory compound may in turn affect plasma cholesterol levels. 

 Thus, merging metabolome and transcriptome datasets within the context 
of functional pathways and global networks of biomolecular processes allowed 
identifi cation of transcriptional master regulators, which control gene altera-
tion and which are ultimately responsible for effects at the process level. It 
helped us to understand mechanisms by which increased doses of dietary 
cholesterol affect liver homeostasis and evoke hepatic infl ammation. The fol-
lowing important fi ndings were made: The liver absorbs escalating doses of 
dietary cholesterol primarily by adjusting the expression level of genes involved 
in lipid metabolism, as revealed by advanced gene expression analysis. This 
metabolic resilience is confi rmed by analysis of metabolites in liver. At high 
doses of dietary cholesterol, the liver also develops an infl ammatory stress 
response, which is characterized by up - regulation of proatherogenic candidate 



      Figure 6.4     Biological networks of differentially expressed genes for HC allowing the 
identifi cation of transcriptional master regulators. (A – C) Red (blue) dots in right 
corner of a gene indicate up - regulation (down - regulation) of a particular gene. Net-
works shown are representative networks used to identify transcriptional (master) 
regulators that control the gene expression changes under HC conditions (threshold 
of signifi cance for networks  p     <    0.01). Metabolites are indicated as hexagons. (D) 
Concurrent network analysis of metabolomic and expression data reveals consistency 
between elevated level of eicosapentaenoic acid (red circle), an inhibitor of SREBP1 
and underexpression of genes whose transcription is activated by SREBP1 (blue 
circles). See color insert.  
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Figure 6.4 (Continued)



genes and activation of (at least four distinct) infl ammatory pathways. The 
evolution of hepatic infl ammation involves specifi c transcriptional regulators, 
several of which have been newly identifi ed. Interestingly, some of these tran-
scription factors have a dual role and control both hepatic lipid metabolism 
and hepatic infl ammation, indicating that the same regulatory mechanisms 
underlie these processes and thereby link the two processes.  

  6.4   ANALYSIS OF MUTATED PATHWAYS IN CANCER 

 Discovery of the genes mutated in human cancer has provided key insights 
into the mechanisms underlying tumorigenesis and has been proven useful for 
the design of a new generation of targeted approaches for clinical intervention 
 [27] . With the determination of the human genome sequence and improve-
ments in sequencing and bioinformatic technologies, systematic analyses of 
genetic alterations in human cancers have become possible  [28 – 30] . 

 Using such large - scale approaches, we recently studied the genomes of 
breast and colorectal cancers by examining of all of the Reference Sequence 
(RefSeq) genes. The RefSeq database is a comprehensive, nonredundant col-
lection of annotated gene sequences that represents a consolidation of gene 
information from all major gene databases  [31] . The RefSeq database is 
believed to include the great majority of human gene sequences and repre-
sents the gold standard in the fi eld. 

 Combining the data from two of the recent studies  [31,32] , it was found that 
1,718 genes (9.4% of the 18,191 genes analyzed) had at least one non - silent 
mutation in either a breast or colorectal cancer. We identifi ed candidate 
cancer genes ( CAN  - genes) that are most likely to be drivers and are therefore 
most worthy of further investigation. A gene was considered to be a  CAN  -
 gene if it harbored at least one non - synonymous mutation in both the Discov-
ery and Validation Screens and if the total number of mutations per nucleotide 
sequenced exceeded a minimum threshold. Using these criteria, we identifi ed 
a total of 280  CAN  - genes, equally distributed between colorectal and breast 
cancers. In the discussed study, we also used a metric, called the cancer muta-
tion prevalence (CaMP) score, to rank genes by the number and nature of the 
mutations observed. To assess the likelihood that each of these genes is 
mutated at a frequency higher than the passenger mutation rate, we devised 
a method based on Empirical Bayes ’  simulations. Though the likelihoods 
depend on the passenger rates, the rankings of the genes by CaMP scores are 
similar regardless of the assumed passenger mutation rates (rank correlations  
  > 0.9). CaMP scores thereby provide priorities for future studies that are 
independent of many of the assumptions required to calculate passenger 
probabilities. 

 It is becoming increasingly clear that pathways rather than individual 
genes govern the course of tumorigenesis  [27] . Mutations in any of several 
genes of a single pathway can thereby cause equivalent increases in net cell 
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proliferation. Accordingly, we devised a method to determine whether the 
genes within specifi c pathways were mutated more often than predicted by 
chance. The resultant  “ pathway CaMP ”  score incorporated the total number 
of mutations from all genes within each group, the number of different genes 
mutated, the combined sizes of the genes in each group, and the total number 
of tumors examined. 

 Using this metric, we analyzed a highly curated database (Metacore, 
GeneGo, Inc.) that includes human protein – protein interactions, signal trans-
duction and metabolic pathways, and a variety of cellular functions and pro-
cesses. By including the number of mutated genes in addition to the total 
number of mutations as parameters, we excluded pathways that simply con-
tained one gene that was mutated at high frequency (e.g. pathways containing 
only  TP53  mutations). There were 108 pathways that were found to be 
preferentially mutated in breast tumors. Many of the pathways involved 
PI3K signaling (Figure  6.5 ).   

 Mutations in  PIK3CA  are frequent in multiple tumor types, including 
breast cancers  [33 – 36] . In the current study, we identifi ed mutations not only 
in  PIK3CA  but also previously unreported mutations in  GAB1, IKBKB, IRS4, 
NFKB1, NFKBIA, NFKBIE, PIK3R1, PIK3R4 , and  RPS6KA3 , implicating 
both the PI3K pathway in general and NF -  κ B signaling in particular in breast 
tumorigenesis. Within the 38 signifi cant colorectal cancer pathways that 
appeared to be mutated in a statistically signifi cant manner, there were also 
many that centered on PI3K. The pathway components mutated in colorectal 
cancers differed from those in breast, with mutations found in  IRS2, IRS4, 
PIK3R5, PRKCZ, PTEN, RHEB , and  RPS6KB1  in addition to  PIK3CA . 
Additional pathways altered in colorectal cancer were related to cell adhesion, 
the cytoskeleton, and the extracellular matrix, supporting the idea that 
interactions between the cancer cell and the extracellular environment are 
important steps in the neoplastic process. 

 Finally, there were nine examples of mutated genes whose protein products 
were predicted to interact with other mutated genes more often than predicted 
by chance. We extracted the protein interaction data of Metacore and calcu-
lated the interactions of proteins within a set of interest (such as colon  CAN  -
 genes for example) and compared that with the number of connection in the 
global protein  “ interactome. ”  The goal of the analysis was to identify proteins 
with a signifi cantly large number of interactions within the set of interest. We 
assigned statistical signifi cance by using the cumulative hypergeometric distri-
bution. The average number of mutant gene products with which these nine 
mutant genes interacted was 25. These results illustrate the potential utility of 
pathway - based analyses and highlight a variety of different gene groups and 
pathways that can help focus further investigations on these tumor types. 

 To understand the value of pathway analysis of genotyping data, consider 
 “ genomic landscape ”  of a typical cancer genome depicted in Figure  6.6 . In 
these landscapes, every RefSeq gene is given a location on a 2 - dimensional 
map corresponding to its chromosomal position, and all mutated genes in that 



tumor are indicated by a bright dot. The relief feature of the map is provided 
by the  CAN  - genes with the 60 highest CaMP scores. Just as topographical 
maps contain geological features of varying elevations, the cancer genome 
landscape consists of relief features (mutated genes) with heterogeneous 
heights (determined by CaMP scores). There are a few  “ mountains ”  repre-
senting individual  CAN  - genes mutated at high frequency. However, the land-
scapes contain a much larger number of  “ hills ”  representing the  CAN  - genes 
that are mutated at relatively low frequency. It is notable that this general 
genomic landscape (few gene mountains and many gene hills) is a common 
feature of both breast and colorectal tumors.   

    Figure 6.5     PI3K pathway mutations in breast and colorectal cancers. The identities 
and relationships of genes that function in PI3K signaling are indicated. Circled genes 
have somatic mutations in colorectal (red) and breast (blue) cancers. The number of 
tumors with somatic mutations in each mutated protein is indicated by the number 
adjacent to the circle. Asterisks indicate proteins with mutated isoforms that may play 
similar roles in the cell. These include insulin receptor substrates IRS2 and IRS4; 
phosphatidylinositol 3 - kinase regulatory subunits PIK3R1, PIK3R4, and PIK3R5; and 
nuclear factor kappa - B regulators NFKB1, NFKBIA, and NFKBIE. See color insert.  
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 Historically, the focus of cancer research has been on the gene mountains, 
in part because they were the only alterations identifi able with available tech-
nologies. The ability to analyze the sequence of virtually all protein - encoding 
genes in cancers has shown that the vast majority of mutations in cancers, 
including those that are most likely to be drivers, do not occur in such moun-
tains and emphasize the heterogeneity and complexity of human neoplasia. 
This new view of cancer is consistent with the idea that a large number of 
mutations, each associated with a small fi tness advantage, drive tumor pro-
gression  [37] . But is it possible to make sense out of this complexity? When 
all the mutations that occur in different tumors are summed, the number of 
potential driver genes is large. But this is likely to actually refl ect changes in 
a much more limited number of pathways, numbering no more than 20  [27] . 
This interpretation is consistent with virtually all screens in model organisms, 
which have generally shown that the same phenotype can arise from altera-
tions in any of several genes. Other recent studies lend support to this inter-
pretation. For example, sequencing studies of the kinome in large numbers of 
tumors have shown that specifi c kinases are sometimes mutated in a small 

    Figure 6.6     Cancer genome landscape. Non - silent somatic mutations are plotted in 
two - dimensional space representing chromosomal positions of RefSeq genes. The 
telomere of the short arm of chromosome 1 is represented in the rear left corner of 
the green plane and ascending chromosomal positions continue in the direction of the 
arrow. Chromosomal positions that follow the front edge of the plane are continued 
at the back edge of the plane of the adjacent row and chromosomes are appended end 
to end. Peaks indicate the 60 highest - ranking  CAN  - genes for, with peak heights refl ect-
ing CaMP scores. The largest  “ mountains ”  represent  TP53 ,  PIK3CA , and the other 
highly mutated genes. See color insert.  



fraction of tumors of a given type  [29,30,38 – 40] . We cannot be certain that the 
bulk of the low - frequency mutations observed in our study are not passengers. 
However, in the kinome studies, the position of mutations within the activa-
tion loop and the demonstrated effects of the target residues on kinase func-
tion unambiguously implicate many of these rare mutations as drivers. 
Similarly, recent analyses of myelomas suggest that there are multiple genes, 
each mutated in a small proportion of tumors, which can alter the same signal 
transduction pathway. 

 Regardless of whether this pathway - centric interpretation is correct, it is 
clear that the  “ easy ”  part of future cancer genome research will be the iden-
tifi cation of genetic alterations. The vast majority of subtle mutations in indi-
vidual patients ’  tumors can now be identifi ed with existing technology (Figure 
 6.6 ), making personal cancer genomics a reality. Though understanding the 
precise role of these genetic alterations in tumorigenesis will be challenging, 
opportunities for exploiting such personal genomic data on cancers are already 
apparent. For example, many of the genes altered in breast cancers appear to 
affect the NF -  κ B pathway, suggesting that drugs targeting this pathway could 
be effi cacious in breast cancers with such mutations  [41,42] . Furthermore, our 
data indicate that individual cancers accumulate multiple unique epitopes 
predicted to interact with common HLA - alleles, thereby providing a large 
number of potential targets for immunotherapy  [43] . Finally, any mutation 
identifi ed in an individual cancer, whether driver or passenger, can be used as 
an exquisitely specifi c biomarker to guide patient management  [44] .  

  6.5   THE FUTURE OF PATHWAY ANALYSIS IN MOLECULAR 
DIAGNOSTICS AND PERSONALIZED MEDICINE 

 Applications of pathway analysis to disease  “ OMICs ”  data described above 
represent only initial efforts in this area. As computational methods mature 
and data acquisition technologies become even more robust and widely avail-
able, prediction of drug response in individual patients may become a reality. 
At that time, pathway analysis is likely to become an important part of molec-
ular diagnostics pipelines. One of the greatest opportunities for diagnostic 
markers is development of personalized therapies for complex disease such as 
cancers. In these areas, new drugs are becoming increasingly more expensive, 
usually work only in the fraction of all patients and carry signifi cant side effects 
and morbidity risks  [45] . The typically high cost of molecular diagnostics tests 
would be more than offset by savings associated with elimination of unneces-
sary therapies and treating side effects. Substantial progress has already been 
made in using gene expression data in distinguishing different subsets of 
cancers, predicting outcomes and response to therapy. Diagnostics products 
based on gene expression profi ling are already offered by such companies 
as Andendia BV and Genomics Health. We believe however, that more 
signifi cant advances could be achieved on the route of developing complex 
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biomarkers, incorporating molecular data of different types into their signa-
tures. Pathways and molecular networks are the major analytical means of 
correlating different types of data and building these complex signatures. 
However, further development of algorithms will be needed. The major step 
forward should be incorporation of information on pathways and molecular 
interactions earlier in the analysis pipeline. As one might have noticed, in all 
the examples given in this chapter individual datasets are mapped onto the 
database of molecular pathways. Even though this allowed revealing impor-
tant functional features and relations between the data of different nature, 
each set in itself was produced without taking into account any of the pathway 
information. When for example, we determine the set of genes differentially 
expressed between two conditions, we apply statistical analysis such as  t  - test 
or ANOVA on expression profi les of individual genes. No information about 
molecular interactions among gene products is taken into account. Yet, it is 
easy to imagine that small but consistent change of expression of all key genes 
in a given pathway is more telling than substantial change in the expression 
of disconnected genes. Nevertheless, standard statistical procedures would 
favor selection of the latter set of genes. 

 Thus we believe that the next generation of pathways analysis tools should 
incorporate pathway information early on the stage of selecting molecular 
descriptors, rather than applying already selected descriptors onto pathway 
data. The statistical procedures should take into account not only molecular 
profi les but also the connectivity information (Figure  6.7 ). This approach is 

    Figure 6.7     Current and future ways of analyzing  “ OMICs ”  data.  



especially important when different types of data are analyzed concurrently. 
For example, it is well - established fact that sets of differentially expressed 
genes have only modest intersection with the sets of proteins whose levels 
change under the same conditions. If pathway information is incorporated 
early on, biomarker selection procedures could take into account regulatory 
cascades with consistent change in protein activity and expression of corre-
sponding target genes.    
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  7.1   INTRODUCTION 

 Ovarian cancer is the most lethal gynecologic malignancy  [1] . In 2008 it is 
expected that 21,650 cases of ovarian cancer will occur resulting in 15,520 
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deaths  [1] . The high case fatality rate for this tumor results in part from 
the advanced stage at the time of diagnosis. The overall 5 - year survival 
for ovarian cancer is approximately 45%; however, if this cancer is diagnosed 
at an early stage the survival approaches 93%. Unfortunately, only 19% of 
patients will present with early stage disease. For those unfortunate women 
who present with advanced stage disease, the 5 - year survival is approximately 
29.6%  [1] . Although ovarian cancer is responsive to multiple chemotherapeu-
tic agents, with objective response rates of up to 80%, over three quarters 
of patients who have a response to initial chemotherapy treatment relapse 
within 2 years of primary therapy. These patients then become candidates 
for further therapy of their recurrent disease  [2] . Although there are many 
treatment options for the ovarian cancer patient in the recurrent setting, 
practically, second line therapy for ovarian cancer is not very effective  [3,4] . 
The consequence of ineffectual second line therapeutic options is that there 
has been no substantial increase in ovarian cancer survival over the past 30 
years  [1] . 

 The pathogenesis of ovarian cancer remains poorly understood. There are 
four main histologic subtypes of ovarian cancer, including serous, clear cell, 
endometrioid, and mucinous  [5] . Of these, serous adenocarcinomas account 
for approximately 60% of the ovarian cancer cases diagnosed. Ovarian surface 
epithelium (OSE) is thought to be the source of most epithelial ovarian cancer 
cases (papillary serous histology), while evidence suggests that some endome-
trioid and clear cell cancers arise from endometriosis  [6,7] . Unfortunately, 
there are no generally accepted precursor lesions for ovarian cancer and inter-
mediate lesions such as those seen in colon cancer have not been identifi ed. 
Thus, a stepwise progression for ovarian carcinogenesis, such as the paradigm 
that has been established for cervical and colorectal cancer, has yet to be for-
mulated  [6,8] . The etiology of ovarian cancer likely involves multiple different 
pathways and molecular etiologies  [5,6] . 

  7.1.1   Unique Features of Ovarian Cancer 

 Epithelial ovarian cancer tumors demonstrate a wide spectrum of pathologic 
grade. Ten percent to 15% of tumors diagnosed as having a serous histology 
are categorized as low malignant potential (LMP) malignancies (grade 0)  [5] . 
LMP tumors represent a clinical enigma as they display atypical nuclear archi-
tecture on a histologic level, have the clinical ability for metastatic behavior, 
and yet this subset of malignancies is considerably less aggressive than high -
 grade serous tumors and is largely refractory to adjuvant chemotherapy 
(Figure  7.1 )  [5,9 – 11] . The 5 - year survival for patients with LMP tumors is 95% 
in contrast to a less than 45% survival for advanced high - grade disease over 
the same period  [10,11] . The origin and role of LMP tumors in the develop-
ment of invasive epithelial cancer of the ovary remains to be defi ned  [10,11] . 
The key question for ovarian cancer carcinogenesis is whether LMP tumors 
represent intermediate lesions between normal epithelium and invasive high -
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 grade tumors. Can LMP tumors progress to invasive cancer, or are they an 
entirely different histologic subtype?   

 In contrast to LMP ovarian cancers, the vast majority of high - grade invasive 
ovarian cancers present as advanced stage disease. The 5 - year survival for 
advanced epithelial ovarian cancer is considered much worse than LMP 
tumors with most of these patients succumbing from their disease. The sur-
vival is extremely hereterogenous with overall survival ranging from 29% to 
69% depending on the stage of presentation and residual disease present after 
surgery  [1] . There currently is no prognostic tool available to stratify these 
patients and the molecular pathways that distinguish these tumors remain 
completely unknown.   

  7.2   EXPRESSION PROFILING OF OVARIAN CANCER 

 The development of advanced genomic technologies, such as oligonucleotide 
microarray analysis, has provided a means to capture global gene expression 
patterns for a large number of tissue samples. Oligonucleotide microarrays 
have the capability to determine the expression of all the genes expressed 

    Figure 7.1     Papillary serous ovarian cancer photomicrographs of low malignant poten-
tial tumors (A,B) and high - grade invasive carcinoma (C,D) at low (A,C) and high 
magnifi cation (B,D).  
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within a cell simultaneously  [5,8] . This gene expression pattern can be corre-
lated with many clinically relevant characteristics of an individual tumor. 
These approaches have been used to characterize the biological relationships 
among histologic subtypes of ovarian cancer and identify genes whose altered 
expression is important in the development of ovarian cancer  [8,12] . One of 
the most common array platforms is the Affymetrix ®  expression platform. 
With this technology, total RNA is extracted and purifi ed. Biotin - labeled 
cRNA is then prepared for each sample. Labeled cRNA is fragmented, com-
bined with a hybridization cocktail containing biotinylated hybridization 
controls, and incubated on the oligonucleotide array. Laser excitation then 
stimulates fl uorescence emission of labeled probes bound to target sequences. 
These emissions generate a specifi c image for the sample analyzed. Array 
images are then acquired and analyzed with Genechips Operating Software 
(GCOS). 

  7.2.1   What ’ s  “ Normal? ”  

 As with many cancers of epithelial origin, it is important to establish an appro-
priate control for evaluating differential gene expression. Expression profi ling 
studies of ovarian cancer have relied on a variety of sources of  “ normal ”  cells 
for comparison with tumors, including whole ovary samples (WO), ovarian 
surface epithelium (OSE) exposed to short - term culture, and immortalized 
OSE cell lines (IOSE). Comparison of the gene expression profi les generated 
from OSE brushings, whole ovary (WO) samples, short - term cultures of 
normal OSE (NOSE), immortalized OSE cell lines (IOSE), and telomerase -
 immortalized OSE (TIOSE) cell lines revealed that all of these  “ normal ”  
groups formed robust, and distinct bands in hierarchical clustering (Figure  7.2 ) 
 [12] . The correlation coeffi cient for all combinations of any two of the groups 
only ranged from 0.04 to 0.54, emphasizing the disparity of the groups. These 
fi ndings emphasize concerns regarding the source of the  “ normal ”  controls. 
Exposing cells to tissue culture conditions signifi cantly alters gene expression, 
either by directly affecting transcriptional regulation or by selecting for a 
subset of cells that are not representative of the original culture  [12] . The WO 
samples form a distinct cluster likely due to the large stromal component in 
the WO profi le. The brushing technique allows the collection of OSE without 
stroma, and provides a relatively pure sample of OSE that is not exposed to 
culture conditions. As a result, the OSE samples represent the most straight-
forward collection technique of the tissue felt to be the most biologically rel-
evant to the development of epithelial ovarian cancer. These results suggest 
that the selection of a normal control to compare to epithelial ovarian cancer 
samples in microarray studies strongly infl uences the genes that are identifi ed 
as differentially expressed. OSE collected by the brushing technique provides 
the most accurate sample  [12] .     



  7.3   DEFINING THE BIOLOGIC RELATIONSHIP AMONG 
OVARIAN TUMORS OF VARYING GRADE 

 To establish the biological relationship among LMP tumors, low - grade, and 
high - grade invasive serous ovarian carcinomas and identify genes whose 
expression accounts for their phenotypes, 90 microdissected serous ovarian 
tumors that spanned the pathologic spectrum and normal ovarian surface 
epithelium (OSE) brushings were interrogated using the 47,000 transcript 
Affymetrix U133 Plus 2.0 oligonucleotide array  [5] . Included were invasive 
low - grade, early - stage high - grade and late - stage high - grade serous ovarian 
tumors, and LMP tumors. Unsupervised analysis showed a distinct separation 
between LMP tumors and high - grade cancer (Figure  7.3 A). Furthermore, 
when low - grade invasive tumors were included in the analysis, they closely 
aligned with LMP lesions rather than their high - grade invasive counterparts 
(Figure  7.3 B). The dissimilarity between LMP and high - grade tumors was 
substantiated using binary tree prediction and expression data from an inde-
pendent set of microarrays (Figure  7.3 C). The identifi cation of two unique 
branches containing LMP tumors and high - grade carcinomas is consistent with 
the distinct clinicopathologic aspects of the two diseases and prior molecular 
studies  [5,13,14] . The alignment of invasive low - grade serous tumors with 
serous LMP tumors instead of high - grade invasive serous cancers strongly 
argues that low - grade invasive serous tumors are more similar to serous LMP 
tumors than high - grade tumors (Figure  7.3 B,C).    

    Figure 7.2     Agglomerative hierarchical clustering of the samples based on the 446 
genes that discriminate between the fi ve normal groups at  α    =   0.0001 using centered 
correlation and average linkage. Samples that merge into clusters low on the dendro-
gram are more similar than those that merge at a higher level.  
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      Figure 7.3     (A) Hierarchical clustering analysis of the 16,178 probe sets passing the 
fi ltering criteria for LMP tumors, late - stage high - grade cancers, and OSE. OSE speci-
mens grouped independently from LMP specimens (node A), whereas late - stage high -
 grade tumors clustered in two distinct groups (node B). Misclassifi ed specimens are 
bold italicized. (B) Hierarchical clustering analysis of the 14,119 probe sets passing the 
fi ltering criteria for LMP, low - grade, high - grade, and OSE specimens and binary tree 
validation. Overall tree structure was retained despite the association low - grade tumors 
with LMP tumors and the grouping of early - stage and late - stage high - grade lesions. 
Low - grade and early - stage high - grade samples are indicated in bold. Misclassifi ed 
specimens are bold italicized. (C) Binary tree analysis confi rmed the hierarchical clus-
tering results. The diagram was generated using binary tree prediction followed by 
leave - one - out cross - validation to estimate the error associated with the tree building 
process. OSE samples were classifi ed as basal to the ovarian cancer specimens. LMP 
tumors and low - grade cancers were more closely aligned to each other, as were early -
 stage and late - stage high - grade tumors. Percentages indicate the misclassifi cation error 
associated with each node.  

O
S

E
O

S
E

O
S

E
O

S
E

O
S

E
O

S
E

O
S

E
O

S
E

O
S

E
O

S
E

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

La
te

-S
ta

g
e 

LM
P

La
te

-S
ta

g
e 

LM
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

La
te

-S
ta

g
e 

&
 H

ig
h

-G
ra

d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

O
S

E
O

S
E

O
S

E
O

S
E

O
S

E
O

S
E

O
S

E
O

S
E

O
S

E
O

S
E

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e
E

a
rl

y
-S

ta
g

e
 &

 L
o

w
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e

OSE LMP Late-Stage High-Grade

OSE

A

A

A

B

B

B

LMP & Low-Grade High-Grade

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e
E

a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e
E

a
rl

y
-S

ta
g

e
 &

 H
ig

h
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 L
o

w
-G

ra
d

e

E
a
rl

y
-S

ta
g

e
 &

 L
o

w
-G

ra
d

e

L
a
te

-S
ta

g
e
 &

 L
o

w
-G

ra
d

e

La
te

-S
ta

g
e 

&
 L

o
w

-G
ra

d
e

La
te

-S
ta

g
e 

&
 L

o
w

-G
ra

d
e

E
ar

ly
-S

ta
g

e 
&

 L
M

P
E

ar
ly

-S
ta

g
e 

&
 L

M
P

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

L
a
te

-S
ta

g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

E
a
rl
y
-S

ta
g
e
 L

M
P

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e

L
a
te

-S
ta

g
e
 &

 H
ig

h
-G

ra
d
e



  7.4   DEFINING THE BIOLOGIC RELATIONSHIP AMONG 
OVARIAN CANCERS OF DIFFERENT HISTOLOGIES 

 Unsupervised hierarchical clustering clearly distinguishes serous LMP and 
low - grade disease from high - grade advanced cancer  [5] . Within high - grade 
disease there are subsets of patients displaying distinct clinical phenotypes 
(e.g. survival or chemoresponse) that are driven by unique genes/pathways. 
Some of these pathways could also distinguish high - grade papillary serous 
disease from other histotypes (i.e. endometrioid, clear cell, and mucinous). 
Analyzing all advanced tumors in aggregate could identify genes contributing 
to the disease in a large proportion of the patients. 

 In an effort to further identify the molecular signatures of specifi c ovarian 
cancer histologies, the gene expression profi les of serous, endometrioid, 
and clear cell cancers were examined  [6] . A total of 24 papillary serous, 11 
endometrioid, and nine clear cell ovarian tumors were analyzed. Comparing 
the histosubtypes of ovarian cancer directly to one another, 166 genes differ-
entiated the samples into the three subtypes. When clear cell ovarian cancer 
was compared with non - clear cell ovarian cancer (serous and endometrioid 
ovarian cancer grouped together), 171 differentially expressed genes were 
identifi ed. Serous and endometrioid cancer were distinguished from the other 
histologic subtypes by 62 and 66 differentially expressed genes, respectively 
 [6] . 

 To identify specifi c genes involved in the development of individual histo-
logic types of ovarian cancers, separate comparisons of each histologic subtype 
to normal OSE brushings were completed. These comparisons yielded lists of 
94 genes for clear cell cancer, 422 genes for endometrioid cancer, and 467 
genes for serous cancer  [6] . Forty - three genes were common to all three lists 
and therefore displayed consistent differential expression between normal 
OSE and ovarian cancer regardless of histologic subtype. Twenty - nine genes 
have increased expression in ovarian cancer compared with normal OSE, 

A 0.0%

B 3.7%

C

OSE Late-Stage
High-Grade

Early-Stage
High-Grade

LMP Low-Grade

18.2% D 30.8%

C

Figure 7.3 (Continued)
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whereas 14 have decreased expression in cancer. Among the genes with 
increased expression in cancer are homogentisate oxidase (HGD), peroxi-
some proliferative activated receptor gamma (PPARG), v - rel reticuloendo-
theliosis viral oncogene homologue B (RELB), and p21 - activated kinase 1 
(PAK1)  [6] . Decreased expression was documented for tenascin XB (TNXB), 
galectin 8 (LGALS8), post - meiotic segregation increased 2 - like 8 and 2 - like 9 
(PMS2L8 and PMS2L9), deafness autosomal dominant 5/inversely correlated 
with estrogen receptor expression 1 (DFNA5/ICERE1), disabled homologue 
2/differentially expressed in ovarian cancer 2 (DAB2/DOC2), and retinoic 
acid receptor responder 1 (RARRES1/TIG1)  [6] . 

 This group of 43 genes comprised the common genes appearing on each 
ovarian cancer subtype ’ s comparison with normal OSE. This suggests that at 
least part of the transformation process might be shared among endometrioid, 
serous, and clear cell ovarian cancer, as evidenced by the common genes dis-
tinguishing them from normal OSE. However, the question of whether the 
OSE serves as a common precursor is not necessarily clarifi ed. It is conceivable 
that tumors of different histologies may arise from different precursor cells 
but undergo similar transformation events.  

  7.5   COMPLEXITIES OF WHOLE - GENOME PROFILING 

 As seen earlier in our identifi cation of multiple differentially expressed 
genes involving the distinct histologic subtypes of ovarian cancer, genomic 
profi ling experiments frequently provide bewildering numbers of differen-
tially expressed genes. This could include thousands to tens of thousands 
of differentially expressed genes. How does a scientist sort out which 
genes are important and what pathways might be critical in ovarian cancer 
development or clinical - pathologic characteristics (Figure  7.4 A)? One way to 
accomplish this is through Gene Ontology (GO) classifi cation  [5] . Various 
tools have been developed by groups external to the GO Consortium to 
perform this sort of analysis, such as GoMiner, Onto - Express16, and GO 
Term Finder  [15,16] . To determine whether particular functional categories 
of genes are highly enriched in a specifi c gene list, we identify the GO 
categories that are statistically signifi cant among the lists of differentially 
regulated genes. The GO analysis tools allow you to upload your full gene set. 
A list of all  “ interesting ”  genes within that set, usually those that have been 
up -  or down - regulated in an expression experiment, is elucidated. The tool 
then allows you to view which GO categories have been enriched for your 
genes of interest, and usually provides some sort of statistical measure to 
guard against GO categories that appear by chance alone. Subsequently, 
the ontological system describes gene products in terms of their biological 
process, cellular component, and molecular function. This permits categoriza-
tion of differentially regulated genes into distinct functional groupings 
(Figure  7.4 B).    



    Figure 7.4     (A) Identifi cation of critical signaling pathways. (B) Calculation of signifi -
cance of probe set with GO category.  
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  7.6    IN SILICO  PATHWAY IDENTIFICATION 

 One of the more challenging aspects of expression profi ling is determining the 
biologic interactions and relevance from the large number of differentially 
expressed genes discovered by whole genomic profi ling. Software packages 
such as PathwayAssist version 3.0 software (Iobion Informatics LLC, La Jolla, 
CA) aid in identifying co - regulated pathways. This software package contains 
 > 500,000 documented protein interactions acquired from PubMed using the 
natural language processing algorithm MEDSCAN. PathwayAssist allows the 
enhancement of identifi cation algorithms used to derive protein – protein inter-
actions, a continual increase in the amount of scientifi c knowledge, and an 
ability to develop more detailed user/system specifi c databases. This proprie-
tary database can be used to develop a biological association network (BAN) 
to identify putative signaling pathways. By overlaying expression data over 
the BAN, co - regulated genes defi ning specifi c signaling pathways can be iden-
tifi ed. In this way, one can select genes and pathways that might be activated 
within individual patients, and perhaps distinguish between genes that are 
causal versus markers. 

 Our initial characterization of papillary serous ovarian cancer sought to 
differentiate gene expression profi les between advanced - stage serous ovarian 
cancers and normal OSE  [8] . A comparison of 37 papillary serous advanced 
ovarian cancers to six normal surface epithelium brushings revealed 1,191 
differentially expressed genes that differed by 1.5 - fold or greater  [8] . Of the 
1,191 differentially regulated genes, slightly more were underexpressed (54%) 
in ovarian cancer compared to normal ovary brushings than overexpressed 
(46%). Over half (56%) of the differentially expressed genes code for proteins 
whose functions have not been characterized and the remaining 44% of the 
genes encode proteins involved in numerous biologic functions including cell 
adhesion, apoptosis, growth, and differentiation  [8] . Utilizing PathwayAssist, 
we were able to identify a series of interacting pathways which clearly con-
tribute to the development of this disease (Figure  7.5 ).   

 Whole - genome expression data from advanced - stage papillary serous 
ovarian cancer identifi ed PAR1, PAR2, MT - SP1, SNX1, GPRK5, MAGP2, 
HEF1, FAK, VAV3, YES, CDC42, RECK, ET - 1, IAP, and MT1 - MMP genes 
as coordinately differentially regulated between cancer and normal OSE  [8] . 
PAR1, PAR2, HEF1, VAV3, CDC42, MAGP2, RECK, SNX1, and GPRK5 
had not been previously identifi ed as being dysregulated in serous ovarian 
cancer. Pathways were identifi ed by incorporating these microarray results 
(genes that are differentially expressed between normal and malignant ovarian 
epithelial cells) into PathwayAssist (Figure  7.5 ). Green fi lled symbols repre-
sent genes that are down - regulated in cancer compared to normal ovarian 
epithelium, red solid symbols are genes that are up - regulated in cancer speci-
mens compared to normal, and gray shaded symbols represent genes that 
did not show a signifi cant difference between cancer and normal specimens. 
These data suggest that positive signaling through FAK coupled to the down -



 regulation of RECK enhances MT1 - MMP activity, resulting in increased inva-
sion  [8] . It is likely the deregulation of this pathway is important for the 
development of advanced - stage ovarian epithelial cancer. 

 PathwayAssist can identify specifi c activated pathways that expose poten-
tial mechanisms underlying clinicopathologic characteristics of tumors. For 
instance, the comparison of differentially expressed genes between serous low 
malignant potential (LMP) tumors and serous high - grade tumors identifi ed 
molecular pathways that are unique to each group of tumors. Serous high -
 grade tumors revealed pathways involving cellular proliferation, metastasis, 
and chromosomal instability  [5]  (Figure  7.6 A). In contrast, growth control 
pathways, such as the p53 pathway, characterize LMP tumors (Figure  7.6 B). 
These pathway diagrams were generated with the assistance of PathwayAssist 
software using gene expression data. Genes included in either pathway were 
required to have a fold change value of 1.5 or more. Multiple Affymetrix 
probe sets for a gene were averaged. Differentially expressed genes identifi ed 

    Figure 7.5     Schematic representation of potential signaling pathways involved in 
advanced serous ovarian cancer. See color insert.  
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    Figure 7.6     (A) Pathway analysis for proliferation and chromosomal instability in 
high - grade serous ovarian cancers versus OSE. (B) Pathway analysis of differentially 
regulated genes unique to LMP tumors versus OSE. See color insert.  
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for these tumors and their associated interactions are described as follows: 
green fi lled oval, the gene is down - regulated versus OSE; red fi lled oval, up -
 regulated; gray oval, genes displaying no change in expression (Figure  7.6 A,B). 
For example, two negative regulators of p53, UBE2D1, and ADNP were 
down - regulated in LMP tumors  [5] . This has important implications concern-
ing the origin of these tumors and pathways that ultimately may be targeted 
for novel therapeutics. These results suggest that serous LMP tumors and 
low - grade ovarian carcinomas may represent a distinct classifi cation of tumor 



rather than an early precursor in the development of the advanced high - grade 
malignancy.    

  7.7   NOISE 

 Once biologically relevant pathways have been identifi ed, there still is a pos-
sibility that spurious gene expression data are present.  “ Noise ”  in microarray 
experiments can result from multiple sources: poor hybridizations, distortion 
during amplifi cation, tumor heterogeneity, contaminating nonmalignant cells. 
To eliminate the  “ noise, ”  independent validation is critical for expression 
profi ling experiments. Real - time PCR quantifi cation of gene expression can 
provide direct validation of the array result (Figure  7.7 A). This technique is 
more quantitative than the array and therefore provides a much better esti-
mate of true expression levels. However, since there is frequently a difference 
between RNA and protein expression levels, direct evaluation of protein 
levels is ideal. Immunohistochemical staining validation of differentially 
expressed genes from array results is commonly used to determine the expres-
sion levels of the protein products if appropriate antibodies are available 
(Figure  7.7 B).   

 Another independent validation of differentially expressed genes contrib-
uting to the transformation process is the determination of DNA copy numbers. 
Comparative genome hybridization (CGH) is a powerful whole - genome assay 
available for detecting gene copy number at a given genomic complement  [17] . 
Multiple CGH platforms have been developed, and have been used to identify 
prognostic markers for ovarian cancer  [18,19] . cDNA array analysis is an 
alternative platform that can be used to assess DNA copy number variation 
on a gene - by - gene basis. In the general method of CGH, tumor cells from 
serous adenocarcinomas are procured by laser - based microdissection (Figure 
 7.8 )  [17,19] . DNA is extracted, amplifi ed, labeled, and hybridized onto a 60 -
 mer 22K oligonucleotide array platform. Scanning and signal quantifi cation is 
then performed. Normalized tumor - to - control ratios are used for analysis 
 [17,19] . Finally, to identify chromosome segments associated with cancer sur-
vival, copy number abnormalities (CNA), as well as the boundaries within the 
genome where these changes occur, are determined using a changing point 
algorithm.   

 In conclusion, Pathway analysis is a vital tool for identifying mutually rein-
forcing signaling networks in large gene expression datasets. In advanced 
serous ovarian cancer, this approach has identifi ed pathways implicated in cell 
proliferation, invasion, motility, chromosomal instability, and gene silencing 
that may contain therapeutic targets. Serous LMP tumors have been charac-
terized by activated p53 signaling leading to a low proliferative potential. 
Combined with validation data and additional genomic analyses, pathway 
analysis may aid in the identifi cation of reliable causative genes contributing 
to the disease.  
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    Figure 7.7     (A) Quantitative RT - PCR validation of microarray gene expression data. 
(B) Immunohistochemistry validation of differential protein expression.  
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  8.1   INTRODUCTION 

 We are beginning to understand organisms in the context of computationally 
generated networks in which individual interacting proteins are tightly con-
nected together as functional modules, whose higher - level associations form 
the  “ small world ”  topology of the intact cellular system  [1] . In this emerging 
network paradigm, traditional units of cellular structure and function are 
being revisualized as modular components of the global genetic network. A 
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disease state is then visualized as a perturbation in the topology of the normal 
or  “ healthy ”  cellular network. For example, the centrality of the mitochon-
drion as a key cellular site for the interaction of metabolic growth control and 
death signaling pathways has made it a focus for investigating how protein 
networks are perturbed in chemical or drug - induced toxicity, and consequently 
for elucidating the role of toxicant - induced oxidative stress in the etiology of 
complex diseases  [2] . 

 The human heart mitochondrial proteome has recently been characterized 
 [3,4]  and reconstructed by high - throughput techniques  [5] . Comprehensive 
proteome datasets for the mouse liver mitochondrial inner membrane  [6]  and 
rat liver  [7]  have similarly been described. Although all of these descriptions 
of mammalian proteomes should be considered incomplete works in progress, 
they are presently suffi cient to demonstrate the power of network analysis to 
visualize the functional organization of a set of structurally co - localized protein 
components and to predict novel, previously undetected protein interactions 
in this module. In addition, public databases have been established specifi cally 
for toxicogenomics data to facilitate comparison of the growing number of 
mammalian transcription profi ling studies of exposure to chemicals or drugs 
 [8,9] . Unsupervised methods of data mining, such as statistical clustering 
analyses, are commonly performed to compare different toxicant exposures 
 [10] . Recently however, both academic and commercially available software 
to generate network - based or statistical models from these toxicogenomic 
profi les have become available  [11 – 13] . Toxicant response networks can be 
derived with Bayesian statistical methods, as recently demonstrated using lung 
airway epithelial cells exposed to TCDD which resulted in two networks 
associated with the Ah - receptor and the retinoic acid receptor beta  [14] . As 
an alternative approach, gene expression data can be mapped to a global 
database of literature - curated gene interactions and graph theoretic methods 
that can be used to construct toxicant - specifi c networks from these mapped 
data  [12,15,16] . 

 The fi rst attempts at consolidation of co - expression clustering and the 
deduction of functional networks from literature databases were performed 
with metabolic pathway data from model genomic organisms,  E. coli , and 
yeast  [17] . Despite this proof of concept, we are still at the early stages of the 
functional modeling of expression data, and relatively few studies have applied 
these new computational tools to the analysis of mammalian gene networks. 
A developing approach to facilitate mammalian network modeling exploits 
the observation that gene – gene interactions and patterns of gene regulation 
are highly conserved between species. The initial studies examined to date 
suggest that the topology of network connections between genes in a func-
tional module may be even more highly conserved than are the sequences of 
the orthologous components  [18] . This emerging principle is consistent with 
our biological understanding of the regulation of evolutionarily conserved 
processes such as the core metabolism, cell cycle, and cellular defense mecha-
nisms including the oxidative stress response  [19 – 21] . 



 Biological functions are performed by modules of closely interacting pro-
teins  [22]  that can be identifi ed by applying similarity grouping algorithms to 
microarray expression data, such as has been demonstrated for yeast  [23,24] . 
Regulatory modules can be identifi ed by algorithms that link expressed genes 
with known transcriptional factors via the genome - wide identifi cation of DNA 
binding sites  [25,26]  or enable building of condition - specifi c probabilistic 
models  [27] . Many different algorithms have been used to computationally 
parse large networks into modules including those based on network connec-
tivity and clustering methods such as Monte Carlo optimization  [28] , shortest 
path length distribution  [29] , and other graph topology - based algorithms  [30] . 
Clusters identifi ed in this way generally correspond to known protein com-
plexes or metabolic pathways  [28] . An additional graphical approach to dis-
cover smaller, functionally interacting sets of genes relies on identifi cation of 
gene network motifs  [31] . Gene network motifs are elemental subgraphs with 
topological features that confer specifi c functionality, such as feedback or 
feed - forward loops. Certain motif patterns are highly enriched in cellular 
networks over random node connection topologies, and local gene network 
motifs appear to be conserved between species, suggesting that they perform 
critical informational processing functions within the context of a larger cel-
lular process - specifi c module  [32] . 

 To date, motif - structured modules have been identifi ed in regulatory 
networks of  E. coli   [33,34]  and in yeast – protein interaction networks  [35] . A 
common feature of these regulatory networks are hub nodes which have 
a high degree of connectivity and which are linked to many low - degree 
nodes  [1] . This topological organization gives networks the property of 
robustness such that removal of even a substantial fraction of non - hub nodes 
still allows the network to retain comprehensive connectivity  [36] . Hub nodes 
in the yeast protein – protein interaction network have been classifi ed further 
into either party hubs that constitutively interact with multiple partners or 
data hubs that conditionally bind different partners dependent upon the spe-
cifi c conditions of place or time  [37] . Compared to non - hub nodes, party and 
date hubs are more likely to be essential, suggesting that there is a hierarchy 
of hub function, at least in yeast. Hub nodes therefore provide candidate 
 “ druggable ”  target genes for therapeutic intervention and functional pathway 
modulation. 

 The well - established network analysis of functional modules in yeast and 
the apparent conservation of network architecture between species suggests 
that it should be possible to apply the analytical methods described above in 
order to map toxicant - specifi c networks in both yeast and in mammals. One 
study has assessed the effect of four carcinogens on nearly 5,000 yeast gene 
deletion strains in order to defi ne functionally validated protein subnetworks 
that are important for toxicity  [38] . In this yeast study, profi ling data from 
tert - butyl hydroperoxide exposure, which causes oxidative stress, was used to 
construct a toxicant - specifi c network that identifi ed key toxicity - modulating 
gene nodes in the endosome, ER, actin, and vacuolar membrane modules  [38] . 
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It is important to note that although there is a highly conserved cellular 
response to oxidative stress  [21,39] , differences in stress - induced gene expres-
sion between yeast and cultured human cells have been reported  [40,41] . 
Principally, the strong general toxicant stress response that is observed in yeast 
has not yet been reported in cultured human cells, and secondly both cell type 
and toxicant - specifi c stress responses are observed in human cells  [40,41] . 
There have been numerous studies to assess oxidative stress by transcription 
or protein expression profi ling in mammalian cells, including studies in epi-
thelial lens cells  [42,43] , human hepatocyte cell line Hep - G2  [44,45] , rat hepa-
tocyte cell line H4IIE  [45] , porcine kidney cell line LLC - PK1  [45] , lymphocyte 
cell line K562  [45] , prostate cell line DU - 145  [46] , breast carcinoma cell line 
MCF - 7  [46] , and additional tumor cell lines  [41,47] . These studies have typi-
cally used microarray profi ling of gene expression data and clustering algo-
rithms to identify gene sets that constitute the mammalian antioxidant defense 
system. In addition, many recent toxicogenomic profi ling studies of known 
hepatotoxicants and nephrotoxicants demonstrate that a broad spectrum of 
these agents induce components of the oxidative stress response  [48 – 54] ; this 
work has been reviewed recently  [55] . While similar to the studies of known 
oxidative stressors, these drug and chemical toxicogenomic studies also relied 
on microarray expression profi ling and clustering algorithms to identify a 
subset of toxicant - responsive genes. 

 Notably to date, there are few applications of gene network analysis to 
mammalian expression profi ling datasets. Although a recent analysis utilizing 
a Bayesian network algorithm further implicates oxidative stress as a mecha-
nism of acetaminophen toxicity in a rat exposure model  [56] , there have been 
no specifi c analyses of mammalian oxidative stress response networks. We 
address this defi ciency in this present chapter, in which we demonstrate that 
our gene network approach is able to map a signifi cant number of components 
from the human heart mitochondrial proteome onto the human global gene 
interaction database. We further demonstrate that our approach supports 
comparative network analysis and enables predictive toxicology by our 
mapping of yeast orthologs involved in the oxidative stress response onto a 
human gene interactome database  [57] . Finally, we demonstrate that toxicant -
 specifi c gene subsets can be visualized by network mapping of gene expression 
profi ling data from exposure studies of known agents that cause oxidative 
stress, including tert - butyl hydroperoxide, acetaminophen, furan, benzene, 
carbon tetrachloride, and cisplatin. For these examples, a subset of toxicant -
 specifi c genes was fi rst selected using a traditional hierarchical clustering 
algorithm, then mapped onto the human interactome database, and fi nally 
visualized in the context of the local network of interacting genes. Using our 
network - based approach, we are able to identify biologically important hub 
genes whose signifi cance may be missed when using conventional methods of 
statistical analysis. This report continues our discussion of the application of 
gene network approaches to the analysis of global profi ling data in toxicology 
 [12,13,55,58 – 63] .  



  8.2   METHODS 

  8.2.1   Database, Network Algorithms, and Filters 

 The development of human interactome databases has been thoroughly 
described in detail previously  [12,58,59]  (e.g. for MetaCore ™  and MetaDrug ™ , 
GeneGo, St. Joseph, MI). Within the MetaCore ™  platform, networks are 
generated as a combination of binary single - step interactions (edges) that 
connect proteins and genes (nodes). The nodes and edges of the graph network 
are derived from corresponding interaction tables in the MetaCore ™  database 
and are visualized as clusters of interconnected nodes with the Macromedia 
Flash Player Plug - in. The end nodes on the networks have only one edge; 
the internal nodes may have from two to several hundred edges. Condition -
 specifi c networks can be built from any input list of genes, proteins, and 
compounds corresponding to the components (network classes) in the 
database. The nodes in the input list are considered root nodes. The input 
list of toxicant - specifi c components can be selected by any classifi cation algo-
rithm, which thus enables testing of multiple data preprocessing schemes. 
Identifi ers (gene and protein names) of the input component list are recog-
nized in the software platform by a built - in synonyms dictionary. Input gene 
lists can be imported as text or Excel fi les prepared by the investigator or they 
can be directly parsed from the output fi les of Affymetrix, Agilent, Gene-
Spring, and other microarray analysis software. MetaCore ™  recognizes most 
of the commonly used gene and protein identifi er formats such as LocusLink, 
SwissProt, RefSeq, and Unigene. For input components that are named with 
historically assigned Genbank accession numbers, the DAVID gene nomen-
clature database  http://apps1.niaid.nih.gov/david/   [64]  can be used to convert 
to contemporary LocusLink identifi ers for data entry into the MetaCore ™  
platform. 

 First - pass data fi ltration: Prior to building networks, the interaction param-
eters are fi rst preselected, based on the required level of trust, interaction 
direction, effects, mechanisms, and tissue specifi city (i.e. only edges in which 
both nodes belong to a selected tissue are utilized in the network). Unlinked 
nodes from the input list, which have no connections to other nodes on the 
list, are removed. The edges of networks are then assigned weights that are 
dependent on the type of interactions between the components (e.g. enzyme 
and substrate, product and precursor, etc.). Once an investigator establishes 
an initial list of objects (genes or proteins translated into network  “ classes ” ), 
the relationships among these components are visualized as a graph network 
of nodes linked by edges that are specifi ed by the connectivity relationships 
in the MetaCore ™  database interactions table. To construct the fi nal condi-
tion - specifi c network model, edges (connections determined by component 
interactions) are assembled into pathway - based clusters by using one of several 
available graph network algorithms, such as direct interactions, analyze net-
works, etc.  [58,59] .  
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  8.2.2   Mapping Experimental Data and Network Statistical Analysis 

 The object identifi er and interaction relationships of each node in the network 
(genes and proteins) are determined by reference tables in the general data-
base schema. This database schema enables the computational mapping of HT 
experimental data from genomics or proteomics profi ling experiments onto 
a human interactome - based network. Each experimental data point (for 
example, probe signal intensity from a microarray hybridization or sequence 
tag frequency from a SAGE distribution) represents an attribute of the unique 
gene or protein identifi er. Thus, the HT data are linked with the corresponding 
identifi er in the database table and their relative value is visualized on any 
network containing this corresponding object by a solid circle above the node 
(red and blue represent increased and decreased levels, respectively; for exam-
ples, see the fi gures in this chapter). 

 The  “ analyze networks ”  algorithm used in this study includes both network 
objects from the input gene list and closely connected network objects from 
the interactome database. This algorithm generates a large network that is 
then partitioned into subnetworks, each of which is ranked with a  z  - score and 
 p  - value according to its saturation with objects from the initial gene list. A 
second algorithm used in this study, the  “ Direct Interactions ”  method, pro-
duces a conservative condition - specifi c network by using only the network 
objects present in the input gene list  [59] , and has been described previously 
 [12] . Gene ontology (GO) processes are also mapped to network objects (gene 
or protein) and the corresponding  p  - value rankings are calculated for the sta-
tistical representation of each GO process in a network. The equations for the 
 z  - score and  p  - value calculations have been described previously  [59] .   

  8.3   APPLICATIONS 

  8.3.1   Human Heart Mitochondrial Proteome Networks 

 The mitochondrion has a central role in the cellular response to oxidative 
stress, both as a critically sensitive cellular target for oxidative damage and as 
a mediator of programmed cell death responses  [65,66] . However, genomics -  
and proteomics - based modeling of the human mitochondrion has lagged 
behind similar whole - cell analyses. Therefore, as a proof of concept for our 
network building approach, the available human heart mitochondrial pro-
teome data (722 proteins)  [3,4]  were modeled using the MetaCore platform. 
In our analysis, 53.9% of the human mitochondrial proteome was mapped to 
described objects in the human MetaCore database. The  “ direct interaction ”  
algorithm (previously described  [12] ) was then applied  [3,4]  to this dataset to 
identify interactions between the 388 mitochondrial components present in 
the interactome database and to enable visualization and further interrogation 
of the mitochondrial network. Many small connected subnetworks, non - 
connected proteins, and one relatively large subnetwork were produced 
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(Figure  8.1 A). The signifi cantly enriched GO processes were then identifi ed 
in this dataset, as a test of the ability of our network model to represent known 
mitochondrial pathways and processes. Reassuringly, the canonical mitochon-
drial functions including electron transport, the NADH to ubiquinone pathway 

        Figure 8.1     Human heart mitochondrial proteome networks. (A) A global  “ direct 
interaction ”  network generated with MetaCore ™  ( www.genego.com )  [12]  using 388 
out of 630 uploaded protein identifi ers (LocusLink identifi ers obtained from DAVID 
 http://apps1.niaid.nih.gov/david/ ) from an initial list of 722 proteins  [3,4] . (B) Detail of 
the largest central network (in Figure  8.1 A) observed with the interactions on edges 
(between nodes) hidden for clarity. Details of the node defi nitions have been previ-
ously published  [12] . The solid blue dot highlighting ERM proteins represents a down -
 regulated gene identifi ed in a published microarray profi ling study of trovofl oxacin - treated 
human hepatocytes  [67] . (C) Subcellular localization of proteins for the most signifi cant 
network using Ingenuity Pathways Analysis ™  ( https://analysis.ingenuity.com ). Pro-
teins highlighted in solid color are those that mapped from the list uploaded (solid 
lines   =   direct interaction; dashed lines   =   indirect interaction).  

A
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B

Figure 8.1 (Continued)

( p    =   2.5    ×    10  − 28 ), and energy and metabolite production pathways were present 
with high statistical signifi cance in our network (Table  8.1 ).     

 The largest subnetwork of protein interactions (Figure  8.1 B) was then 
analyzed separately. In this large subnetwork, the integrin - mediated signaling 
( p    =   4.2    ×    10  − 71 ) and cell matrix adhesion ( p    =   8.96    ×    10  − 68 ) pathways were the 
most statistically signifi cant GO processes (Table  8.2 ), which suggests to us 
that the original mitochondrial preparation used for the proteomic analysis 
may have also contained fragments of the outer cell membrane. This can be 
seen more clearly in Figure  8.1 C, which represents an analysis using Ingenuity 
Pathways Analysis ( https://analysis.ingenuity.com ) where proteins for the 
most signifi cant network (network score   =   56) are positioned in their subcel-
lular locations including the outer cell membrane and extracellular space. 
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C

Figure 8.1 (Continued)

 TABLE 8.1     Complete  GO  Process for All Proteins 

  Processes for Input List  

  #    Process    Ratio     p  - value  

  1    Mitochondrial electron transport, NADH to ubiquinone    23/26    2.5131e - 28  
  2    Electron transport    48/185    1.2775e - 23  
  3    Glycolysis    21/37    3.6882e - 19  
  4    Proton transport    17/34    1.6685e - 14  
  5    Generation of precursor metabolites and energy    28/110    5.6823e - 14  
  6    Muscle development    28/117    3.0304e - 13  
  7    Tricarboxylic acid cycle    13/21    5.3712e - 13  
  8    Metabolism    33/185    1.4309e - 11  
  9    Muscle contraction    22/94    1.8001e - 10  

  10    ATP synthesis coupled proton transport    11/21    4.2328e - 10  
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Indeed, this result demonstrates the utility of network analysis for the biologi-
cal interpretation of molecular profi ling data from experimental studies of cell 
structure and function. The fact that we observe multiple small subnetworks 
of the known mitochondrial functions with MetaCore ™ , rather than one large 
network is consistent with the limited extent of the literature for known inter-
actions of the components of cellular organelles, as compared to the more 
extensively characterized set of known interactions for the soluble, cytoplas-
mic proteins. Connectivity gaps in the global mitochondrial network are 
expected since nearly 50% of this mitochondrial proteome dataset fails to map 
to the MetaCore ™  interactome database. For comparative purposes, 78.4% 
of these objects are not mapped in the KEGG public database ( http://apps1.
niaid.nih.gov/david/ ) that is also curated from the literature. We have previ-
ously noted differences in object mapping between the KEGG and MetaCore 
databases  [55] . Finally a comparison with Ingenuity Pathways Analysis v4.0 
found that 60.6% of the objects failed to map to this database (as 285 out of 
722 proteins mapped). These percentages will undoubtedly change as newer 
versions of the software are released.   

 Interactome databases and network building tools can also be used to 
interpret high - throughput toxicity profi ling data  [12,13,55,58,59,61] . Published 
transcription microarray data derived from human hepatocytes treated with 
trovofl oxacin  [67] , a drug that is known to cause mitochondrial damage and 
result in idiosyncratic toxicity, were mapped onto our mitochondrial proteome 
network. Five toxicity - associated genes mapped onto the protein network 
in Figure  8.1 A, including nuclear pore complex (up - regulated), cyclophilin, 
transcription initiation factors, PDC - E2, and ERM (all down - regulated). Only 
ERM was present on the largest network, which may be nonspecifi c for mito-
chondria (Figure  8.1 B). PDC - E2 and the nuclear pore complex have also been 
implicated in biliary cirrhosis, which suggests that they may provide mitochon-
drial protein biomarkers for toxicity  [68] . Thus, our study demonstrates that 

 TABLE 8.2      GO  Process for the Largest Subnetwork 

  Processes for Input List  

  #    Process    Ratio     p  - value  

  1    Integrin - mediated signaling pathway    48/73    4.2166e - 71  
  2    Cell - matrix adhesion    48/81    8.9605e - 68  
  3    Cellular extravasation    27/28    1.1258e - 48  
  4    Cell - substrate junction assembly    21/21    6.2479e - 39  
  5    Muscle development    37/117    7.2683e - 39  
  6    Neutrophil chemotaxis    26/40    5.8860e - 38  
  7    Homophilic cell adhesion    29/57    7.4972e - 38  
  8    Antimicrobial humoral response (sensu Vertebrata)    32/110    3.1128e - 32  
  9    Cell adhesion    47/337    7.3760e - 32  

  10    G1/S transition of mitotic cell cycle    25/63    3.3484e - 29  
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the use of a network model for targets of cellular toxicity, such as the mito-
chondrion, provides a novel tool to evaluate pathways and mechanisms of 
hepatotoxicity from drug toxicity profi ling studies.  

  8.3.2   Yeast Ortholog Mapping and Comparative Network Modeling 

 Yeast cell - based assays are increasingly being used in high - throughput screen-
ing both for mechanistic toxicity testing of xenobiotics and for drug discovery 
of molecular therapeutics. In addition, the powerful yeast genetic system 
enables high - throughput determination of chemical genetic profi les of com-
pounds, providing insights into their mechanisms of action  [69,70] . The high 
degree of conservation between both individual cellular components and 
complex cellular processes in yeast and human cells, suggested to us that 
ortholog mapping could be used to model the human toxicant network from 
yeast high - throughput toxicity data. In particular, the yeast mitochondrion has 
served as the paradigm system for understanding molecular aspects of toxicity 
and human disease relevance of this organelle  [71] . 

 We have demonstrated previously that yeast cells recapitulate the highly 
conserved oxidative stress response  [39]  and that the yeast oxidative stress 
response network exhibits a modular organization that integrates cytoplasmic 
and mitochondrial components  [72] . Therefore, we propose that an oxidative 
stress response network in yeast can be used to computationally model the 
corresponding mitochondrial stress interaction network in human cells, using 
orthologous genes as seeds to build the corresponding human network  [57] . 
As an example of this comparative network approach, we have mapped a 
module of 77 yeast oxidative stress - response genes, which contains 29 human 
orthologs, onto the human interactome. In this specifi c example, 21 of 29 
orthologs are highlighted on networks (Figure  8.2 A). Furthermore, these 
closely connected, cross - network mapped orthologs were used with the 
 “ analyze network ”  algorithm to construct predictive subnetworks for the oxi-
dative stress response in the human interactome. One such subnetwork of the 
human interactome consists of nine orthologs ( p    =   8.791e  − 18 ) and predicts the 
key involvement of several redox - responsive transcription factors (p53, 
CREB1, MEK2, and PKC) that are known to be involved in the mammalian 
response to oxidative stress (Figure  8.2 B).    

  8.3.3   Network Analysis of the Oxidative Stress Response in Hepatotoxicity 

 In order to illustrate the broad utility of our network - based approach to 
capture  “ signatures ”  for the oxidative stress response, we have analyzed toxic-
ity profi ling datasets from the literature that include diverse drug and chemical 
toxicants studied in several rodent or human exposure systems. For example, 
an expression profi ling dataset from human fi broblasts treated with tert - butyl 
hydroperoxide  [73]  identifi ed 80 toxicant - responsive genes, 68 of which 
mapped to the human interactome in networks. In this example, a  “ direct 
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    Figure 8.2     (A) Ortholog mapping of a yeast oxidative response module  [57]  to the 
human mitochondrial proteome network. For clarity, the PP1 gene is not shown. 
(B) Conserved human gene subnetwork for the oxidative stress response using the 
 “ analyze network ”  algorithm ( p    =   8.791e  − 18 ).  

A

B

interaction ”  algorithm - based network was generated, which highlights up -
 regulated subnetworks for the DNA repair and cell cycle as well as heat shock 
processes (Figure  8.3 ). This result is consistent with known key cellular stress 
responses and confi rms our expectation that network - based analysis can reveal 
functional connections between co - responsive processes underlying cellular 
defense to toxicant insult.   
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 To examine adverse drug effects resulting in hepatotoxicity, we constructed 
toxicant response networks from two separate studies using rats treated with 
increasing doses of acetaminophen, in which liver toxicity was profi led by 
microarray analysis  [74] . The fi rst study identifi ed 30 toxicity - responsive genes, 
23 of which we mapped to the rat interactome in MetaCore. Modeling with 
the  “ analyze network ”  algorithm for this small number of genes, yielded sub-
networks related to glycolysis and mitochondrial function ( z  - score 41.58, 
Figure  8.4 A). At a higher dose of acetaminophen, 89 differentially expressed 
genes were identifi ed, 64 of which we mapped to the rat interactome. These 
data yielded a larger subnetwork containing key modules that are connected 
to p53 and SP1, key regulatory genes related to cell cycle control and oxidative 
stress ( z  - score 51.98, Figure  8.4 B). Our network - based analysis is consistent 
with the postulated role of oxidative stress as an underlying mechanism of 
hepatotoxicity from acetaminophen treatment  [75] .   

 Microarray profi ling of rats treated with the hepatotoxicant furan (45   mg/
kg)  [53]  identifi ed 181 differentially expressed genes, 139 of which were used 
to construct a  “ direct interaction ”  toxicity network (Figure  8.5 A). This result-
ing large network is comprised of two separate modules or subnetworks, one 
of which contains up - regulated genes (on the right side of Figure  8.5 A) and 
the other of which contains down - regulated genes (on the left side of Figure 
 8.5 A). In particular, FXR was down - regulated along with many cytochrome 
P450 genes, while cell cycle and cell proliferation genes were up - regulated. 
When the  “ analyze network ”  algorithm is used ( z  - score 47.44, Figure  8.5 B), 

    Figure 8.3     A toxicity subnetwork modeled in MetaCore ™  and generated using 
microarray data from human fi broblasts treated with tert - butyl hydroperoxide  [73] . 
This network demonstrates two known response pathways for oxidative stress.  

DNA repair 
Cell cycle 

Heat Shock
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    Figure 8.4     Networks for acetaminophen exposure in the rat liver. (A) A 23 - gene 
network constructed from 30 genes mapped to MetaCore ™   [74]  (B) A 64 - gene network 
constructed from 89 genes mapped to MetaCore ™   [53] .  

A

B
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    Figure 8.5     Networks for furan exposure in the rat liver. (A) A 139 - gene network 
constructed from 181 genes mapped to MetaCore ™   [53]  using the  “ direct interaction ”  
algorithm. (B) An expanded network constructed with the  “ analyze network ”  
algorithm.  

A

B
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the furan network genes are organized around two central hubs, p53 and SP1. 
Notably, SP1 was not identifi ed on the direct interactions network and there-
fore exhibits different network connectivity than does p53 to the oxidative 
stress response genes. For example, heme oxygenase 1 is connected to SP1 on 
the  “ analyze network ”  - based network, whereas on the direct interactions 
network it is connected to HNF4 α . Our analysis of the furan response network 
demonstrates the utility of network - based analysis to reveal key architectural 
features of the regulatory system underlying drug - induced hepatotoxicity.   

 Since one of the acetaminophen networks and both of the furan networks 
were generated with microarray data from the study of Huang et al.  [53] , it 
was possible to compare the overlap of these different toxicant networks for 
their shared genes. A  “ direct interaction ”  network was then generated from 
this shared gene list. In this common toxicity network, the p53 and SP1 genes 
have central roles at the core of a large network which has two much smaller, 
peripheral subnetworks (Figure  8.6 ). Thus, network - based visualization 
enables a comparative toxicogenomic analysis of the shared versus the specifi c 
cellular pathways that underlie drug - induced hepatotoxicity.   

 Two microarray profi ling datasets from mice treated with benzene at either 
300   ppm for 6   h/day or 5 days/wk  [76]  or 100   ppm for 6   h/day or 5 days/wk  [77]  
were used to generate networks to examine differences between low - dose 

    Figure 8.6     A shared hepatotoxicity network for acetaminophen and furan using 
MetaCore ™ .  



APPLICATIONS 181

versus high - dose responses. The high - dose exposure datasets identifi ed 73 
toxicity - associated genes, of which 63 mapped in MetaCore ™ . The  “ analyze 
networks ”  algorithm generated a high - dose network that was also centered 
about SP1 and p53 hubs ( z  - score 53.44, Figure  8.7 A). Similarly the low - dose 
exposure dataset identifi ed 76 genes of which 53 mapped in MetaCore ™ . The 
 “ analyze networks ”  algorithm generated a low - dose network that was 
similarly centered about SP1 and p53 hubs ( z  - score 49.26, Figure  8.7 B). The 
networks from both dose level exposures were compared to identify the shared 
GADD45alpha, GADD45, cyclinG, cyclinG1, Bax, and cFos genes which 
exhibit differential expression in both networks (Figure  8.7 C). Thus, network -
 based analysis can address the long - standing problem of comparative dose 
evaluation in toxicological studies.   

 Gene network - based signatures can also be used to test candidate mecha-
nisms of toxicity, such as the induction of oxidative stress, for compounds with 
complex mechanisms of action. For example, microarray profi ling data from 
rats treated for 4 days with 1,000   mg/kg carbon tetrachloride  [78]  identifi ed 37 
toxicity - associated genes, 26 of which were then used to construct a toxicity 

        Figure 8.7     Benzene toxicity networks. (A) A 63 - gene network constructed from 73 
genes mapped to MetaCore  [76] . (B) A 53 - gene network constructed from 76 genes 
mapped to MetaCore ™  using the  “ analyze networks ”  algorithm  [77] . (C) Overlap of 
the low - dose versus high - dose gene lists on networks.  

A



182 MAMMALIAN PROTEOME AND TOXICANT NETWORK ANALYSIS

B

Figure 8.7 (Continued)

network with the  “ analyze network ”  algorithm. This response network visual-
izes the up - regulation of infl ammatory genes CD44, SULT and down - 
regulation of Cytochrome P450 genes ( z  - score 45.35, Figure  8.8 ); both of these 
responses are commonly seen in oxidative stress. Note that there are genes 
predicted to be included in this toxicity network that were either not assayed 
on the microarray or that did not show a signifi cant change in expression. As 
a second example of a toxicant with a complex mode of action, microarray 
profi ling data from rat kidneys after treatment with the nephrotoxicant cispla-
tin  [79]  identifi ed 75 toxicity - associated genes, 57 of which were mapped in 
MetaCore. These genes were used to construct a direct interaction network 
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C

Figure 8.7 (Continued)

    Figure 8.8     Rat toxicity response to carbon tetrachloride. A 26 - gene network con-
structed from 37 genes mapped to MetaCore ™  using the  “ analyze network ”  algorithm 
 [78] .  
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which contains two subnetworks centered about FXR and p53 hubs (Figure 
 8.9 A). Expanding these subnetworks by application of the  “ analyze network ”  
algorithm now links the FXR and p53 subnetworks via connections to SP1, 
cFos, STAT1, STAT3, etc. (Figure  8.9 B,  z  - score 56.05). These two examples 
illustrate the predictive power of network - based analysis to infer functional 
relationships even when presented with relatively small datasets from expo-
sure to complex toxicants. As an obvious caveat, network - based predictions 
from such limited datasets are less reliable and must be experimentally 
verifi ed.     

  8.4   DISCUSSION 

 The body is exposed to numerous exogenous compounds, many of which are 
either direct oxidants or are metabolized to form reactive oxygen species  [80] . 
Many drugs and chemicals are known to cause oxidative stress as a component 
of their mechanism of toxicity  [54] . It is also widely appreciated that oxidative 
stress and mitochondrial damage are important in the etiology of many 
complex diseases  [2] . Cells have adaptive gene expression mechanisms to 
respond to oxidative stress and activation of these antioxidant defenses is trig-
gered by exposure to reactive oxygen species  [81] . The unique physiological 
responses to toxicant challenge, both protective and pathological, refl ect 
differential activity of the underlying cellular pathways. Although gene 
expression profi ling has been used to classify distinct cellular states, it is still 
problematic to identify mechanisms of toxicity from these profi les. We have 
taken a network - based approach to understanding both changes in the human 
mitochondrial proteome (a key target and intracellular mediator of oxidative 
stress), and changes in the gene expression profi les of cells or animals exposed 
to compounds that induce oxidative stress. Modeling of gene expression 
microarray data to form toxicant - specifi c gene networks supports the identifi -
cation of the genes and pathways mediating cellular toxicity and enables a 
functional integration of these data for predictive toxicology and mechanistic 
risk assessment. 

 First, we have demonstrated that the MetaCore ™  database of manually 
curated gene and protein interactions maps more of the proteins in the human 
mitochondrial proteome than does the widely used KEGG public database 
(Figure  8.1 ). This result is an important practical consideration for network 
building and for integrated modeling of high - throughput toxicity exposure 
data, since a broad spectrum of xenobiotics and toxicants are known to impact 
critical mitochondrial functions. Second, in a conserved yeast model system, 
we have demonstrated that cellular responses to hydrogen peroxide exposure 
can be captured by microarray profi ling and used to construct a phenotypic 
response network for oxidative stress (Figure  8.2 A,B). Third, using data from 
published mammalian toxicity profi ling studies, we have demonstrated that a 
computational platform for pathway and gene network analysis could be used 



    Figure 8.9     Rat kidney toxicity response to cisplatin. A 57 - gene network constructed 
from 75 genes mapped to MetaCore ™  from a profi ling study of cisplatin exposure in 
rat kidney  [79] : (A)  “ direct interaction ”  algorithm, (B)  “ analyze network ”  algorithm 
 z  - score 56.05  [79] .  

A

B

to construct a gene network that identifi es the underlying cellular pathways 
and processes of chemical - induced toxicity. 

 We fi rst demonstrated mammalian toxicity network analysis using 
microarray profi ling data from human fi broblasts treated with tert - butyl 
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hydroperoxide  [73] , a reference oxidant (Figure  8.3 ). We then extended this 
analysis to microarray profi ling data of animal exposure models for chemically 
distinct hepatotoxicants (e.g. furan and acetaminophen) that have been pro-
posed to exert their liver toxicity by induction of oxidative stress. When com-
paring the hepatic response to these two compounds, network analysis 
visualized subnetworks of oxidative stress response pathways revealing both 
commonality (Figure  8.6 ) and toxicant - specifi c differences. The furan - induced 
network links modules of up - regulated genes for cell proliferation and cell 
cycle progression with modules of down - regulated genes for nuclear receptors 
and Cytochrome P450s (Figure  8.5 ). In contrast, the toxicity network for acet-
aminophen links modules for the energy - producing pathways of cellular gly-
colysis and mitochondrial hydroxylation. 

 Comparison of the toxicity networks of mice treated with a low versus high 
dose of benzene (Figure  8.7 A,B) identifi es a common network aspect, cell 
cycle, and related genes are connected to SP1 and p53 hubs (Figure  8.7C ). In 
addition, exposure profi ling studies of carbon tetrachloride (Figure  8.8 ) and 
cisplatin (Figure  8.9 ) in rat liver and kidney, respectively, further support the 
central role of SP1 and p53 hubs in connecting differentially expressed genes 
in a toxicant network. These examples demonstrate the utility of gene net-
works to reveal the potential mechanisms of toxicity and present a novel 
method for visualizing complex tissue - level processes of the toxicant 
response. 

 In summary, we report our initial studies to develop network - based 
approaches to model the toxicant response of chemical and drug exposure in 
mammalian systems. As a developing technology, there are not yet standard-
ized methods for applying network - based approaches to expression profi le 
datasets. Methods of gene network analysis are limited by the currently incom-
plete content of the human interactome, as represented in either commercial 
databases (e.g. MetaCore ™ , MetaDrug ™  and Ingenuity Pathways Analysis, 
Pathway Assist, etc.) or in publicly annotated databases (e.g. KEGG). Network 
analysis is similarly limited by the lack of fully developed algorithms for quan-
titative comparison of biological networks and by the paucity of suitably 
complete microarray profi ling datasets for validation and benchmarking of 
proposed analytical methods. In this report, we have not provided an extensive 
comparison of other available network building tools and content databases 
as this represents work in progress. However, we feel that such an ongoing 
comparison is very much needed to assess the strengths and weaknesses of 
developing methods for network analysis and to ensure successful maturation 
of the network - based approach to understanding mechanisms of toxicity. 

 The development of computational technologies to enable the storage and 
comparison of toxicity networks, such as those described in this report, will 
add another dimension to the ease of utility of such methods. At present, rig-
orous comparison of relatively small functional network modules of 5 – 25 
nodes is computationally tractable and several network comparison algo-
rithms have recently been applied to the analysis of such intracellular path-



ways. Kanehisa and coworkers have described a heuristic graph comparison 
algorithm  [82]  that has been extended by others to determine the similarity 
between protein and gene expression networks  [83] . A second useful algo-
rithm for comparative network analysis identifi es common interaction path-
ways by globally aligning protein interaction networks, for example, between 
metabolic processes in yeast  S. cerevisiae  and  H. pylori   [84] . These compara-
tive methods may be applicable to larger toxicity networks in the future. In a 
recent study, we have presented a more detailed discussion of some of the 
challenges and potential solutions to comparative network analysis in the 
context of understanding transporter and enzyme regulatory networks  [63] . 

 In this discussion, we have described the use of relatively small sets of toxic-
ity - associated genes that have fi rst been selected by clustering algorithms to 
distinguish exposed from unexposed conditions. However, the real power of 
the network approach is utilized if the complete dataset is used prior to 
clustering or classifi cation. This preferred global dataset approach is limited 
by the diffi culty in obtaining complete expression profi ling datasets for toxi-
cant exposure that are both statistically signifi cant and phenotypically 
anchored. We hope that the developing initiatives to establish public data-
bases of chemical and drug exposure studies in model mammalian and human 
systems  [8,9]  will alleviate this need, as we have discussed previously  [13,55] . 
Our understanding of the mechanisms of toxicity will be signifi cantly enhanced 
by the combined use of top - down and bottom - up approaches to network 
modeling. The establishment of a reference human interactome database will 
greatly facilitate comparative network analysis with the interactomes of model 
biological systems  [85] . Such a systems toxicology - based strategy should 
become possible with the integration of experimentally derived proteome 
datasets, human - specifi c databases of protein – protein interactions, and 
improved network building algorithms  [62] . As progress toward this goal, this 
report demonstrates that mammalian proteome networks can be generated to 
complement those of bacteria  [86] , yeast  [37] , and other organisms  [87] .  

  ACKNOWLEDGMENT 

 GeneGo is acknowledged for providing use of MetaCore ™  to CNG. Ingenuity 
is gratefully acknowledged for providing access to Ingenuity Pathways 
Analysis ™  for SE. CNG acknowledges research support from EHS Center 
Grant P30 ES06639 from the National Institute of Environmental Health 
Sciences.  

  REFERENCES 

   1.       Barabasi   A - L  ,   Oltvai   ZN  .  Network biology: understanding the cell ’ s functional 
organization .  Nat Rev Genet   2004 ; 5 : 101  –  113 .  

REFERENCES 187



188 MAMMALIAN PROTEOME AND TOXICANT NETWORK ANALYSIS

   2.       Fariss   MW  ,   Chan   CB  ,   Patel   M  ,   Van   Houten   B  ,   Orrenius   S  .  Role of mitochondria 
in toxic oxidative stress .  Mol Interv   2005 ; 5 : 94  –  111 .  

   3.       Gaucher   SP  ,   Taylor   SW  ,   Fahy   E  ,   Zhang   B  ,   Warnock   DE  ,   Ghosh   SS  ,   Gibson   BW  . 
 Expanded coverage of the human heart mitochondrial proteome using multidi-
mensional liquid chromatography coupled with tandem mass spectrometry .  J Pro-
teome Res   2004 ; 3 : 495  –  505 .  

   4.       Taylor   SW  ,   Fahy   E  ,   Zhang   B  ,   Glenn   GM  ,   Warnock   DE  ,   Wiley   S  ,   Murphy   AN  , 
  Gaucher   SP  ,   Capaldi   RA  ,   Gibson   BW  ,   Ghosh   SS  .  Characterization of the human 
heart mitochondrial proteome .  Nat Biotechnol   2003 ; 21 : 281  –  286 .  

   5.       Vo   TD  ,   Greenberg   HJ  ,   Palsson   BO  .  Reconstruction and functional characteriza-
tion of the human mitochondrial metabolic network based on proteomic and bio-
chemical data .  J Biol Chem   2004 ; 279 : 39532  –  39540 .  

   6.       Da   Cruz   S  ,   Xenarios   I  ,   Langridge   J  ,   Vilbois   F  ,   Parone   PA  ,   Martinou   JC  .  Proteomic 
analysis of the mouse liver mitochondrial inner membrane .  J Biol Chem   2003 ;
 278 : 41566  –  41571 .  

   7.       Jiang   XS  ,   Zhou   H  ,   Zhang   L  ,   Sheng   QH  ,   Li   SJ  ,   Li   L  ,   Hao   P  ,   Li   YX  ,   Xia   QC  ,   Wu  
 JR  ,   Zeng   R  .  A high - throughput approach for subcellular proteome: identifi cation 
of rat liver proteins using subcellular fractionation coupled with two - dimensional 
liquid chromatography tandem mass spectrometry and bioinformatic analysis .  Mol 
Cell Proteomics   2004 ; 3 : 441  –  455 .  

   8.       Waters   M  ,   Boorman   G  ,   Bushel   P  ,   Cunningham   M  ,   Irwin   R  ,   Merrick   A  ,   Olden   K  , 
  Paules   R  ,   Selkirk   J  ,   Stasiewicz   S  ,   Weis   B  ,   Van   Houten   B  ,   Walker   N  ,   Tennant   R  . 
 Systems toxicology and the Chemical Effects in Biological Systems (CEBS) knowl-
edge base .  EHP Toxicogenomics   2003 ; 111 : 15  –  28 .  

   9.       Mattes   WB  ,   Pettit   SD  ,   Sansone   SA  ,   Bushel   PR  ,   Waters   MD  .  Database develop-
ment in toxicogenomics: issues and efforts .  Environ Health Perspect   2004 ; 112 :
 495  –  505 .  

  10.       Eisen   MB  ,   Spellman   PT  ,   Brown   PO  ,   Botstein   D  .  Cluster analysis and display of 
genome - wide expression patterns .  Proc Natl Acad Sci U S A   1998 ; 95 :
 14863  –  14868 .  

  11.       Nikolsky   Y  ,   Ekins   S  ,   Nikolskaya   T  ,   Bugrim   A  .  A novel method for generation of 
signature networks as biomarkers from complex high throughput data .  Toxicol Lett  
 2005 ; 158 : 20  –  29 .  

  12.       Ekins   S  ,   Kirillov   E  ,   Rakhmatulin   E  ,   Nikolskaya   T  .  A novel method for visualizing 
nuclear hormone receptor networks relevant to drug metabolism .  Drug Metab 
Dispos   2005 ; 33 : 474  –  481 .  

  13.       Ekins   S  ,   Giroux   C  .  Computers and systems biology for pharmaceutical research 
and development . In:  Computer Applications in Pharmaceutical Research and 
Development , edited by   Ekins   S  , pp.  139  –  65 .  Hoboken :  John Wiley and Sons , 
 2006 .  

  14.       Toyoshiba   H  ,   Yamanaka   T  ,   Sone   H  ,   Parham   FM  ,   Walker   NJ  ,   Martinez   J  ,   Portier   CJ  . 
 Gene interaction network suggests dioxin induces a signifi cant linkage between 
aryl hydrocarbon receptor and retinoic acid receptor beta .  Environ Health Per-
spect   2004 ; 112 : 1217  –  1224 .  

  15.       Shannon   P  ,   Markiel   A  ,   Ozier   O  ,   Baliga   NS  ,   Wang   JT  ,   Ramage   D  ,   Amin   N  , 
  Schwikowski   B  ,   Ideker   T  .  Cytoscape: a software environment for integrated models 
of biomolecular interaction networks .  Genome Res   2003 ; 13 : 2498  –  2504 .  



  16.       Cerami   EG  ,   Bader   GD  ,   Gross   BE  ,   Sander   C  .  cPath: open source software for col-
lecting, storing, and querying biological pathways .  BMC Bioinformatics  
 2006 ; 7 : 497 .  

  17.       Herrgard   MJ  ,   Covert   MW  ,   Palsson   BO  .  Reconciling gene expression data with 
known genome - scale regulatory network structures .  Genome Res   2003 ; 13 :
 2423  –  2434 .  

  18.       Sharan   R  ,   Ideker   T  .  Modeling cellular machinery through biological network com-
parison .  Nat Biotechnol   2006 ; 24 : 427  –  433 .  

  19.       Stuart   JM  ,   Segal   E  ,   Koller   D  ,   Kim   SK  .  A gene - coexpression network for global 
discovery of conserved genetic modules .  Science   2003 ; 302 : 249  –  255 .  

  20.       Grigoryev   DN  ,   Ma   S - F  ,   Irizarry   RA  ,   Ye   SQ  ,   Quakenbush   J  ,   Garcia   JGN  .  Ortholo-
gous gene - expression profi ling in multi - species models: search for candidate genes . 
 Genome Biol   2004 ; 5 : R34 .  

  21.       Scandalios   JG  .  Oxidative stress: molecular perception and transduction of signals 
triggering antioxidant gene defenses .  Braz J Med Biol Res   2005 ; 38 : 995  –  1014 .  

  22.       Hartwell   LH  ,   Hopfi eld   JJ  ,   Leibler   S  ,   Murray   AW  .  From molecular to modular cell 
biology .  Nature   1999 ; 402 : C47  –  C52 .  

  23.       Lee   TI  ,   Rinaldi   NJ  ,   Robert   F  ,   Odom   DT  ,   Bar - Joseph   Z  ,   Gerber   GK  ,   Hannett   NM  , 
  Harbison   CT  ,   Thompson   CM  ,   Simon   I  ,   Zeitlinger   J  ,   Jennings   EG  ,   Murray   HL  , 
  Gordon   DB  ,   Ren   B  ,   Wyrick   JJ  ,   Tagne   JB  ,   Volkert   TL  ,   Fraenkel   E  ,   Gifford   DK  , 
  Young   RA  .  Transcriptional regulatory networks in  Saccharomyces cerevisiae  . 
 Science   2002 ; 298 : 799  –  804 .  

  24.       Wu   LF  ,   Hughes   TR  ,   Davierwala   AP  ,   Robinson   MD  ,   Stoughton   R  ,   Altschuler   SJ  . 
 Large - scale prediction of Saccharomyces cerevisiae gene function using overlap-
ping transcriptional clusters .  Nat Genet   2002 ; 31 : 255  –  265 .  

  25.       Qi   Y  ,   Rolfe   A  ,   MacIsaac   KD  ,   Gerber   GK  ,   Pokholok   D  ,   Zeitlinger   J  ,   Danford   T  , 
  Dowell   RD  ,   Fraenkel   E  ,   Jaakkola   TS  ,   Young   RA  ,   Gifford   DK  .  High - resolution 
computational models of genome binding events .  Nat Biotechnol   2006 ; 24 :
 963  –  970 .  

  26.       Qi   Y  ,   Rolfe   A  ,   Macisaac   KD  ,   Gerber   GK  ,   Pokholok   D  ,   Zeitlinger   J  ,   Danford   T  , 
  Dowell   RD  ,   Fraenkel   E  ,   Jaakkola   TS  ,   Young   RA  ,   Gifford   DK  .  Erratum: high - reso-
lution computational models of genome binding events .  Nat Biotechnol  
 2006 ; 24 : 1293 .  

  27.       Segal   E  ,   Shapira   M  ,   Regev   A  ,   Pe ’ er   D  ,   Botstein   D  ,   Koller   D  ,   Freidman   N  .  Module 
networks: identifying regulatory modules and their condition - specifi c regulators 
from gene expression data .  Nat Genet   2003 ; 34 : 166  –  176 .  

  28.       Spirin   V  ,   Mirny   LA  .  Protein complexes and functional modules in molecular net-
works .  Proc Natl Acad Sci U S A   2003 ; 100 : 12123  –  12128 .  

  29.       Rives   AW  ,   Galitski   T  .  Modular organization of cellular networks .  Proc Natl Acad 
Sci U S A   2003 ; 100 : 1128  –  1133 .  

  30.       Pereira - Leal   JB  ,   Enright   AJ  ,   Ouzounis   CA  .  Detection of functional modules from 
protein interaction networks .  Proteins   2004 ; 54 : 49  –  57 .  

  31.       Milo   R  ,   Shen - Orr   S  ,   Itzkovitz   S  ,   Kashtan   N  ,   Chklovskii   D  ,   Alon   U  .  Network motifs: 
simple building blocks of complex networks .  Science   2002 ; 298 : 824  –  827 .  

  32.       Yeger - Lotem   E  ,   Sattath   S  ,   Kashtan   N  ,   Itzkovitz   S  ,   Milo   R  ,   Pinter   RY  ,   Alon   U  , 
  Margalit   H  .  Network motifs in integrated cellular networks of transcription - 

REFERENCES 189



190 MAMMALIAN PROTEOME AND TOXICANT NETWORK ANALYSIS

regulation and protein – protein interaction .  Proc Natl Acad Sci U S A   2004 ; 101 :
 5934  –  5939 .  

  33.       Shen - Orr   SS  ,   Milo   R  ,   Mangan   S  ,   Alon   U  .  Network motifs in the transcriptional 
regulation network of  Escherichia coli  .  Nat Genet   2002 ; 31 : 64  –  68 .  

  34.       Dobrin   R  ,   Beg   QK  ,   Barabasi   AL  ,   Oltvai   ZN  .  Aggregation of topological motifs in 
the  Escherichia coli  transcriptional regulatory network .  BMC Bioinformatics  
 2004 ; 5 : 10 .  

  35.       Wuchty   S  ,   Oltvai   ZN  ,   Barabasi   AL  .  Evolutionary conservation of motif constitu-
ents in the yeast protein interaction network .  Nat Genet   2003 ; 35 : 176  –  179 .  

  36.       Albert   R  ,   Jeong   H  ,   Barabasi   AL  .  Error and attack tolerance of complex networks . 
 Nature   2000 ; 406 : 378  –  382 .  

  37.       Han   JD  ,   Bertin   N  ,   Hao   T  ,   Goldberg   DS  ,   Berriz   GF  ,   Zhang   LV  ,   Dupuy   D  ,   Walhout  
 AJ  ,   Cusick   ME  ,   Roth   FP  ,   Vidal   M  .  Evidence for dynamically organized modularity 
in the yeast protein – protein interaction network .  Nature   2004 ; 430 : 88  –  93 .  

  38.       Begley   TJ  ,   Rosenbach   AS  ,   Ideker   T  ,   Samson   LD  .  Hot spots for modulating toxicity 
identifi ed by genomic phenotyping and localization mapping .  Mol Cell   2004 ;
 16 : 117  –  125 .  

  39.       Weiss   A  ,   Delproposto   J  ,   Giroux   CN  .  High - throughput phenotypic profi ling of gene -
 environment interactions by quantitative growth curve analysis in  Saccharomyces 
cerevisiae  .  Anal Biochem   2004 ; 327 : 23  –  34 .  

  40.       Murray   JI  ,   Whitfi eld   ML  ,   Trinklein   ND  ,   Myers   RM  ,   Brown   PO  ,   Botstein   D  .  Diverse 
and specifi c gene expression responses to stresses in cultured human cells .  Mol Biol 
Cell   2004 ; 15 : 2361  –  2374 .  

  41.       West   JD  ,   Marnett   LJ  .  Alterations in gene expression induced by the lipid peroxida-
tion product, 4 - hydroxy - 2 - nonenal .  Chem Res Toxicol   2005 ; 18 : 1642  –  1653 .  

  42.       Goswami   S  ,   Sheets   NL  ,   Zavadil   J  ,   Chauhan   BK  ,   Bottinger   EP  ,   Reddy   VN  , 
  Kantorow   M  ,   Cvekl   A  .  Spectrum and range of oxidative stress responses of 
human lens epithelial cells to H2O2 insult .  Invest Ophthalmol Vis Sci  
 2003 ; 44 : 2084  –  2093 .  

  43.       Spector   A  ,   Li   D  ,   Ma   W  ,   Sun   F  ,   Pavlidis   P  .  Differential amplifi cation of gene expres-
sion in lens cell lines conditioned to survive peroxide stress .  Invest Ophthalmol Vis 
Sci   2002 ; 43 : 3251  –  3264 .  

  44.       Morgan   KT  ,   Ni   H  ,   Brown   HR  ,   Yoon   L  ,   Qualls   CW ,  Jr.  ,   Crosby   LM  ,   Reynolds   R  , 
  Gaskill   B  ,   Anderson   SP  ,   Kepler   TB  ,   Brainard   T  ,   Liv   N  ,   Easton   M  ,   Merrill   C  ,   Creech  
 D  ,   Sprenger   D  ,   Conner   G  ,   Johnson   PR  ,   Fox   T  ,   Sartor   M  ,   Richard   E  ,   Kuruvilla   S  , 
  Casey   W  ,   Benavides   G  .  Application of cDNA microarray technology to in vitro 
toxicology and the selection of genes for a real - time RT - PCR - based screen for 
oxidative stress in Hep - G2 cells .  Toxicol Pathol   2002 ; 30 : 435  –  451 .  

  45.       Bedard   K  ,   MacDonald   N  ,   Collins   J  ,   Cribb   A  .  Cytoprotection following endoplasmic 
reticulum stress protein induction in continuous cell lines .  Basic Clin Pharmacol 
Toxicol   2004 ; 94 : 124  –  131 .  

  46.       Bae   I  ,   Fan   S  ,   Meng   Q  ,   Rih   JK  ,   Kim   HJ  ,   Kang   HJ  ,   Xu   J  ,   Goldberg   ID  ,   Jaiswal   AK  , 
  Rosen   EM  .  BRCA1 induces antioxidant gene expression and resistance to oxida-
tive stress .  Cancer Res   2004 ; 64 : 7893  –  7909 .  

  47.       Efferth   T  ,   Oesch   F  .  Oxidative stress response of tumor cells: microarray - based 
comparison between artemisinins and anthracyclines .  Biochem Pharmacol   2004 ;
 68 : 3  –  10 .  



  48.       Heijne   WH  ,   Slitt   AL  ,   van   Bladeren   PJ  ,   Groten   JP  ,   Klaassen   CD  ,   Stierum   RH  ,   van  
 Ommen   B  .  Bromobenzene - induced hepatotoxicity at the transcriptome level . 
 Toxicol Sci   2004 ; 79 : 411  –  422 .  

  49.       Heijne   WH  ,   Stierum   RH  ,   Slijper   M  ,   van   Bladeren   PJ  ,   van   Ommen   B  .  Toxicogenom-
ics of bromobenzene hepatotoxicity: a combined transcriptomics and proteomics 
approach .  Biochem Pharmacol   2003 ; 65 : 857  –  875 .  

  50.       Waring   JF  ,   Jolly   RA  ,   Ciurlionis   R  ,   Lum   PY  ,   Praestgaard   JT  ,   Morfi tt   DC  ,   Buratto  
 B  ,   Roberts   C  ,   Schadt   E  ,   Ulrich   RG  .  Clustering of hepatotoxins based on mechanism 
of toxicity using gene expression profi les .  Toxicol Appl Pharmacol   2001 ;
 175 : 28  –  42 .  

  51.       Gerhold   D  ,   Lu   M  ,   Xu   J  ,   Austin   C  ,   Caskey   CT  ,   Rushmore   T  .  Monitoring expression 
of genes involved in drug metabolism and toxicology using DNA microarrays . 
 Physiol Genomics   2001 ; 5 : 161  –  170 .  

  52.       Fountoulakis   M  ,   de   Vera   MC  ,   Crameri   F  ,   Boess   F  ,   Gasser   R  ,   Albertini   S  ,   Suter   L  . 
 Modulation of gene and protein expression by carbon tetrachloride in the rat liver . 
 Toxicol Appl Pharmacol   2002 ; 183 : 71  –  80 .  

  53.       Huang   Q  ,   Jin   X  ,   Gaillard   ET  ,   Knight   BL  ,   Pack   FD  ,   Stoltz   JH  ,   Jayadev   S  ,   Blanchard  
 KT  .  Gene expression profi ling reveals multiple toxicity endpoints induced by hepa-
totoxicants .  Mutat Res   2004 ; 549 : 147  –  167 .  

  54.       McMillian   M  ,   Nie   A  ,   Parker   JB  ,   Leone   A  ,   Kemmerer   M  ,   Bryant   S  ,   Herlich   J  ,   Yieh  
 L  ,   Bittner   A  ,   Liu   X  ,   Wan   J  ,   Johnson   MD  ,   Lord   P  .  Drug - induced oxidative stress in 
rat liver from a toxicogenomics perspective .  Toxicol Appl Pharmacol   2005 ;
 207 : 171  –  178 .  

  55.       Ekins   S  .  Systems - ADME/Tox: resources and network approaches .  J Pharmacol 
Toxicol Methods   2006 ; 53 : 38  –  66 .  

  56.       Toyoshiba   H  ,   Sone   H  ,   Yamanaka   T  ,   Parham   FM  ,   Irwin   RD  ,   Boorman   GA  ,   Portier  
 CJ  .  Gene interaction network analysis suggests differences between high and low 
doses of acetaminophen .  Toxicol Appl Pharmacol   2006 ; 215 : 306  –  316 .  

  57.       Giroux   C  ,   Ekins   S  ,   Abdullah   I  ,   Nikolsky   Y  ,   Bugrim   A  ,   Nikolskaya   T  .  A genetic 
network approach to comparative toxicogenomics and risk assessment: the oxida-
tive stress response .  Toxicol Sci   2005 ; 84 .  

  58.       Ekins   S  ,   Andreyev   S  ,   Rybadov   A  ,   Kirillov   E  ,   Rakhmatulin   EA  ,   Sorokina   S  ,   Bugrim  
 A  ,   Nikolskaya   T  .  A combined approach to drug metabolism and toxicity assess-
ment .  Drug Metab Dispos   2006 ; 34 : 495  –  503 .  

  59.       Ekins   S  ,   Bugrim   A  ,   Brovold   L  ,   Kirillov   E  ,   Nikolsky   Y  ,   Rakhmatulin   EA  ,   Sorokina  
 S  ,   Ryabov   A  ,   Serebryiskaya   T  ,   Melnikov   A  ,   Metz   J  ,   Nikolskaya   T  .  Algorithms for 
network analysis in systems - ADME/Tox using the MetaCore and MetaDrug plat-
forms .  Xenobiotica   2006 ; 36 : 877  –  901 .  

  60.       Ekins   S  ,   Giroux   CN  ,   Nikolsky   Y  ,   Bugrim   A  ,   Nikolskaya   T  .  A signature gene network 
approach to toxicity .  The Toxicologist   2005 ; 84 .  

  61.       Ekins   S  ,   Nikolsky   Y  ,   Bugrim   A  ,   Kirillov   E  ,   Nikolskaya   T  .  Pathway mapping tools 
for analysis of high content data . In:  High Content Screening: A Powerful Approach 
to Systems Cell Biology and Drug Discovery , edited by   Taylor   DL  ,   Haskins   JA  , 
  Giuliano   KA  ,  pp.  319  –  350 .  Totowa, NJ :  Humana Press , 2006 .  

  62.       Ekins   S  ,   Nikolsky   Y  ,   Nikolskaya   T  .  Techniques: application of systems biology to 
absorption, distribution, metabolism, excretion, and toxicity .  Trends Pharmacol Sci  
 2005 ; 26 : 202  –  209 .  

REFERENCES 191



192 MAMMALIAN PROTEOME AND TOXICANT NETWORK ANALYSIS

  63.       Ekins   S  ,   Shimada   J  ,   Chang   C  .  Application of data mining approaches to drug deliv-
ery .  Adv Drug Del Rev   2006 ; 58 : 1409  –  1430 .  

  64.       Dennis   G ,  Jr.  ,   Sherman   BT  ,   Hosack   DA  ,   Yang   J  ,   Gao   W  ,   Lane   HC  ,   Lempicki   RA  . 
 DAVID: Database for Annotation, Visualization, and Integrated Discovery . 
 Genome Biol   2003 ; 4 : P3 .  

  65.       Orrenius   S  ,   Gogvadze   V  ,   Zhivotovsky   B  .  Mitochondrial oxidative stress: implica-
tions for cell death .  Annu Rev Pharmacol Toxicol   2007 ; 47 : 143  –  183 .  

  66.       Gibson   BW  .  The human mitochondrial proteome: oxidative stress, protein 
modifi cations and oxidative phosphorylation .  Int J Biochem Cell Biol  
 2005 ; 37 : 927  –  934 .  

  67.       Liguori   MJ  ,   Anderson   LM  ,   Bukofzer   S  ,   McKim   J  ,   Pregenzer   JF  ,   Retief   J  ,   Spear   BB  , 
  Waring   JF  .  Microarray analysis in human hepatocytes suggests a mechanism for 
hepatotoxicity induced by trovafl oxacin .  Hepatology   2005 ; 41 : 177  –  186 .  

  68.       Mackay   IR  ,   Whittingham   S  ,   Fida   S  ,   Myers   M  ,   Ikuno   N  ,   Gershwin   ME  ,   Rowley   MJ  . 
 The peculiar autoimmunity of primary biliary cirrhosis .  Immunol Rev   2000 ;
 174 : 226  –  237 .  

  69.       Stockwell   BR  .  The biological magic behind the bullets .  Nat Biotechnol  
 2004 ; 22 : 37  –  38 .  

  70.       Parsons   AB  ,   Brost   RI  ,   Ding   H  ,   Li   Z  ,   Zhang   C  ,   Sheikh   B  ,   Brown   GW  ,   Kane   PM  , 
  Hughes   TR  ,   Boone   C  .  Integration of chemical - genetic and genetic interaction data 
links bioactive compounds to cellular target pathways .  Nat Biotechnol   2004 ;
 22 : 62  –  69 .  

  71.       Schwimmer   C  ,   Rak   M  ,   Lefebvre - Legendre   L  ,   Duvezin - Caubet   S  ,   Plane   G  ,   di   Rago  
 JP  .  Yeast models of human mitochondrial diseases: from molecular mechanisms to 
drug screening .  Biotechnol J   2006 ; 1 : 270  –  281 .  

  72.       Giroux   C  .  Signatures of exposure and pathways of susceptibility: a yeast toolkit for 
biomarker discovery and prediction of mechanisms of cellular toxicity .  Toxicol Sci  
 2006 ; 90 : 228 .  

  73.       Heinloth   AN  ,   Shackelford   RE  ,   Innes   CL  ,   Bennett   L  ,   Li   L  ,   Amin   RP  ,   Sieber   SO  , 
  Flores   KG  ,   Bushel   PR  ,   Paules   RS  .  Identifi cation of distinct and common gene 
expression changes after oxidative stress and gamma and ultraviolet radiation .  Mol 
Carcinog   2003 ; 37 : 65  –  82 .  

  74.       Heinloth   AN  ,   Irwin   RD  ,   Boorman   GA  ,   Nettesheim   P  ,   Fannin   RD  ,   Sieber   SO  ,   Snell  
 ML  ,   Tucker   CJ  ,   Li   L  ,   Travlos   GS  ,   Vansant   G  ,   Blackshear   PE  ,   Tennant   RW  ,   Cun-
ningham   ML  ,   Paules   RS  .  Gene expression profi ling of rat livers reveals indicators 
of potential adverse effects .  Toxicol Sci   2004 ; 80 : 193  –  202 .  

  75.       Reid   AB  ,   Kurten   RC  ,   McCullough   SS  ,   Brock   RW  ,   Hinson   JA  .  Mechanisms of acet-
aminophen - induced hepatotoxicity: role of oxidative stress and mitochondrial per-
meability transition in freshly isolated mouse hepatocytes .  J Pharmacol Exp Ther  
 2005 ; 312 : 509  –  516 .  

  76.       Yoon   B  ,   Li   G - X  ,   Kitada   K  ,   Kawasaki   Y  ,   Katsuhide   I  ,   Kodama   Y  ,   Inoue   T  ,   Kobayashi  
 K  ,   Kanno   J  ,   Kim   D - Y  ,   Inoue   T  ,   Hirabayashi   Y  .  Mechanisms of benzene - induced 
hematotoxicity and leukemogenicity: cDNA microarray analyses using mouse 
bone marrow tissue. Env   Health Perspect   2003 ; 111 : 1411  –  1420 .  

  77.       Faiola   B  ,   Fuller   ES  ,   Wong   VA  ,   Recio   L  .  Gene expression profi le in bone marrow 
and hematopoietic stem cells in mice exposed to inhaled benzene .  Mutat Res  
 2004 ; 549 : 195  –  212 .  



  78.       Young   MB  ,   DiSilvestro   MR  ,   Sendera   TJ  ,   Freund   J  ,   Kriete   A  ,   Magnuson   SR  .  Analy-
sis of gene expression in carbon tetrachloride - treated rat livers using a novel bioar-
ray technology .  Pharmacogenomics J   2003 ; 3 : 41  –  52 .  

  79.       Huang   Q  ,   Dunn   RT  , II,   Jayadev   S  ,   DiSorbo   O  ,   Pack   FD  ,   Farr   SB  ,   Stoll   RE  ,   Blanchard  
 KT  .  Assessment of cisplatin - induced nephrotoxicity by microarray technology . 
 Toxicol Sci   2001 ; 63 : 196  –  207 .  

  80.       Davies   KJ  .  The broad spectrum of responses to oxidants in proliferating cells: a 
new paradigm for oxidative stress .  IUBMB Life   1999 ; 48 : 41  –  47 .  

  81.       Scandalios   JG  .  Oxidative stress responses — what have genome - scale studies taught 
us?   Genome Biol   2002 ; 3 : REVIEWS1019 .  

  82.       Ogata   H  ,   Fujibuchi   W  ,   Goto   S  ,   Kanehisa   MA  .  Heuristic graph comparison algo-
rithm and its application to detect functionally related enzyme clusters .  Nucleic 
Acids Res   2000 ; 28 : 4021  –  4028 .  

  83.       Nakaya   A  ,   Goto   S  ,   Kanehisa   MA  .  Extraction of correlated gene clusters by 
multiple graph comparison .  Genome Inform Ser Workshop Genome Inform  
 2001 ; 12 : 44  –  53 .  

  84.       Kelley   BP  ,   Sharan   R  ,   Karp   RM  ,   Sittler   T  ,   Root   DE  ,   Stockwell   BR  ,   Ideker   T  .  Con-
served pathways within bacteria and yeast as revealed by global protein network 
alignment .  Proc Natl Acad Sci U S A   2003 ; 100 : 11394  –  11399 .  

  85.       Gandhi   TK  ,   Zhong   J  ,   Mathivanan   S  ,   Karthick   L  ,   Chandrika   KN  ,   Mohan   SS  ,   Sharma  
 S  ,   Pinkert   S  ,   Nagaraju   S  ,   Periaswamy   B  ,   Mishra   G  ,   Nandakumar   K  ,   Shen   B  ,   Desh-
pande   N  ,   Nayak   R  ,   Sarker   M  ,   Boeke   JD  ,   Parmigiani   G  ,   Schultz   J  ,   Bader   JS  ,   Pandey  
 A  .  Analysis of the human protein interactome and comparison with yeast, worm 
and fl y interaction datasets .  Nat Genet   2006 ; 38 : 285  –  293 .  

  86.       Covert   MW  ,   Knight   EM  ,   Reed   JL  ,   Herrgard   MJ  ,   Palsson   BO  .  Integrating high -
 throughput and computational data elucidates bacterial networks .  Nature  
 2004 ; 429 : 92  –  96 .  

  87.       Li   S  ,   Armstrong   CM  ,   Bertin   N  ,   Ge   H  ,   Milstein   S  ,   Boxem   M  ,   Vidalain   PO  ,   Han   JD  , 
  Chesneau   A  ,   Hao   T  ,   Goldberg   DS  ,   Li   N  ,   Martinez   M  ,   Rual   JF  ,   Lamesch   P  ,   Xu   L  , 
  Tewari   M  ,   Wong   SL  ,   Zhang   LV  ,   Berriz   GF  ,   Jacotot   L  ,   Vaglio   P  ,   Reboul   J  ,   Hirozane -
 Kishikawa   T  ,   Li   Q  ,   Gabel   HW  ,   Elewa   A  ,   Baumgartner   B  ,   Rose   DJ  ,   Yu   H  ,   Bosak   S  , 
  Sequerra   R  ,   Fraser   A  ,   Mango   SE  ,   Saxton   WM  ,   Strome   S  ,   Van Den   Heuvel   S  ,   Piano  
 F  ,   Vandenhaute   J  ,   Sardet   C  ,   Gerstein   M  ,   Doucette - Stamm   L  ,   Gunsalus   KC  ,   Harper  
 JW  ,   Cusick   ME  ,   Roth   FP  ,   Hill   DE  ,   Vidal   M  .  A map of the interactome network of 
the metazoan  C. elegans  .  Science   2004 ; 303 : 540  –  543 .   

           
    
 

REFERENCES 193



 UNRAVELING MECHANISMS OF 
TOXICITY WITH THE POWER OF 
PATHWAYS: TOXWIZ TOOL AS 
AN ILLUSTRATIVE EXAMPLE  

  MARK P.   K Ü HNEL  ,   BOJANA   COSOVIC  ,   GORAN   MEDIC  , 
  ROBERT B.   RUSSELL  , AND   GORDANA   APIC       

                     Table of Contents 
    9.1     Introduction 196  
  9.2     The Wind of Change in Toxicology: Toward Understanding 

Mechanisms of Toxicity and Predicting Toxicities for Novel 
Compounds 198  

  9.3     Systems Biology Approach Enables Unprecedented Insights into 
Molecular Mechanisms of Toxicology 201  

  9.4     Why Now and Not 30 Years Ago? 203  
  9.5     Predicting Toxicity and Making a Mechanistic Hypothesis Based 

Only on Chemical Structure: A Case Study with a Phthalates 203  
  9.6     Chemical Structure Search: Searching for Phthalate Compounds 203  
  9.7     Finding Toxicity in Testis by Analyzing Expression Study of Liver 

Tissue from Mice Treated with Phthalic Acid 204  
  9.8     Mapping the Microarray Data onto Toxic Endpoints 205  
  9.9     Exploring Toxic Endpoints 205  
  9.10     Combining the Results of the Substructure Search with the 

Microarray Data 207  
  9.11     Solution to Common Problems Toxicologists Face: Finding a 

Molecular Rationale for Unexpected Toxic Endpoints 209  
  9.12     Chemical Search for Nicotinate 209  
  9.13     Mapping the Compound Set onto Toxic Endpoints 211  
  9.14     Previously Observed Xenobiotics that Cause Testis Problems 212  
  9.15     Nicotinates with Lipophilic Substituents Acting on RAR α  212  

9

 195

Pathway Analysis for Drug Discovery, Edited by Anton Yuryev
Copyright © 2008 John Wiley & Sons, Inc.



196 UNRAVELING MECHANISMS OF TOXICITY WITH THE POWER

  9.16     The Molecular Details of the Prediction 213  
  9.17     Exploring the Molecular Basis of Combination Drugs Using 

ToxWiz 214  
  9.18     Conclusions 215  
  9.19     About Cambridge Cell Networks 216  
   References 216           

  9.1   INTRODUCTION 

 Increasing concerns about general chemical safety for humans and the envi-
ronment has recently created a need for better understanding of mechanisms 
underlying toxic effects and safety issues. Mechanisms can often identify toxic-
ity biomarkers, making prediction of toxic effects easier. Regulatory require-
ments for drugs, agrochemicals, cosmetics, and a wide range of other chemicals 
are changing and becoming more concerned about the mechanisms related to 
the potential safety issues. In order to create safe chemicals and to minimize 
surprises with safety issues later in the development or in marketed products, 
understanding the mechanisms of toxicities, as well as those of desired action, 
can be crucial. The knowledge of molecular mechanisms underlying biological 
phenomena in general, such as disease mechanisms, has accumulated as bio-
logical research has become more molecular over the last few decades. Toxi-
cology was not traditionally required to explain the molecular basis of observed 
toxicity, meaning that currently comparably little is known about mechanisms 
of toxicity. New molecular biology data make it now possible to try to improve 
our understanding of mechanisms of toxicity. As the molecular biology devel-
oped in the course of 20th century, the mechanisms of cellular processes have 
been depicted as biological pathways such as metabolic and signaling path-
ways. Knowledge bases such as ToxWiz capture a wide spectrum of mecha-
nistic hypothesis and pathways for toxic effects derived from meticulous expert 
analysis of millions of articles in the scientifi c literature, drawing parallels 
between mechanism of disease, pathology and toxic endpoints, and depicting 
them in a form of biological pathways for underlying toxic endpoints. ToxWiz 
also contains over 1,000 organ, tissue and pathology - specifi c toxic endpoints 
(e.g. liver hyperplasia, kidney hypertrophy, etc.) and over 3 million expert -
 curated literature data points to support the collected hypothesis. Addition-
ally, software tools based on systems biology principles allow one to analyze 
novel compounds for toxicity. Software tools, such as ToxWiz provide an 
unprecedented insight for assessing safety and toxicology of novel compounds 
and understanding the molecular mechanism of toxicity (Figure  9.1 ). By 
describing biological pathways underlying the toxic effects, biological pathway 
tools promise to help design safer chemicals. This chapter illustrates how 



    Figure 9.1     The process of elucidating mechanisms of toxicity from left to right. ToxWiz 
Knowledge base comprises over 100 years of manual expert curation of over 17 million 
scientifi c articles from PubMed and processing of all relevant data including FDA post -
 marketing reports, the entire human interactome (protein – protein interaction), etc. The 
curators use a text search software with over 300,000 ontologies and other systems 
biology software tools such as chemical structure searches in order to help them iden-
tify the relevant information faster. These data are then manually processed, inter-
preted, and collated via a ToxWiz software tool in a unique ToxWiz Knowledge base 
describing over 1,000 toxic endpoints with their mechanistic hypothesis and with direct 
links to evidence with over 3 million expert - curated articles supporting the hypothesis 
(toxicology pathways). On the client side, research can easily assess the knowledge 
from a ToxWiz Knowledge base in order to explain the mechanisms of observed toxi-
city. Additionally, the ToxWiz software tool allows creating mechanistic hypothesis 
based on the chemical structure features of the compound, as well as complementary 
to the analysis of time -  and dose - dependent  - omics experiments and to see them in the 
light of mechanistic hypothesis. 

 The systems biology principles make it possible to use ToxWiz software tool to 
integrate client ’ s proprietary data on chemical compounds, toxicity reports or clinical 
data, and thus to bring the proprietary knowledge accumulated in the client ’ s site into 
predictive context.  
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expert - curated literature data captured in a ToxWiz database, a catalogue 
of biological pathways underlying almost 1,000 toxic endpoints associated 
with over 30,000 chemical structures, can help understand the mechanisms 
of observed toxicity. It also describes how ToxWiz enables prediction of 
more than one toxicity based on mechanistic knowledge. We will provide 
insights of how knowledge about biological pathways and pathway 
analysis tools can be used in both retrospective (explaining mechanisms 
of observed toxicity) and prospective ways (predicting toxicity) for better 
safety assessment and understanding of the molecular mechanisms of toxic 
effects.    

  9.2   THE WIND OF CHANGE IN TOXICOLOGY: TOWARD 
UNDERSTANDING MECHANISMS OF TOXICITY AND 
PREDICTING TOXICITIES FOR NOVEL COMPOUNDS 

 Toxicology is the single most expensive aspect of preclinical drug discovery, 
costing roughly as much as all other preclinical operations put together. This 
is due to the need for rigorous testing in animals on any drug candidate prior 
to any contact with human subjects. It is also a major expense in chemical and 
agrochemical industries, since strict testing is also required on any ingredient 
in regular contact with humans. Animal tests are unfortunately neither scal-
able nor amenable to miniaturization as are other aspects of drug discovery 
(e.g. high - throughput screening). It has thus become a bigger and bigger bot-
tleneck, having to cope with an increase in drug candidates with a throughput 
that has changed little in the last decades (e.g. Koppal  [1] ). As a result, there 
is a growing pressure to increase throughput and cut costs in this still expensive 
discipline. 

 To make matters worse, new pressure on the industry has come from initia-
tives such as the European Union ’ s REACH directive (e.g. Sauer  [2] ), which 
requires retesting on thousands of chemicals already on the market, and many 
moves to decrease the number of animals tested in the development of new 
compounds. There is thus a burning need in the pharmaceutical and chemical 
industries to fi nd suitable replacements or technologies to explain molecular 
mechanism of toxicity, predict toxic outcomes, and avoid or prioritize 
experiments. 

 It has long been known that similar chemical structures tend to induce, 
bind, and be metabolized by similar macromolecules in the cell. This has 
spurred efforts to identify  toxicity biomarkers , which have been a major focus 
in predictive toxicology. Biomarkers can take the form of changes in the 
expression of genes as measured by toxicogenomics (e.g. Fielden et al.  [3] ), 
metabolites produced possibly owing to effects on normal cellular metabolism 
(e.g. Heinje et al.  [4] ), or in some cases proteins indicative of particular toxic 
responses, such as cytokines in the case of infl ammation (e.g. Tsutsui et al. 
 [5] ). Biomarkers come into being as a result of the overall biological response 



to a xenobiotic, which is nearly always the result of the chemical, or one of its 
metabolites binding to a number of proteins in the cell. Binding of compounds 
to several proteins has long been recognized as indicators of toxic events. For 
instance, binding to the androgen receptor is often an indication of problems 
in sex - organ development relating to interference with testosterone function 
(e.g. Clegg et al.  [6] ) related to, or binding to the ether - a - go - go or ERG 
channel is very often associated with QT prolongation associated with cardiac 
problems (e.g. Sanguinetti et al.  [7] ). 

 Although it is possible to assess protein - chemical binding using a variety of 
biophysical techniques (e.g. Surface Plasmon Resonance), the experimental 
requirements in terms of the amounts of purifi ed protein or chemical needed 
make it prohibitively expensive to perform on a battery of proteins. Neverthe-
less, there is a certain amount of binding information buried in the scientifi c lit-
erature, and focused efforts to collect them, like the one in creating the ToxWiz 
database, promise to bridge this gap of information. Software tools such as 
ToxWiz are thus a useful alternative to prohibitively expensive binding studies, 
as they allow one to see the binding partners of all similar chemical groups from 
the processed scientifi c literature and can infer other potential binding to the 
proteins, by combining network context algorithms with chemoinformatics. 
The advantage of such  in silico  predictions of toxicity over traditional QSAR 
methods, is that they immediately provide a mechanistic hypothesis for the 
predicted toxicity, as well as a set of candidate receptors or other binding events 
possibly related to the predicted or observed toxicity, which are easy to test in 
standardized receptor profi ling or gene expression experiments. 

 During the last 50 – 60 years of molecular biology research, many chemicals 
have been used as tool compounds and many have been reported in the litera-
ture to bind to certain receptor or to cause changes in the gene expression. 
Some of these molecules have been already identifi ed as toxicity biomarkers. 
Molecular biology also produced many ways to perturb a molecular target and 
to observe a produced phenotype (often pathology) in ways similar to a toxic 
compound perturbing a target or other off - target proteins. However, little is 
known and reported about mechanisms of toxicity. Mechanistic knowledge 
buried in the scientifi c literature requires expert analysis for it to be related 
to molecular biology and to catalogue it systematically in a database. In the 
case of the ToxWiz Knowledge base, a multidisciplinary team of molecular 
toxicologist, biochemists, chemists, pharmacologists, and medical doctors/vet-
erinarians accumulated over 60 man - years of expert literature curation associ-
ated with toxicity biomarkers, biomarker candidates, and molecules associated 
with toxic endpoints (Figure  9.1 ). A systems biology approach made it possible 
for the fi rst time to collate information on the basic set of biological pathways 
and to prepare literature supported mechanistic hypothesis for over 1,000 
toxic endpoints. All the manually expert - curated information was put in a 
special systems biology framework within the underlying ToxWiz tool (Figure 
 9.2 ). This system now enables systematic analysis of toxic effects,  - omics 
experiments or predictions of toxic endpoints.    
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  9.3   SYSTEMS BIOLOGY APPROACH ENABLES 
UNPRECEDENTED INSIGHTS INTO MOLECULAR 
MECHANISMS OF TOXICOLOGY 

 Mechanistic knowledge accumulated in the literature as a result of molecular 
biology research, genome sequencing projects, and other high - throughput 
experimental technologies, has made biology a data - rich discipline. One of the 
biggest challenges scientists face today is how to interpret these large datasets. 
Systems biology approaches generate high - throughput data but more impor-
tantly, they allow interpretations of these data in a meaningful manner. Instead 
of an in - depth focus on a limited number of molecular components, these 
approaches adopt a comprehensive look at hundreds or thousands of intercon-
nected components and how these combine to reveal defi nable phenotypes, 
such as disease or toxic responses. 

 ToxWiz contains a rich database of over 3 million of expert - curated data 
points that form a holistic  “ biological context network, ”  where pathways are 
series of interactions within a cell displayed as a network of nodes (i.e. genes, 
proteins, chemicals, or effects) connected by edges (i.e. the lines joining mol-
ecules or effects together) and clusters, which are groups of protein/genes and 
chemicals associated to toxic endpoints, disease, or compound type. ToxWiz 
integrates the information about chemicals, genes, drug targets, metabolites, 
and pathologies describing their relationships or interactions. All these data, 
coupled with specifi c algorithms that allow prediction of possible toxic end-
point effects from the network context, ultimately suggest molecular mecha-
nisms of toxicity. A collection of completely sequenced genomes and genomics 
information enables direct comparison of isoforms of metabolizing enzymes 
involved in processing of the chemical (e.g. CYP3A4) and fast cross - species 
validation of data across 17 species, including all toxicologically relevant 
species, e.g. dog, mouse, rat, etc. 

 This approach offers an unprecedented insight into understanding the con-
nections between chemical structures, gene expression, protein networks, and 
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    Figure 9.2     Predictions of toxic endpoints and mechanistic hypothesis can be gener-
ated by querying with chemical structures only, or combined with text searches for 
toxicities, pathologies, or with  - omics data. The different ways of searching the ToxWiz 
Knowledge base (structure search, text search with synonyms, identifi er, or sequence 
search) are integrated into the ToxWiz software tools. 

 For example, starting with a novel chemical structure causing a liver necrosis, one 
can easily access all the toxic effects for similar structures and the general mechanisms 
for liver necrosis, creating effectively a fi rst hypothesis for how the novel chemical 
might be causing liver necrosis, and allowing comparison between species, as well as 
identifying potential toxicity biomarkers. Below the diagram are listed some of the 
contents of the ToxWiz Knowledge base that make associations with mechanistic 
knowledge possible.  
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toxic or pharmacological endpoints. Better understanding of mechanisms 
allows us to make a more informed assessment of risk or benefi t of a drug/
chemical. Combining chemical structures, together with genomics, proteomics, 
and a vast collection of annotated data from the scientifi c literature in the 
system are able to make accurate predictions of toxic endpoints or other 
aspects of pharmacology, and possibly associated mechanistic explanations, 
which can be easily visualized and explored further (Figure  9.1 ). 

 The captured data represent a high - level integrated holistic summary of 
interactions inferred from many biological contexts. However, representing 
the interactome as a static biological network is akin to a long - exposure pho-
tograph that can mask context - specifi c patterns of activation across multiple 
processes, cellular locations, and time. Conclusions drawn from the full net-
work ’ s topology may be compromised by these inherent limitations. 

 A central goal of systems biology research is to elucidate the underlying 
patterns of interaction in an effort to obtain more realistic and predictive 
models of the cell and eventually the organism. This has prompted the devel-
opment of a broad range of graphical representations coupled with mathemat-
ical equations intended to model cellular dynamics. 

 The overall goal is to make toxicology more a predictive science than a 
diagnostic as it used to be. Toxicology is an ideal place to apply this kind of 
technology, for the simple reason that there is a pressing need to integrate a 
lot of information in order to improve effi ciency. 

 Knowledge bases and tools such as ToxWiz allow one to rationalize toxicity 
fi ndings by understanding mechanisms and their signifi cance, and predict tox-
icity by linking molecular structures and effects through knowledge of path-
ways. It also helps in making decisions about the likely properties of chemicals 
in biological systems and the potential for adverse health effects. 

 ToxWiz contains a large, mainly manually curated database of protein –
 protein, protein – chemical interactions, pathways, and information about bio-
logical function, toxicology and other data from the literature. The software 
allows one to query this database with one or more protein or gene sequences, 
one or more chemicals, or text queries that are processed with the latest text -
 mining technologies and synthesize complex information fast. As a result, one 
can get specifi c answers such as where a xenobiotic perturbs a particular 
system, what other pathways might be affected, and how one can link chemical 
structures to a complex network of interactions (Figure  9.2 ). 

 It is often important to predict and understand more than one toxicity in 
more than one organ and rank the signifi cance of the predictions and mecha-
nistic hypothesis. The ToxWiz  mapping  system allows one to rank - order pos-
sible effected pathways or toxic - endpoint clusters. This system derives a score 
for each pathway/cluster inside the system considering genes/proteins that 
overlap within a set of query genes (e.g. from a microarray dataset), in addi-
tion to those that interact with members of a pathway/cluster (i.e. indirect 
associations). Several case studies performed with ToxWiz with well - 
established chemical toxicities are given below, and show how this technique 



is able to tease true signals out of very noisy data, predicting nonobvious 
associations that might be missed by more conventional means.  

  9.4   WHY NOW AND NOT 30 YEARS AGO? 

 An understanding of molecular mechanisms is not only important when devel-
oping new drugs but also for safety of chemicals in a workplace, industrial 
pollutants, and naturally occurring hazardous compounds found in food and 
drinking water. A new legislative directive from the European Union, REACH, 
was approved in summer 2007. REACH requires many commonly used chem-
icals to be re - registered and often retested for safety. Testing tens of thousands 
of chemicals in animals is extremely expensive and alternatives to animal 
testing are thus needed more than ever before. At the moment, there are 
insuffi cient  in vitro  alternatives available and there is a pressing need to make 
the best out of  in vitro  and  in silico  systems to gain a better mechanistic under-
standing of chemical actions and to defi ne mechanism - based biomarkers of 
toxicity. 

 Signifi cant progress in genomics has provided tools for the investigation 
and interpretation of important biochemical events. By combining  in vitro  and 
 in silico  systems, we should be better able to defi ne biomarkers of toxicity, 
which will in turn allow better translation of effects across species and add 
specifi city to predictions of toxic response.  

  9.5   PREDICTING TOXICITY AND MAKING A MECHANISTIC 
HYPOTHESIS BASED ONLY ON CHEMICAL STRUCTURE: 
A CASE STUDY WITH A PHTHALATES 

 Phthalates are common ingredients in plastics and are thus omnipresent in our 
environment. The toxic effects they can cause largely became known only 
once they were in frequent use. Today, certain phthalates are known to cause 
a range of reproductive toxicities in certain mammals (see Third National 
Report on Human Exposure to Environmental Chemicals, U.S. CDC, July 
2005), though comparatively little is known about the mechanism. Here we 
will describe how a chemical structure of the phthalate is investigated inside 
ToxWiz, in order to make a mechanistic hypothesis about the toxic effects of 
diethylhexyl phthalate and about phthalates in general.  

  9.6   CHEMICAL STRUCTURE SEARCH: SEARCHING FOR 
PHTHALATE COMPOUNDS 

 A chemical substructure search for a phthalic acid fragment (Figure  9.3 ) inside 
a larger molecule identifi es 29 closely related chemical structures, out of 
the roughly 40,000 biologically active chemicals inside the system (i.e. those 
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    Figure 9.3     Phthalic acid.  

chemicals with some molecular information about their biological action). 
These 29 similar chemicals are linked to over 300 proteins, genes, or biological 
effects in the system in the ToxWiz Version 2.1. These data allow us now to 
map out a mechanistic hypothesis of biological pathways activated by a very 
similar group of chemicals. The recent advances in systems biology and the 
prior knowledge have made it possible to make use of structural information 
describing a compound in order to predict pathways and exact sets of genes 
that will be affected with the chemical compound. The chemical structure can 
thus offer a fi rst mechanistic guess. It can be done before any — omics experi-
ment has been done and can therefore be used to guide, for instance, microar-
ray or proteomics experiment design.    

  9.7   FINDING TOXICITY IN TESTIS BY ANALYZING 
EXPRESSION STUDY OF LIVER TISSUE FROM MICE 
TREATED WITH PHTHALIC ACID 

 Toxicogenomics studies are commonly used to identify a set of disregulated 
genes when an animal has been treated with a chemical of interest. Microarray 
studies allow not only chart disregulated genes, but also to observe changes 
over time and/or dosage. The sets of disregulated genes can help to obtain a 
more in - depth understanding about mechanisms of toxicity and eventually to 
identify toxicity biomarkers. Here, we show an analysis of whole - genome 
microarray experiment of a diethylhexyl phthalate - treated mice. A liver 
microarray dataset of mice treated with diethylhexyl phthalate over the four 
different doses was analyzed (the data are deposited in the Environment, 
Drugs and Gene Expression [EDGE] database). ToxWiz allows us to simul-
taneously load multiple experiments. 

 Though nearly all the mouse genes will be recognized by the system, it 
makes sense to further analyze for mechanism only those genes that have 
something known about them, either in terms of their function or their inter-
actions with proteins and chemicals. 

 The ToxWiz database is human centric but it also contains data for 17 other 
species, including higher mammals such as chimp, dog, and mouse, as well as 



simpler organisms like zebra fi sh, nematode, and yeast. When microarray data 
of an animal data are imported into ToxWiz, the tool determines how many 
of the genes in the animal are equivalent in humans. 

 Typically, between 50% and 70% of all the genes in the dataset will be 
considered in the mechanistic analysis with a tool such as ToxWiz. It is possible 
to identify distinctively disregulated genes where nothing is known about the 
function of the gene, and that these can become biomarkers. Though useful 
as biomarkers, these genes cannot tell us much about mechanism. When 
importing a set of disregulated genes, we can also specify thresholds for the 
genes to include in the analysis. Here only genes with a fold change of 1.5 or 
higher are taken into account.  

  9.8   MAPPING THE MICROARRAY DATA ONTO 
TOXIC ENDPOINTS 

 A quick and easy way to see what a set of disregulated genes might do in a 
biological system is to map them onto biological pathways or toxicity clusters 
in the system. A cluster is a set of genes or chemicals associated with a biologi-
cal phenomenon such as a toxic endpoint or a disease. Genes, proteins, and 
chemicals within a toxicity cluster can be viewed as a mechanistic hypothesis 
for a toxic endpoint. In this case, we will consider only toxic endpoints (Figure 
 9.4 ). The toxicity pathways or clusters (on the right) are ranked according 
to our statistical mapping system, which considers how common genes are 
in the system, in addition to connections between genes. The third ranked 
toxic endpoint in this case is testis atrophy. This is a well - known problem 
with phthalate molecules, which cause genital and germ - line development 
problems.    

  9.9   EXPLORING TOXIC ENDPOINTS 

 A toxic endpoint cluster is a set of genes, proteins, and chemicals associated 
somehow with a particular endpoint. Figure  9.5  shows part of the testis atrophy 
cluster. There are many molecules linked to the testis atrophy toxic endpoint, 
suggesting that this pathology has been extensively studied. The genes from 
our microarray dataset that are inside this cluster appear in blue, with bars 
indicating the degree of up -  or down - regulation. Hovering over these bars 
displays the numbers from the original data fi le.   

 It is also possible to see how other genes in our dataset are indirectly con-
nected to this toxic endpoint. If we consider all types of connections, then 
several other genes from our dataset are added to the cluster (Figure  9.6 ). 
These connections contributed to the score that we got in our previous mapping 
(Figure  9.4 ). These powerful and unique features of ToxWiz allow us to relate 
genes to toxic endpoints that have not yet been reported in the literature to 
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    Figure 9.4     The upper part shows a map of genes down the left side, connected to 
toxic endpoints on the right. Solid lines connecting genes to toxic endpoints indicate 
that the gene is reported in the literature to be associated with a toxic endpoint. Dashed 
lines indicate that the gene is interacting or infl uencing something that is reported to 
be related with the toxicity and thus highly probably plays a role in the mechanism of 
toxicity. Below is the alternative table version with names of endpoints in the left 
column, molecules associated with a toxic endpoint in the middle column, and mole-
cules interacting or infl uencing a given toxicity endpoint in the right column.  



    Figure 9.5     Some of genes, proteins, and chemicals (with chemical structure informa-
tion) expert curated from the literature to be associated with the testis atrophy toxic 
endpoint.  
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be associated with the toxic endpoints, opening new avenues for discovering 
biomarkers and creating hypotheses about mechanism.   

 The mechanistic view of testis atrophy reveals that phthalates have 
previously been seen to up - regulate PEX11A2. This gene is also up - regulated 
in our dataset and while there is no evidence of a direct link between 
PEX11A  [8]  and testis problems in the current literature, ToxWiz has 
inferred such a relationship, based on the vast network of genes, proteins, 
and chemicals stored in the database. Other genes that are known to 
have an effect on testis development are also present in the cluster, such as 
cytochrome c (T - Cc), which causes problems when it is deleted in the mouse 
 [8] .  

  9.10   COMBINING THE RESULTS OF THE SUBSTRUCTURE 
SEARCH WITH THE MICROARRAY DATA 

 Combining the prediction of toxic endpoints based on the chemical structure 
with the microarray dataset provides an unprecedented way of creating a 
mechanistic hypothesis. Figure  9.7  shows part of the highest scoring cluster 
from the previous map, testis degeneration, with both the connected chemicals 
from the phthalate substructure search and the connected genes from the 
microarray dataset added.   
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    Figure 9.6     Mechanistic view of testis atrophy toxic endpoint cluster shows connected 
genes from the mouse liver microarray dataset. The connecting lines have expert -
 curated literature references linked to them, thus allowing fast access to literature 
supporting the mechanistic hypothesis.  

    Figure 9.7     Testis degeneration toxic endpoint cluster showing connected chemicals 
(hexagons) identifi ed by a structure search as a closely related group of chemicals and 
connected genes from the mouse liver microarray dataset (genes with small bars next 
to them visualizing expression levels).  
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 This provides a better picture of what might be happening when mice are 
given these compounds. The fi gure shows that phthalates are known to acti-
vate or induce various nuclear receptors such as PPAR alpha (PPARA) and 
RAR alpha 2 (RARA)  [8] . Moreover, several genes from our microarray 
dataset appear to be activated by one or more of these transcription factors, 
such as the transporter molecule, ABCD3. 

 This analysis demonstrates one of the many ways in which ToxWiz can be 
used to investigate toxicogenomics data. It shows how by combining microar-
ray data with the chemical information in the system, it is possible to gain 
insights into possible mechanisms of toxicity.  

  9.11   SOLUTION TO COMMON PROBLEMS TOXICOLOGISTS 
FACE: FINDING A MOLECULAR RATIONALE FOR 
UNEXPECTED TOXIC ENDPOINTS 

 AstraZeneca toxicologists described an unexpected observation of testis 
degeneration in rats, when studying a series of compounds consisting of a 
 “ lipophilic core connected to a nicotinic acid ”   [9] . Subsequent work suggested 
that undesirable interactions with retinoic acid receptors (RARs) might be 
the molecular basis of this effect. 

 Although full details of the compounds were not disclosed because they 
were proprietary, it was possible to suggest a molecular rationale for the fi nd-
ings by using the ToxWiz Knowledge base combined with the chemical struc-
ture analysis from the ToxWiz tool. It was possible to integrate data in such 
a way that diverse sources of information such as gene knockouts in model 
organisms, chemistry, and pathology data can be combined to reveal the likely 
mechanism of these (and other) unexpected toxic endpoints. 

 The ToxWiz system works by exploiting a network of thousands of interact-
ing genes, proteins, chemicals, pathways, and biological effects, including toxic 
endpoints and diseases. The neighborhood of a molecule in the system 
captures everything that has been observed about it in the past, either in the 
public domain or in company proprietary datasets, and therefore provides an 
excellent basis to help make decisions in toxicology and many other areas of 
drug discovery.  

  9.12   CHEMICAL SEARCH FOR NICOTINATE 

 The fi rst step to perform is a substructure search of the ToxWiz database for 
compounds linked to biology and containing an appropriately substituted 
nicotinic acid group, and then fi nd toxicology - related biological pathways in 
which these compounds are active. This search yielded 19 compounds contain-
ing the nicotinic group (Figure  9.8 ), of which 10 – 12 contained lipophilic 
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    Figure 9.8     Some of the 19 compounds returned using a chemical substructure search 
with nicotinic acid.  

substituents, and were thus possibly similar to the proprietary novel com-
pound in question. Note that this fi ltering process also involved removing 
compounds that did not contain true nicotinate groups (for example, the drug 
Amlexenox, in which the nicotinate group is part of a larger ring system).    



  9.13   MAPPING THE COMPOUND SET ONTO TOXIC ENDPOINTS 

 This set of molecules was then mapped onto over 1,000 toxic endpoint clusters 
in the ToxWiz database (Figure  9.9 ). Each cluster contains chemicals, genes, 
and proteins that have previously been associated with each endpoint. The 
mapping process considers whether each molecule is reported in the literature 
to be associated with the toxic endpoints (full lines), or if it is not (yet) 
reported in the literature to be associated with the toxic endpoints. We found 
that it acts on genes or proteins that themselves have reported to be associated 
with the toxic endpoint and thus these chemicals are likely to be related 
somehow to the toxicity. The toxic endpoint pathways (clusters) are then 
ranked according to a statistical signifi cance, which accounts for the abun-
dance of proteins in biological processes and the size of pathways. For interac-
tions it also considers the strength, or confi dence, of the interaction, for 
example, giving a greater weight to manually curated interactions than those 
determined from text mining. The clusters are then listed in order of signifi -
cance on the right of the map.   

 Testis atrophy and testis degeneration are among the highest ranked clus-
ters (fi rst and third, respectively). One can also see that only three of the 
compounds map with any signifi cance to endpoints. Inspection shows that 

    Figure 9.9     Mapping compounds containing nicotinic acid without signifi cant polar 
group substituents.  
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several of the compounds are from high - throughput assays in PubChem and 
lack any literature evidence about their biological function. 

 The power of the network is illustrated by the map in Figure  9.7 . Solid lines 
indicate that there is at least one previous observation of a relationship 
between the molecule and the endpoint. By contrast, dashed lines indicate an 
indirect relationship, in which the molecule interacts with something (usually 
a protein) inside the endpoint cluster. Such compounds might have a second-
ary effect. Such network - based systems and analysis tool help highlight and 
discover novel mechanistic associations.  

  9.14   PREVIOUSLY OBSERVED XENOBIOTICS THAT CAUSE 
TESTIS PROBLEMS 

 The association of nicotinic acid to problems in the testis is most likely due to 
processes downstream from, or related to, toxicity induced by phthalates and 
other similar molecules  [10] . Phthlates are known to infl uence RAR in the 
course of causing testis developmental problems  [11,12] . Searches within the 
system also identify key problems.  

  9.15   NICOTINATES WITH LIPOPHILIC SUBSTITUENTS ACTING 
ON  RAR  a  

 One of the compounds containing lipophilic attachments is the drug tazaro-
tene (Figure  9.10 ), an optical retinoid used for the treatment of psoriasis. This 
compound is more active against RAR beta or gamma than alpha, but it does 
show activity against RAR alpha  [13] . Tazarotene acts by affecting activities 
of RARs. The compound itself is not associated with testis problems, only 
with the receptor (hence the dashed lines in Figure  9.9 ). Indeed, no evidence 
of testis problems has been found for this compound. Although, as it acts by 

    Figure 9.10     Tazarotene.  



targeting this receptor, that is, perhaps, unsurprising. But because it conforms 
to the pattern mentioned by Scott Boyer in his presentation at ISSX, the 
proprietary compounds could be acting in a similar way to exert deleterious 
(instead of desired) effects.    

  9.16   THE MOLECULAR DETAILS OF THE PREDICTION 

 Displaying the mechanistic hypothesis view for testis degeneration and then 
adding to it the compounds from the search, creates a pathway - like diagram 
that might explain how the compounds are eliciting their effect (Figure  9.11 ). 
In particular, relationships with both retinoic acid (e.g. RAR alpha) and 
peroxisome proliferative activated receptors (e.g. PPAR alpha) are apparent 
among the compounds known to cause developmental problems in the 
testis.   

 This retrospective analysis demonstrates the great predictive potential of 
ToxWiz. Moreover, its ability to deal with the concept of a group of com-
pounds rather than just one compound can be a great advantage when study-
ing a series of molecules, or when considering the best substituents to try 
during lead optimization studies. Knowledge of previous studies is always a 
great benefi t in designing new ones, and ToxWiz can be an effective way of 
fi nding this information quickly.  

    Figure 9.11     The testis degeneration cluster, showing connections between proteins/
chemicals, and with tazarotene added (and connected to RAR α ).  
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  9.17   EXPLORING THE MOLECULAR BASIS OF COMBINATION 
DRUGS USING  T OX W IZ 

 Drug combinations represent intriguing possibilities for new therapies. The 
basic principle is that two active compounds can lead to effects that are more 
than the sum of their parts, possibly by simultaneously blocking two parts of 
the same pathway, or by one compound augmenting the activity of another. 
Borisy et al.  [14] , from CombinatoRx systematically screened about 120,000 
combinations of reference listed drugs to fi nd combinations that had new 
activities. Using ToxWiz, all combinations that came out of this study were 
investigated to see if the ToxWiz database and algorithms could suggest how 
one drug could complement another. 

 One of the interesting combination effects that were reported was that the 
antiplatelet drug dipyridamole, when combined with the glucocorticoid dexa-
methasone, prevented TNF -  α  production in response to stimulation by phorbol 
12 - myristate 13 - acetate (PMA) or ionomycin. The best possible paths between 
these two drugs were sought using ToxWiz and also, additional connections 
between them were explored by investigating the interaction network around 
these two compounds (see Figure  9.12 ).   

    Figure 9.12     Some of the possible biological links between dexamethasone and dipyri-
damole suggested by ToxWiz. The targets for the two drugs are boxed left and right. 
TNF - alpha is boxed on the top of the picture.  
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 There are several possibilities for how these two drugs can affect each other 
inside the system. As pointed out by Borisy et al.  [14] , the effects of steroids, 
like dexamethasone, on TNF are well documented  [15] , and anti - TNF effects 
of dipyridamole are thought to be due to its blockage of adenosine uptake. 
However, their combined mode of action could not be explained by these 
prior observations  [14] . 

 Interrogation of ToxWiz ’ s vast database of protein – protein and protein –
 chemical associations, however, suggested other possibilities (Figure  9.10 ). 
One particularly interesting possibility arises owing to a screening result, 
where dipyridamole was one of 220 compounds found to inhibit HSP90 in 
tumor cell lysate  [16] . The relationship between HSP90 - like molecules, such 
as TRAP - 1, and TNF is well understood — complexes involving HSP90 are 
often critical for TNF - mediated signaling (e.g. Chen et al.  [17] ). It is compel-
ling to suggest that affects of TNF signaling could be due to the inhibition of 
HSP90, thus operating in a manner similar to the well - known HSP90 inhibitor 
geldenamycin, which itself can decrease TNF secretion in response to infl am-
matory stimulants  [18] . 

 There are several other possibilities for interactions between these two 
drugs suggested by the system. These possible relationships became apparent 
after just a few minutes of study, thus demonstrating the power of the very 
fast synthesis of data from diverse sources to arrive at hypotheses very 
quickly.  

  9.18   CONCLUSIONS 

 The topics discussed in this chapter are illustrating the importance of collating 
and analyzing information on biological pathways in order to gain a better 
insight into the mechanisms underlying safety issues, especially mechanisms 
of toxicity. Specialist databases of expert - curated knowledge, such as the 
ToxWiz Knowledge base with mechanistic information related to over 1,000 
toxic endpoints, can offer a fi rst insight into the possible molecular mecha-
nisms of observed toxicities. The systems biology approach underlying the 
databases and specially designed software allows one to analyze experiments, 
capturing various aspects of the exposure to a toxic compound over time or 
dosages (e.g. such as genomics, proteomics, and metabolomics experiments) 
and potentially to identify toxicity biomarkers. Collated mechanistic informa-
tion and network - based systems are amenable to be used not only to retro-
spectively (to explain observed toxicity) but also to predict pathways that are 
likely to be affected with a certain chemical structure class. Integrated pathway 
systems such as ToxWiz are able to point to more than one toxicity in more 
than one tissue, offering unprecedented insights into the molecular mecha-
nisms of toxicity. With several million expert - curated articles on clinical 
manifestations, such expert systems hold great promise to improve other 
safety - related issues important in planning of clinical trials. The biological 
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pathway tools are thus becoming an integral part not only of a drug discovery 
process but also in the assurance of safety of a wide variety of chemicals such 
as pesticides, herbicides, plastics, and detergents, which we are surrounded 
with in everyday life.  

  9.19   ABOUT CAMBRIDGE CELL NETWORKS 

 Cambridge Cell Networks (CCNet) based in Cambridge, UK, supplies a range 
of industry - leading content on biological pathways, chemistry, and toxicology, 
combined with an integrated pathway visualization and exploration tools to 
the pharmaceutical and biotechnology industries. Using cutting - edge biologi-
cal and computational methods combined with knowledge management tech-
niques, CCNet offers a novel approach to pathway analysis, providing effective 
target validation and predictive toxicology data, which will ensure the produc-
tion of safer drugs. CCNet has facilities in three countries and is staffed by a 
team of expert biochemists, pharmacologists, bioinformaticians, chemists, and 
industrial toxicologists.  
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  10.1   INTRODUCTION 

 The past decade has witnessed the emergence of Pathway Analysis   as an 
essential component of Drug Discovery. In the recent past, it has moved across 
all aspects of drug development from discovery through to the Clinical Phases. 
The recent past has also witnessed a surge in the number of publications from 
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both industry and academia. Over 300 publications have been deposited in 
PubMed and continue to grow at a rapid pace. 

 During the old days, the approach to Pathway Analysis took a  “ cut and 
paste ”  approach. In essence, researchers would identify and read papers of 
interest to them in the areas relevant to their research. They would then 
attempt to reconstruct a pathway on the blackboard, with a hope of trying to 
identify novel drug targets for the drugs under consideration. 

 The process though reasonably successful in the long term suffered from 
the following: 

   •      The process was extremely slow, expensive, and ineffi cient. It took an 
immense amount of time to identify, summarize, and infer the data from 
the relevant references.  

   •      Electronic reference repositories were few if any and slowed down the 
process tremendously.  

   •      Nonstandard approaches to manuscript preparations across journals and 
reviews, as well as the lack of automated approaches such as Natural 
Language Processing, made the process even slower (Figure  10.2   ).       

  10.2   EMERGENCE OF PATHWAY TOOLS 

 The problems highlighted in the previous section were signifi cantly overcome 
with the emergence of Pathway Databases and Pathway Analysis Tools. The 
last decade has witnessed the emergence of over a dozen commercial and 
public sector efforts. The fundamental rationale behind all these efforts was 
that the number of protein – protein interactions in the published and patented 
literature had grown to a number high enough that automated pathway recon-
struction from the underlying data made sense. 

 The rationale was that the database would collate the known protein –
 protein interactions from the published and patented literature. This would 

    Figure 10.1     Conventional approach to Pathway Analysis.  



be accompanied by an intuitive user interface that would allow users to 
input gene and protein lists of interest to them. The application layer 
would infer all the relevant interactions associated with the input dataset 
and map a protein – protein interaction network based on the input data. The 
last couple of years has witnessed a couple of the providers taking a lion ’ s 
share of the market ( > 90%) in both the academic and industry segments 
(Figure  10.3   ).    

  10.3   LIMITATIONS OF CURRENT OFFERINGS OF PATHWAY 
ANALYSIS TOOLS 

 The workfl ow that is supported by most of the Pathway Analysis Tools 
is illustrated in Figure  10.4 . The end point is limited to either of the 
following: 

    Figure 10.2     Issues with traditional pathway analysis.  

• Manual

• Slow, Expensive, and Ineffecient

• Few Electronic Repositories

• Nonuniform standards Manuscript
  preparation

    Figure 10.3     Market Share of Major Pathway Database Vendors — independent survey 
based on number of users and dollars spent.  

Others include: Jubilant Biosys, Keymolnet, Genomatix, Molecular Connections, and others. 
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  a.     A network of genes based on the input dataset OR  
  b.     The resultant network fi ltered down by a few criteria such as (but not 

limited to)  
   i.     Disease association of the genes in the network  
   ii.     Targets known to be the target of one or more launched drugs  
   iii.     Targets known to be the target of one or more compounds in Clinical 

Trials  
   iv.     Targets reasonably known to be potential candidate or clinical 

biomarkers      

 Almost all the tools in use today are biased toward the biological side 
and contain little if any information on the chemical inhibitors associated 
with the components of a given biological network. The limitation resides in 
the following: 

   •      The fact that the number of inhibitors that have been published or pat-
ented is probably several fold (probably greater than 10 - fold) more than 
the number of published protein – protein interactions. Curation of such 
data is both expensive and time - consuming and could impact ROI 
signifi cantly.  

   •      The nonstandardization associated with protein and gene names makes 
mapping reasonably non - straightforward.  

    Figure 10.4     Limitations of current Pathway Tools.  
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   •      The number of patented and published inhibitors across target classes 
increases by over a million per year. Keeping the databases current 
becomes a monumental problem.  

   •      Modifi cations required in the product architectures to accommodate 
chemistry - related content.     

  10.4   IMPACT OF CHEMICAL INFORMATION ON 
PATHWAY ANALYSIS 

 The remainder of this review focuses on the impact of chemical information 
on Pathway Analysis. The rationale is split into the following sections: 

  a.     The content  
  b.     The integration  
  c.     The utility and workfl ow  
  d.     Return on Investment    

  10.4.1   The Content 

 The present pathway databases (and the databases that underlie the applica-
tions) contain data on protein – protein interactions. As illustrated above, the 
end point of the analysis of an input dataset is a network diagram of such 
interactions that have been fi ltered by some simple means. However, the start-
ing point of the experiment that fed the data into the application was in most 
cases a compound that was being tested by the investigator against an indica-
tion. Hence, once a network of interactions has been identifi ed, one needs to 
identify the following: 

  a.     Did the compound under investigation target a known druggable 
target?  

  b.     Were any of the targets contained in the fi nal network novel to the 
investigational compound?  

  c.     Has the investigational compound been used to test against other targets 
in the published or patented literature?  

  d.     If the compound has been tested in the literature, then what are the 
known SAR (structure – activity relationships), assay types, and toxicity 
information?  

  e.     Side Effects - Off or Multiple Target effects — If the investigational com-
pound has been studied and shown to demonstrate activity against mul-
tiple targets, then could it be indicative of favorable or unfavorable 
cross - target effects?    
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 The key to generating answers to the aforementioned questions lies 
in the access to a well - collated and structured database of the relevant 
information. The degree of diffi culty lies in the fact that such information has 
been: 

  a.     Published in a vast number of published journals (possibly exceeding a 
thousand distinct journals)  

  b.     Published in several languages  
  c.     Patented in different countries    

 It is estimated that over half a million new inhibitors are published against the 
well - studied biological targets (Kinase, GPCR, Ion Channels, Transporters, 
and Proteases) alone every year. 

 There are three sources of obtaining such information (Figure  10.5 ): 

  a.     Do it yourself — This is essentially a no - go right from the beginning. The 
magnitude of the effort requires screening and curation of data from 
thousands of journals and millions of patents. The likelihood of a non -
 comprehensive analysis is extremely high. Several pharmaceutical com-
panies have had their library services try to attempt to collate such 
information and abandoned their efforts.  

    Figure 10.5     Data Coverage in Cheminformatics Databases with content relevant for 
Pathway Analysis.  
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  b.     Use Commercial online database sources — While the three major online 
data providers do have a good coverage of the desired content, the price 
can be fairly prohibitive. However, they seem to be the vendor of choice 
for most of the relevant user base.  

  c.     Commercial Vendors with the relevant information — At least three 
commercial database providers (GVK BioSciences [ www.gvkbio.com ], 
Aureus Pharma [ www.aureus - pharma.com ], Jubilant Biosys [ www.
jubilantbiosys.com ]) have attempted to develop target - specifi c 
databases covering the content of what is desired for pathway analysis. 
In fact, three of the databases of GVK BioSciences have been integrated 
into two popular Pathway Tools (Ingenuity and GeneGo). These 
vendors are capturing the following information on each compound 
that has been published or patented and claimed to work on a specifi c 
target:  
   i.     Structure: which is queryable  
   ii.     Activity Information: IC 50, Ki, Km, etc., which illustrates the activ-

ity of the compound against the claimed target  
   iii.     Assays: which illustrate the assay(s) that were used to test for the 

activity  
   iv.     Assay Type: illustrates the type of assay to include Binding, Func-

tional, Toxicity, ADME, etc.    
  d.     Public Sources such as PubChem: While these efforts are extensive, they 

do not contain current or the most relevant data. It will be a few years 
before they can be used for credible inferencing.    

 The data in the currently available databases cover mainly the inhibitors 
against the well - studied biological targets. These include Kinases, G Protein 
Coupled Receptors, Proteases, Nuclear Receptors, Transporters, and Ion 
Channels. The entire biological space, however, comprises several thousand 
targets. Most of these targets, however, contain very few patented or pub-
lished inhibitor data. Hence, even the availability of data for the popular 
classes should add suffi cient value to merit their inclusion in the Pathway 
Tools.  

  10.4.2   The Integration 

 Perhaps the most important issue next to the curation of the data is the inte-
gration of the data to make it accessible and relevant in the context of the 
pathway application (Figure  10.6   ). This is an issue independent of the type of 
application that one uses. The primary reasons for issues in integration and 
possible solutions are as follows: 
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  a.     Gene - Target names: The nonstandardization of names (though this 
is getting a lot better) makes mapping of every known target to its inhibi-
tor a diffi cult task. However, some of the database vendors (GVK 
BioSciences for example) have overcome some aspects of this problem 
by providing an exhaustive Synonym Mapping.  

  b.     Structure Integration: Most of the Pathway Tools do not integrate struc-
ture information. There is a degree of diffi culty involved in embedding 
structure information into these tools. Both Database Size and Perfor-
mance can be affected disproportionately.  

  c.     Pricing: The need for structure cartridges (such as those from Accelrys, 
ChemAxxon, MDL, etc.) requires changes in the architecture of the 

      Figure 10.6     (A) Schematic of the data that are represented in Cheminformatics data-
bases.  (Source: GVK BioSciences).  (B) Schematic of the data that are represented in 
Cheminformatics databases.  (Source: GVK BioSciences  ).   
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products, as well as pricing models (due to the additional cost associated 
with licensing these cartridges).  

  d.     Performance: In addition, memory requirements become intensive. 
ASP - based applications could also slow down the overall application and 
affect performance.  

  e.     Updates: Most Pathway Tools do not update in real time. The rate of 
growth of inhibitor data (Figure  10.7 ) is so fast (over half a million new 
inhibitors published or patented every year) that real - time updates are 
a must to yield the most reliable conclusions.  

  f.     License Costs: The cost of curation of data from a vast number of addi-
tional journals (many of whom have exorbitant subscription costs), as 
well as the manpower required to curate the data, could result in signifi -
cant additional license fees for the Pathway Tools. A better option may 
be to license the data, with some customization, from the vendors who 
have access to such structured information.       
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  10.4.3   Utility and Workfl ow 

 The content described above has clear utilities in the following areas: 

  a.     To accelerate candidates through the discovery process  
  b.     Eliminate candidates that demonstrate inactivity, cross - target effects, or 

toxicity effects earlier than normal resulting in signifi cant cost savings  
  c.     Add more signifi cance than can be attributed at present to the results 

generated by Pathway Analysis Tools  
  d.     Accelerate the acceptance of data generated from Pathway Tools by the 

FDA reviewers — Several Pathway Tool vendors have collaborations 
with the US FDA to obtain review input on incorporating workfl ows in 
their products with a view to increase their utility in the drug review 
process  

  e.     Competitive Intelligence — An exhaustive set of inhibitor data can be 
used to analyze competitor intelligence. Since the investigator informa-
tion is curated for each inhibitor, interesting matrices can be built to 
study the therapeutic areas, scaffold types, and targets being worked 
upon by the competition.    

 Having provided an overview of the content and utility, it is important to 
illustrate the utility of these products in the context of a Pathway Analysis 

    Figure 10.7     Rate of growth of content in Cheminformatics databases  (Source: GVK 
BioSciences). See color insert.   
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Tool. The next section attempts to illustrate each of the workfl ows that were 
described in brief in an earlier section on the content. Five such possible 
workfl ows are described below: 

  10.4.3.1   Did the Compound under Investigation Target a Known Drugga-
ble Target?     Several investigators that have either launched drugs (or were 
marketed drugs) or compounds that either are or were in a Clinical Trial have 
published the target affected by the drug or candidate. Unfortunately, there 
do not exist too many sources of reliable data that can provide this informa-
tion. Some of the Pathway Vendors have attempted to incorporate this infor-
mation. However, a current limitation resides in the fact that the information 
provided is limited to the name of the possible  “ druggable target ”  in the 
context of a network diagram. To maximize utility, a lot more information, 
including but not limited to the following, would add signifi cant utility to 
Pathway Analysis (Figure  10.8   ): 

   •      Pharmacokinetic Data  
   •      Pharmacodynamic Data  
   •      Toxicity Data  
   •      Clinical Parameters     

  10.4.3.2   Were Any of the Targets Contained in the Final Network Novel 
to the Investigational Compound?     Given the cost of drug development, 
investigators wish that their compound were novel. It is a near impossible task 
to determine this without a database that contains Structure - Target informa-
tion. Novelty cannot only add value but also allow for early termination of 
redundant experiments (Figure  10.9 ).  

    Figure 10.8     Workfl ow demonstrating known information about an investigational 
compound with respect to its  “ Druggability. ”   
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  10.4.3.3   Has the Investigational Compound Been Used to Test Against 
Other Targets in The Published or Patented Literature?     Investigators always 
wish that their compound under investigation were targeting a specifi c target. 
However, the issue of cross - target effects and side effects is often due to action 
by the compound on multiple targets — often undesired. The ability to deter-
mine this in the context of a Pathway Tool adds tremendous value to the 
analysis. In the event that multiple targets are targeted by the investigational 
compound, it can raise an early alert to look for possible side effects (Figure 
 10.10 ).  

  10.4.3.4   Inhibitor Experimental Data — If the Compound Has Been Tested 
in the Literature, Then What Are the Known SAR (Structure – Activity Rela-
tionships), Assay Types, and Toxicity Information?     It is quite likely that an 
investigational compound has been claimed against one or more targets. 
However, in many cases the  “ Activity ”  could be reported as  “ Inactive ”  or 
 “ extremely small or irrelevant activity. ”  This can be extremely misleading to 
the investigator. Hence, it is important that the Chemistry content not only 

    Figure 10.9     Demonstrating  “ Novelty ”  in the context of Pathway Analysis.  
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    Figure 10.10     Demonstrating  “ Target - Novelty ”  in the context of Pathway Analysis.  
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covers the inhibitors against the targets, but also the activities or Structure –
 Activity Relationships (often referred to as SAR). In addition, activity is also 
very dependent on the Assay that was used to measure the activity point. 
Hence, the content needs to cover the Assay type. Some of the popular assays 
classifi cations include Binding, Functional, Toxicity, and ADME (Figure 
 10.11 ).  

  10.4.3.5   Side Effects - Off or Multiple Target Effects — Is the Candidate 
Active against Multiple Targets?     If the investigational compound has 
been studied and shown to demonstrate activity against multiple targets, then 
could it be indicative of favorable or unfavorable cross - target effects (Figure 
 10.12 )?  

  10.4.3.6   Competitor Intelligence — How Extensively Was the Target, Can-
didate, or Scaffold of Interest Being Worked upon by Others?     An exhaustive 

    Figure 10.11     Demonstrating  “ SAR - Novelty ”  in the context of Pathway Analysis.  
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    Figure 10.12     Demonstrating  “ Cross - Target effects ”  in the context of Pathway 
Analysis.  
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set of inhibitor data can be used to analyze competitor intelligence. Since the 
investigator information is curated for each inhibitor, interesting matrices can 
be built to study the therapeutic areas, scaffold types, and targets being worked 
upon by the competition (Figure  10.13 ).   

  10.4.4   Impact of Chemical Information on Pathway Analysis — Return 
on Investment 

 Several publications have highlighted the Return on Investment (ROI) of 
Pathway Analysis Tools. The fi ndings have been reasonably validated by a 
majority of the users and also by the exponential increase in the number of 
publications featuring results generated using Pathway Analysis Tools. 

 The section below attempts to highlight the ROI of adding Chemistry 
content to the Pathway Analysis Tools. The data have been generated after 
discussions with several key decision makers in the industry, government, and 
academia (Table  10.1 ). More importantly the questions were asked to scien-
tists who are actually involved in relevant data analysis on a daily basis.   

 Early estimates indicate that the addition of Chemistry - Cheminformatics -
 related content can further increase the impact of standalone Pathway Analy-
sis Tools. It is estimated that an additional 10% savings across different phases 
of discovery can be achieved by the inclusion of such content. In addition, 
Cheminformatics content have a standalone utility with the Computational 
Chemistry groups within the industry and academia. This could further 
 “ spread ”  the cost within an organization and result in an additional 5% savings 
(Table  10.2   ).   

 Further, the use of Pathway Analysis Tools has just begun to increase in 
the Preclinical and Clinical Phases of drug development. It is estimated that 
the cost of development from the PreClinical through Phase 3 is close to 500 
million dollars. Pathway Analysis Tools are estimated to reduce the cost of 
the relevant phases by about 8%. It is estimated that the addition of Chemistry 

    Figure 10.13     Demonstrating  “ Competitive Differentiation ”  in the context of Pathway 
Analysis.  
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 TABLE 10.1     Independent Survey on Utility of Chemistry - Related Information on 
Pathway Analysis 

  Question?    Response  

  Do you currently use Pathway Analysis Tools 
and Databases?  

  Over 90% said YES  

  Do you currently use any  “ nonbiological ”  
content within these tools?  

  Over 95% said NO  

  Do the commercially available tools presently 
contain any useful  “ nonbiological ”  
information?  

  Over 80% said NO  

  Would adding Chemistry - related data (of the 
type discussed in this review) add value to 
your analysis workfl ows?  

  Over 90% said YES  

  Would addition of such data:  
   •  Speed up Analysis     •  Overwhelming Majority said YES  
   •  Speed up Decision Making     •  Overwhelming Majority said YES  
   •  Increase Utility     •  Overwhelming Majority said YES  
   •  Help Reduce Pipeline Attrition     •  Overwhelming Majority said YES  
   •  Increase Productivity     •  Overwhelming Majority said YES  

 TABLE 10.2     Independent Survey (Numerical Data from Several Published Market 
Reports) on Potential Savings from the Inclusion of Chemistry - Related Information 
in Pathway Analysis Tools 

  Phase  

  Average 
Cost of 

Phase  $ M  
  Percentage 
of Savings  

  Cost Benefi t using 
only Pathway 

Analysis Tools  $ M  

  Additional Cost 
Benefi t using 

Chemistry 
Content into 

Pathway Tools  

  Target Identifi cation, 
Quantifi cation, and 
Prioritization  

  185    10    18.5    18.5  

  Target Validation    225    10    22.5    22.5  
  Compound Screening    60    10    6    6  
  Lead Optimization    145    10    14.5    14.5  

   Total      615          61.5      61.5   

content, especially Pharmacodynamic, Pharmacokinetic, and Toxicity content, 
will further reduce the cost by an additional 5% to 8%.   

  10.5   AN ALTERNATE WORKFLOW — BRIDGING 
CHEMINFORMATICS TO PATHWAYS 

 Currently, the usage of Pathway Tools is restricted primarily to the Discovery 
Informatics groups. The input data tend to be (see Figure  10.2   ) gene - protein 
datasets and associated numerical data (for example, Microarray Data).   
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 An alternate workfl ow is to map the Chemical Structure to identify the 
Pathway or Interaction Map affected: 

 The interaction map so generated can highlight the following: 

  a.     Which targets in the patented and published literature have been known 
to have been affected by the Query compound?  

  b.     What types of Activities have been observed? Is it a structure - specifi c 
effect or cross - target effect?  

  c.     Novelty: The query compound may  
   i.     Not fi nd any hits against any of the targets in the database being 

queried. This could suggest a novel fi nd or an  “ unknown target. ”   
   ii.     May hit against a target that has not been claimed before and thus 

demonstrate novelty.       

  10.6   CONCLUSION 

 The review suggests that the extension of Pathway Analysis to include 
Chemistry -  and Cheminformatics - related content could increase ROI signifi -
cantly (Figure  10.14 ). More importantly, it can increase the collaboration 
within different groups in an organization and could result in reduced attrition 
and improved productivity. Several challenges exist with respect to the pro-
posed integration (Table  10.3   ). These include, but are not limited to: 

   •      The availability of the relevant content in a structured format  
   •      Keeping the content current  
   •      Issues of Integration, Structure Visualization, and Searching  
   •      Impact on licensing costs  
   •      Product Architecture modifi cations that may be necessitated by inclusion 

of such content      

    Figure 10.14     A cheminformatics to pathway workfl ow.  
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 Given the weakness of the pipeline of most pharmaceutical and biotechnology 
companies and the increased attrition rate, this new paradigm might result in 
an increased productivity.  
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  11.1   INTRODUCTION 

 Recent high - throughput experiments performed in a wide variety of organ-
isms revealed networks of protein – protein physical interactions (PPI) that are 
interconnected on a genome - wide scale. In such  “ small - world ”  PPI networks, 
most pairs of nodes can be linked to each other by relatively short chains of 
interactions, involving just a few intermediate proteins  [1] . While globally 
connected architecture facilitates biological signaling and possibly ensures a 
robust functioning of the cell following a random failure of its components 
 [2] , it also presents a potential problem by providing a conduit for propagation 
of undesirable cross talk between individual functional modules and pathways. 
Indeed, large (several - fold) changes in proteins ’  levels in the course of activa-
tion or repression of a certain functional module affect bound concentrations 
of their immediate interaction partners. These changes have a potential to 
cascade down a small - world PPI network, affecting the equilibrium between 
bound and unbound concentrations of progressively more distant neighbors 
including those in other functional modules. Most often such indiscriminate 
propagation would represent an undesirable effect, which has to be either 
tolerated or corrected by the cell. On the other hand, a controlled transduction 
of reversible concentration changes along specifi c conduits may be used for 
biologically meaningful signaling and regulation. A routine and well - known 
example of such regulation is inactivation of a protein by sequestration with 
its strong binding partner. 

 In this study, we quantitatively investigate how large concentration changes 
propagate in the PPI network of yeast  Saccharomyces cerevisiae . We focus 
on the non - catalytic or reversible binding interactions whose equilibrium is 
governed by the Law of Mass Action (LMA) and do not consider irreversible, 
catalytic processes such as protein phosphorylation and dephosphorylation, 
proteolytic cleavage, etc. While such catalytic interactions constitute the most 
common and best - studied mechanism of intracellular signaling, they represent 
only a rather small minority of all protein – protein physical interactions 
(for example, only  ∼ 5% links in the yeast network used in our study involve 
a kinase). 



 Furthermore, the balance between free and bound concentrations of pro-
teins matters even for irreversible (catalytic) interactions. For example, the 
rate of a phosphorylation reaction depends on the availability of free kinases 
and substrate proteins, which are both controlled by the LMA equilibrium 
calculated here. Thus, perturbations of equilibrium concentrations considered 
in this study could be spread even further by other mechanisms such as tran-
scriptional and translational regulation, and irreversible post - translational 
protein modifi cations.  

  11.2   RESULTS 

  11.2.1   The  PPI  Network and Protein Abundance Data 

 To illustrate general principles on a concrete example, in this study we used 
a highly curated genome - wide network of protein – protein physical interac-
tions in yeast ( S. cerevisiae ), which, according to the BIOGRID database  [3] , 
were independently confi rmed in at least two publications. We combined this 
network with a genome - wide dataset of protein abundances in the log - phase 
growth in rich medium, measured by the TAP - tagged Western blot technique 
 [4] . Average protein concentrations in this dataset range between 50 and 
1,000,000 molecules/cell with the median value around 3,000 molecules/cell. 
After keeping only the interactions between proteins with known concentra-
tions, we were left with 4,185 binding interactions among 1,740 proteins. The 
BIOGRID database  [3]  lists all interactions as pairwise and thus lacks infor-
mation about multi - protein complexes larger than dimers. Thus in the main 
part of this study, we consider only homo -  and heterodimers and ignore the 
formation of higher - order complexes. However, we show that the reliable data 
on multi - protein complexes can be easily incorporated into our analysis. Fur-
thermore, we demonstrate that taking into account such complexes leaves our 
results virtually unchanged (see Figure  11.1   ).    

  11.2.2   The Assignment of Dissociation Constants   K   ij    

 The state - of - the - art genome - wide PPI datasets lack information on dissocia-
tion constants  K ij   of individual interactions. The only implicit assumption is 
that the binding is suffi ciently strong to be detectable by a particular experi-
mental technique (some tentative bounds on dissociation constants detectable 
by different techniques were reported recently  [5] ). A rough estimate of the 
average binding strength in functional protein – protein interactions could be 
obtained from the PINT database  [6] . This database contains about 400 exper-
imentally measured dissociation constants between wild - type proteins from a 
variety of organisms. In agreement with predictions of Lancet et al.  [7]  and 
Deeds et al.  [8] , the histogram of these dissociation constants has an approxi-
mately log - normal shape. The average relevant for our calculations is that of 

RESULTS 239



240 PROPAGATION OF CONCENTRATION PERTURBATIONS

the  association  constant  〈 1/ K ij   〉    =   1/(5   nM). Common sense dictates that the 
dissociation constant of a functional binding between a pair of proteins should 
increase with their abundances. The majority of specifi c physical interactions 
between proteins are neither too weak (to ensure a considerable number of 
bound complexes) nor unnecessarily strong. Indeed, there is little evolutionary 
sense in increasing the binding strength between a pair of proteins beyond the 
point when both proteins (or at least the rate limiting one) spend most of their 
time in the bound state. The balance between these two opposing require-
ments is achieved by the value of dissociation constant  K ij   equal to a fi xed 
fraction of the largest of the two abundances  C i   and  C j   of interacting proteins. 
In our simulations, we used  K ij     =   max( C i  ,  C j  )/20 in which case the average 
association constant nicely agrees with its empirical value (1/[5   nM]) observed 
in the PINT database  [6] . In addition to this, perhaps, more realistic assign-
ment of dissociation constants we also simulated binding networks in which 
dissociation constants of all 4,185 edges in our network are  equal to each other  
and given by 1   nM, 10   nM, 100   nM, and 1    μ M.  

  11.2.3   Numerical Calculation of Bound and Free (Unbound) 
Equilibrium Concentrations 

 The Law of Mass Action (LMA) relates the free (unbound) concentration  F i   
of a protein to its total (bound and unbound) concentration  C i   as
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    Figure 11.1     The scatter plot of calculated free (unbound) concentrations of individual 
proteins with ( y  - axis) and without ( x  - axis) multi - protein complexes listed in the MIPS 
CYGD database  [20,21] . The dissociation constant of all interactions in 4,185 dimers 
and 81 multi - protein complexes in this plot is  K ij     =   const   =   10   nM.  



    F
C

F K
i

i

jj ij

=
+ ∑1

.     (11.1)   

 Here, the sum is over all specifi c binding partners of the protein  i  with free 
concentrations  F j   and dissociation constants  K ij  . While in the general case 
these nonlinear equations do not allow for an analytical solution for  F i  , they 
are readily solved numerically, e.g. by successive iterations.  

  11.2.4   Concentration - Coupled Proteins 

 To investigate how large changes in abundances of individual protein affect 
the equilibrium throughout the PPI network, we performed a systematic 
numerical study in which we recalculated the equilibrium free concentrations 
of all protein nodes following a twofold increase in the total concentration of 
just one of them:  C i    →  2 C i  . This was repeated for the source of twofold per-
turbation spanning the set of all 1,740 of proteins in our network  [9] . The 
magnitude of the initial perturbation was selected to be representative of a 
typical shift in gene expression levels or protein abundances, following a change 
in external or internal conditions. Thus here we simulate the propagation of 
functionally relevant changes in protein concentrations and not that of back-
ground stochastic fl uctuations. A change in the free concentration  F j   of another 
protein was deemed to be signifi cant if it exceeded the 20% level, which 
according to Newman et al.  [10]  is the average magnitude of cell - to - cell vari-
ability of protein abundances in yeast. We refer to such protein pairs  i  →  j  as 
 concentration - coupled . The detection threshold could be raised simultaneously 
with the magnitude of the initial perturbation. For example, we found that the 
list of concentration - coupled pairs changes very little if instead of twofold 
(+100%) perturbation and the 20% detection threshold, one applies a sixfold 
(+500%) initial perturbation and twofold (100%) detection threshold. 

 In general, we found that lists of concentration - coupled proteins calculated 
for different assignments of dissociation constants strongly overlap with each 
other. For example, more than 80% of concentration - coupled pairs observed 
for the variable  K ij     =   max( C i  ,  C j  )/20 assignment described above were also 
detected for the uniform assignment  K ij     =   const   =   10   nM (for more details see 
Table  11.1   ). This relative robustness of our results allowed us to use the latter 
conceptually simplest case to illustrate our fi ndings in the rest of the 
chapter.     

  11.3   CENTRAL OBSERVATIONS 

 We found that: 

   •       On average , the magnitude of cascading changes in equilibrium free 
concentrations exponentially decays with the distance from the source of 
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a perturbation. This explains why, despite a globally connected topology, 
individual modules in such networks are able to function fairly 
independently.  

   •      Nevertheless, specifi c favorable conditions identifi ed in our study cause 
perturbations to selectively affect proteins at considerable network dis-
tances (sometimes as far as four steps away from the source). This indi-
cates that in general, such cascading changes  could not be neglected  when 
evaluating the consequences of systematic changes in protein levels, e.g. 
in response to environmental factors, or in gene knockout experiments. 
Conditions favorable for propagation of perturbations combine high yet 
monotonically decreasing concentrations of all heterodimers along the 
path with low free (Unbound) concentrations of intermediate proteins. 
While reversible protein binding links are symmetric, the propagation of 
concentration changes is usually asymmetric with the preferential direc-
tion pointing down the gradient in the total concentrations of proteins.    

  11.3.1   Examples of Multistep Cascading Changes 

 In Figure  11.2 A,B, we illustrate these observations using two examples. In 
each of these cases, the twofold increase in the abundance of just one protein 
(marked with the yellow circle in the center of each panel) has signifi cantly 
( > 20%) affected equilibrium free concentrations of a whole cluster of proteins 
some as far as four steps away from the source of the perturbation. However, 
the propagation beyond immediate neighbors is rather specifi c. For example, 
in the case of SUP35 (Figure  11.2 A) only 1 out of 169 of its third nearest 
neighbors was affected above the 20% level. Note that changes in free 

 TABLE 11.1     Numbers of Concentration - Coupled Proteins as a Function of 
Network Distance   L   Calculated Using Linear Response Formalism  [12]  

  L  
  Constant 
 K ij     =   5   nM  

  Variable  K ij     =   
max ( C i  ,  C j  )/20 
 (Inverse Mean 

5   nM)  

  Variable 
 K ij   

Reshuffl ed  

  Overlap 
Between 
Columns 
2 and 1  

  Overlap 
Between 
Columns 
2 and 3  

  Overlap 
Between 
Columns 
1 and 3  

  1    2,155    2,099    2,192    84    73    77  
  2    842    456    749    78    64    63  
  3    120    42    140    59    59    65  
  4    8    0    19    0    0    25  
  5    0    0    0    0    0    0  

   Data in columns 2 – 4 were obtained using identical network topology and protein abundances but 
different assignments of dissociation constants (with mean of 5   nM). In column 2, all edges were 
assigned the same dissociation constant  K ij     =   5   nM, in column 3 we used  K ij     =   max( C i  ,  C j  )/20, and 
in column 4 (a null - model control) the  K ij   values from column 3 were randomly reshuffl ed among 
all the edges. Columns 5 – 7 show the percentage of overlap between lists of concentration - coupled 



      Figure 11.2     Two cases of propagation of large concentration changes in the yeast 
protein binding network. The total (bound   +   unbound) concentration of the protein 
marked with the yellow circle (the SUP35 protein (A), the SEC27 protein (B)) was 
increased twofold from its wild - type value in the rich growth medium  [4] . Red and 
green circles mark all other proteins whose equilibrium free (unbound) concentrations 
have increased (green) or decreased (red) by more than 20%. The area of each circle 
is proportional to the logarithm of the change in free concentration. Edges show all 
physical interactions among this group of proteins with the shade of gray proportional 
to the logarithm of the equilibrium concentration of the corresponding dimer calcu-
lated for  K ij     =   const   =   10   nM.  
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concentrations generally sign - alternate with the network distance from the 
source. Indeed, free concentrations of immediate binding partners of the per-
turbed protein usually drop as more of them become bound in heterodimers 
with it. This, in turn, lowers concentrations of the next - nearest heterodimers 
and thus  increases  free concentrations of proteins at distance 2 from the source 
of perturbation, and so on.    

  11.3.2   Exponential Decay with the Network Distance 

 The results of our quantitative network - wide analysis of these effects are sum-
marized in Figure  11.3  and Table  11.2 . From Figure  11.3 , one concludes that 
the fraction of proteins with signifi cantly affected free concentrations rapidly 
(exponentially) decays with the length  L  of the shortest path (network dis-
tance) from the perturbed protein. The same statement holds true for bound 
concentrations if the distance is measured as the shortest path from the per-
turbed protein to any of the two proteins forming a heterodimer. Thus, on 
average, the propagation of concentration changes along the PPI network is 
indeed considerably dampened. On the other hand, from Table  11.2 , one 
concludes that the total number of multistep chains along which concentration 
changes propagate with little attenuation remains signifi cant for all but the 
largest values of the dissociation constant. These two observations do not 
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    Figure 11.3     Indiscriminate propagation of concentration perturbations is exponen-
tially suppressed. The fraction of proteins with free concentrations affected by more 
than 20% among all proteins at network distance  L  from the perturbed protein. Dif-
ferent curves correspond to simulations with  K ij     =   const   =   1   nM (solid circles), 10   nM 
(empty squares), 0.1    μ M (solid diamonds), and 1    μ M (empty triangles).  
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 TABLE 11.2     The Number of Concentration - Coupled Pairs of Yeast Proteins 
Separated by Network Distance   L   

   L     var. 5   nM    1   nM    10   nM    0.1    μ M    1    μ M    All  

  1    2,003    2,469    1,915    1,184    387    8,168  
  2    415    1,195    653    206    71    29,880  
  3    15    159    49    8    0    87,772  
  4    2    60    19    0    0    228,026  
  5    0    3    0    0    0    396,608  

   Numerical simulations (twofold initial perturbation, 20% detection threshold) were performed 
for different assignment of dissociation constants:  K ij     =   max( C i  ,  C j  )/20 (column 2),  K ij     =   const   =  
 1   nM, 10   nM, 0.1    μ M, 1    μ M (columns 3 – 6). Column 7 lists the total number of protein pairs at dis-
tance L.   

contradict each other since the number of proteins separated by distance  L  
(the last column in Table  11.2 ) rapidly grows with  L .      

  11.3.3   Conditions Favoring the Multistep Propagation of Perturbations 

 What conditions favor the multistep propagation of perturbations along par-
ticular channels? In Figure  11.4 A, we show a group of highly abundant pro-
teins along with all binding interactions between them. Then on panel B of 
the same fi gure, we show only those interactions that according to our LMA 
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        Figure 11.4     (A) All binding links between a subset of 312 highly abundant proteins. 
(B) Binding links characterized by high concentration of heterodimers ( > 1,000 
molecules/cell). The level of gray of binding links scales with the logarithm of concen-
tration of the corresponding heterodimer. (C) Concentration - coupled proteins A  →  B 
with the property that a twofold increase in the abundance A reduces free concentra-
tion of its immediate binding partner B by 20% or more. Note that links roughly 
coincide with highly abundant dimers shown in panel B. Arrows reveal the preferential 
direction of propagation of perturbations.  

A

calculation give rise to highly abundant heterodimers (equilibrium concentra-
tion    > 1,000 per cell). This breaks the densely interconnected subnetwork 
drawn in panel A into 10 mutually isolated clusters. Some of these clusters 
contain pronounced linear chains, which serve as conduits for propagation of 
concentration perturbations. The fact that perturbations indeed tend to propa-
gate via highly abundant heterodimers is illustrated in the next panel (Figure 
 11.4 C) where red arrows correspond to concentration - coupled nearest neigh-



B

Figure 11.4 (Continued)

bors A  →  B. Evidently, the edges in panels B and C largely (but not com-
pletely) coincide. Additionally, panel C defi nes the preferred direction of 
propagation of perturbations from a more abundant protein to its less abun-
dant binding partners.   

 To further investigate what causes concentration changes to propagate 
along particular channels, we took a closer look at eight three - step chains 
 A  →  A  1   →   A  2   →   B  With the largest magnitude of perturbation of the last 
protein  B  (twofold detection threshold following a twofold initial perturba-
tion). The identifi cation of intermediate proteins  A  1  and  A  2  was made by a 
simple optimization algorithm, searching for the largest overall magnitude of 
intermediate perturbations along all possible paths connecting  A  and  B . 

 Inspection of the parameters of these chains shown in Figure  11.5  allows 
one to conjecture that for a successful transduction of concentration changes, 
the following conditions should be satisfi ed: 
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   •      Heterodimers along the whole path have to be of suffi ciently high con-
centration  D ij  .  

   •      Intermediate proteins have to be highly sequestered. That is to say, in 
order to reduce buffering effects, free - to - total concentration ratios  F i  / C i   
should be suffi ciently low for all but the last protein in the chain.  

   •      Total concentrations  C i   should gradually decrease in the direction of 
propagation. Thus, propagation of perturbations along virtually all of 
these long conduits is unidirectional and follows the gradient of concen-
tration changes (a related concept of a  “ gradient network ”  was proposed 
for technological networks by Toroczkai and Bassler  [11] ).  

   •      Free concentrations  F i   should alternate between relatively high and rela-
tively low values in such a way that free concentrations of proteins at 
steps 2 and 4 have enough  “ room ”  to go down. The two apparent excep-

C

Figure 11.4 (Continued)
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tions to this rule visible in Figure  11.5  may be optimized to respond to a 
drop (instead of increase) in the level of the fi rst protein.      

 These fi ndings are in agreement with our more detailed numerical and 
analytical analysis of propagation of fl uctuations presented in an earlier study 
 [12] . Previously, we demonstrated that the linear response of the LMA equi-
librium to  small  changes in protein abundances could be approximately 
mapped to a current fl ow in the resistor network in which heterodimer con-
centrations play the role of conductivities (which need to be large for a good 
transmission) while high  F i  ,/ C i   ratios result in the net loss of the perturbation 
 “ current ”  on such nodes and thus need to be minimized  [12] .   

  11.4   DISCUSSION 

  11.4.1   Robustness with Respect to Assignment of Dissociation Constants 

 It has been often conjectured that the qualitative dynamical properties of 
biological networks are to a large extent determined by their topology 
rather than by quantitative parameters of individual interactions such as their 
kinetic or equilibrium constants (for a classic success story, see for example 
vonDassow et al.  [13] ). Our results generally support this conjecture, yet go 

    Figure 11.5     Parameters of the eight three - step chains that exhibit the best transduc-
tion of concentration changes: Heterodimer concentrations  D ij   (A) for three binding 
links along the chain. Total concentrations  C i   (B) and free - to - total concentration ratios 
 F i  / C i   (C) of the four proteins involved in these chains. Dashed lines correspond to 
network - wide geometric averages of the corresponding quantities:  〈  D ij   〉   ∼  100 copies/
cell,  〈  C i   〉   ∼  3,000 copies/cell, and  〈  F i  /C i   〉    =   13%.  
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one step further: we observe that the response of reversible protein – protein 
binding networks to large changes in concentrations strongly depends not only 
on topology but also on abundances of participating proteins. Indeed, pertur-
bations tend to preferentially propagate via paths in the network in which 
abundances of intermediate proteins monotonically decrease along the path 
(see Figure  11.4 ). Thus by varying protein abundances while strictly preserving 
the topology of the underlying network, one can select different conduits for 
propagation of perturbations. 

 On the other hand, our results indicate that these conduits are to a certain 
degree insensitive to the choice of dissociation constants. In particular, we 
found (see Figure  11.6 ) that equilibrium concentrations of dimers and the 
remaining free (unbound) concentrations of individual proteins calculated for 
two different  K ij   assignments ( K ij     =   const   =   5   nM and  K ij     =   max( C i  ,  C j  )/20 with 
the inverse mean of 5   nM) had a high Spearman rank correlation coeffi cient 
of 0.89 and even higher linear Pearson correlation coeffi cient of 0.98. The 
agreement was especially impressive in the upper part of the range of dimer 
concentrations (see Figure  11.6 ). For example, the typical difference between 
dimer concentrations above 1,000 molecules/cell was measured to be as low 
as 40%. As we demonstrated above, it is exactly these highly abundant het-
erodimers that form the backbone for propagation of concentration perturba-
tions. Thus, it should come as no surprise that sets of concentration - coupled 
protein pairs observed for different  K ij   assignments also have a large ( ∼ 70 –
 80%) overlap with each other. Such degree of robustness with respect to 
quantitative parameters of interactions can be partially explained by the fol-
lowing observation: proteins whose abundance is higher than the sum of 
abundances of all of their binding partners cannot be fully sequestered into 
heterodimers for any assignment of dissociation constants. As we argued 
above, such proteins with substantial unbound concentrations considerably 
dampen the propagation of perturbations, and thus cannot participate in 
highly conductive chains. Another argument in favor of this apparent robust-
ness is based on extreme heterogeneity of wild - type protein abundances (in 
the dataset of Ghaemmaghami et al.  [4] , they span 5 orders of magnitude). In 
this case, concentrations of heterodimers depend more on relative abundances 
of two constituent proteins than on the corresponding dissociation constant 
(within a certain range).   

 In a separate numerical control experiment, we verifi ed that the main 
results of this study are not particularly sensitive to false positives and false 
negatives in the network topology inevitably present even in the best - curated 
large - scale data. The percentage of concentration - coupled pairs surviving a 
random removal or addition of 20% of links in the network generally ranges 
between 60% and 80% (see Table  11.3 ).    

  11.4.2   Genetic Interactions 

 The effects of concentration perturbations discussed above could explain 
some of the genetic interactions between proteins. Consider for example a 
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    Figure 11.6     The scatter plot of 4,185 bound concentrations  D ij   (panel A) and 1,740 
free concentrations  F i   (panel B) calculated for two different assignments of dissociation 
constants to links in the PPI network. The  x  - axis was computed for the homogeneous 
assignment  K ij     =   const   =   5   nM, while the  y  - axis was computed for the heterogeneous 
assignment  K ij     =   max( C i , C j  )/20 with the same average strength. The dashed lines along 
the diagonals are drawn at  x    =    y , while the horizontal and vertical solid lines denote 
the concentration of 1 molecule/cell. Note that equilibrium concentrations in the upper 
part of their range (e.g. above 1,000 molecules/cell) are nearly independent of the 
choice of  K ij  . Also, our choice of heterogeneous assignment nearly eliminates free or 
bound concentrations in a biologically unreasonable range    < 1 molecule/cell.  
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 “ dosage rescue ”  of a protein  A  by a protein  B , or the correction of an abnor-
mal phenotype caused by deletion or other type of inactivation of  A  by over-
expression of  B . One possible mechanism behind this effect is that the knockout 
of  A  and overexpression of  B  affect the LMA equilibrium in opposite direc-
tions and to some extent cancel one another. In order for this mechanism to 
be applicable (albeit tentatively), concentrations of both  A  and  B  must be 
simultaneously coupled (in the sense used throughout this work) to at least 
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one crucial protein  C  whose free or bound concentration has to be maintained 
at or close to wild - type levels. To assess this hypothesis, we analyzed the set 
of 772 dosage rescue pairs involving proteins from the PPI network used in 
this study of 2,531 dosage rescue pairs listed in the BIOGRID database  [3] . 
For 136 pairs (or 18% of all dosage rescue pairs), we were able to identify one 
or more putative  “ rescued ”  protein whose free concentration was consider-
ably (by  > 20%) affected by changes in abundances of both  A  and  B . This 
overlap is highly statistically signifi cant, having the Fisher ’ s exact test  p  - value 
around 10  − 216 . Even more convincing evidence that perturbations to the LMA 
equilibrium state cause some of genetic interactions is presented in Figure 
 11.7 . It plots the fraction of protein pairs at distance  L  from each other in the 
PPI network that are known to dosage rescue each other. From this fi gure, 
one concludes that proteins separated by distances 1, 2, and 3 are signifi cantly 
more likely to genetically interact with each other than one expects by pure 
chance alone (the expected background level is marked with a dashed line or 
better yet visible as a plateau for large values of  L ). Furthermore, the slope 
of the exponential decay in the fraction of dosage rescue pairs as a function 
of  L  is roughly consistent with that shown in Figure  11.3  for the fraction of 
concentration - coupled pairs.    

  11.4.3   Possibility of Functional Signaling and Regulation Mediated by 
Multistep Reversible Protein Interactions 

 Another intriguing possibility raised by our fi ndings is that multistep chains 
of reversible protein – protein bindings might in principle be involved in mean-
ingful intracellular signaling and regulation. There are many well - documented 
cases in which one - step  “ chains ”  are used to reversibly deactivate individual 
proteins by the virtue of sequestration with their binding partner(s). An 

 TABLE 11.3     Fraction of Concentration - Coupled 
Protein Pairs that Survive a Random Addition 
or Removal 

  L  
  Addition of 20% 

of Links (%)  
  Removal of 20% 

of Links (%)  

  1    79.2    79.3  
  2    69.5    62.5  
  3    60.6    55.9  
  4    43.8    31.3  
  New    39.5    30.7  

    Note :   The fraction of concentration - coupled protein pairs in the 
original network ( K d     =   10   nM, 20% cutoff) that survive a random 
addition (column 2) or removal (column 3) of 20% of links as a 
function of network distance. The last row is the percentage of 
new pairs in modifi ed networks.   
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example involving a longer regulatory chain of this type is the control of activ-
ity of condition - specifi c sigma factors in bacteria. In its biologically active 
state, a given sigma victor is bound to the RNA polymerase complex. Under 
normal conditions, it is commonly kept in an inactive form by the virtue of a 
strong binding with its specifi c anti - sigma factor (anti - sigma factors are 
reviewed by Hughes and Mathee  [14] ). In several known cases, the concentra-
tion of the anti - sigma factor in turn is controlled by its binding with the specifi c 
anti - anti sigma factor  [14] . The existence of such experimentally confi rmed 
three - step regulatory chains in bacteria hints at the possibility that at least 
some of the longer conduits we detected in yeast could be used in a similar 
way.  

  11.4.4   Application to Microarray Data Analysis 

 In order to unequivocally detect cascading perturbations, in our simulations 
we always modifi ed the total concentration of just one protein at a time. In 
more realistic situations, expression levels of a whole cluster of genes change, 
for example, in response to a shift in environmental conditions. Our general 
methods could be easily extended to incorporate this scenario. With the caveat 
that changes in expression levels of genes refl ect changes in overall abun-
dances of corresponding proteins, our algorithm allows one to calculate the 
impact of an external or internal stimulus measured in a microarray on free 
and bound concentrations of all proteins in the cell. Including such indirectly 

    Figure 11.7     The fraction of dosage rescue protein pairs separated by distance  L  in 
the PPI network. Note that pairs at distances 1, 2, and 3 are signifi cantly over - 
represented over the background level marked with dashed line (772/1,740 2 ) or visible 
as a plateau at large distances  L . The exponential decay constant at low values of  L  is 
consistent with that in Figure  11.3 .  
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perturbed targets could considerably extend the list of proteins affected by a 
given shift in environmental conditions. Simultaneous shifts in expression 
levels of several genes may amplify changes of free concentrations of some 
proteins and/or mutually inhibit changes of others.  

  11.4.5   Effects of Intracellular Noise 

 Another implication of our fi ndings is for intracellular noise, or small random 
changes in total concentrations  C i   of a large number of proteins. The random-
ness, smaller magnitude, and the sheer number of the involved proteins char-
acterize the differences between such noise and systematic several - fold changes 
in the total concentration of one or several proteins considered above. Our 
methods allow one to decompose the experimentally measured  [10]  noise in 
total abundances of proteins into biologically meaningful components (free 
concentrations and bound concentrations within individual protein com-
plexes). Given a fairly small magnitude of fl uctuations in protein abundances 
(on average around 20%  [10] ), one could safely employ a computationally 
effi cient linear response algorithm (see Maslov et al.  [12] ). Several recent 
studies  [10,15,16]  distinguish between the so - called extrinsic and intrinsic 
noise. The extrinsic noise corresponds to synchronous or correlated shifts in 
abundance of multiple proteins which, among other things, could be attributed 
to variation in cell sizes and their overall mRNA and protein production or 
degradation rates. Conversely, the intrinsic noise is due to stochastic fl uctua-
tions in production and degradation, and thus lacks correlation between dif-
ferent proteins. We found that extrinsic and intrinsic noise affect equilibrium 
concentrations of proteins in profoundly different ways. In particular, while 
multiple sources of the extrinsic noise partially (yet not completely) cancel 
each other, intrinsic noise contributions from several sources can sometimes 
add up and cause considerable fl uctuations in equilibrium free and bound 
concentrations of particular proteins (see Figure  11.8 ).    

  11.4.6   Limitations of the Current Approach and Directions for 
Further Studies 

 In our study, we used a number of fundamental approximations and idealiza-
tions including the assumption of spatially uniform concentrations of proteins, 
the neglect of temporal dynamics, or equivalently, the assumption that all 
concentrations have suffi cient time to reach their equilibrium values, the con-
tinuum approximation neglecting the discrete nature of proteins and their 
bound complexes, etc. Another set of approximations was mostly due to the 
lack of reliable large - scale data quantifying these effects. They include not 
taking into account the effects of cooperative binding within multi - protein 
complexes, using a relatively small number (81) of well - curated multi - protein 
complexes used in our study (Table  11.4 ), neglecting systematic changes in 
protein abundances in the course of the cell cycle, etc. We do not expect these 
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effects to signifi cantly alter our main qualitative conclusions, namely, the 
exponential decay of the amplitude of changes in equilibrium concentrations, 
the existence of three -  to four - step chains that nevertheless successfully propa-
gate concentration changes, and the general conditions that enhance or inhibit 
such propagation.   

 In the future we plan to extend our study of fl uctuations in equilibrium 
concentrations by incorporating the effects of protein diffusion (nonuniform 
spatial concentration) and kinetic effects. Another interesting avenue for 

    Figure 11.8     The magnitude of extrinsic (panel A) and intrinsic noise in free concen-
trations  F i   of proteins when their total concentrations  C i   fl uctuate by 20%. In this plot, 
we used  K ij     =   const   =   1   nM. One can see that while the extrinsic noise is suppressed in 
the low concentrations region, the intrinsic one is uniformly high and reaches as much 
as  > 300% in the mid -  F i   range.  
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 TABLE 11.4     Fraction of Concentration - Coupled Pairs 
that Survive Addition of 81 Multi - Protein Complexes 

  L    % Pairs  

  1    97.4  
  2    91.2  
  3    65.9  
  4    12.5  
  New    21.2  

   The fraction of concentration - coupled pairs in the original 
network ( K ij     =   const   =   10   nM) that survive the addition of 81 
multi - protein complexes curated from MIPS CYGD database 
 [20,21]  (column 2). The last row is the percentage of new pairs 
in the network after these complexes were added.   
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further research is to apply the concept of  “ potential energy landscape ”  (for 
defi nitions see Ao  [17]  and references therein) to reversible processes gov-
erned by the law of mass action, e.g. the equilibrium in protein binding net-
works. In the past, this concept was applied to processes involving catalytic, 
irreversible protein – protein interactions such as phosphorylation by kinases 
or regulation by transcription factors. In this case, it helped to reveal the 
robustness of regulatory networks in the cell cycle  [18]  and in a simple two -
 protein toggle switch  [19] .   

  11.5   METHODS 

  11.5.1   Source of Interaction and Concentration Data 

 The curated PPI network data used in our study are based on the 2.020 release 
of the BIOGRID database  [3] . We kept only pairs of physically interacting 
proteins that were reported in at least two publications using the following 
experimental techniques: Affi nity Capture - MS (28,172 pairs), Affi nity 
Capture - RNA (55 pairs), Affi nity Capture - Western (5,710 pairs), Co - crystal 
Structure (107 pairs), FRET (43 pairs), Far Western (41 pairs), and Two -
 hybrid (11,935 pairs). That left us with 5,798 nonredundant interacting pairs. 
Further restriction for both proteins to have experimentally measured total 
abundance  [4]  narrowed it down to 4,185 distinct interactions among 1,740 
yeast proteins. 

 The list of manually curated yeast protein complexes was obtained from 
the latest release (May 2006) of the MIPS CYGD database  [20,21] . The data-
base contains 1,205 putative protein complexes, 326 of which are not coming 
from systemic analysis studies (high - throughput MS experiments). In the spirit 
of using only the confi rmed PPI data, we limited our study to these manually 
curated 326 complexes. For 99 of these complexes, the MIPS database lists 
three or more constituent proteins. After elimination of proteins with unknown 
total concentrations, we were left with 81 multi - protein complexes. 

 Genetic interactions of dosage rescue type were also obtained from the 
BIOGRID database. There are 772 pairs of dosage rescue interactions among 
1,740 proteins participating in our PPI network (the full list contains 2,531 
dosage rescue pairs).  

  11.5.2   Sensitivity to False Positives and Negatives in Network Topology 

 The list of concentration - coupled protein pairs that we identify in our calcula-
tions is relatively insensitive to false positives and false negatives in the 
network topology. Table  11.3  shows the fraction of concentration - coupled 
pairs ( K d     =   10   nM) that survive a random addition (column 2) or removal 
(column 3) of 20% of all protein – protein interactions. This confi rms the 
robustness of our observations with respect to incompleteness and errors that 



are inevitable even for well - curated PPI networks in the best - studied model 
organisms.  

  11.5.3   Numerical Algorithms 

 The numerical algorithm calculating all free concentrations  F i  , given the set 
of total concentrations  C i   and the matrix of dissociation constants  K ij  , was 
implemented in MATLAB 7.1 and is available for downloading on  http://www.
cmth.bnl.gov/ ~ maslov/programs.htm   . It consists of iterating equation  11.1  
starting with  F i     =    C i  . Iterations stop once relative change of free concentration 
on every node in the course of one iteration step becomes smaller than 10  − 8 , 
which for networks used in our study takes less than a minute on a desktop 
computer. When necessary, multi - protein complexes are incorporated into this 
algorithm as described below. 

 The effects of large concentration perturbations were calculated by recal-
culating free concentrations, following a twofold increase in abundance of a 
given perturbed protein. The effects of small perturbations such as those of 
concentration fl uctuations were calculated using the faster linear response 
matrix formalism described elsewhere  [12] .  

  11.5.4   Rigorous Results for Simple Lattices 

 To illustrate and rigorously validate our observations of the exponential decay 
of concentration perturbation, we analytically investigate a simple example of 
a network, the Bethe lattice, where each vertex has the same number of inter-
action partners (degree)  d i     =    d . In addition, we assume that all dissociation 
constants are equal,  k ij     =    k . When total concentrations of all proteins are also 
identical  C i     =    C , the equilibrium concentrations of all monomers  F i  , and het-
erodimers  D ij   are given by
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    (11.2)   

 For arbitrary concentrations  C i  , using the mass conservation and LMA, it is 
also simple to derive the following recurrent in the lattice index  l  relation for 
free concentrations,

    C F
F

k
d F Fl l

l
l l− = −( ) +[ ]+ −1 1 1 ,     (11.3)   

 Assuming that the total concentration is perturbed from its universal for all 
network value  C  at node 0, and the deviation F  l   of free concentrations from 
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their equilibrium value given by equation  (11.2)  are small, equation  (11.3)  
yields

    − +⎛
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⎞
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= −( ) ++ −d
k

F
dl l l

� � �
F F F1 1 1.     (11.4)   

 It has an exponentially decaying solution   
� �
F Fl

ll= 0 , where
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 As expected,  − 1    <     l     <    0 which means that perturbations sign alternate and 
exponentially decay as a function of  l . In a strong binding limit, the combina-
tion of equations  (11.5)  and  (11.2)  yields

    l
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� .     (11.6)   

 This confi rms our qualitative prediction that in the  “ ideal ”  scenario when free 
concentrations vanish, the perturbation still decays exponentially due to 
branching of the  “ perturbation current ”  at each node. For a linear chain of 
proteins ( d    =   2), the complete solution in terms of  C  and  k  looks particularly 
elegant:

    l
C k

C k
d= = −

+( ) −

+( ) +
2

1 4

1 4

1 8 1

1 8 1
.     (11.7)   

 As one expects heuristically, in the limit of strong binding, a perturbation in 
a linear chain propagates indefi nitely, | l   d =2 |  →  1. 

 To explore the effect of nonideal concentration setup on propagation of 
perturbation, we solve for the decay exponent in the linear chain ( d    =   2) with 
oscillating total concentrations,

    C C ai
i= + −( )⎡⎣ ⎤⎦1 1 .     (11.8)   

 Response to perturbation of the even -  and odd - numbered vertices has differ-
ent amplitudes  A  2 i   and  A  2 i +1  yet decays with the same exponential coeffi cient 
 l  1 D  ±  :
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 Substitution of equation  (11.9)  into linearized around the equilibrium concen-
tration recursion relation  (11.3)  yields the system of two equations for the 
relative amplitude  A  2 i  / A  2 i +1  and  l  with the solutions
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    l
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f
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4 1 2 1 4 2
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2 2χ χ

χ
,     (11.11)  

where  χ    =    C / k  and     f a= + +16 8 12 2χ χ . Evidently, | l   ±  ( C / k,a )|    ≤    | l   d =2 ( C / k )| with 
equality being achieved only for  a    =   0. For example, for  k / C   →  0 and  a  
small,

    l a± → − −( )1 2   

 Thus, as it was discussed above, any variation in  C i  / d i  , which results in 
a larger average unbound concentrations  F i  , leads to a faster decay of 
perturbations.  

  11.5.5   Complexes of Three and More Proteins 

 Our approach can be easily generalized to take into consideration the forma-
tion of complexes with more than two constituent proteins. Consider for 
example the case of a three - protein complex, consisting of proteins 1, 2, and 
3 in which protein 1 interacts with proteins 2 and 3 with the same dissociation 
constant  K d   and proteins 2 and 3 are not in direct contact with each other. In 
this case, concentrations of heterodimers (partially formed complexes) 1  –  2 
and 1  –  3 are still given by  F  1  F  2 / K d   and  F  1  F  3 / K d   correspondingly, while the 
concentration of the fully formed complex is simply  F  1  F  2  F  3 / K d   2 . The conserva-
tion of mass dictates that  C  1    =    F  l    +    F  1  F  2 / K d     +    F  1  F  3 / K d     +    F  1  F  2  F  3 / K d   2  or

    F
C

F K F K F F Kd d d

1
1

2 3 2 3
21

=
+ + +

.   

 This expression can be readily modifi ed to describe larger complexes and more 
complicated subsets of intra - complex bindings. 

 We incorporated multi - protein complexes into a version of our numerical 
algorithm and calculated free and bound concentrations of all proteins, as 
well as the linear response of the LMA equilibrium to small perturbations. 
As for heterodimers before, we assume all dissociation constants attaching 
each of the constituent proteins to a complex to be equal to each other and 
thus, the equilibrium concentration of an  n  - protein complex to be given by 
 F  1  F  2   .  .  .    F Kn d

n−1. In the absence of more detailed knowledge of the architec-
ture intra - complex interactions, we also chose to omit concentrations of par-
tially formed complexes except for the ones formed by the known pairs of 
directly binding proteins (heterodimers) within a complex. The list of manu-
ally curated yeast protein complexes was obtained from the latest release 
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    Figure 11.9     (A) The histogram of calculated equilibrium concentrations of 81 multi -
 protein complexes  [20]  (black circles), 4,185 two - protein complexes (dimers) (red dia-
monds), and the free (unbound) concentrations of 1,740 individual proteins  F i   (green 
squares) given the experimentally measured total proteins concentrations  C i   from 
Ghaemmaghami et al.  [4]  (blue crosses) and  K ij     =   const   =   10   nM. (B) The same histo-
grams (minus that of multi - protein complexes) recalculated for the evolutionary - 
motivated assignment of dissociation constants:  K ij     =   max( C i  ,  C j  )/20. Note the lack of 
unreasonably low free or bound concentrations (those below 1 molecule/cell) in this 
case.  
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(May 2006) of the MIPS CYGD database  [20,21] . In the spirit of using only 
the confi rmed PPI data, we limited our study to these manually curated 326 
complexes. 

 For 99 of these complexes, the MIPS database lists three or more constitu-
ent proteins. After elimination of proteins with unknown total concentrations, 
we were left with 81 multi - protein complexes. The histogram of their equilib-
rium concentrations (along with equilibrium concentrations of dimers and 
monomers), calculated using our algorithm at  K ij     =   const   =   10   nM, is plotted 
in Figure  11.9 A using black circles.     
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  12.1   INTRODUCTION 

 Most morbidity and mortality in industrialized countries is associated with 
multifactorial diseases for which current treatment is insuffi cient, for example, 
cancers, cardiovascular diseases, neurological diseases, and autoimmune dis-
eases. The identifi cation and validation of novel, more effective treatment 
strategies are therefore required. Large - scale observations and treatment fail-
ures have clearly demonstrated the complexity of the mechanisms involved: 
in general, more than 100 genes or proteins, together with all the intermediate 
products and their modifi cations, are involved in a given cellular physiological 
function. For example, the query  “ induction of apoptosis ”  retrieves 97 human 
gene products in the Gene Ontology database  [10]   . This complexity is observed 
on every level of the physiological/biochemical processes, from the topology 
of signaling and transcriptional networks (recurrent and heterogeneous) to 
their highly nonlinear and complex dynamic behaviors, refl ecting the complex 
mechanisms of organization and regulation of living organisms. Research in 
human physiopathology, one of the main aims of which is to identify new 
therapeutic targets, must take this complexity into account, at best by the use 
of dedicated integrative models. 

  12.1.1   Strategies for the Large - Scale Modeling of Human Physiopathology 

 Modeling, in the generally understood sense of creating a faithful representa-
tion of reality, can today only be applied to a few well - delimited and well -
 described physiological phenomena involving no more than a few tens of 
genes or proteins. Among others, such models have been developed for the 
cell cycle  [4] , the osmotic shock response  [5] , the extracellular - signal - regulated 
kinase (ERR) signaling  [6] , and the glucose enzymatic metabolism  [7,8] . Many 
other annotated dynamic models can be found in the BioModels database of 
the European Bioinformatics Institute  [9] . Essentially, most of these models 
have been developed to gain a better understanding of the generic properties 
of biological phenomena, such as homeostatic feedback  [5] , bi - stability  [4,5] , 
oscillations  [7,8] , hysteresis  [4] , and others. These models generally represent 
simplifi ed signaling/metabolic modules but in fi ne detail to provide accurate 
global and local simulations. For the review of methods and results on the 
modeling and simulation of genetic regulatory networks, see for example De 
Jong  [33]  or Smolen et al.  [34] . 

 However, this detailed picture cannot be easily scaled up to a complexity 
realistically refl ecting most eukaryotic physiological functions, because the 
laws regulating elementary chemical processes are generally unknown, even 
qualitatively (permissive, additive, cooperative effects, etc.). This makes it 
unrealistic to calculate the precise kinetic constants of the elementary chemi-
cal reactions. Our knowledge of the networks of interactions between mole-
cules also remains incomplete. In this context, the need to integrate extensive 
networks has led us to an alternative modeling strategy: instead of describing 



the biological system at the elementary chemical reaction level (low level 
symbolism: intermediate chemical states such as phosphorylations), we 
describe it in terms of the relative amount or activity of the molecules 
(mid - level symbolism), in the logic of signal propagation. Data are effectively 
available at this level. 

 The lack of knowledge also implies that large - scale modeling strategies may 
be seen as credible only if they include an adaptive or data mining approach. 
These approaches are designed to obtain knowledge from large amounts of 
data, structured to various extents, using automatic methods sometimes called 
learning methods. Generally speaking, they involve the construction of a 
 “ fl exible ”  model, in our case a differentiable dynamic system. The fl exibility 
is refl ected by the presence of parameters to be determined by optimization 
methods. Rather than aiming at the mimetic reproduction of the process 
modeled itself, these approaches aim at the resolution of concrete, specifi c 
problems — generating hypotheses concerning potential therapeutic targets in 
our case. Therefore, our modeling strategy aims more at predicting than 
explaining, it is qualitative rather than quantitative, and focuses on the design 
of a decision support tool capable of producing credible hypotheses. 

 The adaptive aspect of our strategy lies in  “ learning ”  the constants of the 
model — determination of the set of parameters, minimizing the distance 
between the simulated kinetics on the one hand, and temporal experimental 
data on the other. Learning of kinetics does not in itself impose constraints 
on the dynamic behavior to be learned; however, the incomplete nature of the 
interaction networks and their formalization, and the insuffi cient accuracy of 
expression data suggest that we should limit ourselves to the simplest types of 
behavior — steady states, which are the lasting regimes of functioning of living 
organisms, as opposed to other dynamic regimes such as periodic, quasi peri-
odic, and chaotic behaviors. In this context, the kinetics represent transient 
states that the system learns to follow between stable states. 

 Under the hypothesis that the network represents the principal mechanisms 
operating in these transitions and that these stable states provide an exhaus-
tive description of the geometry of all stable states, at least in a limited region 
of the state space, the model parameterized in this manner should be able to 
classify manipulations (typically inactivation or overexpression of genes) by 
simulations according to their capacity to direct the system to one of these 
states, and thus identify the key elements required to induce or to prevent a 
given type of response. 

 We applied this classifi cation strategy to the signal transduction network of 
the glucose repression/derepression system (GRDS, including the glucose 
sensor system) of the model organism  Saccharomyces cerevisiae  (baker ’ s and 
brewing yeast), with the aim of identifying which genes in this network are 
essential for good growth in the absence of glucose. We present here the cor-
responding medium - sized quantitative dynamic model that integrates both 
the topography and dynamic responses of the GRDS, and its classifying 
effi ciency.   
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  12.2   IMPLEMENTATION OF THE MODEL 

  12.2.1   Mathematical Formalism 

 The available data describing topology and behavior of large signaling 
networks include: (1) data concerning molecular interactions 
(annotated according to the activating or inhibitory nature of the action, 
its compilation can be used to reconstitute signaling and metabolic 
networks) and (2) high - throughput expression screening data in the form of 
kinetics. 

 We model a network of symbolic entities that represent both the genes and 
the corresponding proteins. The network of interactions is formalized as a 
signed directed graph. We describe the dynamics of the system by means of a 
system of differential equations inspired by standard models of signal trans-
duction. This type of model could be described as a heteronomous dynamic 
system in which the kinetic constants are inferred from time - course data of 
gene expression using standard adaptive system techniques. We assumed that 
molecules are permanently synthesized and degraded, and that the rates of 
synthesis and degradation compensate each other in equilibrium state (e.g. 
here in glucose - rich medium prior to the diauxic shift). The degradation is not 
considered subjected to regulation and is modeled by the classic linear decay 
term. We also assumed that the expression level of every molecule in the 
network can be saturated and thus the synthesis rate is modeled by a sigmoid -
 shape transformation of the total regulatory input, which is in turn a linear 
superposition of elementary regulatory inputs. As in the case of the diauxic 
shift where the modeled biological response is globally synchronous, we did 
not introduce time delays into the model. The mathematical formalism is 
detailed in the Material and Methods section.  

  12.2.2   The Glucose Repressor/Derepressor System: Defi nition and 
Construction of the Signaling Network 

 In  Saccharomyces cerevisiae , the expression of glucose metabolism enzymes 
is dynamically regulated by the availability of extracellular glucose, and their 
expression pattern follows accurately the biochemical direction of the metabo-
lite fl ow that depends on the nature of the carbon source  [2] . This dynamic 
response is driven by specifi c glucose - sensing,  - signaling, and  - metabolizing 
pathways of which the intracellular qualitative topography has been relatively 
well described  [3] . These pathways interact and regulate each other, forming 
a complex, nonlinear, and relatively large network of about 100 genes/
proteins, as is often observed for signal transduction pathways in eukaryotic 
cells. 

 Yeast cultured in the presence of high extracellular concentrations of 
glucose breaks down this glucose by glycolysis to generate energy (in the form 



of ATP) and ethanol (by fermentation). If glucose is not supplemented in the 
medium, this consumption of glucose decreases the extracellular glucose con-
centration, leading to the so - called diauxic shift, in which the directions of 
synthesis and metabolic degradation are modifi ed (and partly reversed) so that 
the yeast can use the ethanol it has synthesized to produce energy and glucose 
(gluconeogenesis). This transition is required for growth in the absence of 
glucose and allows the yeast to use other carbon sources. 

 The signal propagation logic made us to represent these signaling pathways 
by directly connecting in the graph the signaling genes/proteins to the genes/
proteins that they regulate directly (or semi - directly through second messen-
gers), regardless of the chemical mechanisms involved. The few cases where 
the product of a metabolic enzyme directly regulates the activity of another 
metabolic enzyme were also considered to propagate a signal and treated this 
way. The principle of such a symbolism is quite similar to the widely used 2D 
graphical displays of signaling pathways. 

 The representation of the metabolic component of the network was more 
problematic for two reasons. First, it was not possible to directly connect the 
signaling component to some of the metabolic enzymes due to insuffi cient 
knowledge in the literature, whereas it was important to avoid gaps within the 
network that would have stopped the signal propagation. The straightforward 
solution to this, and relatively classical from a biological point of view, would 
have been to take advantage of the good knowledge of the cascades of the 
metabolic reactions, which have no solution of continuity by themselves, by 
explicitly representing them and connecting to them the signaling module as 
described above, in other words to interconnect the fl ows of signals with the 
fl ows of metabolites. However, the second diffi culty was that the amounts 
of the substrates/products of the metabolic enzymatic reactions were not 
available, so that explicitly representing them in the model would have been 
incompatible with the adaptive aspect of our strategy. This imposed to alter-
natively represent the metabolic component of the network. Thus, we decided 
to take advantage of the fact that in this very case of glucose signaling and 
metabolism, the cells do not regulate the expression of enzymes independently 
from each other, due to common regulatory elements in their promoters 
(references cited in Uemura et al.  [1] ), so that their expression regulation 
during the diauxic shift is fi nely tuned  [2]  in a coherent way with regard to 
metabolic requirements of the cells and chemical reactions. Therefore, an 
acceptable solution was to directly connect the enzymes when they are engaged 
in consecutive chemical reactions. This symbolism provides the coherence of 
the global network in terms of signal propagation, while preserving the topol-
ogy of the substrate/product biochemical network (metabolic pathways). It is 
also a way to symbolize the enzyme regulations that are not identifi ed yet, and 
is compatible with our objective to use models as data mining/decision support 
tools. Though this formal representation results in the metabolic enzymes 
regulating each other (which is not the case in cells), the simulation results 
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show that it does not signifi cantly weaken the selectivity - specifi city even 
though many genes in which invalidation impairs the fi tness of yeast to ethanol 
medium are metabolic enzymes (see Results). 

 To build the network, we compiled the available information on the 
glucose sensor system, the glucose repression/derepression system, and 
the glucose metabolism from 144 scientifi c articles and from additional 
data from  Saccharomyces  Genome Database  [11] . The fi nal modeled 
network is shown in Figure  12.1 . Its complete description and the principles 
driving its compilation are detailed in the Material and Methods section. 
It is represented in table format and certain additional assumptions 
are described in the additional data available on Helios Biosciences website 
( www.heliosbiosciences.com ).     

    Figure 12.1     The glucose repressor/derepressor system. Green circles: genes/proteins 
transducing the glucose signal; yellow circles: genes/proteins metabolizing glucose; blue 
arrows: regulations at the protein activity level; green arrows: regulations at the gene 
transcription level; orange arrows: metabolic reactions; arrows are directed according 
either to the propagation of the signal or to the direction of the metabolic reactions; 
genes/proteins are identifi ed by their standard names, the correspondences between 
gene standard names and systematic names according to the  Saccharomyces  Genome 
Database  [11]  and the list of interactions with bibliographic references are provided in 
additional material. See color insert.  



  12.3   RESULTS 

  12.3.1   Fitting the Model to Training Data 

 The parameters for the model were calculated to fi t the gene expression time -
 course data of the diauxic shift (during 690 minutes) by using a trajectory 
learning procedure known as backpropagation through time (BPTT) (see 
Material and Methods for more details). The learning procedure was carried 
out several times with different random initial weights over the interval 
 〈  − 1, 1 〉 . The initial time constants were set to 60 minutes. 

 The overall correlation between the weights and between the time con-
stants for different sets of parameters was  > 0.95. Therefore, the results from 
the simulations carried out with these different sets of parameters were very 
similar. 

 The relative error with respect to the shift trajectory was  ≈ 20, 4%. This was 
satisfactory enough to perform simulations, considering we are not dealing 
with an artifi cial network, but with a real network (with interaction sign con-
straints) and noisy data (error estimated at 15% to 20%), as well as the evolu-
tion of the network being completely derived from only one source (glucose 
input). 

 Figure  12.2  shows the clustering of the experimental time course and how 
they were reproduced by the model.    

  12.3.2   Simulations/Extrapolations 

  12.3.2.1   Knockout/Overexpression Experiments.     We fi rst observed the 
dynamics of simulations after systematically deleting every molecule in the 
network under initial state conditions (high constant glucose concentration) 
by setting the state variable of the deleted gene to 0 and replacing the glucose 
reduction input by a maximum (=0.75) constant input representing a stable 
glucose - rich medium. We obtained no complex dynamic patterns (limit cycles, 
strange attractors, etc.), with all state variables relaxing toward steady states 
after 690 minutes. 

 A stringent test of the predictive power of the model is its ability to 
simulate knockout/overexpression experiments. We would expect knockout/
overexpression simulations to predict the evolution of the system with enough 
accuracy to discriminate the deleted/overexpressed molecule if the discrimina-
tion criterion is how close the simulated quantities are to the corresponding 
experimentally measured states. 

 Although there are several published quantitative datasets of gene expres-
sion results for knockout or overexpression of yeast genes, to be suitable as 
controls they need to concern genes and culture conditions that correspond 
to our model. We found only two datasets meeting these criteria: the knockout 
of the TUP1 gene  [31]  and the overexpression of the HAP4 gene  [32] . 
Both datasets were produced in glucose - rich culture conditions, so the 
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corresponding simulations were carried out using a high constant glucose 
concentration input. 

 The TUP1 gene product (Tup1p) associates with Cyc8p to form a general 
corepressor that acts as a cofactor for several transcription factors  [35] . It is 
involved in the initial repression of several genes in our network under initial 
high glucose culture conditions, among which are Mig1p targets  [36] . Thus, it 
plays an important role in the biological mechanism we have modeled. The 
experimental data show that the TUP1 knockout partially mimics the diauxic 
shift by triggering the derepression of a subset of genes in the network. 
However, the up - regulation of genes during the shift also involves other mech-
anisms, such as the direct inhibition of repressor transcription factors  [36] . 
Thus, we also expected the inhibition of other genes in the network to partially 
mimic the TUP1 knockout. Although Tup1p corepressor function is also 
involved in other physiological mechanisms/pathways  [2] , we assumed that 
this would not have a major impact on glucose repression/derepression. We 
tested whether we could identify TUP1 as being the gene that, when inhibited 
 in silico , would best reproduce the TUP1 knockout experimental data. 

 For every single knockout simulation, we compared the simulated expres-
sion levels of all the molecules in the network with those from the experimen-
tal TUP1 knockout data (expression level of TUP1   =   0.1). We fi rst normalized 
the experimental data by the same factor as for the training data, and as the 
maximum simulated rate of any product in our model is 1, any values exceed-
ing 1 were set to 1 to avoid  “ overweighting ”  highly expressed genes in the 
error function. The error function was the standard Euclidean distance in the 
state variable space. We classifi ed all molecules with respect to the distance 
between the knockout simulation result (after 690 minutes) and the experi-
mental TUP1 knockout data. Figure  12.3  shows that the simulated deletion of 
TUP1 approached the system to the experimental data more than the deletion 
of any other gene. Specifi city - sensitivity analysis of the up -  or down - regulation 
ratios showed that the simulated deletion of TUP1 gives the highest 
selectivity - specifi city trade - off (for the level of variation of 10%). Thus, our 
model effi ciently discriminated TUP1 as the deleted gene.   
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    Figure 12.2     Model fi tting and simulation results: Diauxic shift experimental data, 
simulated data (both at times T0   =   0, T1   =   150, T2   =   240, T3   =   360, T4   =   450, T5   =  
 570, T6   =   690 minutes), HAP4 overexpression data (O.E.) and TUP1 knockout data 
(K.O.). E   =   experimental, S   =   simulated. The gene expression ratios to a T0 experi-
mental value corresponding to a similar independent experiment are log2 - transformed. 
The resulting data were imported in the TIGR MeV MultiExperiment Viewer 3.1 
software from the Institute for Genomic Research  [37]  to produce the images; hierar-
chical clustering of the genes/proteins according to their expression behavior (gene 
tree only) was performed using the Euclidean distance, with complete linkage cluster-
ing, 100 iterations, no resampling of samples, and all other parameters set to default 
values. Gray color   =   experimental data not available. See color insert.  
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 The up - regulation of genes during the diauxic shift depends both on dere-
pressing mechanisms and on gene transcription activation. The HAP4 gene 
product (Hap4p) is a subunit of the transcriptional activator Hap2p/3p/4p/5p 
CCAAT - binding complex. This complex is glucose - repressed and its derepres-
sion during the shift activates the transcription of several genes within our 
network  [32] . The experimental data show that the overexpression of HAP4 
also partially mimics the diauxic shift by triggering the overexpression of a 
subset of genes in the network (although some of the Hap4p direct target 
genes are not up - regulated). Although Hap4p is also involved in other physi-
ological mechanisms, such as respiratory gene expression  [32] , we assumed 
this would not have a major impact on glucose repression/derepression. Using 
the same procedure as for the TUP1 simulations, we tested whether we could 
identify HAP4 as being the gene that, when activated, would best reproduce 
the HAP4 overexpression experimental data. 

 The overexpression simulation was carried out in the same way as for the 
TUP1 deletion simulation, but by overexpressing every gene in the network 
by the factor corresponding to the overexpression of HAP4 observed experi-
mentally. We then calculated the distance between the simulated and experi-
mental data and classifi ed the molecules on this basis. We found that HAP4 
was clearly identifi ed as being the gene overexpressed (Figure  12.4 ).    

  12.3.2.2   Classifi cation of Genes According to the Impact of Their Invali-
dation on the Fitness of the Yeast to Ethanol Medium.     We trained our model 
to simulate the transition from growing in glucose - rich medium to the growing 
in ethanol - rich medium. Thus, we expected to be able to classify the knockout 

    Figure 12.3     Simulation results of TUP1 deletion. Each dot represents a gene deletion 
simulation with its distance to the TUP1 KO experimental data on  y  - axis and its rank 
in increasing order with respect to this distance on  x  - axis.  
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mutants in two classes according to their fi tness to ethanol (good fi tness/
defi ciency in growth). Our hypothesis was that the simulated knockout mutants 
that were unable to carry out the fermentation/respiration shift correctly 
would have growth defi ciencies on ethanol. Classifying the genes according to 
the ability of their inhibition to modify a phenotype is particularly interesting 
as it is the same type of classifi cation that would be carried out in drug 
targeting: identifying actions that would inhibit a given physiopathological 
behavior. 

 We tested our classifi cation with data from studies of the ability of knock-
out mutants to grow on ethanol and glucose. Steinmetz et al.  [30]  have classed 
most molecules of the network according to how their being knocked out 
affects the ability of yeasts to grow on fermentable sugar medium (such as 
glucose) or non - fermentable sugar medium (such as ethanol). In our network, 
30 genes have more or less serious fi tness defects on ethanol, 11 mutants are 
unviable, 22 have fi tness defects on fermentable substrates, and 43 show no 
real differences in fi tness on different nutrients. This classifi cation is not exclu-
sive, as defi ciencies on both glucose and ethanol are possible for the same 
gene. 

 We carried out gene deletion simulations in diauxic shift conditions 
(i.e. with a glucose exhaustion input) and calculated the distances between the 
simulated expression levels and the experimental expression levels of the shift 
after 690 minutes. We selected the 36 genes with the greatest distance between 
the deletion simulation and the shift experimental data and found that 24 of 
them were classifi ed as having fi tness defects on ethanol (i.e. selectivity equals 
80%), whereas 12 belonged to some other class (i.e. specifi city is 82%). For 
two of six genes, we were unable to detect; the misclassifi cation was due to an 
unsatisfactory propagation of the shift signal in this region of the network (and 

    Figure 12.4     Simulation results of HAP4 overexpression. Each dot represents a gene 
overexpression simulation with its distance to the FTAP4 overexpression experimental 
data on  y  - axis and its rank in increasing order with respect to this distance on  x  - axis.  
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thus insuffi cient fi tness during learning). For one artifact (out of 12), the infor-
mation on the fi tness was not coherent, that is, it may not be an artifact. Thus, 
the selectivity - specifi city percentage given above is the most pessimistic. The 
results are represented graphically in Figure  12.5 .      

  12.4   DISCUSSION 

 An important question for the deterministic approach to the mathematical 
modeling of biological systems is whether the classical dynamic system para-
digm, and more specifi cally the underlying differential formalism, is an appro-
priate tool, and to what extent. Classic dynamic systems give a very precise 
description of how the system evolves from the initial state, from a detailed 
understanding of every single regulatory action. However, if the number of 
components of the system is large, the complexity of the possible responses 
could greatly exceed the number of real dynamic patterns, which remains 
rather low. For example, even a simple mathematical model applied to a 
realistically complex transcriptional network (scale - free topology) might 
produce many more dynamic patterns (e.g. steady states, limit cycles, or even 
chaotic behavior) than actually observed in a living cell. In our model, we were 

    Figure 12.5     Classifi cation of simulated KO mutants according to their fi tness on 
ethanol - rich medium. Each dot represents a simulated gene KO. Gene deletion simula-
tions were carried out under diauxic shift conditions. Most simulated NO mutants 
moving away from respiration to fermentation (initial state) are those with an experi-
mentally confi rmed defi ciency in growth on ethanol. The distances have been expressed 
as ratios with respect to the distance between initial and diauxic shift state at time 
 T    =   690 minutes. See color insert.  

D
is

ta
n
c
e
 t
o
 d

ia
u
x
ic

 s
h
if
t 
e
x
p
e
ri
m

e
n
ta

l 
d
a
ta

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Distance to initial state (glucose-rich culture medium)

Experimental data:
KO: reduced fitness to ethanol culture
KO: no effect on fitness to ethanol culture

0.4 0.5 0.6 0.7 0.8 0.9 1 1.1

Simulations of gene knockouts in diauxic shift conditions:
Classification of mutants according to their ability to perform the shift



DISCUSSION 275

able to control the qualitative or topological aspect of the long - term dynamic 
behavior by bifurcation analysis, so we avoided producing artifactual dynam-
ics, what is crucial for the success of classifi cation strategy we have chosen. 

 We achieved a two - state classifi cation with a high selectivity - specifi city 
score. TUP1 deletion and HAP overexpression were also successfully detected 
by our model. 

 These results were obtained despite using a biological description at the 
level of signal propagation rather than that of chemical reactions, the rela-
tively poor quantitative accuracy of the experimental data used to calculate 
the parameters, and the linear superposition of regulatory inputs in the 
model. 

 After our systematic literature analysis, the glucose repressor/derepressor 
system appeared to be organized in a globally feed - forward structure: the 
number of feed - forward interactions from the signaling component toward the 
metabolic component of the network largely exceeds the number of feedbacks 
in the opposite direction. Even though the number of feedback loops is high, 
they are mostly local or non - active in the diauxic shift context, at least in our 
model. Physiologically, the system functions mainly in a fermentation confi gu-
ration when the extracellular glucose level is high and shifts to a mainly res-
piration confi guration only when the extracellular glucose becomes exhausted. 
If glucose is then added again, the system regains its initial fermentation con-
fi guration. When limited only to aspects of glucose/ethanol metabolism (i.e. 
taking no account of the global energetic metabolism), this may be seen as a 
 “ two - state behavior ”  in which both states are stable and are driven by the 
intensity of the same external stimulus, in this case glucose, with the response 
being adaptive rather than homeostatic. Such behavior can occur without 
strong involvement of feedbacks loops (although these may help fi ne - tune the 
mechanism). Thus, stopping the signal at one place would affect the global 
downstream propagation of the signal, which may have helped with the good 
behavior of our model. It would be interesting to measure the activity of the 
glucose sensor system in culture conditions with both high glucose and high 
ethanol levels. If in this case the system were confi gured like that with a high 
glucose level alone, this would strongly confi rm its globally feed - forward 
functioning. 

 Diauxic shift also occurs with relatively simple dynamics (DeRisi et al.  [2]  
described fi ve different gene clusters) with no signifi cant time delays and dif-
ferent timescales (stiffness). This makes the experimental behavior of the 
system compatible with the  “ up – down ”  dynamics of glucose, with a globally 
feed - forward signal propagation and a linear superposition of regulatory 
inputs in the model. 

 Our results are also consistent with the well - known capacity of simple signal 
transduction models to detect highly sensitive network elements. These are 
generally found near the input, and are highly connected or highly modulated 
in the training data. 
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 Analysis of the TUP1 knockout/HAP4 overexpression experimental data 
shows that the major effects on gene expression are located close to and 
downstream from the deleted/overexpressed genes. The changes in expression 
level further from the deleted/overexpressed genes are smaller (quantita-
tively) and more diffi cult to detect, taking into account the low accuracy of 
the data. This suggests, as we have assumed, that the other biological functions 
of Tup1p and Hap4p would not greatly affect the glucose repression/
derepression, and that our network represents a relatively independent intra-
cellular signaling module. This is also compatible with a global feed - forward 
functioning of the glucose repressor/derepressor system. Our model repro-
duced these local changes well, and diminished in accuracy away from the 
deleted gene. The gap in the distance function between TUP1 (Figure  12.3 ) 
and the remaining genes is mostly due to this local detection. The knockout/
overexpression experiments were from microarray techniques that were dif-
ferent to those yielding the data used for calculating the model parameters, 
which may also have adversely affected the quantitative coherence of their 
values. This is why we were unable to assess the performance of our modeling 
strategy for more global changes. Additional work on different signal trans-
duction systems is needed to address this. 

 For the classifi cation of the fi tness of the KO mutants, we observed weak 
transitions from the shift trajectory to the initial state, being at most about 
 ≈ 50% of the distance between the shift and initial state. This may be explained 
by network redundancy and weight homogenization due to the penalizing 
term in the objective function (see Material and Methods). Indeed, the average 
connectivity of the network and the simplicity of the training trajectory enable 
us to estimate the training data as insuffi cient for training. Penalizing the error 
function by the sum of squares of weights produced the unique, but highly 
homogenized parameter set. However, as the redundant mechanisms often act 
in the same direction, this artifi cial homogenization caused a partial reparti-
tion of the signal propagating globally in the same direction. Thus, it did not 
particularly affect the effi ciency of the model. 

 In the classifi cation of the knockout mutants into two classes depending on 
their fi tness to culture in ethanol, we expected that knockout mutants unable 
to undergo the fermentation/respiration shift correctly would have growth 
defi ciencies on ethanol. Thus, we assessed the impairment in the shift from 
the  “ global ”  distance to the shift trajectory during glucose exhaustion. 
However, the opposite may not be true: all mutants that make the system 
move away from the shift trajectory may not have growth defi ciencies on 
ethanol. It would be expected that different mutants could increase this 
 “ numerical ”  distance by triggering transitions in different directions (steady 
states), some of which would not correspond to impairments in growth fi tness 
on ethanol. For example, reinforcing the shift by increasing the up - regulation 
of enzymes required for growth in ethanol would not necessarily lead to 
growth defi ciencies on ethanol but would still make the system move away 
from the shift trajectory. However, we still expected the mutants associated 



with a reduced fi tness to ethanol growth to be over - represented in the corre-
sponding class, which was indeed the case. 

 Overall, we show that, starting with relatively simple hypotheses that are 
imposed by the availability of data, the creation of models of mid - scale bio-
logical networks (100 genes/proteins) is possible by adaptive methods, pro-
vided that we accept relatively signifi cant theoretical imperfections associated 
with such models. Of course, these imperfections may lead to errors in predic-
tion. In this specifi c example, the classifi cations were imperfect, due largely to 
the generic formalism used and which has no formal theoretical validity. Such 
large - scale models can be improved by the progressive introduction of more 
faithful representations of biological reality, and this is possible as more accu-
rate and extensive knowledge becomes available due to more accurate mea-
surement techniques, completion of networks, and more precise representations 
of the phenomena studied including, for example, permissive or cooperative 
effects. However, if we consider such models as decision support tools, they 
can already identify effects that may lead to the biological network adopting 
a state of interest, with selectivity and specifi city here both near 80%. 

 Moreover, we assessed the effect of gene inhibitions on a phenotypic behav-
ior using as sole knowledge the description of the dynamics of the onset of 
the phenotype, without introducing additional biological understanding. Such 
situations are frequent in physiopathology research, in which it is technologi-
cally feasible to describe the onset of the pathological state at the molecular 
level, while the precise causal and etiological understanding of the disease is 
often very limited. In such cases, it is crucial to generate relevant therapeutic 
hypotheses of how to lead the biological system (or, technically, the network) 
adopting a non - pathological state without needing additional knowledge. We 
thus believe this type of approach has potential applications in the exploration 
of all diseases in which experimentation is diffi cult and limited, for example 
immunological, neurological and psychiatric diseases and, to a certain extent, 
cancers.  

  12.5   MATERIAL AND METHODS 

  12.5.1   Construction of the Glucose Repressor/Derepressor System 

 We aimed to design a model that would be as exhaustive as possible with 
respect to current knowledge of the glucose repression/derepression system, 
while remaining focused on this mechanism. We used the following general 
principles: (1) The molecular interaction network is represented as a directed 
graph. Thus, data specifying the orientation of the interaction had to exist for 
each interaction (for example, this kinase phosphorylates this protein, this 
transcription factor activates the expression of this gene, etc.). (2) We included 
only those interactions that were functionally validated in the literature to 
exclude any potential false information (noise), despite the possibility that 
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some relevant biological mechanisms may be missing in the model due to 
being currently insuffi ciently described. These two principles mean that data 
from high - throughput screenings are excluded if they have not been confi rmed 
by other methods. (3) All signal transductions represented had to occur down-
stream from glucose as we wanted to model the response of the system to the 
glucose concentration in the culture medium. 

 We defi ned the limits of the modeled network by defi ning an input layer 
(limited to glucose in this study) and a layer that is the physiological effector 
function of interest: the glucose metabolism in this study. This metabolic 
component of the network describes the use of glucose with a focus on energy 
metabolism. This includes the metabolism of glucose to ethanol (fermenta-
tion), the use of glucose and ethanol in respiration (TCA and glyoxylate 
cycles), and the storage of glucose in the form of trehalose. Glycogen synthesis 
through Gsy1p was represented as an output (to provide a reference during 
the simulations). The resulting metabolic network was very similar to that 
presented by DeRisi et al.  [2] . We did not include the other glucose metabo-
lism pathways (pentose phosphate pathway, etc.) because they are not yet 
described as playing a major role in the glucose repression/derepression phe-
nomenon, at least in the modeled culture conditions. Once we had defi ned 
this enzymatic metabolic pathway, we systematically searched for all regula-
tory mechanisms within it — enzyme regulations through intermediary metab-
olites — and linking it to glucose – glucose sensor system and signal transduction. 
The choice of glucose as the only input in the network and of the metabolic 
pathway as the physiological effector layer unambiguously defi ned the limits 
of the modeled network. This provided a biologically sound network that had 
a coherent structure (continuous signaling forward and feedback loops between 
ligand - receptor/protein signaling/transcriptions/effector functions). 

 The glucose repression/derepression and metabolism system can be sum-
marized as follows: the extracellular glucose is sensed by the membrane recep-
tors Snf3p, Rgt2p, and Gpr1p  [3] . Intracellular glucose is sensed by Hxk2p 
and some proteins upstream from Snf1p  [3] . The osmotic sensing system 
involving MAP kinase cascades (Ssk1/Ssk2/Pbs2, Sho1/Stet11) converging to 
Hog1p  [5]  is an additional mechanism that is described in the context of 
osmotic sensing, but is putatively involved in glucose sensing due to the glucose 
osmotic power. These various sensing systems then coordinately transduce 
intracellular signals (glucose repression/derepression system): Rgt2p and 
Snf3p indirectly regulate the Rgt1p transcription factor  [12 – 14] , and Gpr1p 
activates the synthesis of cAMP, which regulates the activity of PKA  [3] . PKA 
then regulates the transcription factors Msn2p  [15] , Msn4p  [16] , and Sko1p 
 [17] . Snf1p regulates various transcription factors such as the Mig1p repressor 
 [3,18] , Msn2p  [15] , Msn4p  [15] , Adr1p  [19,20] , and Cat8p  [21] . Hxk2p regu-
lates Snf1p activity interactively with type 1 serine/threonine protein phospha-
tase (Reg1p - Glc7p)  [22]  and indirectly regulates the PKA system  [3,23] . Hog1p 
also regulates various transcription factors  [24] , such as Msn2p, Msn4p, and 
Sko1p among others. Depending on the glucose signal, the transcription 



factors then regulate the expression of many genes, including genes involved 
in this signal transduction system, and fi nally the enzymes involved in glucose 
metabolism and more generally in carbon use  [2] . There are also additional 
mechanisms involved, such as the regulation of enzyme activities by glycolysis 
metabolites  [3] . 

 Though a  “ classical ”  biochemical representation of the metabolic compo-
nent of the network would interconnect the substrates and products of the 
enzymes and not the enzymes themselves, we chose to directly interconnect 
the enzymes when they are engaged in consecutive chemical reactions. Each 
connection was validated based on the corresponding chemical reaction from 
 Saccharomyces  Genome Database  [11] . The arguments for this representation 
are detailed in the next section.  

  12.5.2   Experimental Data Used 

  12.5.2.1   Data Used for Model Parameter Calculation.     We assumed that, 
for the diauxic shift, most measurements of gene expression were correlated 
to protein activity. This assumption is supported by the global coherence and 
temporal homogeneity of the gene expression behavior of the network during 
the shift (80% of the genes). Moreover, the expression of most genes was 
either up -  or down - regulated during the shift consistent with what would be 
expected from their corresponding protein activity based on their function. 
Measurements of the expression of the network ’ s genes during the diauxic 
shift were taken from DeRisi et al.  [2] . For three network molecules which 
were not regulated at the mRNA level (TPK1, SNF1, and MIG1), we inferred 
the corresponding protein activity during the shift from scientifi c articles that 
have specifi cally studied these molecules (TPK1: Portela and Moreno  [25] ; 
SNF1: Wilson et al.  [26] ; MIG1: Kaniak et al.  [18] ; De Vit et al.  [27] ; Treitel 
et al.  [28] ). For ADH2, the data from DeRisi et al.  [2]  were inconsistent with 
the literature: the ADH2 gene expression should be strongly up - regulated 
during the shift  [29] , whereas it was down - regulated in the DeRisi et al.  [2]  
dataset. This is likely due to a lack of probe specifi city, as the authors used a 
cDNA microarray. The possible hybridization of other ADH mRNAs to the 
ADH2 probe (in particular ADH1 and/or ADH4) would explain this result 
because ADH1 and ADH4 are down - regulated during the shift. Thus, we 
corrected the data for ADH2 using the results of Walther and Schuller  [29]  
and assumed that the ADH2 gene would be derepressed in parallel with the 
diminution of the glucose concentration in the culture medium. The fi nal 
dataset used for calculating the parameters is given in the additional data 
available at  www.heliosbiosciences.com .  

  12.5.2.2   Data Used for Simulation Testing.     Classifi cation of molecules 
according to their qualitative physiological effect. The study of Steinmetz 
et al.  [30]  has used a high - throughput method and we identifi ed a few discrep-
ancies between their results and current knowledge about some genes of the 
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network, in particular from the  Saccharomyces  Genome Database  [11] . There-
fore, we systematically reanalyzed the results of Steinmetz et al.  [30]  and 
corrected certain results. This fi nal classifi cation of gene knockout mutants 
according to their ability to grow on fermentable/non - fermentable sugars is 
given in the additional data ( www.heliosbiosciences.com ). 

 Classifi cation of molecules according to quantitative knockout/overexpres-
sion data. We took the gene expression data from TUP1 gene knockout from 
Hughes et al.  [31]  and the gene expression data from HAP4 gene overexpres-
sion from Lascaris et al.  [32] . Both experiments were performed in glucose -
 rich medium.   

  12.5.3   Mathematical Model 

 We modeled the dynamics of the network by a system of differential equa-
tions. The underlying structure is a network of transcriptional regulation that 
is formalized as a directed graph. There are 97 molecules in our network 
(i.e. 97 state variables) for 362 interactions. Thus, there are on average 3.73 
connections per gene. The number of inputs/outputs for every single gene 
ranges from 0 to 10, but more than 70% of genes have four or less inputs/
outputs. The network is not large enough to verify some widely believed hypoth-
eses on the topological structure of gene regulatory networks (scale - free struc-
ture), but it is clearly heterogeneous. Almost all the elements of the network 
are involved in feedback loops, and the length of the shortest circuit is 16 or 
less, with 60% of genes involved in a loop having a length of four or less. The 
sign of the effect (activation/inhibition) was specifi ed for 83% of interactions. 

 Let x( t )   =   ( x  1 ( t ),  x  2 ( t ),  .  .  .  ,  x N  ( t )) be the state vector of the expression level 
of all genes in the network (i.e.  N    =   97) and let  x  0 ( t ) be the only input in the 
network. The dynamics of the network are driven by differential equations
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where  σ ( x )   =   (1   +   exp( −  x ))  − 1  is a standard sigmoid - shape function, and  T i ,  ω  j   , i  , 
and  b i   are time constants, weights, and systematic bias, respectively. This 
simple signal transduction model is based on a linear degradation model (with 
the half - life proportional to time constant), a linear activation function and a 
production rate that can be saturated. Although the sigmoid function  σ  means 
the model is not linear, the linear superposition of regulatory inputs in its 
argument is a strong assumption that excludes more complex forms of joint 
actions such as cooperative or permissive actions. These can be taken into 
account by a nonlinear (e.g. quadratic) activation function. 

 We determined the parameters of the model using a trajectory learning 
procedure known as backpropagation through time (BPTT). This is a gradient 
descent - based method, which extends the standard backpropagation rule to 



the learning of time - dependent data. The error function is the standard mean 
square error
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where the fi rst sum runs over all experimental times and  d i  ( t ) are training tra-
jectories (experimental time - course data). We use also the relative error:
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 We avoided a large distribution of weights by adding a sum of squared weights 
to this function (penalizing term), to give the objective function:
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 We forced the gradient descent to respect the sign (activation/repression) of 
every interaction whenever specifi ed. The training data are the time - course 
data of gene expressions during the diauxic shift. The time series consist of 
seven experimental time - points over 690 minutes (0, 150, 240, 360, 450, 570, 
and 690 minutes). We obtained the kinetics by linear interpolation, which were 
then normalized to give a kinetics range of 0 to 0.75. The central assumption 
we made about the data is that the expression of genes during the diauxic shift 
is mostly controlled by the glucose concentration exhaustion and no other 
exogenous variables (for example, ethanol concentration). This assumption 
was strengthened by the globally homogeneous and synchronous structure of 
the shift response data with the glucose concentration profi le. Thus, we have 
only one input variable, the glucose concentration evolution as measured by 
DeRisi et al.  [2]  (normalized to (0, 0.75)), which stimulates or represses the 
expression of nine genes according to our physiological model of glucose 
signaling and metabolism (i.e. in equation  (12.1)   ω  0, i     =   0 for all but nine  i  ’ s). 
This assumption also means that the initial state is stationary (steady state), 
corresponding to the stability of expression data observed in glucose - rich 
medium by DeRisi et al.  [2] . 

 All the mathematical methods used in this study were implemented in the 
software developed by our team.   
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  13.1   RATIONAL DRUG DESIGN AND RATIONAL 
DRUG THERAPY 

 In this chapter, I defi ne as  “ rational drug design ”  the drug development 
process guided by choices with clearly understood consequences. This idea 
contradicts, in principle, with the stochastic nature of biological processes 
making the drug response to be poorly predictable process. There are two 
major components contributing to the stochasticity of the drug response: (1) 
the intrinsic randomness of molecular processes that is eventually caused by 
the quantum nature of molecular interactions and (2) the apparent historical 
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randomness that arises from the lack of knowledge about the initial state of 
the organism and about the complete set of environmental conditions that can 
infl uence clinical outcome during the drug treatment. The initial organism 
state depends on such components as genetic background, pre -  and postnatal 
development, and disease anamnesis. These types of information are never 
completely known with the accuracy necessary to predict the drug response 
in a given patient. 

 The interpretation of the drug response on the molecular level provides 
additional diffi culty for rational drug design. Human organism is a complex 
system which physiological and psychological behavior cannot be completely 
traced to the properties of its individual microscopic components. The clinical 
outcome is a global property of the organism separated by at least two levels of 
complexity from any drug intervention rationalized on the molecular level. First, 
the molecular drug response is manifested on the cellular level by changing the 
behavior of individual cells and second, it changes the behavior of cell communi-
ties, manifesting the drug response on the physiological level of tissue function 
and cell interaction. Stochastic nature of the drug response, insuffi cient knowl-
edge about individual patient organism, and diffi culty in the interpretation of 
drug action make it almost impossible to calculate the clinical outcome from 
the basic principals as a simple sum of individual molecular responses. Hence, 
the drug effi cacy and side effects cannot be 100% predictable. 

 Another consequence of complexity is the abundance of different molecu-
lar mechanisms that manifest as one apparent disease on the physiological 
level  [1] . It is almost meaningless to discuss fi nding the drugs to cure cancer 
or diabetes these days. There are at least 230 types of cancer for different 
tissues and at least two types of diabetes. The exact molecular mechanisms of 
a disease are likely to be unique in every patient. The disease classifi cation is 
usually done at physiological level and therefore separated by at least two 
levels of complexity from the drug intervention rationalized at molecular level. 
Thus, not only the drug response can ’ t be entirely predicted at the physiologi-
cal level, but the complexity of the system can disguise and confuse several 
different diseases under one disease phenotype. 

 The solution to the apparent contradiction between our desire to rational-
ize drug design and the stochastic nature of a biological system is in having 
the rational drug therapy — combining the drug treatment with constant moni-
toring of a patient state. The regular patient examination and diagnostics can 
provide a feedback about success of current treatment and suggest changes to 
the therapy if necessary. Such regular monitoring of the healing process or 
disease progression, coupled with the understanding of the molecular mecha-
nism of a disease for each patient, can provide the foundation for personalized 
medicine. The  “ personalized medicine ”  is a fashionable term that assumes that 
every patient requires a unique treatment that fi ts best the molecular profi le 
of his/her disease and his/her lifestyle habits. The unique treatment for every 
patient can be developed only if there is a pool of drugs that potentially fi t 
many different patients. To enable the rational design of personalized therapy, 
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each drug from the pool must have a clearly defi ned and well - understood 
mechanism of action. The choice of a drug or a combination of drugs from the 
pool should be rationalized based on the predicted drug action. The prediction 
can be calculated using known drug targets and the currently observed patient 
state on the molecular level. Due to the incomplete knowledge and the ran-
domness of the drug response, the drug action prediction cannot be 100% 
accurate. It will probably have the properties of the weather forecast — the 
further in time the prediction is attempted, the less reliable it becomes. 

 The process of applying drugs based on the current state of a patient 
already exists for treatments of cancer and HIV infection  [2,3] . The current 
and future efforts of drug discovery community will be aimed on further 
refi nement of the rational therapy. The current refi nement efforts include 
expanding a pool of available drugs, better characterization of the mechanism 
of action for every drug, and improving the diagnostics techniques through 
the development of molecular biomarkers. In this chapter, I will attempt to 
describe the role of pathway analysis in this process and review current exam-
ples of its application in drug discovery.  

  13.2   PATHWAY ANALYSIS IN MODERN DRUG 
DISCOVERY PIPELINE 

 Current drug discovery pipeline can be described in fi ve major steps: 

  1.     Understanding disease mechanism (diagnosis)  
  2.     Selecting drug targets (therapy design)  
  3.     Structural drug design: fi nding active molecules and lead compounds 

(drug selection)  
  4.     Evaluation of drug effi cacy and toxicity  in vivo  (drug action 

monitoring)  
  5.     Design of combinatorial therapy (personalized therapy)    

 It is easy to align these steps with the stages in personalized rational therapy 
described in the previous section. To illustrate this point, I put the correspond-
ing phases of rational therapy in brackets next to the steps in drug develop-
ment pipeline. 

 Currently, the phrase  “ rational drug design ”  is used to describe the process 
of designing the chemical structures with biological activities based on 
the knowledge of target protein structure. I have called this part  “ structural 
drug design ”  to differentiate it from other steps of drug development - based 
rational choice of drug target(s). Structural drug design should eventually yield 
the inventory of individual drugs that can be used to design personalized 
therapy. Due to the druggability constrain in protein structure, not all proteins 
in human genome can have small molecule inhibitors or agonist. With the 
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exception of secreted and extracellular proteins, all intracellular protein targets 
must have a convenient pocket or cavity in their structure suitable for binding 
a small molecule that can penetrate a cell membrane. Secreted proteins and 
some receptors can be targeted with humanized antibodies  [4 – 8]  and therefore 
do not need having the druggable structure. If the analysis of disease mecha-
nism points to the optimal target that happened to be but non - druggable, the 
pathway analysis can help to overcome the druggability constrain by fi nding 
the alternative targets that are druggable and upstream or downstream of the 
optimal target. Similarly, pathway analysis can help when the desired biologi-
cal effect must be the activation of a protein target, yet only inhibitors are 
available for this protein. In this case, target activation can be achieved by 
down - regulating of the negative regulators upstream of a target (Figure 
 13.1 ).   

 Apart from helping to overcome the druggability constrains in structural 
drug design, the real - life examples of pathway analysis application are avail-

    Figure 13.1     Designing protein kinase agonist using pathway analysis software. While 
drugs that directly bind and activate protein kinases do not yet exist, it is possible to 
design the protein kinase agonists using pathway analysis tools. Picture shows the 
activation of STK3 kinase using RAF1 kinases inhibitors. STK3 should be activated 
because RAF1 negatively regulates its activity and therefore RAF1 inhibitors will 
reduce this inhibition. While there are plenty of RAF1 inhibitors, two of them — 
dibutiryl - cAMP and pentoxifylline — can also activate STK3 targets via activation of 
the SLC3A2 expression. Thus, they not only can reduce STK3 inhibition, but also 
mimic the effects of STK3 activation by activating some of its targets.  
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able at every step of modern drug discovery pipeline. I review some of them 
below. 

  13.2.1   Pathway Analysis for Understanding Disease Mechanism 
(Diagnosis) 

 According to current view the disease exists due to the development of the 
robust molecular network that enables malignant information fl ow causing the 
deregulation of normal cell signaling. Such disease network must be robust 
structurally; therefore, it must have underlying robust physical interaction 
network. It also must be self - sustained and resist interventions. Therefore, it 
must be robust as a regulatory network. While the robust molecular networks 
enabling the normal function of the organism are probably unique for every 
individual human, a subset of these networks mediates an abnormal function 
causing a disease. Many molecular mechanisms enabling network robustness 
are yet to be determined  [9] . However, it seems universally accepted that the 
robust network must have scale - free topology. Every known biological network 
has this topology, which has been shown to be the most robust among all other 
network topologies  [10] . The signifi cant number of recent publications describes 
the development of disease networks and approaches how to build them 
 [1,11 – 13] . They provide conceptual foundation for new methods of disease 
diagnosis based on patient molecular biomarker data, transforming the medi-
cine for the 21st century. For example, Loscalzo et al.  [1]  have proposed divid-
ing disease networks into subnetworks based on the role proteins play in 
disease: primary genetic subnetwork of genes causing the disease, secondary 
genetic subnetwork of genes that can modify function of genes in primary 
network, stress management subnetwork containing genes responsive to stress 
and infl uencing the genes in genetic network, and environmental subnetwork 
of genes mediating the interaction of genes in genetic networks with the envi-
ronmental factors. The combination of genes and mutations in the disease 
network is also unique for every patient. This causes different pathological 
states of a disease and manifests in different disease phenotypes  [1] . The 
network view of a disease can only explain why disease persistently exists in 
the body but cannot explain what makes this network malignant. There is yet 
to be an effort to transform the disease networks into a set aberrant informa-
tion fl ows or pathways that actually explain how the information fl ow in 
disease networks differs from the information fl ow in the normal state.  

  13.2.2   Selecting Drug Targets (Therapy Design) 

 Network biology has demonstrated that the most effective way to disrupt 
disease network is by targeting hubs — highly connected proteins in the 
network. Unfortunately, hubs in disease network tend to be the same proteins 
that are hubs in the normal networks even though a set of connections can be 
different for one hub in normal and disease networks. Therefore, targeting 
hubs carries the increased risk of side effects by affecting other normal path-
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ways containing the same hub. The target - related side effects can be divided 
into two major classes refl ecting two levels of complexity, separating molecu-
lar drug intervention from the disease phenotype: (1) side effects due to the 
effect on normal pathways present in the targeted tissue and 2) side effects 
caused by effecting pathways in other off - target tissues. To facilitate drug 
target selection and prioritization, any protein target can be described by the 
effi cacy and toxicity. Effi cacy indicates how much the inhibition (or activation) 
of the target can disrupt the disease network and redirect malignant informa-
tion fl ow. It is proportional to the connectivity of a target in the disease 
network and how upstream the protein is in disease regulatory network, i.e. 
how many proteins in disease network will be affected by targeting this protein. 
The toxicity of a target is proportional to the number of off - target pathways 
containing the same protein, as well as its effi cacies in every off - target 
pathway. 

 Another reason for side effects and toxicity of a drug is the nonselective 
binding to other proteins besides the intended target. This is often called the 
 “ off - target effect ”  of the drug. Human genome has the biggest number of large 
paralog families among all sequenced organisms. Because paralogous proteins 
have similar structure, a drug that targets one paralog is likely to bind to other 
paralogs as well. Even though the affi nity toward these paralogs can be lower 
than to the intended protein target, the number of off - target paralogs can be 
high enough to mediate side effects  [14 – 16] . Even though the goal of the 
structural drug design is making every drug as highly selective as possible, 
there is likely a limit to the selectivity of any drug. Therefore, side effects due 
to paralogous binding must be well understood rather than ignored and used 
for rational optimization of the drug therapy. 

 In summary, the goal for rational drug target selection can be formulated 
as fi nding a druggable protein target that has maximum disruptive impact on 
the disease network coupled with maximum correction of the malignant infor-
mation fl ow, while having the minimum number of side effects caused by off -
 target activity of a drug. Here, the off - target activity includes the regulation 
of off - target normal pathways containing intended protein target and any of 
the off - target proteins. 

 Calculating effi cacy - versus - toxicity ratio for every drug should be the major 
purpose of pathway analysis in drug discovery. Besides rationally selecting a 
drug target using pathway analysis, the drug toxicity can be minimized by 
selective delivery of a drug to the target tissue and/or by choosing the timing 
of drug treatment relative to the timing of target and off - target pathway acti-
vation. The time management can be achieved, for example, by limiting or 
controlling the environmental factors such as diet, lifestyle, and stress to sup-
press normal off - target pathways during drug intervention. Another way to 
control side effects is by compensating them with other drugs selected using 
pathway analysis. Thus, the clear understanding and rational management of 
all potential side effects can be done only using pathway analysis tools, together 
with the comprehensive collection of pathways for human organism.  
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  13.2.3   Evaluation of Drug Effi cacy and Toxicity   In Vivo   
(Drug Action Monitoring) 

 Every drug approval regulatory agency, such as Federal Drug Administration 
(FDA) or European Medicines Agency (EMEA), requires the experimental 
evidence of drug effi cacy and toxicity tests during drug submission. Since the 
drug response cannot be completely predicted  in silico , these tests will remain 
the obligatory step in drug development and approval. They eventually should 
give rise to the diagnostic tests of drug effi cacy for personalized drug treat-
ment. In drug discovery, the experimental confi rmation of drug effi cacy and 
absence of toxicity is obtained using  in vivo  experiments in cell lines, animal 
models, and in clinical trials. A typical drug validation experiment includes 
treatment of a cell line or animal with a drug or lead compound, measuring 
the molecular profi le of drug response, and showing that drug - responsive 
genes are associated with the biological processes relevant to the disease. The 
same tests should show no association of responsive genes with potential side 
effects. The biological association network used for pathway analysis is also 
used to obtain drug validation confi rmation. There are plenty of examples for 
this application of pathway analysis  [17 – 20] . Some of these studies also aim to 
further characterize the drug response, including the prediction of potential 
side effects in addition to the validation of the drug effi cacy.  

  13.2.4   Design of Combinatorial Therapy (Personalized Therapy) 

 The idea of mixing up drugs is as old as the medicine itself. Pathway analysis 
and network biology can provide the 21st century foundation for this concept 
and enable rational design of drug mixtures using the knowledge stored in 
pathway analysis database. There are two major reasons why drug mixtures 
should work better than individual selective drugs. First, the disruption of 
disease network and modifi cation of malignant information fl ow should be 
more effective if several network components are targeted at once. Each 
disease network must have several hubs to be robust; therefore, several hubs 
must be targeted to disrupt. All known pathways show the redundancy of the 
information fl ow — they have several alternative channels to transmit a signal; 
therefore, to inhibit the malignant information fl ow, it may necessary to inhibit 
several channels at once. Additionally, the proper combination of drugs may 
cancel out or reduce the side effects caused by individual drug components. 

 The necessity to rationally manage side effects using pathway collection 
and network database becomes even more obvious with the realization that 
essentially, every protein in human genome must participate in several func-
tions in the organism. I showed in Chapter  1  that the comprehensive pathway 
collection for human organism must contain about 500,000 pathways. Since 
there are about 35,000 proteins in human genome, every protein must partici-
pate on average in 14 pathways. The number of signaling proteins is signifi -
cantly less than 35,000; therefore, the actual functional multiplicity of any 
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pathway component is much higher. For example, the limited collection of 712 
signaling pathways available in ResNet 5.0 database from Ariadne Genomics 
reveals that SRC kinase can participate in 354 different receptor - transcription 
factor signaling transmission events. This number must be further multiplied 
by the number of tissues containing these pathways to get an estimate of 
potential toxicity associated with SRC inhibition. It is reasonable to anticipate 
that every protein target has multiple functions either in the same tissue or in 
other tissues. Therefore, targeting of any protein by a drug will have side 
effects. The further support for this conclusion comes from the duplication -
 divergence theory of evolution. The new pathways appeared in evolution by 
duplication of the ancestor pathway either in its entirety, after whole - genome 
duplication or partially using single - gene duplication events  [21] . Thus, in 
essence, every pathway is a relative of another pathway sharing a lot of simi-
larities with other pathways. 

 The previous paragraphs paint a rather grim picture: if we want to effectively 
disrupt the disease network and malignant information fl ow, we should target 
several network hubs. Because hubs participate in many other normal path-
ways with frequencies higher than average proteins, their potential for having 
side effects is much higher. This potential becomes even higher when several 
hubs must be targeted at once. Coupled with general impossibility to design 
100% selective drug molecules, this leads us to an inevitable conclusion: side 
effects are unavoidable for any individual drug no matter what target is chosen 
and how selective the drug is. This conclusion is bad news for pharmaceutical 
industry since any regulatory agency requires demonstrating the absence of 
toxicity and side effects for drug approval. This is also bad news for FDA 
because it implies that the side effects exist for drugs that were already approved 
by FDA. The reason why these drugs passed FDA approval was because their 
toxicity was not detected during the drug testing. The recent disasters with 
blockbuster drugs Vioxx, Bextra, and Fen - Phen only reinforce this grim picture. 
This conclusion also necessitates the development of expensive tests for all 
kinds of toxicities that are not available at present. Because this conclusion 
affects negatively the public perception of essentially the entire industry, it 
most likely will be ignored for some time to maintain the status quo. 

 The fi rst step in psychologically overcoming a fear is to consciously rational-
ize it rather than suppressing the fear into the unconscious. Pathway analysis 
offers the way to rationally approach the problem of drug safety and develop 
drug combinations that are highly specifi c for target disease and personalized 
for every patient, while having minimal potential side effects. The idea to use 
pathway analysis for design of combinatorial therapies is also not new and has 
been proposed in at least three publications  [22 – 24] . All these publications 
designed combinatorial therapies with the goal to improve drug effi cacy. It has 
been shown experimentally that the combination of certain drugs could be 
more potent than the simple sum expected from the action of two individual 
drugs  [25] . This fi nding is the foundation for the technology developed by 
CombinatoRx, Inc.  [26] . What is missing from the current discussion is the 
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    Figure 13.2     Illustration of how the rationally designed drug combination can improve 
effi cacy - versus - toxicity ratio. The numbers next to protein targets symbolize the reduc-
tion of the information fl ux due to the inhibition by individual drug. In the picture, 
ADRB3 pathway is a target pathway that must be inhibited in disease, PTAFR and 
GCG - R signaling pathway share 40% and 60% of the protein components with the 
target ADRB3 pathway and therefore may cause side effects. The protein components 
common between ADRB3 and off - target pathways have a halo around them. PTFAR 
or GCG - R pathways are used here only as example of off - target pathways. The protein 
components from ADRB3 pathway that are not part of PTFAR or GCG - R are com-
ponents of other pathways not shown here. 

 It is easy to see that inhibiting multiple targets in ADRB3 pathway allows almost 
complete inhibition of ADRB3 pathway (90%) while only mildly inhibiting PTAFR 
and GCG - R pathways. To increase ADRB3 pathway inhibition while keeping off -
 target pathway inhibition constant, one can add one more inhibitor into the drug 
mixture that inhibits one more protein component in ADRB3 pathway that does not 
belong to off - target pathways. To decrease the off - target effects while keeping the 
on - target effi cacy high, one can decrease concentration of drugs interfering with off -
 target pathways while either adding one more inhibitor into the drug mixture or 
increasing the concentration of existing inhibitors that bind protein targets not belong-
ing to off - target pathways. 

 The fi rst number next to pathway name indicates the number of protein components 
inhibited by the hypothetical drug mixture; the second number shows the sum inhibi-
tion of the information fl ux in each pathway by the same drug mixture.  
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ability of pathway analysis to assist in designing the effective personalized 
drug mixtures, while rationally minimizing the side effects by calculating the 
effi cacy - versus - toxicity ratio for each drug combination. 

 The strategy for side - effect minimization using combinatorial therapy 
is illustrated in Figure  13.2 . The uniqueness of any pathway in the human 
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organism is determined by unique combination of its components and not by 
the uniqueness of individual components in each pathway. Therefore, the 
selectivity and effi cacy of a drug mixture can be improved by targeting more 
and more components in a target pathway. The side effects can be minimized 
by using individual drug components in suboptimal concentrations. This will 
dilute the side - effi cacies of the drug mixture toward off - target pathways, while 
keeping the on - target effi cacy high. In order to improve effi cacy - versus - toxic-
ity ratio of the entire mixture, one more drug targeting additional component 
of the on - target pathway must be added, while the concentration of other 
components can be reduced to minimize side effects.   

 To fi nish this chapter on a positive tone, I remind the readers that many 
drugs do work without major side effects, while side effects of other drugs can 
be managed by compensatory treatments  [27,28] . These successful drugs so far 
appear as lucky charms found by the global drug discovery effort of human-
kind. To give you an idea of what  “ lucky ”  means in the last sentence, I can 
mention that the current FDA approval rate is one out of 5,000 drugs  [29] . The 
challenge that can be addressed by pathway analysis is to increase the effi -
ciency of the drug discovery pipeline and FDA approval rate. This can be done 
by terminating the discovery effort of lead compounds earlier, by early predic-
tion of side effects, by optimizing lead compound selection using effi cacy -
 versus - toxicity ratio, and from the realization that the real way to minimize 
side effects is by having the abundance of selective drugs allowing the design 
of combinatorial therapies to suppress and dilute the side effects of individual 
drugs.   
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Figure 2.3 Different collapsing strategies of CREB activation pathway. (A) Using 
sub-pathways. (B) Using functional classes.
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Legend

Figure 3.1 The basic principles of pathway building in a biological association network 
are similar to the manual compilation of experimental evidence for a consensus 
pathway. The order of components for information fl ow can be determined from the 
combination of regulatory interaction. Upstream molecules must have only outgoing 
relations to all downstream pathway components. After the order of components is 
determined from a regulatory network, the components must be connected by physical 
interactions that mediate signal propagation. (A) The relations are shown in an ideal 
BAN that contains a complete and accurate set of experimental interactions. (B) The 
relations between proteins in the same pathway are present in the ResNet 5 database. 
ResNet 5 contains biological association networks automatically extracted from scien-
tifi c publications using MedScan, a natural language processing technology. Notice 
multiple feedback loops and incomplete regulatory network that complicate pathway 
calculation in a real-life BAN.
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Figure 4.12 A part of the post-translational regulatory network in the human shown 
here includes 1,671 automatically and manually curated protein modifi cation interac-
tions (phosphorylation, proteolytic cleavage, etc.) between 732 proteins from our 
ResNet database [43]. Panel A contains the “hairball” visualization of the network 
structure emphasizing interconnections between individual pathways. Red edges lie 
within the strongly connected component of this network consisting of 107 proteins 
that could all be linked to each other by a path in both directions. This makes any two 
of these proteins to be simultaneously upstream and downstream from each other. In 
panel B, we optimally distribute proteins over a number of hierarchical levels. Red 
arrows represent 208 putative feedback links going from lower levels of the hierarchy 
to higher ones, while yellow ones represent 512 feed-forward links jumping over one 
or more hierarchical levels. Only proteins and links reachable from one of the 71 
receptors placed at the top hierarchical level were included.

Figure 4.16 Hierarchical layout of EGFR1 from the HPRD pathway database. The 
counter-hierarchical links are shown in red.

�
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Figure 4.17 Hierarchical layout B-cell receptor pathways from the HPRD pathway 
database. The counter-hierarchical links are shown in red.
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Figure 6.4 Biological networks of differentially expressed genes for HC allowing the 
identifi cation of transcriptional master regulators. (A–C) Red (blue) dots in right 
corner of a gene indicate up-regulation (down-regulation) of a particular gene. Net-
works shown are representative networks used to identify transcriptional (master) 
regulators that control the gene expression changes under HC conditions (threshold 
of signifi cance for networks p < 0.01). Metabolites are indicated as hexagons. (D) 
Concurrent network analysis of metabolomic and expression data reveals consistency 
between elevated level of eicosapentaenoic acid (red circle), an inhibitor of SREBP1 
and underexpression of genes whose transcription is activated by SREBP1 (blue 
circles).
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Figure 6.4 (Continued)
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Figure 6.5 PI3K pathway mutations in breast and colorectal cancers. The identities 
and relationships of genes that function in PI3K signaling are indicated. Circled genes 
have somatic mutations in colorectal (red) and breast (blue) cancers. The number of 
tumors with somatic mutations in each mutated protein is indicated by the number 
adjacent to the circle. Asterisks indicate proteins with mutated isoforms that may play 
similar roles in the cell. These include insulin receptor substrates IRS2 and IRS4; 
phosphatidylinositol 3-kinase regulatory subunits PIK3R1, PIK3R4, and PIK3R5; and 
nuclear factor kappa-B regulators NFKB1, NFKBIA, and NFKBIE.
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Figure 6.6 Cancer genome landscape. Non-silent somatic mutations are plotted in 
two-dimensional space representing chromosomal positions of RefSeq genes. (See text 
for full caption.)

Figure 7.5 Schematic representation of potential signaling pathways involved in 
advanced serous ovarian cancer.
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Figure 10.7 Rate of growth of content in Cheminformatics databases (Source: GVK 
BioSciences).

Figure 12.1 The glucose repressor/derepressor system. (See text for full caption.)
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Figure 12.5 Classifi cation of simulated KO mutants according to their fi tness on 
ethanol-rich medium. Each dot represents a simulated gene KO. Gene deletion simula-
tions were carried out under diauxic shift conditions. Most simulated NO mutants 
moving away from respiration to fermentation (initial state) are those with an experi-
mentally confi rmed defi ciency in growth on ethanol. The distances have been expressed 
as ratios with respect to the distance between initial and diauxic shift state at time T 
= 690 minutes.
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