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Biological pathways play important role in the development of complex diseases, such as cancers, a group of multifactorial

complex diseases, are generally caused by mutation of multiple genes or dysregulation of pathways. It has become one of

www.rsc.org/

the most important issues to analyze pathway through combining multiple types of high-throughput data, such as

genomics and proteomics, to understand the mechanism of complex diseases. Currently several network-based pathway

analysis methods were proposed. In the overview, we reviewed seven major network-based pathway analysis methods

and enumerate their benefits and limitations from an algorithmic perspective to provide a reference for the next

generation of pathway analysis methods. Finally, we discuss the challenges that the next generation of methods face.

1 Introduction

Complex diseases, such as diabetes, cancers, heart diseases,
hypertensive diseases, nerve system diseases, and so on, do
not follow Mendel’s law, are likely to be associated with the
effects of multiple genes, proteins and biological pathways,
which are different from single-gene diseases.! A biological
pathway which plays an important role in understanding the
mechanisms of complex diseases, improving clinical treatment,
discovering drug target and biomarker, is a series of actions
among molecules (including genes, gene products and
compounds etc.) in a cell that leads to a certain product or a
change in the cell.”® During the past 10 years, several pathway
knowledge databases are built, such as KEGG, BioCyc,
MetaCyc, Reactome, RegulonDB and PantherDB.°** The
establishment of these knowledge bases laid the foundation
for studying pathways and pathways’ roles in the development
of complex diseases. In addition, with the still-ongoing
development of high-throughput sequencing technology for
which the cost per reaction is falling dramatically. A large
number of related-pathway data is growing
exponentially.12 Pathway-related knowledge databases and
omics data contain a wealth of disease-related knowledge and
information, such as information of the related-pathway
genes, molecule interactions in the same pathway, topology
structure of pathways, gene expression, and so on.

Not only a variety of data can be integrated together to
identified the significant pathways of complex diseases, but
also the significant pathways can be mapped to meaning
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biological process for better understanding the mechanisms of
complex diseases. So how to effectively use these knowledge
and data to build the model of pathway analysis to implement
the interpretation of complex diseases, and to accelerate the
understanding of complex diseases, drug development is an
urgent issue. Researchers proposed several approaches to
identify the critical pathways associated with complex
diseases.”*™ These methods can be divided into three
categories: 1) Pathway-based gene set enrichment analysis; 2)
Pathway-based functional class clustering and scoring
approaches; 3) Network-based pathway approaches. For the
first two categories of methods, only the quantity or gene
expression information in a pathway is used, topology
information available from pathway databases is ignored. In
fact, genes or proteins are not independent; they perform a
variety of functions or tasks through their interactions or
connections. To take advantage of the pathway topology
information to build pathway analysis model which reflecting
the law of life activity, the third category of method is
proposed, which includes SPIA (Signaling Pathway Impact
Analysis), PARADIGM (Pathway Recognition Algorithm using
Data Integration on Genomic Models), PathOlogist
(Identification of Key Processes Underlying Cancer Phenotypes
Using Biologic Pathway Analysis), Active Modules (Discovering
regulatory and signaling circuits in molecular interaction
networks), AMBIENT (Active Modules for Bipartite Networks),
GIGA (Graph-based iterative Group Analysis enhances
microarray interpretation) and nexus (Network—cross(X)-
species—Search) etc. Although network-based methods
are widely used now, there are still some issues to be
addressed with the further accumulation of high-throughput
biological data. In this paper, we elaborated the characteristics
of these methods to provide a reference for the development
of better analysis ones.
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2 Network-based pathway analysis approaches

Although the different network-based pathway analysis
approaches employ different data or networks, generally they
have the similar analysis framework (Fig. 1) which includes the
following steps: analyze differentially expressed genes, extract
network topology, build the model of scoring approaches and
identify the critical pathway. Here, we introduce the above
seven kinds of network-based pathway analysis methods
separately.

2.1 SPIA method

Molecular BioSystems

The change of a gene expression value is influenced by two
factors: its own change and the change of other genes and
molecules which are associated with the gene. Similarly, the
change of pathway’s state is also influenced by two factors:
the change of molecular components in the pathway and the
change of the interaction of molecular components in or close
the pathway. Based on the above view, Tarca et al.® proposed
SPIA method, in which these two factors are considered.

Gene expression data

KEGG
MetaCyc
Reactome
RegulonDB

Pathway-related
knowledge bases

) 4
e 7 ==
Y v IR
Differentially ’ L
Pathway gene-
expressed > Ve - L/
vei set analysis
genes analysis Extract
network
topology

v

Build the model of
scoring approaches

v

Identify the critical
pathway

Fig. 1 The framework of network-based pathway analysis approaches

Fig. 2 The influence of gene g, (=1, 2, ...) on its target gene g,
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Primarily, Tarca et al. defined the factor B, to quantify the
strength of interaction between gene g and g, (one target
gene of g;) (Fig. 2). The sign of g, represents the type of

interaction: +1 for induction (activation), -1 for repression and
inhibition, as described by each pathway. Then, they used
AE(g) to represent the signed normalized measured

expression change of the gene g, . Finally, Tarca et al. put the
two parts into a perturbation factor PF(g,)to describe the
change of g, expression value and the influence of directly
upstream genes of g, on g,, normalized by the number of
downstream genes of g, denoted by N,(g;) .
PF(g,)
Nd.v(g/')

Thus, for a pathway which includes n genes, it can be
represented using a perturbation matrix PF .

PF(g,)=AE(g,) +Zn‘,ﬂu :

J=1

PF(g,) AE(g)
pr -] P& || 280e0) |
PF(g,)) \AE(g,)
B B B
N,(g) Nu(g,) N,(g,) PF(g)
B B B PF(g,)
N,(g) Nu(g,) N,(g,)
PF
b B p, |
N,(g) Nu(g,) N,(g,)

In order to identify pathways with significant change in
different diseases, Tarca et al. designed a score P, to test the

change of the ith pathway.
Py = Pupp (1) - Pogpr (1) = Pypp (D) Pogry (1) - 10 Py (D) Py (1) *
Where P, =P(X = NDE‘HO) , X is a random variable that

represents the number of differentially expressed genes in a

pathway, »,, is the number of differentially expressed genes

in a specific pathway. P, =P(T,>t,|H,), 1, is a random

4

variable that represents the influence of upstream genes of

the pathway, L= Z;E/%C’(gi) ’ Eﬁem(g,) = iﬂu ! ]I\D[F§§; » 1
J=1 ds\Si

represents the null hypothesis.

Equation (*) was employed to identify critical pathway from
data sets with 12 colorectal cancer samples and 10 normal
samples.22 Experimental results show that only the SPIA
method find the colorectal cancer pathway which is
significantly related with colorectal cancer, compared with

GSEA.” This is possible due to additional evidence P,,,, which

allows SPIA to find the colorectal cancer pathway, which is one
of the outstanding characteristics of the method. In addition,
SPIA has the increased sensitivity compared with GSEA, as well
as improves specificity and better pathway ranking compared
with ORA (Over-Representation Analysis).13 Drawback is that
only simple topology information is used and prior knowledge

is not fully utilized.

2.2 PARADIGM

This journal is © The Royal Society of Chemistry 2016

It is seen from the central dogma of molecular biology that
explains that DNA codes for RNA, which codes for proteins.
DNA is the molecule of heredity that passes from parents to
offspring. It contains the instructions for building RNA and
proteins, which make up the structure of the body and carry
out most of specific biological functions. The central dogma of
molecular biology illustrates the transmission of genetic
information from DNA to RNA and then to proteins. This
process involves many levels of information, therefore, if it can
be used to analyze biological pathways, we can more
accurately describe the activities of the pathway, and the
results of the analysis are also more able to explain the
pathogenesis of the disease from a biological point of view,
but also to integrate more information. To take advantage of
the central dogma of molecular biology, Vaske et al.’®
proposed PARADIGM method, in which pathway and its
related information are transformed into discrete probability
factor graph model used to identify significant pathway.

In PARADIGM method, to represent a biological pathway
Vaske et al. defined five types of biological entities including
protein-coding genes, small molecules, complexes, gene
families and abstract processes to describe the transcription
process of pathway components. The states of entities in a cell
are described using variables and interactions between entities
are represented using factors. Thus a pathway can be
converted into a factor graph.

In PARADIGM method, for every variable x; (the ith entity),
the corresponding factor is ¢(X; ), where X; ={x;} U {Parents(x;)}
and parents(x;) refers to all the parents of x; in factor graph;
each entity take on one of three states corresponding to
activated, nominal or deactivated relative to a control level
and encoded as 1, 0 or -1 respectively, and the expected state
of factor @(X;): ¢; (x; Parents(x;)) is specified as:

1-¢ x,istheexpectedstate from Parents(x,)

@,(x;, Parents(x,)) = ¢ .
E otherwise

Where ¢ is appointed to 0.001.

Based on above definitions, PARADIGM produces a matrix of
integrated pathway activities (IPAs) to assess the significance
of pathway:

IPAs=| -+ A
A A

ml mn

Where A; represents the inferred activity of entity i in patient
sample j. The matrix can then be used in place of the original
constituent datasets to identify associations with clinical
outcomes.

PARADIGM was compared with the SPIA™ on the breast
cancer data.”* Only PARADIGM successfully identified the
AKT1-related PI3K signaling pathway which is significantly
associated with breast cancer.” This is due to PARADIGM’s
power to integrate part of the pathway-level interactive
information and identify altered activities in cancer-related
pathways compared to a competing pathway activity inference
approach called SPIA. In addition, the PARADIGM algorithm
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can be used to infer hidden quantities by combining multiple ‘-
omics’ data, and provide clues about the possible mechanisms
underlying the differences in observed survival. The
disadvantage of the PARADIGM is that it requires analysts who
have enough biological knowledge to draw out entities with
biological significance. Sedgewick et al. further improve
PARADIGM method using Naive Bayesian assumption to
reduce the computational complexity.26

2.3 PathOlogist

In order to take advantage of information of gene expression
profiles and pathway topology, Efroni et al.t”?’ proposed
PathOlogist method to analyze pathways. Two descriptive
metrics: activity and consistency, are defined in PathOlogist.
Activity scores provide a measure of how likely the interactions
are to occur while consistency scores determine whether
these interactions follow the logic of the defined network
structure.

In PathOlogist, each gene is assumed to have two
alternative states: “up” and “down” which follow gamma
distribution y, and y, respectively, and the overall distribution
of gene expression is considered to be a mixture of the two
gamma distributions: y, .

Y =MVt Vs W+, =1

Gene A Gene A

abstract

#

Fig. 3 The construction of gene causal logic model

1 -
Where 7, = f(0la,b) =ttt = f0dayb)=
1 >
———x“e” , 5 and 5, are mixture coefficients,
b,“I'(a,)

andp, +n,=1, here, ¢, (q,) is shape parameter, p, (p, ) is
scale parameter.

For genes A, B and C in a given pathway (Fig. 3), Efroni et al.
compute the prior probabilities of two states of gene A using
following formulas:

N,
P (Up)=—"— I

d u

»  P,(Down) = Ny
’ +N,

Where N, and N,are the number of genes in the “up” and

u

“down” groups respectively. P,(Up), P,(Down) , P.(Up) and
P.(Down) can be get using similarly calculate. Then, activity
and consistency scores are computed using the following
process (Fig. 4).

The probability of the interaction being “active” is

Activity = p(A)x p(B)
The probability of the interaction consistency is
Consistency = [ Activity x p(C)]+[(1— Activity) x (1 - p(C))]

The above calculation is scores of an interaction
corresponding genes A, B and C.
Gene A Gene A

Gene A

Calculate P (Up), P (Down) of
genes A, B and C separately

Estimate the gamma distribution’s
parameters and mixture
coefficients of genes A, B and C
separately

v

Calculate the probability of gene being in the “up”
state by conditional probability formula separately:
Pa Cup|x) ,Pg Cup|x) and Pc (up|x)

v

Pa Cup|x) ,Pg Cup|x) and P¢ (up|x)
appointedto P (A) ,P (B) andP (C)

are

!

Calculate activity and consistency
corresponding genes A, B and C

Fig. 4 The flow diagram of PathOlogist
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For a pathway which includes more the
corresponding average values of interaction scores are used as
pathway’s activity and consistency scores. Thus, for each
sample, there are two scores which are used to assess the
behavior of each pathway.

PathOlogist was compared with SPIAand PARADIGM™ on
the data with 377 glioblastoma multiforme (GBM) tumor
samples and 10 unmatched normal samples. Efroni et al. found
that Only PathOlogist successfully identified some pathways,
such as the RAC1, CDC42, FAS and PDGFR signaling pathways
which are significantly associated with GBM?®? and the three
methods also identified common pathways such as the Pi3k
signaling pathway and the histone deacytelase (HDAC)
signaling pathway etc. The advantage of the PathOlogist is that
both a quantitative and qualitative analysis of pathway
behavior can be done in a format accessible to both laboratory
researchers and informatics analysts through activity and
consistency. Of course, there are some limitations to the
PathOlogist that it can only be used to analyze established
pathways. Additionally, small subsets of interactions that have
real association to a clinical feature may be overshadowed.

interactions,

2.4 Active Modules

Gene expression values often have significantly changes with
the development of complex diseases. In order to explain the
intrinsic mechanism of these changes, Ideker et al.™® proposed
a approach to find active modules through combining gene
expression value and protein networks which topology
structures are from the existing knowledge data bases, such as
KEGG, BioCyc, TCGA and so on. When they mapped the
identified modules to pathways and got significant pathway.
Active score of a subnetwork T with k genes is computed as
follow under single condition.

1. Compute p-value of the ijth gene: p, (i=1, 2,.., k)
according to its expression values in different tissues.

2. Compute Z-score of the ijth gene: z,=d"'(1-p,) ,

where @' is the normal inverse cumulative distribution
function.

3. Compute the score of subnetwork T of k genes:

1
=X

i€l
4. Obtain the score of subnetwork T of k genes:
ST:(ZT_Iuk)
O-I

k

, where 4, and 5, are average value and standard

deviation of scores of subnetworks from random gene sets
with the k size.

One gene may be measured over multiple conditions. In this
case, the score of subnetwork T is caculated under different
conditions respectively, the specific steps is as follow:

1. Calculate z,of the subnetwork T under the condition of
the jth (j=1, 2, ... m) conditions respectively and get the
corresponding active scores: z., , Zy,, s - Zrg -

2. Sort from highest to lowest: z,\,, zyy), « Zr () -

This journal is © The Royal Society of Chemistry 2016

3. Compute the probability that at least ; of the m

conditions have scores abovez,  : P, =i[m]( Ya-py""
TG) T TTG) h p: P:

h=j

and convert 7, ,

4. Choose the maximum of Tr iy (j=1, 2 ,...m) as new score of

into ry;, = 7' (1- py;)) , Where p =1-0(z,,).

subnetwork T: ™ = max(r;,,)) -
J

5. Calibrate ™ against the background distribution
Sr:@ , where 4, and 5, are average value and
k

standard deviation of scores of subnetworks from random set
of genes with the k size. s, is just the score of the subnetwork
T.

The proposed method was employed to identify active
modules from yeast data containing 362 protein-protein and
protein-DNA interactions.>® Experimental results show that the
many subnetworks with higher score have striking overlap
with well-known pathways described in the yeast study. For
example, one of subnetworks with higher score includes the
path GAL3—GAL80—GAL4—GAL1,7,10, which is the core of
the galactose-induction pathway.31 The advantage of the
Active Modules is that subnetwork under certain conditions is
not required to be predefined gene sets and pathways. This
method is also simple and intuitive, and is a milestone of many
methods developed based on its principle. A need for further
improvement is that priori knowledge is not taken full
advantage.

2.5 AMBIENT

Bryant et al.’® extended Active Modules to bipartite network in
which both metabolites and reactions are considered as two
types of nodes. Other methods, such as PathExpress, KEGG
spider and PathWave also take the similar strategies.32"34
TAMBIENT is better to overcome the influence of currency
metabolites and isozymes in analyzing metabolic subnetworks
and avoids the loss of useful information due to arbitrary
classification of compounds.

For a metabolic network which has been converted into a
metabolite-reaction bipartite network according to AMBIENT,
the score of its subnetwork m (or module which is composed
of a subset,”of reactions and a subset¢”of metabolites) is
given by

7

S(m) =1n<q>[2s(r,’">—a2w<c;f')j

where S(m) is score of subnetwork m , r"|is the
number of the subset ,, c‘ is the number of the subset ¢",
s(r") is the score of the ith reaction in the module m , w(c}) is
the weight (the degree in the original network) of the jth
metabolite in the module, « is a balance factor.

Bryant et al. employed AMBIENT to analyze yeast data
and successfully found that the TCA cycle and associated
respiratory chain complexes are the most significantly affected
parts of metabolism. In addition to identifying the important
parts of metabolism discovered by other methods, such as

a=|r|+[e].

35-36
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GiGA, AMBIENT also finds several
undiscovered by previous methods.
One of the most advantages of AMBIENT is that metabolic
network is converted into a bipartite network and the score of
module is computed based on reaction-metabolite rather than
protein-protein relationship. Another advantage is that
AMBIENT tends to find larger subnetwork which might
otherwise be hidden due to individual interconnecting low-
scoring nodes or due to the lack of experimental data. A need
for further improvement is that the run time needs to reduce.

pathways which are

2.6 GIGA

Without the need for rich prior knowledge, whether active
sub-networks can be found by greedy algorithms on the
interactive network only using statistical methods combined
with gene expression data. Based on this purpose, Breitling et
al. proposed the GIGA algorithm20 which is an extension of the
iGA* based on graph structure. The topology structure comes
from the GeneOntology annotations (GO network) and one
where the evidence comprises enzyme substrates (metabolic
network).

The principle of GIGA algorithm is explained by Fig. 5 as
follows:

Molecular BioSystems

1. Extract evidence network from the GO term network (Fig.
5-1);

2. Convert evidence network to a simple network. Genes
which share a common annotation are connected (Fig. 5-2);

3. Rank genes in descending order according to the change
of their expression value: Gene4d—>Genel->Gene2->Gene3—>
Geneb—>Gene5 (Fig. 5-3), the corresponding serial numbers of
these genes are NO. 152->3-54->5->6;

4. Find gene with local minima, i.e. the serial number of
gene is lower than its neibor’s (Fig.5-4), such as gene 1 and
gene 4;

5. Iterative expansion of subgraph from one of the local
minima nodes (Fig. 5-5). The neighbor node of No.1 with
highest rank (gene 3, No.4) is included (Fig. 5-6), which leads to
the additional inclusion of genes 1 (rank 2) and 2 (rank 3) (Fig.
5-7), Gene 6 (rank 5) is added to subnetwork(Fig. 5-8). The last
gene is included (Fig. 5-9). For each of the subgraphs a p-value
is calculated as follow:

n-1 m—i
p_[olN—i
Where N is the number of total genes in the graph, n is the

number of genes in the subgraph, and m represents the
maximum rank;

N
SLE

5-2

o)
0S40
Y NGy

5-5

A
0PSO

Sd
S

e® % %"

5-8
Fig. 5 The specific calculation process of the GIGA algorithm
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6. Subnetworks are sorted according to their p-values. The
smaller p-value, the more significantly the corresponding sub-
network changes.

Breitling et al. found the significance of the TCA cycle using
the GIGA algorithm in the YEASTNET dataset,35 namely GIGA
also has the same discovery as AMBIENT algorithm. This shows
that although the GIGA method is simple, it is effective in the
analysis of the pathway. The advantages of the GIGA method
are that it does not require too much prior knowledge and it is
simple, robust and cost saving. The disadvantage is that the
method is time-consuming and the interpretation of
experimental results needs more biological background.

2.7 neXus

Biological network alignment is an important approach in the
study of organisms’ structure, function and evolution.®® The
relationship of structure and function between biological
networks from different species could be found by biological
network alignment. Through knowledge transfer, different
species can provide each other with some prior knowledge.
This also helps to discover the conserved subnetwork
structure. Based on the above principle, Deshpande et al. first
proposed the neXus algorithm21 which was used to find the
conserved active subnetworks through comparing interaction
networks from multiple species respectively. The detail
process of finding subnetwork from two networks is following:
First, the growth of subnetwork starts with a seed node which
comes from the intersection of the human differential genes
and mouse differential genes; Then, subnetworks are
simultaneously grow in both species from seed genes by
adding nearby genes. Growth of each subnetwork is
constrained by two parameters: a minimum network activity
score and a minimum clustering coefficient constraint.
Subnetwork growth is stopped when either the clustering
coefficient constraint or the minimum network score
constraint is not satisfied. This process is repeated for all
differentially expressed genes. Finally, more than one
conserved subnetworks are found.

The neXus algorithm can be used to find the valuable
conserved active subnetworks and species-specific networks
394 from two different biological networks. It also can be used
to identify significant pathway through mapping the conserved
active subnetworks to the associated pathways. The advantage
of the neXus algorithm is that the approach can be readily
extended to discover conserved subnetworks across more
than two species and also is an effective method to improve
sensitivity and specificity by the cross-species network
alignment. However, it requires several days to run to get
experiment results due to the complexity of the algorithm.

At last, we formatted ours analysis in a table S1 (ESIt)
provided a comparison among these methods to pinpoint their
limitations and performance.

3 Discussion and future perspectives

This journal is © The Royal Society of Chemistry 2016

Complex diseases, such as cancer, high blood pressure, heart
disease, diabetes, nervous system disease and so on, are
produced by a variety of factors, which developments often
The network-based pathway
analysis method is an effective means to understand functions
of pathways and identify critical pathways of complex
diseases. The post-genomic era is coming after the completion

involve multiple pathways.

of the human genome project. Advance in high-throughput
sequencing and gene/protein profiling techniques generate
multiple omics data such as genomics, granscriptomics,
proteinomics, metabolomics and phenomics etc. The rapid
growth of these omics data provides opportunities to study
the roles of pathways in complex disease at various molecular
levels. These data could be effectively integrated
biological So in the post-genomic era,
network-based pathway analysis has become one of main

into
network models.

tasks to gain insight into the underlying mechanism about the
changes of differentially expressed genes and proteins. On the
other hand, these omics data also lead to some challenges to
analyze pathway through biological network. Therefore, the
one of main directions which we will struggle for is to establish
various models which could integrate multilevel data to
accurately describe dynamic response of pathways under
multiple conditions and help us understand the mechanism of
complex diseases.

Biological network or pathway is dynamics and this means
that their topology structure and state of nodes is often
change under different conditions. One of main challenges in
pathway analysis is how to get high precision pathway
topology structure which can accurately describe the dynamics
changes of cell. Based on the dynamical network biomarker
(DNB), Chen et al. proposed a method to predict the critical
transition of diseases.*’ A dynamic model based on the
structural output controllability of complex Networks is
developed to identify effective drug targets.43 Wu et al.
developed a theoretic framework for studying transitions
between two specific states of directed complex networks.**
These studies promoted the development of pathway analysis.

Pathway plays an important role in the development of
complex diseases, it’s critical to find key pathway for accurate
diagnosis,45 prediction46, precise treatment and interpretation
of complex diseases. The increasing availability of high-
throughput biological data of complex diseases and the
development of various biological networks provided the
better conditions to build accurate pathway analysis models,
but there is still a lack of multiresolution knowledge bases to
support the accurate pathway analysis. To the best of our
knowledge, due to lack of abundant pathway knowledge
bases, incomplete,
unreliable or inaccurate. So it’s an urgent task to build

most of pathway analysis results is
accurate, multiresolution pathway knowledge bases with
detailed organs, tissues, cell types under multiple conditions.
In the studies of traditional drug development, researchers
always focus on a single gene or protein target to design
corresponding experiments, so they cannot know overall
interactions between drugs and organisms. With the sharp

Q. Zhang., 2016, 00, 1-3 | 7
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development of modern biology theory and experimental
technology, it is known that organisms often exhibit physical
functions by functional pathways consisting of compositions
like kinases and transcription factors executing certain
interactions in order, which might be more complicated when
multiple pathways make up a biological regulation network by
Thus the focus of biological
researchers turns to the identification of potential targets from

cross-talks to each other.

a biological regulation network, which initiates a new era of
drug development. How to find the pathway associated with
drug using molecular network and develop new pathway
analysis models for the discovery of potential therapeutic
targets and new drugs has become the core issue of current
network pharmacology research and is one of the important
research directions of the pathway analysis.

In order to analyze pathways, a variety of tools are
developed based on different biological data. But these tools
are developed to solve a specific problem faced by pathway
analysis; there is still a lack of comprehensive software used to
analyze pathways from different aspects. Currently there is an
urgent need to develop a new pathway analysis platform to
better service to the study of complex diseases and drug
development.

Most of pathway analysis methods only consider pathway
separately and ignore the interaction of pathways. Hence,
relationship analysis between pathways is also a direction in
the future.
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