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Abstract
The ultimate aim of postgenomic biomedical research is to understand mechanisms of
cellular systems in a systematical way. It is therefore necessary to examine various
biomolecular networks and to investigate how the interactions between biomolecules
determine biological functions within cellular systems. Rapid advancement in highthroughput techniques provides us with increasing amounts of large-scale data sets that
could be transformed into biomolecular networks. Analyzing and integrating these
biomolecular networks have become major challenges. I approached these challenges by
developing novel methods to extract new knowledge from various types of biomolecular
networks.

Protein-protein interactions and domain-domain interactions are extremely important in a
wide range of biological functions. However, the interaction data are incomplete and
inaccurate due to experimental limitations. Therefore, I developed a novel algorithm to
predict interactions between membrane proteins in yeast based on the protein interaction
network and the domain interaction network. In addition, I also developed a novel
algorithm, a gram-based interaction analysis tool (GAIA), to identify interacting domains
by integrating the protein primary sequences, the domain annotations and interactions and
the structural annotations of proteins. Biological assessment against several metrics
indicated that both algorithms were capable of satisfactory performance, facilitating the
elucidation of cell interactome. Predicting biological pathways is one of major challenges
in systems biology. I proposed a novel integrated approach, called Pandora, which used
network topology to predict biological pathways by integrating four types of biological
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evidence (protein-protein interactions, genetic interactions, domain-domain interactions,
and semantic similarity of GO terms). I demonstrated that Pandora achieved better
performance compared to other predictive approaches, allowing the reconstruction of
biological pathways and the delineation of cellular machinery in a systematic view.
Finally, I focused on investigating biological network perturbations in diseases. I
developed a novel algorithm to capture highly disturbed sub-networks in the human
interactome as the signatures linked to cancer outcomes. This method was applied to
breast cancer and yielded improved predictive performance, providing the possibility to
predict the outcome of cancers based on “network-based gene signatures”. These
methods and tools contributed to the analysis and understanding of a wide variety of
biological networks and the relationships between them.
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1 Introduction
1.1 Background and significance
The recent development of high-throughput techniques has been putting the study of
biological networks under the spotlight. Biological functions of individual molecules
were traditionally studied based on reductionism, a scientific paradigm to study all
aspects of life separately on the small scale level [1], which has undoubtedly led to
tremendous amounts of discoveries. More and more lines of evidence, however, indicate
that most biological phenomena are not caused by the functions of each molecule alone;
instead, they arise from complex interactions between different components of the cell,
such as DNA, RNA, proteins and other small molecules. As a newly inter-disciplinary
field, systems biology aims on the study of complex interactions in biological systems in
an integrative and systematic way [2]. A key challenge we are facing in systems biology
today is to understand how biological events happening in a living cell are regulated by
diverse biological networks consisting of interactions between individual cellular
constituents.

The analysis of biological networks is of great importance to biologists for several
reasons. First, most basic activities of a cell can be studied as information flow in various
types of networks. For example, the regulation of transcription can be revealed by gene
expression networks. Since gene expression is controlled by specific transcription factors
(TFs), regulatory networks that contain gene expression data can provide information
about the relationships between genes and their transcription factors. Moreover,
interactions within the protein-protein interaction (PPI) networks play important roles in
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cellular functions and these interactions are the foundation of almost all biochemical
processes. In addition, genetic interaction networks can shed light on the pathway
organization within a living cell.

Secondly, the architecture of many biological information systems can be represented by
different types of networks. For instance, the Gene Ontology (GO) project provides a
human curated vocabulary of controlled terms that describes gene product characteristics
and gene product annotation data in a hierarchical tree [3]. Although curation may
introduce the subjectivity in what terms are covered, it does offer a standard that has
proved to be very useful in a number of curation activities [4]. Such hierarchical
organization is regarded as one special type of network. Another example is the
Reactome database, a manually curated core human biological pathway database, which
is also organized in a hierarchical way [5, 6].

Thirdly, network theory is widely used in other scientific fields. A number of networkbased algorithms have been proposed to infer new information from various complex
technological and social networks including the Internet, the ecological food web and our
society [7-10]. As technological and social networks possess similar architectural features
to those of biological networks, it is reasonable to speculate that the methodologies used
in analyzing such networks can be applicable for analyzing biological networks and
subsequently delineating intricate functional associations that regulate cellular functions.

Finally, incorporating diverse biological networks helps us obtain new information and
generate a broad view of the cell’s function organization. Each type of biological network
by itself reveals only a small piece of information about the relationship between the
2

genes within that system of networks. Our understanding of the relationship between
genes will be more complete if other biological networks provide supportive data.
Previous studies have identified novel genetic interactions by integrating diverse
networks [11-13]. In addition, biological network integration has made contributions to
numerous clinical applications including disease diagnosis [14-16] and the development
of new drugs [17-19].

1.2 Biological networks
1.2.1 The definition of biological networks
Biological networks maintain the biological processes and molecular functions of a living
cell by the collaborative efforts of individual components in the cell, such as DNA,
mRNA and proteins and other small and large molecules. Depending on the properties of
the molecules participating in the network, the biological networks can be categorized
into different types. For example, at the DNA level, transcriptions factors (TFs) can
regulate the process of transcription. The relationship between TFs and their regulated
genes constitutes a gene regulatory network. Similarly, at the protein level, proteins can
cause posttranslational modifications of other proteins, or form protein complexes and
pathways together with other proteins. Such local associations between protein molecules
are called protein-protein interactions (PPIs), which are constituents of a protein
interaction network. The biochemical reactions in cellular metabolism can likewise be
integrated into a metabolic network whose fluxes are regulated by enzymes that catalyze
the reactions. In many cases, the interactions at different levels can be integrated into a
signaling network. For example, external signals from the exterior of a cell are first
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mediated to the inside of that cell by a cascade of protein-protein interactions of the
signaling molecules. Then, both biochemical reactions and transcription regulations
involving protein-DNA interactions trigger the expression of some genes to respond to
the signals. Biological networks are organized in a hierarchical manner in terms of
network structure (Figure 1.1). The basic unit of a biological network is the individual
molecule. Any interaction between a pair of molecules is the second level. A number of
interactions can make up local structures such as network motifs, clusters and pathways,
which is the third level. The final level is the global network. Therefore, from the
viewpoint of systems biology, a living cell is supported by global biological networks in
which each local structure performs specific biological functions via the interactions
between the molecules involved in the structure.

1.2.2 Types of biological networks
Depending on the types of participating molecules, biological networks can be
categorized into the following five types of networks: 1) transcription regulatory network
(TF-DNA interactions); 2) gene regulatory network (genetic interactions); 3) protein
interaction network (PPIs); 4) metabolic network (enzyme-substrate interactions); 5)
signaling network. Several types of the specific networks used for our analysis in this
thesis are described as following:

1.2.2.1 Protein-protein interaction network
Protein-protein interactions play a critical role in a wide variety of cellular processes. For
example, the signal transduction process involves a cascade of interactions between

4

Figure 1.1 Five major types of biological networks.

A hierarchical structure of five major types of biological networks. The left column
shows a schematic view of biomolecular interactions within the five major types of
biological networks illustrated as the right column.
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signaling proteins that transfer signals from the exterior to the interior of a cell. Proteinprotein interactions participate in the assembly of the structural compartments of a cell,
such as cytoskeleton, the nuclear pore and large protein complex such as DNA
polymerase and the proteasome. Therefore, studying PPIs from a network prospective
helps us to understand how proteins work collaboratively to exert a specific biological
function.

Currently, yeast two-hybrid (Y2H) [20, 21] and the tandem affinity purification (TAP)
followed by mass spectrometry [22-25] are the two mainstream experimental techniques
to identify PPIs on a large scale. Many of the existing PPI databases (reviewed in [26,
27]) identify and annotate “small-scale” PPIs. Although this is still controversial,
evidence seems to indicate that all types of identification of PPIs are valid, where data is
poorer is where there is only one publication that identifies the interaction [27, 28].
In the yeast two-hybrid system, a bait protein (a protein of interest) fused to a DNA
binding domain hybridizes with a prey protein fused to an activation domain. The
transcription of a reporter gene is activated if a bait protein interacts with a prey protein,
as the DNA binding domain binds to the promoter and the activation domain is
responsible for the activation of transcription. Y2H is an in vivo technique, which
happens in the native environment of biological processes. Y2H can identify binary,
weak or transient interactions.

An alternative way to identify protein-protein interactions is to add an antigen peptide tag
onto a protein of interest and then express it in the cell. The tagged protein is expressed
and is assembled into its native protein complex. Proteins complexes are then affinity6

purified on the respective affinity matrix. After purification, proteins interacting with the
tagged protein are analyzed and identified through SDS-PAGE followed by mass
spectrometry. These approaches have identified a significant amount of new PPIs, which
makes it possible to build a more robust interactome of cells.

Although the two above-mentioned high-throughput techniques are powerful in
identifying PPIs, they have limitations. Y2H typically does not by definition, and because
of the experimental process, provide information about the members of a protein
complex. Also, Y2H may have a bias against cytosolic proteins because the binding must
occur in the nucleus (within the transcriptional apparatus). On the other hand, TAP/MS
can detect protein complexes but lacks the capability to identify weak or transient
interactions. It is important, therefore, to complement PPIs identified from both
techniques, and to minimize the drawbacks and pitfalls of each technique. Some
investigators have demonstrated that many PPIs will never be detected with some of
these methods [27, 28].

Large-scale PPI data sets are currently available for a variety of organisms (Table 1.1).
These data sets have significantly facilitated the study of protein interaction networks.

1.2.2.2 Genetic interaction network
For a given gene pair, if the phenotypes caused by mutations in both genes (double
mutant) differ from the combination of phenotypes caused by single mutation in
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Table 1.1 A list of currently available protein-protein interaction data derived from
experimental approaches in a variety of organisms
Organism
S. cerevisiae

Number of
Interactions

Experimental
Type

Publication

854

Y2H

Uetz et al. 2000 [21]

3,986

Y2H

Ito et al. 2001 [20]

3,221 (spoke)

TAP/MS

Gavin et al. 2002 [23]

HMS-PCI

Ho et al. 2002 [24]

5,068

DIP (Small
scale)

Salwinski et al. 2004
[29]

C. elegans

4,027

Y2H

Li et al. 2004 [30]

D. melanogaster

20,405

Y2H

Giot et al. 2003 [31]

H. sapiens

221

TAP/MS

Bouwmeester et al.
2004 [32]

10,534

HPRD (Small
scale)

Prasad et al. 2009 [33]

31,304 (matrix)
3,589 (spoke)
25,333 (matrix)

Spoke interactions are interactions between the bait protein and other protein complex
members. Matrix interactions are all possible interactions among all members in a
complex. This table was modified from [34].
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each gene, this pair of genes are considered to genetically interact. Genetic interactions
can be aggravating or alleviating phenotypically. For example, a genetic interaction is
defined as a "suppression interaction" when the phenotype of the double mutant is less
defective than the phenotype of the single mutants combined, and an "enhancement
interaction" when the phenotype of the double mutant is more defective than the
phenotype of the single mutants combined. There is a special type of genetic interactions
named “synthetic lethal”, in which case cells are viable when only one nonessential gene
is mutated, but a combination of mutations in two nonessential genes cause cell lethality.
A synthetic lethal relationship suggests that these two genes are likely to be situated in
parallel pathways that complement each other’s functionality. In this way, synthetic
lethal interactions provide information regarding the organization of pathways. Great
efforts have been put toward mapping the synthetic lethal interactions at a large scale in
several model organisms.

There are three possible biological interpretations of the relationships between genetic
interactions and biological pathways. 1) Between-pathway: genetic interactions that occur
between pathways indicate that the involved gene products are respectively a part of
redundant and parallel pathways that both perform a similar or a functionally related
biological process. If the product of one gene is defective, the other pathway can
compensate for it. 2) Within-pathway: genetic interactions that occur within a single
pathway indicate that the two gene products are both part of a molecular complex that
cannot function properly if both genes are mutated. 3) Synergistic pathway: two gene
products may be unrelated to each other, but each deleted allele has a side effect and
those side effects are synergistic. An example of this relationship is when two
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functionally unrelated genes are simultaneously mutated, to trigger a cellular stress
response [35]. In light of these biological implications, understanding the details of
genetic interactions becomes critical to the study of pathway organization.

The synthetic lethal interaction network of S. cerevisiae has been extensively studied
using two general strategies. The first approach is called “synthetic genetic array” (SGA)
analysis [36, 37]. In the SGA approach, a haploid yeast strain carrying the query gene is
crossed systematically with a library of yeast deletion strains in an arrayed format. The
resultant diploid yeast is then sporulated. The double mutant haploid progeny are selected
as they can only grow in a certain condition. Synthetic sick and synthetic lethal
interactions are then identified by examining the resulting colonies of the double mutants
manually or with the help of imaging software. The second technique is called “synthetic
lethal analysis by microarray” (SLAM) [38]. Compared to SGA, SLAM instead uses a
“molecular bar codes” DNA sequences to uniquely tag each deletion strain. Double
mutant strains are identified as barcode DNA sequences of a query mutation hybridize to
barcode DNA sequences of one deletion strain on a microarray.

SGA and SLAM approaches both generate a large set of genetic interactions. Using the
SGA approach, a total of 2,012 synthetic lethal interactions and 2,113 synthetic sick
interactions in yeast have been found to be involved in diverse biological functions such
as cell polarity, chromosome segregation and DNA synthesis and repair. Using the
dSLAM approach (a modified version of SLAM) [39], a total of 4,956 synthetic fitness or
lethality defects have been identified by querying 74 single deletion strains involved in
DNA replication and repair. The current estimation for the number of genes in S.
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cerevisiae is approximately 6,000 [40]. In contrast, the gene coverage of known synthetic
lethal interactions is approximately 32% in S. cerevisiae based on the estimated total
number of genes, suggesting that more genetic interaction data sets are still desired in the
future as only a small percentage of all possible gene pairs have ever been experimentally
tested.

1.2.2.3 Gene expression network
DNA microarrays can be used to examine patterns of gene expression on a global scale.
DNA microarray technique is able to detect mRNA expression levels of thousands of
genes simultaneously. Under appropriate experimental conditions, gene expression data
can capture the changes of molecular states associated with cellular phenotypes under
different conditions such as environmental perturbations, the effects of drug treatments
and various “wellness” and disease states. Gene expression profiles can be represented as
gene expression networks in which genes are connected by pair-wise associations such as
similarity of the gene expression profiles. As the adaptive response of cells to external
stimuli involves gene expression variations in a coordinated manner, investigating
information flow in the gene expression network can provide insights into how cellular
processes generate dynamic associations in response to environmental perturbations.

Gene expression datasets are stored in publicly available databases such as the Stanford
Microarray Database (SMD) [41], Gene Expression Ominibus [42] and ExpresDB [43].
These databases contain gene expression profiles of diverse organisms under different
conditions, thus are tremendously useful for the analysis of underlying biological
processes.
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1.2.2.4 Metabolic network
In a living cell, each unique biological function can be fundamentally understood as the
interactions between its chemical constituents. The total set of all chemical reactions that
participate in the process through which energy is generated and used is called
metabolism. Metabolism is usually divided into two categories: 1) catabolism that breaks
down molecules into smaller units, for example to harvest energy in cellular respiration
chain; 2) anabolism that uses energy to construct components of cells such as proteins
and nucleic acids [44].

The chemical reactions of metabolism are organized into metabolic pathways in which a
series of chemical reactions transform one chemical into another catalyzed by a sequence
of enzymes. For example, the citric acid cycle (Krebs' cycle) is a pathway to generate
GTP and other valuable intermediates through acetyl-CoA oxidation. Pathway
organization is diverse. It can be a linear sequence of a few chemical reactions, a cycle or
a mixed structure. In some cases, the starting product of a pathway can be the ending
product of another pathway. For example, pyruvate produced by glycolysis is
decarboxylated to acetyl-CoA in the citric acid cycle.

Individual pathways do not work alone. The complete set of metabolic pathways emerges
as a complicated and interactive network, defined as a metabolic network, which includes
all chemical reactions of metabolism and is organized by pathways. Currently, most
metabolic pathway annotations are derived by manual curation and stored in pathway
databases such as the Kyoto Encycolpeida of Genes and Genomes (KEGG) [45] and
BioCyc [46]. Table 1.2 lists some publicly available metabolic pathway databases.
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Table 1.2 A list of commonly used open access metabolic pathway databases
Database

Website

KEGG

http://www.genome.jp/kegg/

Reactome

http://www.reactome.org/

BioCyc

http://www.biocyc.org

EcoCyc

http://www.ecocyc.org

MetaCyc

http://metacyc.org

MPB

http://www.gwu.edu/mpb

HumanCyc

http://humancyc.org/

aMAZE

http://www.amaze.ulb.ac.be/

WikiPathways

http://wikipathways.org

Yeast consensus
metabolic network

http://www.comp-sys-bio.org/yeastnet/

SGD Pathway Tools

http://pathway.yeastgenome.org/

PC - Pathway
Commons

http://www.pathwaycommons.org/pc/

MIPS CYGD

http://mips.helmholtzmuenchen.de/genre/proj/yeast/index.jsp
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1.2.2.5 Signaling network
Living cells utilize a variety of interacting chemicals and molecules to react and respond
to internal and external signals from their cellular environment. Such signal propagation
is called signal transduction. Signal transduction plays a critical role in cell system
communication that governs basic cellular activities and coordinates cell actions [47].

A signaling pathway is defined as an ordered sequence of biochemical reactions (e.g.,
phosphorylation) for the purpose of communicating information from one place to
another place in the cell [48]. The mitogen-activated protein (MAP) kinase cascade is a
typical example of signaling pathway that transfers information from an externally
activated cell surface receptor to the nucleus where gene regulation can be modulated.

Different signaling pathways interact and communicate with each other, forming a
complicated signaling network, which includes the complete set of signaling pathways
that are involved in the cell information processes. However, to fully understand how
signaling networks are organized is an extremely challenging task as current
experimental approaches are small-scale and focus only on a small part of cell signaling
pathways. Same as the data source of metabolic pathways, most signaling pathway
annotations are based on manual curation from the literature by biologists. Therefore, it is
necessary to develop new computational methods to reconstruct signaling pathways by
exploiting high-throughput genomic and proteomic data. Table 1.3 lists some signal
transduction databases depositing experimentally determined signaling molecules and
signaling pathways.
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Table 1.3 A list of commonly used open access signaling pathway databases
Database

Website

KEGG

http://www.genome.jp/kegg/

Reactome

http://www.reactome.org/

SPAD

http://www.grt.kyushu-u.ac.jp/spad/index.html

aMAZE

http://www.amaze.ulb.ac.be/

NetPath

http://www.netpath.org/

SigPath

http://icb.med.cornell.edu/crt/SigPath/index.xml

MiST

http://genomics.ornl.gov/mist

TRANSPATH

http://www.biobase-international.com

CellML

http://www.cellmo.org/models
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1.3 Basic network nomenclature
Many systems in real life can be displayed as graphic networks, in which each node
represents an object and each edge represents the relationship between the pair of objects.
For instance, all Air Canada flight routes can be displayed as a network in which each
node represents a city and each edge represents a flight route. Likewise, in biological
systems, components of cells such as DNA, RNA, proteins and small molecules can be
represented as nodes and the relationship between them, such as protein-protein
interaction, genetic interaction, co-expression can be represented as edges in a network.
In order to characterize and compare various biological networks and to analyze the
biological behaviors that are represented by these networks, it is necessary to establish
quantifiable descriptions for these networks. Therefore, we define the following basic
topological properties for a given graphic network (Figure 1.2) G = (V, E) where V is the
node set and E is the edge set.

1.3.1 Degree
Degree is the most basic property of a node within a network. Given a node X, the degree
of X means the number of connections (edges) linking node X and other nodes within a
network. For example, the degree of node X in Figure 1.2A is 6. In directed networks,
there are two types of degree: incoming and outgoing degree. Incoming degree is the
number of connections (edges) from other nodes to node X. Outgoing degree is the
number of connections (edges) from node X to other nodes. For example, the incoming

16

Figure 1.2 An example of a scale-free network.
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and outgoing degree of node X in Figure 1.2B are 1 and 5, respectively. The average
degree of the whole network is the summation of the degrees of all individual nodes
divided by the number of nodes in the network.

1.3.2 Degree distribution
The degree distribution P(k) indicates the probability that a selected node has the degree
of k (k= 1, 2, 3…) over the whole network. It can be calculated by counting the number
of nodes with the degree of k in the network and then dividing it by the total number of
nodes in the network. Degree distribution reflects different classes of networks. For
example, a random network has a Poisson degree distribution, whereas most networks in
the real world such as the Internet, the world wide web, and some social networks has a
power-law degree distribution.

1.3.3 Scale-free networks
Most biological networks are scale-free networks as their degree distribution follows a
power law: P(k) ∼ k-γ, where γ is a constant usually in the range of 2 to 3 (2< γ < 3). A
network with such a degree distribution indicates that there are a small fraction of nodes
with degrees that greatly exceed the average whereas most nodes have only a few
connections (Figure 1.2). Those nodes with the highest degrees are often called “hubs”.

The power law distribution of scale-free networks reflects two fundamental processes
involved in the development of real-life networks such as biological networks and social
networks [49]. The first process is called growth in which the network grows in a
continuous-time branching scheme so that new nodes are added to the system over an
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extended time period. The second process is called preferential attachment in which
nodes display a tendency to link with nodes that already have many connections. Such
degree distribution is important to maintain the network topology even if a few nodes are
removed from the network [50].

1.3.4 Clustering coefficient
In real-life networks, many links are transitive. For example, as seen in Figure 1.2, if
node X is connected to node Y, and node Y is connected to node Z, then it is very likely
that node X also has a direct link to node Z. The clustering coefficient C is utilized to
capture this phenomenon [51]. The clustering coefficient C of a node can be calculated
by the equation: Cx=2nx/k(k-1), where nx is the number of links between the neighboring
nodes of node X and k is the degree of node X. Therefore, it is the ratio of the number of
existing links between a node’s neighbors to the maximum number of possible links
between them. For example, the clustering coefficient of node X in Figure 1.2 is 0.7. The
clustering coefficient of a network is the summation of all individual coefficients of the
nodes in the network divided by the number of nodes in the network. The clustering
coefficient indicates the completeness of a network.

1.4 Computational methods for protein-protein interaction prediction
from biological networks
Owing to the current emergence of high-throughput technologies, protein-protein
interactions in different organisms have been identified on a large scale, allowing the
possibility to elucidate basic biological mechanisms by studying the interactome that can
be defined as the complete set of protein-protein interactions in terms of proteomics.
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However, the currently available protein-protein data is still far from complete and
contains many false positives [52] due to the intrinsic limitations of experimental
approaches. In addition, experiment methods are often biased toward proteins with
specific cellular localization, resulting in low coverage [53-55]. Consequently, it is
necessary to develop computational methods that are capable of filtering existing noisy
protein interaction data and predicting undiscovered protein-protein interactions. Results
from such tools provide us with testable hypotheses for experimental screening or
validation.

A wide range of computational methods predicts protein-protein interactions. Based on
the types of training data, current predictive approaches can be categorized into the
following seven classes: (1) Gene neighbor and gene cluster methods [56-58]. Such
methods are based on the fact that co-regulated genes tend to share physical locations (ie.
they may be co-transcribed in operons). (2) Gene fusion methods, in which a pair of
interacting proteins in one genome are fused into a single protein in another genome [5961]. (3) Phylogenetic profile methods, under the assumption that functionally linked and
potentially interacting non-homologous proteins tend to co-evolve and their orthologs
tend to appear in the same subset of organisms [62-64]. A phylogenetic profile is
constructed for each protein as a binary vector indicating the presence of this protein in
different organisms, High similarity of phylogenetic profiles of a protein pair suggests
interactions. (4) Co-evolution methods, in which a protein interaction can be measured
quantitatively by calculating the correlation coefficient between the phylogenetic trees
(defined as distance matrices) of two non-homologous interacting protein families [6567]. (5) Primary sequence methods, in which sequence features such as residue
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frequencies, residue pairing preferences and sequence profiles are employed to predict
protein interactions [68-70]. (6) 3D protein structure methods, which assess the fitness of
two potential interacting proteins from the complexes within known 3D structures or
protein-protein docking models [71-73]. (7) Network topology methods, in which
interacting proteins are identified based on their topological properties such as similar
neighborhood [74-76] and highly connected clusters [77-79] in protein-protein interaction
networks.

As basic functional units of proteins, domains can interact with each other and then
mediate related protein-protein interactions [80, 81]. A variety of approaches, therefore,
have been developed to predict protein-protein interaction at the domain level. In such
methods, domain-domain interactions are first predicted from protein interaction
networks and then novel protein interactions are identified on the basis of the previously
predicted domain-domain interactions. These approaches can be categorized into three
general classes: (1) Association methods, in which a log-odds scoring model is used to
identify domains. This model distinguishes interacting protein pairs from non-interacting
ones [82-84]. (2) Bayesian network models and maximum likelihood estimation (MLE)
methods, in which MLE maximizes the probability of interactions of all putative domain
pairs in a Bayesian network [85, 86]. (3) Integrative methods, in which interacting
domains are identified using not only protein-protein interaction and domain annotation
data, but also their primary sequences [87].
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1.5 Computational approaches to predict biological pathways from
biological networks
Biological pathways can be described as a defined group of biological entities that are
organized in a specified order and perform a specified biological task or function [88]. In
a living cell, a complex system is maintained to keep the cell’s viability through intricate
and interconnected biological pathways. These biological pathways include interactions
between many different biological components such as genes, proteins and small
molecules. The inputs and outputs of various pathways are separated, directed and
organized in a highly sophisticated manner. Our understanding of how each biological
pathway works and interacts with other pathways is far from complete. Currently, most
pathway annotations are derived by manual curation from literature and stored in
pathway databases. There is, therefore, a growing demand for the development of
computational tools that analyze existing and predict new biological pathways. These
tools could help us reveal participants of biological processes.

There are basically three types of pathway predictions: metabolic, signaling and
functional.

Most approaches for predicting metabolic pathway seek to identify a specific set of
reactions and compounds that are active in a metabolic pathway from databases that
include information about enzymes, compounds and reactions. McShan and coworkers
developed a heuristic algorithm to search active metabolic pathways using a biochemical
state space in which each compound represented a state and each transformation between
compounds represented a state transition [89]. Another group used classical graph theory
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to find pathways. In their method, each compound was represented as a node and was
weighted by the number of reactions it was involved in. Subsequently, a pathway find
algorithm was introduced to search putative pathways by minimizing weight sum
between a pair of source and target reactions [90]. More recently, an optimization
approach was proposed to identify pathways based on biochemical constraints and
objective functions [91].

As signal transduction usually involves interactions between proteins in the same
biological process, most signaling pathway prediction methods are based on protein
interaction data and gene expression data. Steuer et al. compiled a set of putative
pathways from protein interaction networks and scored them by comparing to the gene
clusters derived from gene expression data [92]. A similar approach used information
about the order of the components in pathways [93]. Scott et al. developed a
sophisticated method using a weighted protein interaction network [94].

A functional pathway reveals the relevance of the members to the pathway. Protein
interaction data and genetic interaction data are the major data sources used to infer
functional pathways. Kelley and Ideker developed a log-odds scoring model that
identified 360 pathway pairs and 401 pathways in yeast by incorporating physical
interactions and genetic interactions (synthetic-lethal and synthetic-sick interactions)
[95]. Their study provides a starting point to reveal pathway organization and function
from high-throughput data. Ulitsky and Shamir proposed a modified methodology based
on Kelley and Ideker’s approach [96]. Instead of employing both physical interactions
and genetic interactions, Ma and colleagues designed a method using synthetic lethal
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interactions alone. They identified 2,590 pathway pairs and 5,180 pathways in yeast by
searching approximately complete bipartite graphs within the synthetic lethal interaction
network [97]. In a recent publication, Brady and colleagues introduced a novel approach
that discovered 602 pathways and 1,510 pathway pairs by searching stable bipartite
subgraphs on two different versions of the genetic interaction network [98]. In order to
improve the accuracy and the coverage of pathway discovery, I propose a novel pathway
discovery approach described in Chapter 4 by integrating heterogeneous biological
evidences.

1.6 Biological networks as signatures of human diseases
A deluge of data from a variety of experimental approaches makes it possible to better
understand bimolecular networks underlying particular phenotypes associated with
human diseases. Diverse types of networks have been constructed to predict specific
diseased-related genes. The advancement in this front is providing feasible and efficient
solutions for the diagnosis and prognosis of diseases.

Gene expression data is widely used to identify gene signatures associated with the onset
and the progression of disease. Two groups identified approximately 70 gene markers
that could predict the metastasis of breast cancer at the accuracy of 60 -70% in two
independent large-scale gene expression studies [99, 100]. In another study, gene
expression profiles combined with reverse-engineered gene networks were able to
identify the genetic mediators that interconnect pathways associated with prostate cancer
[14]. Moreover, a sample-specific regulatory network was generated to capture the
relationship patterns between the transcription factors and the regulated genes, which was
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capable of classifying different disease states [101]. More recently, simultaneous
genome-wide assays of both gene expression and genetic variation were utilized to map
the genetic factors that underpin individual differences in quantitative levels of
expression by expression quantitative trait loci (eQTLs) and to identify networks of genes
involved in disease pathogenesis [102-104].

The analysis of protein interaction networks provide us with another approach to
investigate the perturbations associated with human diseases as these perturbations
change the status of the protein interaction networks. There has been an extensive
literature on the application of protein interaction networks to elucidate how network
disruption drives complex disease processes. Wachi et al. tested the degree distribution
and centrality of a set of differentially expressed genes in a human PPI network and
found that up-regulated genes manifested higher network connectivity in the cancerous
tissues [105]. Similarly, another group found that cancer-related proteins tended to have
twice as many interaction partners as non-cancer-related proteins [106]. Since disease
genes and non-disease genes have different topological properties as shown in the
previous studies, recent studies predicted new disease-associated genes based on their
topological properties in protein interaction networks [107, 108]. Instead of finding
disease-associated genes, other studies have focused on the identification of sub-networks
related to the diseases, proposing hypotheses regarding the involved molecular
complexes, signaling pathways and other cell machineries. Chen et al. developed a
method to mine an Alzheimer’s disease sub-network from a protein interaction network
[109]. Pujana et al. constructed a breast cancer-related network based on a network in
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which proteins were linked by various types of biological evidence such as proteinprotein interaction and co-expression [15].

Finally, perturbations in metabolic and signaling networks can be utilized in the study of
diseases. Lee et al. constructed a bipartite human disease association network in which
nodes represented diseases and two diseases were linked if the mutated enzymes
associated with them catalyzed adjacent metabolic reactions [110]. Lee et al. proposed a
new disease classification method based on the metabolic and signaling pathway
activities derived from the subset of genes in the pathway whose combined gene
expression delivers optimal discriminative power for the disease phenotype of each
individual patient [111].

1.7 Thesis overview and chapter objectives
High-throughput experimental techniques in molecular biology generate an enormous
amount of data. Efficient approaches could reveal essential biological mechanisms. More
sophisticated theoretical methodologies and computational tools have to be developed to
study dynamic interaction networks of genes, proteins and biochemical reactions, rather
than individual components. In general, the goal of my Ph.D. research is to discover
knowledge based on networked data generated by high-throughput techniques, which
includes exploiting special features of the biological systems, and gaining biological
insights by further interpreting these features in a systematic manner.

This thesis describes the different projects I undertook to achieve the aforementioned
goal, and these projects are briefly introduced in the following paragraphs.
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Protein-protein interactions (PPIs) play an extremely important role in performing a
variety of biological functions. The interactomes of several model organisms including
budding yeast Saccharomyces cerevisiae have recently been studied using experimental
techniques such as the yeast two-hybrid assay. However, these techniques are generally
biased against integral membrane proteins due to their intrinsic limitations. Given the fact
that the interactions between integral membrane proteins cover a large fraction of the
whole interactome, I reported a study that predicted the interactions between integral
membrane proteins in yeast by a quantitative model in Chapter 2 (as published in [112]).
I integrated protein interaction and domain interaction data from disparate sources and
applied a log likelihood scoring method on all putative integral membrane proteins in
yeast to predict their interactions based on a cut-off threshold. I showed that my approach
improved on other predictive approaches when tested on a “gold-standard” data set and
achieved 74.6% true positive rate at the expense of 9.9% false positive rate. Furthermore,
I found that two integral membrane proteins were more likely to interact with each other
if they shared more common interaction partners. This study allowed us to reach a more
extensive understanding of the yeast integral membrane proteins from a network view,
which complemented previous prediction approaches based on the genomic context.

In Chapter 3 (as published in [87]), I investigated the prediction of domain-domain
interactions. Protein domains, which are defined as independently folding structural
blocks of proteins, physically interact with each other to perform biological functions.
The identification of Domain-Domain Interactions (DDIs) is of great biological interests
because it is generally accepted that PPIs are mediated by DDIs. Therefore, much effort
has been put toward the prediction of domain pair interactions based on computational
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methods. Many DDI prediction tools using PPIs networks and domain evolution
information have been reported. However, tools that combine primary sequences, domain
annotations, and structural annotations of proteins had not been evaluated. In this study, I
reported a novel approach called Gram-bAsed Interaction Analysis (GAIA). GAIA
extracted peptide segments that were composed of fixed lengths of continuous amino
acids, called n-grams (where n is the number of amino acids), from the annotated domain
and DDI data set in S. cerevisiae (budding yeast) and identified a list of n-grams that
might contribute to DDIs and PPIs based on the frequencies of their appearance. GAIA
also reported the coordinate position of gram pairs on each interacting domain pair. I
demonstrated that my approach improved on other DDI prediction approaches. I also
identified a list of 4-gram pairs that were significantly over-represented in the DDI data
set and might mediate PPIs. GAIA represented a novel and reliable way to predict DDIs
that mediated PPIs, which made GAIA an important contribution to this active research
area.

Many biological phenomena involve extensive interactions between cellular pathways.
However, extraction of the inherent biological pathways remains a major challenge in
systems biology. With the advancement of high-throughput functional genomic
techniques, it has become possible to infer biological pathways and the pathway
organization in a systematic way by integrating disparate lines of biological information.
Therefore, I proposed a novel integrated approach that utilized network topology to
predict biological pathways in Chapter 4 (as published in [113]). I integrated four types
of biological evidence (protein-protein interaction, genetic interaction, domain-domain
interaction, and semantic similarity of GO terms) to generate a functionally associated
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network. This network was then used to develop a new pathway finding algorithm to
predict biological pathways in yeast. My approach discovered 195 biological pathways
and 31 functionally redundant pathway pairs in yeast. By comparing our identified
pathways to three public pathway databases (KEGG, BioCyc and Reactome), I observed
that my approach achieved a maximum positive predictive value of 12.8% and improved
on other predictive approaches. This study allowed us to reconstruct biological pathways
and to delineate cellular machinery in a systematic view.

In Chapter 5 (manuscript in preparation), I investigated network perturbation in human
diseases such as cancers. A novel algorithm was developed to capture highly disturbed
sub-networks in the human interactome, and these sub-networks were tagged as
signatures that are linked to cancer outcomes. Compared to previous studies, my
approach greatly improved the prediction performance at the accuracy of 88.3%,
sensitivity of 87.2% and specificity of 88.9%. This approach provided the possibility to
predict the prognosis of cancer and other diseases based on “network-based gene
signatures”. It helped elucidate molecular dysfunctions of proteins involved in genetic
diseases and cancers in the context of interaction networks.

The methods and tools presented in these chapters are broadly applicable to the analysis,
mining and understanding of a wide variety of biological networks. Therefore, this thesis
provides novel and efficient solutions to the field of network biology.

In addition to the studies described above, I have been involved in other collaborative
projects. I assisted Nawar Malhis to develop a new approach (described in Appendix A)
to detect associations between protein domains and DNA motifs in Saccharomyces
29

cerevisiae based on Gene Ontology terms [114]. My interacting domain prediction tool
GAIA described in Chapter 3 were modified and used by Zhao et al. to predict doublestranded siRNA sequence in a quantum dots (QDs)-based RNA interference study
described in Appendix B (in press). Finally, I wrote a book chapter about new
perspectives in predicting membrane protein-protein interactions described in Appendix
C (in press).
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2 A New Approach to Predict Interactions Between Integral
Membrane Proteins in Yeast1
2.1 Introduction
Cells are multi-molecular entities whose biological functions rely on stringent regulation,
both temporally and spatially. These regulations are realized through a variety of
molecular interactions including protein-DNA interactions, protein-RNA interactions and
protein-protein interactions (PPIs). PPIs are extremely important in a wide range of
biological functions from enzyme catalysis, signal transduction and more structural
functions. Hence, owing to advanced large-scale techniques such as yeast two-hybrid and
mass spectrometry, interactomes of several model organisms such as Saccharomyces
cerevisiae [1-6], Drosophila melanogaster [7, 8] and Caenorhabditis elegans [9] have
been extensively studied. Such large-scale interaction networks provide a good
opportunity to explore and decipher new information.

Proteins with at least one transmembrane domain constitute 20% to 35% of all known
proteins, and therefore account for an important segment of the proteins involved in
biological mechanisms. However, research on membrane protein interactions lags behind
for several reasons. First, although the current available interactomes contain adequate
interactions for analysis, the data set still has a large amount of false positives. For
example, compared with a gold-standard data set, identified protein-protein interactions
from three frequently-used high-throughput methods (yeast two-hybrid [6], tandem
affinity purification (TAP) [1, 2] and high-throughput mass spectrometry protein
A version of this chapter has been published. Zhang KX, Ouellette BFF: A new approach to predict
interactions between integral membrane proteins in yeast. IEEE Congress on Evolutionary Computation
2008:1801-1806.
1
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complex identification (HMS-PCI)) [3] yield very low accuracy, coverage and overlap
[10]. Second, some large-scale experimental techniques are biased against membrane
proteins. For instance, in order to check if proteins interact or not, they need to be
expressed in the nucleus which may not be their native living environment.

Several groups have addressed the interactome of membrane proteins in yeast. Miller and
colleagues [11] worked on identifying interactions between integral membrane proteins
in yeast using a modified split-ubiquitin technique. To address challenges brought by
experimental techniques, Xia and colleagues [12] developed a computational method to
predict interactions between the helical membrane proteins in yeast by integrating 11
genomic features such as sequence, function, localization, abundance, regulation, and
phenotype using logistic regression. But it suffers low prediction power and low overlap
with experimental results.

In addition to utilizing genomic features to predict protein-protein interactions, graph
theory based on the topology of network is an alternative approach to infer proteinprotein relationships from protein interaction networks and showing interesting results
[13, 14]. Here, we propose a method to predict interactions between membrane proteins
using a probabilistic model based on the topology of protein-protein interaction network
and that of domain-domain interaction network in yeast. It has been demonstrated that the
more closely a pair of proteins are functionally related to each other, the more likely they
are to share interaction partners [15]. Moreover, domain-domain interactions have been
shown as indicators of protein interactions due to the binding of modular domains or
motifs [16, 17]. We integrated protein-protein interaction and domain-domain interaction
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data from disparate sources and applied a log likelihood scoring method on all putative
integral membrane proteins in yeast to predict all putative integral membrane proteinprotein interactions based on a cut-off threshold. In addition, we performed a statistical
analysis of the significance of domain-domain interactions within a reliable set of
membrane proteins.

2.2 Materials and methods
2.2.1 Obtaining a list of putative membrane proteins in yeast
A list of putative membrane proteins in yeast was identified from proteins annotated as
such in the SGD database [18]. An additional list was extracted from the TMHMM [19]
and Phobius [20] web servers. In order to generate a more comprehensive a list of
putative membrane proteins in yeast, the union of these two lists was used. In summary,
we collected 1412 membrane proteins.

2.2.2 Integration of protein-protein interaction data in yeast

In order to increase data reliability, protein-protein interaction data was retrieved from
several data sources: BIND [21], DIP [22], IntAct [23] and BioGrid [24], all of which are
currently maintained in our own data warehouse, Atlas [25]. We considered those
interactions appearing in at least one data source. 55,145 interactions in yeast in total
were used for our analysis.
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2.2.3 Retrieving domain-domain interaction data in yeast

Domain annotations of each protein were extracted from the Pfam database [26]. There
was an average of 1.5 domains on each membrane protein. 3,274 domain-domain
interactions involving 704 proteins were taken from the iPfam database [27]. iPfam is a
resource that contains domain-domain interactions based on the PDB entries.

2.2.4 Creating an experimentally validated data set or “gold-standard” data set
We created a “gold-standard” protein-protein interaction data set between all putative
membrane proteins using a similar approach to Xia and colleagues [12]. Positive
interaction data was derived by choosing the membrane protein pairs as those in the same
complex in the MIPS database [28], whereas negative interactions data are the pairs not
in the same complex. The resulting gold-standard data set contains 515 positive
interactions and 1,208,234 negative interactions between integral membrane proteins.

2.2.5 A model for scoring protein-protein interactions and domain-domain
interactions
A scoring model should predict how closely a pair of genes is related in a protein-protein
interaction network. According to previous research, if two proteins interact with an
overlapping similar group of proteins, they are likely to interact with each other [2, 3,
29], thus, for a given pair of proteins, we found a common set of interactors for this pair
of proteins. A scoring method was employed to calculate the likelihood that a group of
proteins (a pair of query proteins) and the whole set of their common interactors are more
densely connected (the number of PPIs within a group of proteins) than would be
expected at random [30]:
42

(1)

where S is a set of common interactors plus a given pair of proteins and I is a set of
protein-protein interactions among those genes. PI(x, y) is an indicator function that
equals 1 if and only if the interaction (x, y) occurs in I and otherwise 0. For network N,
interactions are expected to occur with high probability for every pair of proteins in S. In
our work, we followed the previous knowledge to estimate β and set β to 0.9 [30]. For
network Ncontrol, the probability of observing each interaction cx,y was determined by
estimating the fraction of all randomly generated networks that contain the proteinprotein interaction between a given pair of proteins. Comparable control networks were
randomly generated by building interaction networks with same node number from the
same gene set and same number of DDIs, and by repeating the process 100 times.

Given a pair of proteins, their domain annotations and a list of domain-domain
interactions between them, we employed a related log-odds scoring model (2) to evaluate
the probability that the domain-domain interactions bridging between these two genes
and their common interaction partners were denser than random based on the above
scoring method:

(2)
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Compared to the previous equation, DI(m, n) is an indicator function that equals 1 if and
only if the domain-domain interaction (m,n) occurs in I and otherwise 0; Dx/Dy is the
number of domains in each protein x and y; for network Ncontrol, the probability of
observing each domain-domain interaction cx,y was determined by estimating the fraction
of all randomly generated networks that contain that domain-domain interactions
occurring between two proteins. Therefore, the final scoring function for a given pair of
genes was then:

S final = S p + Sd

(3)

2.2.6 ROC curve
The performance of the scoring method were measured by area under the receiver
operating characteristic (ROC) curve. The area was calculated by the ROC package in R
[31]. ROC curve displays the relationship between sensitivity and specificity. The curve
was generated by calculating the true positive rate (sensitivity) and the false positive rate
(1-specificity) at different threshold scores derived from the protein-protein interaction
data alone and combined scores from both protein-protein interactions and domaindomain interactions against the “gold-standard” data set. If an interaction was above the
threshold and in the positive data set of the “gold-standard” data set, it was regarded as a
true positive. If not in the positive data set of the “gold-standard” dataset, it is a false
positive. If an interaction was below the threshold and in the negative data set of the
“gold-standard” dataset, it was regarded as a true negative. If not in the negative data set
of the “gold-standard” dataset, it is a false negative. Due to the imbalanced proportion of
positive and negative samples in the “gold-standard” data set, we randomly picked the
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same number of negative samples as positive samples in the “gold-standard” data set 100
times and took the average of true negatives and false negatives when we calculated the
sensitivity and specificity.

The true positive rate and the false positive rate were calculated as follows:

True Positive Rate =

No. of True Positives
No. of True Positives + No. of False Negatives

False Positive Rate = 1 !

No. of True Negatives
No. of True Negatives + No. of False Positives

(4)

(5)

2.3 Results and Discussion
2.3.1 Properties of the interactions between integral membrane proteins
There are debates about whether protein-protein interaction networks follow a power-law
degree distribution. It has been widely accepted that protein-protein interaction networks
in yeast obey this property [8, 32] but there is a recent report challenging this point [33].
The degree distribution of each node and the number of common interactors of each PPI
pair in the integral membrane PPI network in our data set followed a power-law (Rsquared: 0.92, p < 2.2e-16). 91% of integral transmembrane proteins had low interactors
(below 50). The number of common interactors of each protein pair also followed a
power-law distribution. However, the scale-free topological property presented in the
interactome in yeast needs to be further verified when more large-scale PPI data sets are
available in the future. The reason is that partial sampling of other types of networks such
as exponential and truncated normal networks also results in sub-networks with the scalefree topological property [34]. Therefore, it is possible that scale-free topology of the
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integral transmembrane PPI network may not represent the true topology of the full
interactome.

For each possible interaction between integral membrane proteins, we calculated three
different scores: PPI score, DDI score and a combined PPI/DDI score according to (1-3).
This generated a table with 996,166 interacting pairs of proteins, each with three
interaction probability scores. A ROC curve was plotted by measuring sensitivity and
specificity when tested against the gold-standard data set at different cut-off values
(Figure 2.1). The area under curve (AUC) is 0.91 for combined score, 0.85 for PPI and
0.74 for DDI, respectively, which indicates good predictive performance of the scoring
method. The AUC differences between combined score and PPI and between combined
score and DDI are statistically significant (p-value = 8.1 ×10-3 and p-value = 4.58 ×10-4
by Fisher Exact Test), which suggests that better performance can be achieved if we
combine scores rather than using PPI scores or DDI scores alone. It is estimated that
5,000 interactions between integral membrane proteins [12]. Based on that number, we
achieved 74.6% true positive rate (sensitivity) at the expense of 9.9% false positive rate
(1 – specificity) for a cut-off score of 350, which predicted 4660 interactions between
integral membrane proteins, about 0.54% coverage of all possible interactions among
integral membrane proteins.
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Figure 2.1 Curve of receiver operating characteristics (ROC) plotted by the
different cut-off values when tested against the gold-standard data set.

The area under the curve plotted by PPIs combined with DDIs is 0.91, 0.85 for PPI and
0.74 for DDI, respectively. Cut-off values are arbitrarily chosen from 50 to 10,000.
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Since our scoring method depends upon interactions between a gene pair and their
common protein-protein interactors, we studied the connectivity of integral membrane
proteins in our predicted integral membrane PPI data set, the gold-standard positive data
set and 5 random data sets. There were, on average, 16.4 common interaction partners
shared by a protein pair in our predicted interaction data set, 15.6 in the gold-standard
data set and 0.13 in the random data sets, respectively (Figure 2.2). We observed that the
average number of common interactors between proteins in predicted interactions is close
to the number of the gold-standard positive data set, whereas there is a pronounced
difference between predicted interactions and random interactions or between
interactions in the gold-standard data set and the random data set at the p-value 1.43×10-4.
This observation indicates the reliability of our scoring approach to predict the
interactions between integral membrane proteins using network topological information.

2.3.2 The interactome map of integral membrane proteins in yeast
The map of the interactome of integral membrane protein was built based on 4,531
predicted protein-protein interactions between integral membrane proteins at the cutoff
value of 455 by Cytoscape [35]. 53.4% (281/527) of proteins in the interactome map
contains at least one transmembrane helix according to the predictions by TMHMM. 80%
(392/513) interactions within the gold-standard data set overlaps with those within the
interactome map but only accounts for 8.4% of the whole interactome of integral
membrane proteins. By checking the topology properties of the interactome map, we
found that 84% of the interactions in the gold-standard data set are in the same complex
such as lipid biosynthesis, energy couple proton transport, protein biosynthesis, protein
targeting to mitochondria and ATP synthesis coupled electron transport, which reflects
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the characteristics of performed experiments (detecting protein-protein interactions
between same complexes). Our predicted interactions indicate new members in
complexes such as transport, secretion, vesicle-mediated transport and intracellular
transport, which are missed from experimental methods. One example is that in the group
of protein import into nucleus, KAP95 and SSA1 do not interact with other proteins
within the group according to the gold-standard data set, however they both play a critical
role on nuclear localization signal (NLS)-directed nuclear transport by interacting with
other proteins to guide transport across the nuclear pore complex [36, 37]. Furthermore,
as observed from the map, some interactions not within the gold-standard data set are
found to bridge two complexes. For example, NUP116 and ATP14 are predicted to
interact with each other connecting two groups: protein import into nucleus and energy
couple protein transport. Although there is no evidence demonstrating the direct
interaction between NUP116 and ATP14, some research results indicate that ATP14
might be involved in ATP synthesis in the process of protein importing into nucleus [38,
39]. Interestingly, we found some new complexes such as peroxisome organization and
biogenesis related to the functions of peroxisome membrane proteins such as peroxisome
biogenesis and peroxisomal matrix protein import [40-42].
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Figure 2.2 The number of common interaction partners of gene pairs in our
predicted interactions, the gold-standard data set and five random data sets.

On average, there are 16.4 common interaction partners between a protein pair in our
predicted interactions, 15.6 in the gold-standard data set and 0.13 in the random data sets,
respectively. The centre of the box is the median and the box spans from the first to third
quartiles.
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2.3.3 Properties of the domain-domain interactions between integral membrane
proteins
After we retrieved the domain annotation of each integral membrane protein from Pfam,
we plotted the distribution of the number of domains in each protein. It has been found
that approximately 58% (813/1412) of the integral membrane proteins do not have
domain annotation in Pfam yet 69% (629/911) of them contain transmembrane helices,
indicating domain-domain interaction data is biased against integral membrane proteins
due to the technical difficulty to identify the interactions between integral membrane
proteins. We found 426 distinct domains across 704 integral membrane proteins. A list
of statistically significant domains is illustrated in Table 2.1 and shows specific
transmembrane domains such as Mitochondrial carrier protein, Flocculin repeat and ABC
transporter domains. These domains usually occur repeatedly in one integral membrane
protein, whereas we did not find any integral membrane protein that contains many
unique domains. We therefore speculate that domain-domain interactions between two
integral membrane proteins mostly occurs within these membrane-specific domains and
proteins with these repeated domains have a greater chance to interact.

By examining domain-domain interactions from iPfam combined with the domain
annotation, there were a total of 176 unique domain-domain interactions corresponding to
704 membrane proteins. A list of over-presented domain-domain interactions
(Enrichment Factor (EF) > 200) is illustrated in Figure 2.3. We plotted how many times
one type of domain-domain interaction occurs in all membrane proteins versus the
number of involved proteins. From Figure 2.3, it is observed that frequency of most DDIs
correlates to the number of involved proteins. In addition, by comparing the probabilities
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of each DDI in two different datasets (integral membrane proteins vs. non-membrane
proteins), we categorized all DDIs in the integral membrane protein dataset as membrane
specific DDIs or non-membrane specific DDIs based on their enrichment factor scores. It
can be observed from Figure 2.3 that 86% of DDIs (130/151) are membrane specific
domain-domain interactions. These DDIs are closely related to some major functions of
the integral membrane protein. For example, two DDIs (PF0005: ABC transporter <->
PF0005: ABC transporter, PF0005: ABC transporter <-> PF00664: ABC transporter
transmembrane region) with very high EF scores play a critical role in synthesizing ATP
and providing a source of energy to catalyze active transport across the membrane.
Another DDI (PF00957: Synaptobrevin <-> PF05739: SNARE domain) with a high EF
score is known to play a role in the process of vesicular fusion through the interaction
between SNARE and Syntaxin [43]. Among the non-membrane specific DDIs, most of
them are repeats such as ankyrin-like (ANK) repeats, WD40 repeats and tetratricopeptide
repeats. Previous evidence indicates that these repeating units can serve as a rigid
scaffold for protein interactions where they coordinate the process of assembling protein
complexes [44, 45]. Besides these repeats, other non-membrane specific DDIs such as
protein kinase domain and pleckstrin homology (PH) domain serve biological functions
such as protein kinase activity. Therefore, we speculated that most of the PPIs between
integral membrane proteins are mediated by the membrane specific DDIs while some
generalized DDIs might play an auxiliary role. In order to check if domain-domain
interactions are correlated with protein-protein interactions, we compared the number of
predicted DDIs to that is expected at random. The number of predicted DDIs is
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Table 2.1 A list of statistically significant (P-value < 0.05, Z-test) domains among
integral membrane proteins in yeast.

Pfam_ID

Name

p-value

PF00153

Mitochondrial carrier protein

3.484×10-11

PF00624

Flocculin repeat

2.451×10-11

PF00005

ABC transporter

3.341×10-10

PF00324

Amino acid permease

8.883×10-9

PF00674

DUP family

1.439×10-9

PF00400

WD domain, G-beta repeat

6.254×10-8

PF00083

Sugar (and other) transporter

5.235×10-8

PF02985

HEAT repeat

2.648×10-7

PF00023

Ankyrin repeat

6.332×10-6

PF00515

Tetratricopeptide repeat

2.345×10-5

PF01061

ABC-2 type transporter

6.329×10-4

PF07690

Major Facilitator Superfamily

8.412×10-3
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Figure 2.3 2D scatter plot with marginal histograms showing the correlation
between the frequency of the occurrence of one domain-domain interaction (on the
X-axis) and the number of involved integral membrane proteins (on the Y-axis).

The total number of data points is 151. Diamonds represent membrane specific DDIs and
circles represent non-membrane specific DDIs. A membrane specific DDI is determined
if its enrichment factor (EF) is great than 1. The enrichment factor is calculated based on
two datasets (membrane vs. non-membrane). From the figure, it can be observed that the
frequency of most DDIs correlates to the number of involved proteins. A list of DDIs
with the top 10 EF scores is listed in the adjoining plot.
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statistically significant at a p-value of 6.45×10-5 by Z-test, indicating that DDIs play an
important role in integral membrane protein-protein interactions.

2.3.4 Comparison between other large-scale data sets
Two research projects focus on large-scale detection of membrane protein-protein
interactions on yeast. Miller and colleagues [11] identified 1,949 putative non-self
interactions among 705 integral membrane proteins using a modified split-ubiquitin
technique. Xia and colleagues [12] predicted 4,145 helical membrane protein interactions
among 516 proteins by using logistic regression based on genomic contexts such as
sequence, function, localization, abundance, regulation, and phenotype. Compared to the
1,949 experimental interactions from Miller et al., 438 interactions are correctly predicted
by our method. 79 interactions overlap between the predictions from Xia et al. and Miller
et al., indicating that our approach greatly improves on the method of Xia et al. (Figure
2.4). Interestingly, there are only 79 protein-protein interactions overlapping between the
results from all three approaches. We compared three sets of resultant interactions to 515
interactions in the gold-standard data set. Here, our approach correctly predicted 393
(81%) interactions, Xia et al. predicted 196 (38%) interactions and Miller et al. detected 4
(1.7%) interactions. This further validates the performance of our approach. The reason
for these differences among three large-scale sets of membrane protein interactions may
be that each approach focuses on different aspects. The experimental result from Miller et
al. is reliable but probably contains false positives and false negatives due to the intrinsic
limitation of experimental techniques they employed. The approach proposed of Xia et al.
focuses on interactions between complexes instead of on binary protein-protein
interactions, so the result from Xia et al. is prone to predict interactions in the complex.
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Our approach emphasizes the interactions through the topological properties of PPI and
DDI networks that are important features for predicting membrane protein interactions.

2.4 Conclusion
By exploring the global topological properties of protein-protein interaction data in yeast
as well as DDI data, we proposed a new scoring model that identifies protein-protein
interactions between integral membrane proteins and constructed the interactome map of
integral membrane proteins based on the resultant scores. This was achieved by
calculating the log likelihood of a pair of investigated proteins share more interacting
protein and domain partners than the random pair. We predicted 4,660 interactions
between integral membrane proteins and built the interactome of integral membrane
proteins in yeast. Tested on the gold-standard data set, our approach improves on other
predictive approaches and achieves 74.6% true positive rate at the expense of 9.9% false
positive rate. This study will allow us to reach a fuller understanding of the integral
membrane protein network in yeast and complements the previous prediction approach
based on genomic context. The resultant predictions provide testable hypotheses for
experimental validation. Future work is needed to integrate other related genomic context
characteristics to achieve a better prediction performance and a more general and
comprehensive view of the interactome of integral membrane proteins in yeast.

56

Figure 2.4 Comparison of the prediction results from three large-scale methods.
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3 GAIA: a gram-based interaction analysis tool - an approach
for identifying interacting domains in yeast2
3.1 Background
Biological functions of cells are determined by the strict regulation of molecular
interactions of proteins, lipids, carbohydrates and nuclear acids both temporally and
spatially. Protein-Protein Interactions (PPIs) play important roles in all biological
functions from enzyme catalysis, signal transduction, as well as many structural
functions. Owing to advances in large-scale techniques such as the yeast two-hybrid
system and affinity purification followed by mass spectrometry, interactomes of several
model organisms such as Saccharomyces cerevisiae [1-6], Drosophila melanogaster [7,
8] and Caenorhabditis elegans [9] have recently been extensively studied. While such
large-scale interaction data sets provide tremendous opportunities for data exploration,
there are limitations: 1) the experimental techniques for detecting PPIs are timeconsuming, costly and labor intensive; 2) the quality of certain datasets is uneven; and 3)
technical limitations such as the requirement to tag proteins of interest still exist. It has
been widely accepted that some proteins interact with each other through interactions
between their domains, which are defined as independent structural and/or functional
blocks of proteins. For example, some cytoskeletal proteins interact with actin because of
the interaction between their gelsolin repeat domains [10]. It has been reported that sets
of conserved residues within the WW domains can bind to proline-rich peptides [11].
Therefore, the identification of domain-domain interactions (DDIs) can potentially shed
light on the mechanism underlying PPIs. Unfortunately, identifying neither DDIs nor
A version of this chapter has been published. Zhang KX, Ouellette BF: GAIA: a gram-based interaction
analysis tool--an approach for identifying interacting domains in yeast. BMC Bioinformatics 2009, 10
Suppl 1:S60.
2
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PPIs through experimental approaches is trivial. As a complementary alternative,
computational approaches that identify DDIs have been studied intensively for years
yielding some interesting results.

The currently available computational DDI prediction approaches can be categorized as
follows: 1) Association-based approaches where each DDI is scored by the association of
the number of interacting domain pairs between interacting protein pairs and noninteracting protein pairs. These methods, however, only compute each DDI locally
without considering the information of other DDIs between protein pairs [12-14]. Deng
et al. proposed an optimized approach, maximum likelihood estimation (MLE), which
globally calculates the probabilities of interaction between two domains using the
expectation-maximization (EM) algorithm [15]. 2) Pattern-based approaches where the
domain interaction pattern of each interacting protein pair is utilized to predict DDIs by
applying machine learning approaches such as clustering algorithm [16] or random forest
algorithm [17]. 3) The Co-evolution-based approach where a pair of domains is regarded
as interacting with each other if they share very similar phylogenetic trees [18]. However,
one of the caveats for these DDI prediction approaches is that the information regarding
the sequences and structures of these domains is neglected and as a result they suffer
from low sensitivities and specificities.

It is known that segments of n contiguous amino acids (or n-grams) correlate to specific
secondary structure elements [19, 20]. Therefore, n-gram-based methods are widely
exploited to predict the secondary structure or subcellular localization of proteins and to
classify protein families using machine learning techniques [21-23]. The finding that n-
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grams are closely related to the secondary structure of protein domains prompts us to
wonder whether n-grams can interact with each other. In fact, several studies have
reported the interaction between n-grams. For example, molecular interaction exists
between Smurf1 WW2 domain and PPXY motifs of Smad1[24]. Src-homology 3 domain
(SH3) binds to a PXXP peptide [25]. Therefore, we hypothesize that some overrepresented gram-gram interactions mediate DDIs and thus PPIs. In this study, we
introduced a novel DDI prediction approach based on the primary sequence of proteins,
by extracting n-gram frequencies from the annotated domain and DDI data set in yeast.
This approach adopted following substantial expansion from a related study reported
previously [26]: 1) Instead of predicting PPIs, this work predicts DDIs based on domain
sequence and interaction data; 2) A new scoring model was developed to quantify each
gram pair.

Our approach, called GAIA, improves on other prediction approaches. When tested
against a gold-standard data set, GAIA achieves a true positive rate (sensitivity) of 82%
with a false positive rate (1 – specificity) of 21% and performs more accurately when the
length of the gram is set to 4 amino acids. Using GAIA, we generated a list of 4-gram
pairs that are significantly over-represented in DDIs in yeast. We postulate that these
pairs mediate the DDIs in yeast. Overall, we demonstrate that GAIA, a gram-based
method, provides a novel and reliable way to predict DDIs that may mediate PPIs in
yeast. Our results, which show the localization of interacting grams/hotspots, provide
testable hypotheses for experimental validation. Complemented with other prediction
methods, this study facilitates us to elucidate the entire interactome of cells.
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3.2 Methods
The aim of this work is to predict DDIs based on the frequency of each possible grampair from a pair of query proteins. The frequencies of aforementioned gram-pairs are
calculated from the annotated DDI data set and random data sets. In addition to
predicting DDIs, GAIA also generates a list of gram pairs and their protein primary
structure coordinates that contribute to the interaction between pairs of domains on query
proteins. Details of how the GAIA algorithm works are provided in the following section,
along with information about the data set collection, performance evaluation, and
development environment.

3.2.1 The GAIA algorithm (Figure 3.1)
Step A.

For each 4-gram Gi, in query protein A, we generated a list of iPfam

annotated domains dlistG[i] that contain this gram and the number of hits of this gram in
each domain;
Step B.

For each 4-gram Gj appearing in query protein B, we also generated a list

of Pfam annotated domains dlistG[j] that contain this gram and the number of hits of this
gram in each domain;
Step C.

For each gram-pair (Gi, Gj) between the query proteins A and B, we

calculated the frequency of hits freq[i][j] for this gram-pair represented in interacting
domain-domain pairs previously established in Pfam [27]. Then, the final frequency of
hits score[i][j] for this gram-pair was weighted by weightScore[i][j] to determine if the
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Figure 3.1 The general flowchart of the GAIA algorithm.

In step A and step B, two lists of Pfam annotated domains that contain two corresponding
grams were generated by searching the domain sequence data set from Pfam. In step C,
we all possible domain pairs derived from two lists of domains from step A and B were
searched and the frequency of hits were calculated by searching how many domain pairs
in the iPfam data set. In step D, if a pair of query proteins contained any gram-pair whose
hit frequency determined in step C was over a preset threshold, they were predicted in our
study to be interacting with each other. At the same time, a profile containing the number
of hits and the localization of hits on protein sequences was also generated. The predicted
protein pair and corresponding gram pairs were further validated based on their 3D
structures.
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number of its occurrences in the interacting domain pairs is statistically significant. The
hit scores and weight scores are calculated by the following formulas:

hitscore[i][ j] = No. of hits * weightScore[i][ j]

(1)

weightScore[i][ j] = P(real|random ) (Gram[i][ j])

(2)

Here, P(real|random)[i][j] is the probability of the number of occurrences of Gram[i][j] in the
interacting domain pairs is expected at random. Comparable control domain pairs were
randomly generated by pairing domains from the DDI data set.
Step D.

For each gram-pair generated from Step C, if the hit frequency was over

the preset threshold c and this gram-pair was located in a domain region, then this grampair and their corresponding domain pair was predicted to interact with each other. A
profile containing the number of hits and the positions of the gram-pairs in the input
query protein pair was simultaneously generated. This profile is important because it
provides information on the amino acid hotspots that are potentially contributing to the
physical interaction between the pair of query proteins.

3.2.2 Data set collection

We compiled 3,020 DDIs in yeast and their corresponding amino acid sequences from
Pfam [28], a database containing protein domains and domain families, and iPfam [27], a
database of DDIs derived from their RCSB Protein Data Bank (PDB) crystal structures
[29]. For the purpose of evaluating prediction performance, we used a “gold-standard”
dataset that contained 595 PPIs compiled from a PPI dataset identified by the
homologous protein interaction verification (HPIV) method [30]. It is reported that the
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HPIV positive dataset has better quality when used as the training data set for predicting
PPIs [30]. All interacting protein pairs in our positive gold-standard dataset were
expected to match three following criteria: 1) each pair is in the HPIV positive dataset; 2)
each protein contains more than one domain; 3) each pair contains at least one iPfam
DDI. We generated another “gold-standard” negative dataset containing 595 noninteracting protein pairs from the HPIV negative dataset. Compared to other simple
approaches [31, 32], HPIV applies multiple lines of evidence such as functional,
localization, expression and homology-based data [30].

3.2.3 Evaluation of the GAIA algorithm

The performance of the scoring method was measured by area under the Receiver
Operating Characteristic (ROC) curve and the Area Under the Curve (AUC). ROC
curve provide an indication of sensitivity and specificity. The area under the curve
highlights discrimination (i.e., the correct classification of interacting and non-interacting
proteins). The ROC curve was generated by calculating the true positive rate (sensitivity)
and the false positive rate (1-specificity) at the different thresholds on scores derived
from PPIs and DDIs in the network, and combined scores from both kinds of interactions
against the “gold-standard” data set. If the number of hits of any domain pair in a protein
pair was above the threshold and it was in the DDIs of the positive portion of the “goldstandard” data set, then it was regarded as a true positive. Alternatively, if it was not in
the positive portion of the “gold-standard” dataset, then it was a false positive. If the
number of hits of a domain pair in a protein pair was below the threshold and it was in
the negative portion of the “gold-standard” data set, then it was regarded as a true
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negative. Alternatively, if it was not in the negative portion of the “gold-standard” data
set, then it was a false negative.

The sensitivity, specificity and positive prediction value (PPV) were calculated as
follows:

Sensitivity =

No. of True Positives
No. of True Positives + No. of False Negatives

(3)

Specificity =

No. of True Negatives
No. of True Negatives + No. of False Positives

(4)

PPV =

No. of True Positives
No. of True Positives + No. of False Positives

(5)

3.2.4 Data and program availability

The related data sets and scripts, source code, and binaries are available for download
from [33]. All scripts were written in Perl language version 5.8.6 and tested on a
MacOS10.4.10 with a Macintosh work station (2.4 GHz Intel Core 2 Duo with 2GB 667
MHz DDR2 SDRAM). The source code and scripts are distributed under the terms of the
Creative Commons Attribution License, which permits unrestricted use, distribution, and
reproduction in any medium, provided the original author and source are credited.
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3.3 Results and discussion
3.3.1 Performance of the GAIA algorithm

To evaluate the performance of our algorithm, we tested the GAIA algorithm against both
gold-standard positive and negative PPI data sets by setting the n-gram length to 4 and
the threshold of DDI hits to 8.3. For the positive data set, 82% (886 out of 1080) of
interacting domain pairs were successfully predicted. For the negative data set, 21% (161
out of 767) of non-interacting domain pairs were incorrectly predicted to interact with
each other. These results indicate that our algorithm achieves a sensitivity of 82% and a
specificity of 79%. A receiver operating characteristic (ROC) curve was plotted by
measuring the sensitivity and specificity of GAIA tested against two gold-standard data
sets at different cut-off values of DDI’s hits (Figure 3.2). The area under the curve (AUC)
for the 4-gram is 0.79.

Next, we tested whether predicted DDIs could be utilized to predict PPIs. When there is
at least one of our predicted DDI existing between a pair of proteins, this pair of proteins
is predicted as interacting with each other. For the positive data set, it was observed that
76% (452 out of 595) of interacting protein pairs were successfully predicted. For the
negative data set, 25% (149 out of 595) of non-interacting protein pairs were incorrectly
detected to interact with each other, reaching a sensitivity of 76% and a specificity of
75% when the threshold of DDI’s hits is set to 8.3. These results demonstrate GAIA
superiority to even in vivo experimental PPI identification approaches showing sensitivity
of 60-65% [1-6, 8] as reported in recent publications [26, 34, 35]. However, it should be
noted that PPIs are predicted in GAIA under the assumption that interactions of
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Figure 3.2 The performance of the GAIA algorithm using different length gram
pairs.

Curve of receiver operating characteristics (ROC) plotted for different thresholds when
tested against the gold-standard positive and negative data set. The area under the curve
plotted by 3-gram is 0.51, 0.79 for 4-grams and 0.52 for 5-grams, respectively.
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given proteins are mediated by pairs of domains. Therefore, GAIA is not able to predict
those PPIs mediated by amino acid segments outside of known interacting domains.

3.3.2 Parameters of the GAIA algorithm

The GAIA algorithm is solely based on protein sequence; no further information is
needed. Only two parameters are needed to tune GAIA: (i) the length of gram (Lg) and
(ii) the threshold of the number of DDI hits (Nhit). From observations of the ROC plots
(Figure 3.2), we found that with gram length of 3 or less, the DDI hits are not specific to
the input DDI data set, therefore, yielding low true positive and high false positive rates.
Conversely, with gram length of 5 or more, the DDI hits are too specific/low to
differentiate between the positive and negative data sets. Therefore, we concluded that 4gram yielded the best accuracy. Choosing a proper threshold value optimizes the
sensitivity at the expense of the specificity. Similarly, a higher threshold results in a
decreased sensitivity with an increase in specificity. Based on the ROC plots, it was
found that GAIA achieves a sensitivity of 82% and specificity of 79% when the threshold
is set to 8.3 (Figure 3.2).

3.3.3 Case studies on predicted DDIs

Our predictions were directly validated for some PPIs using documented threedimensional structures available in the literature. For example, RPB1 (YDL140C,
NP_010141.1) and PRB2 (YOR224C, NP_014867.1), two subunits of RNA polymerase
II, are known to interact with each other [36]. Based on the iPfam annotation, these two
proteins have three DDIs: PF04983 vs. PF03870; PF05000 vs. PF03870; PF04922 vs.

72

PF03870. GAIA successfully predicted the interaction between this pair of proteins.
Interestingly, we found a 4-gram pair (KLTL:EAAS) which may contribute to the PPI.
The first 4-gram, KLTL, is located in the region of residues 533 – 536 which corresponds
to PF04983 (RNA polymerase Rpb1) on RPB1. EAAS is located in the region of
residues 27 – 30, which corresponds to PF03870 (RNA polymerase Rpb8) on RPB8
(Figure 3.3).

The interaction between COR1 (YBL045C, NP_009508.1) and QCR2 (YPR191W,
NP_015517.1), two subunits of the ubiquinol cytochrome-c reductase complex
(cytochrome bc1 complex) involved in cell respiration as a part of the mitochondrial
inner membrane electron transport chain [37] was also examined. The interaction
between COR1 and QCR2 has been validated by experimental approaches [1, 5, 36] and
also by the GAIA algorithm. From the GAIA results, two gram pairs may contribute to
this interaction. The first pair (GVSN:GGLF) is located in the region of residues 68 – 71
which corresponds to PF00675 (Peptidase family M16) on COR1 and the region of
residues 282-285 which corresponds to PF05193 (Peptidase M16 inactive domain) on
QCR2. The second pair (LHST:VRDQ) is located in the region of residues 164 – 167
which also corresponds to PF00675 on COR1 and the region of residues 289 – 292
which corresponds to PF05193 on QCR2.

3.3.4 Detecting new DDI-mediated PPIs and unknown domains

The GAIA tool performs well on previously reported PPIs mediated by DDIs in the goldstandard data set at a true positive rate of 82%. We therefore sought to apply the GAIA
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Figure 3.3 3D structure of the interaction between RPB1/YDL140C and
PRB2/YOR224C.

A 4-gram pair KLTL:EAAS (red region) that is predicted to contribute the DDI between
PF04983 on RPB1 and PF03870 on RPB8 is highlighted. This gram pair is expanded on
the right side of the figure for clarity. The figure was generated based on the PDB crystal
structures (PDB: 1y1v) using the protein structural viewing tool Cn3D [38].
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tool to identity novel PPIs and to determine the domains through which these interactions
are mediated. Recently, Smy2p (YBR172C, NP_009731.2), a yeast gene encoding a
protein of unknown function, was found to interact with Sec23p (YPR181C,
NP_015507.1)/Sec24p (YIL109C, NP_012157.1) subcomplex and to participate in the
coat protein complex II (COPII) vesicle formation from the endoplasmic reticulum (ER)
[39]. The interaction between Smy2p and Sec23p was successfully predicted by GAIA.
According to the domain annotations from the Pfam database [28], there is one annotated
domain (PF02213: GYF) in Smy2p and 5 annotated domains (PF04810: zf-Sec23_Sec24;
PF04811: Sec23_trunk; PF08033: Sec23_BS; PF04815: Sec23_helical; PF00626:
Gelsolin) in Sec23p. Currently, there is no report of DDIs between Smy2p and Sec23p in
the literature. However, upon close examination of the prediction results from GAIA, we
found two gram-pairs that may contribute to this PPI. The first pair has 18.7 hits in the
DDI data set and is located at residues 410 – 413 of Sec23p, which corresponds to
PF08033 and residues 68 – 71 of Smy2p. The second pair has 15.3 DDI hits and is
located at residues 409 – 412 of Sec23p which corresponds to PF08033 and residues 499
– 502 of Smy2p. These results suggest that the Beta sandwich domain on Sec23p might
be involved in the PPI between Sec23p and Sym2p. Furthermore, we found that a pair of
4-grams located at residues 616 – 619 in the Beta sandwich domain of Sec24p interacts
with a 4-gram located at residue 713 – 716 of Sym2p, further supporting the important
role for the Beta sandwich domain in the interaction between Sec23p/Sec24p and Sym2p.
However, no known domain annotations have been associated with the location of the 4grams on Smy2p, suggesting that potential domains of functional interest on Smy2p need
to be further validated experimentally.
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In addition to identifying new PPIs mediated by DDI, we tested our GAIA tool to infer
new interacting domains from the predicted PPIs. Bud5 (YCR038C, NP_009967.2) and
Bud8 (YLR353W, NP_013457.1) are two proteins involved in bud-site selection of
diploid cells in yeast [40]. Krappmann et. al utilized the systematic structure-function
analyses to identify that Bud5p physically interacts with Bud8p, and also interacts with
Bud9p (YGR041W) which is involved in the delivery of the proteins to the cell poles
[41]. They found that the region of residues 74 – 216 on Bud8p and the region of residues
91 – 218 on Bud9p are interacting domains required to bind Bud5. GAIA predicted a 4gram pair that might mediate this interaction. This gram pair has 12.4 hits in the DDI data
set and is located at residues 183 – 186 of Bud8p, which corresponds within the newly
discovered 74 – 216 region mentioned above. This data supports our hypothesis that
GAIA can be used to detect novel interacting domains from public domain-related data
sets.

3.3.5 Characterizing over-represented gram pairs

In our study, we have demonstrated that gram pairs are valid elements in determining
DDIs. In order to shed light on how these gram pairs actually interact with each other, we
sought to identify and characterize the gram pairs over-represented in DDIs in the yeast
proteome. We generated a list (Table 3.1) of over-represented gram pairs from the DDI
data by quantifying occurrences in both DDI data set and randomized negative data sets.
The randomized negative data sets contain the same number of domain pairs as the iPfam
DDI data set but these domain pairs do not exist in the iPfam DDI data set. As shown in
Table 3.1, we found that most over-represented gram pairs are identical to each other.
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Table 3.1 A list of the most frequent gram pairs in our domain-domain interaction
data set.
Gram A
Gram B
Frequency
P-value
LKEL
2.2×10-16
LKEL
36
ELLK
7.7×10-16
ELLK
35
LKKI
2.2×10-16
LKKI
33
LKKL
2.2×10-16
LKKL
32
LSKL
2.2×10-16
LSKL
32
DLSK
2.2×10-16
DLSK
31
ELLN
2.2×10-16
ELLN
31
LKSL
2.2×10-16
LKSL
31
EKLV
2.2×10-16
EKLV
30
LKNL
2.2×10-16
LKNL
30
For clarity, only gram pairs whose number of occurrence is greater than 30 were listed. Pvalues for gram pairs were calculated using z-test by comparing the actual frequency of
each gram pair to its corresponding frequencies in 1000 randomized domain-domain
interaction data sets.
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This finding suggests that some types of domains tend to interact with themselves. Such
self-interactions could occur between SNARE transmembrane domains that promote the
hemifusion-to-fusion transition [42]. Analyzing the DDI pair in iPfam, we found that
such self-interactions between domains constitute approximately half (51%) of iPfam
DDIs. It is therefore not surprising that these identical gram pairs occur so frequently in
the DDI pairs. A majority of these interacting gram pairs consist of two consecutive
hydrophilic (K, E or N) amino acids flanked by two hydrophobic amino acids (L, I or V),
or two consecutive hydrophobic amino acids flanked by two hydrophilic amino acids. We
reason that this kind of distribution of hydrophobicity may place the two amino acids in
the middle in an environment where their hydrophobicity is reinforced by the surrounding
amino acids of opposite hydrophobicity. Such reinforcement of hydrophobicity may
increase the opportunity of this gram interacting with another gram with similar
hydrophobicity reinforcement.

3.3.6 Comparison between different approaches

DDI prediction algorithms similar to GAIA such as association method (AM) [14],
maximum likelihood estimation approach (MLE) [15] and relative co-evolution of
domain pairs approach (RCDP) [18] have recently been reported. It is difficult to
compare the prediction accuracy of each approach directly because different testing
datasets were utilized in each study. It is reported that AM achieves a sensitivity of 97%
when tested against a small subset of interacting proteins. MLE achieved a sensitivity of
77.6% and a positive prediction value (PPV) of 42.5% when tested against a combined
data set identified by yeast two-hybrid (Y2H) system. RCDP reported a sensitivity of
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63.95% against a positive data set containing interacting proteins with DDIs derived from
Protein Data Bank (PDB) crystal structures [18] and a specificity of 55.19% against a
data set of randomly generated protein pairs. In order to eliminate the possibility that our
gold standard data set is biased towards GAIA, therefore, we tested GAIA against the
same testing data set (combined data from two Y2H data sets derived from Uetz et al. [6]
and Ito et al. [4]) used in each approach. GAIA achieved sensitivity of 78% whereas AM
and MLE achieved sensitivity of 42.5% and 24%, respectively, at same specificity of
79% [15], indicating that GAIA outperforms both AM and MLE. To account for the
consideration that the improved performance is due to the better quality of input data, we
also trained AM and MLE on 6304 PPIs containing the identical number of DDIs as our
GAIA training data set. AM achieved a sensitivity of 51% with a specificity of 79% and
MLE achieved a sensitivity of 57% with a specificity of 79% when tested against our
gold-standard data set, proving that protein sequence information combined with
structural information derived from iPfam is a better indicator to predict DDIs. GAIA
achieved a sensitivity of 83% when the specificity was set to 55% using the same testing
data set as RCDP, illustrating that GAIA performs better than RCDP. In summary, GAIA
has the following advantages compared to the other aforementioned approaches: 1)
GAIA can achieve better sensitivity and specificity in detecting DDIs; 2) GAIA is solely
based on domain sequences and DDIs derived from PDB, rather than just PPI
information, since prediction performance may be affected by poor PPI data set quality.
We strongly believe that gram pairs such as those used in GAIA play a “signature” role in
mediating the binding of a domain pair or protein pair. 3) By using protein sequences,
GAIA precisely specifies the localization of interacting grams/hotspots.
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3.4 Conclusions
GAIA is a novel tool for identifying DDIs that mediate PPIs. GAIA takes the public DDI
data set and the domain sequence data set as inputs and predicts the interaction between a
query protein pair if the DDI hit frequencies of the gram pairs across the query proteins
are above the preset threshold (8.3 DDIs). Tested against a “gold-standard” data set,
GAIA achieves 82% true positive rate at the expense of 21% false positive rate. GAIA
was used to identify a list of 4-gram pairs that is significantly over-represented in the
DDI data set that may mediate PPIs. GAIA allows us to predict currently unknown
interacting domains and to identify potential interacting gram pairs/hotspots between
proteins. This study complements previous prediction approaches and improves upon
similar prediction modeling systems. The resultant predictions provide testable
hypotheses for experimental validation. GAIA is limited by its highly intensive
computational time (10 mins/per pair), which is currently being addressed by making
changes to GAIA so that it can run in a distributed environment. While GAIA has good
prediction capacity, increasing the size of the DDI data set would assist identification of a
more complete set of gram pairs within the DDI data sets. This could ultimately lead us
to a more complete identification of PPIs mediated by DDIs.
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4 Pandora, a PAthway and Network DiscOveRy Approach
based on common biological evidence3
4.1 Introduction
One definition of a biological pathway is a defined group of biological entities that are
organized in a specified order and perform a specified biological task or function [1].
Complex structures in cells can be viewed as organizers of pathways, separating,
directing and organizing the inputs and outputs of various pathways. Our understanding
of how each pathway works and interacts with other pathways is, however, far from
complete. Using high-throughput techniques, the internal organization of cells can be
studied from a systematic perspective. For example, the interactomes of several model
organisms such as Saccharomyces cerevisiae [2-7], Drosophila melanogaster [8, 9] and
Caenorhabditis elegans [10] have been extensively studied in large-scale protein-protein
interaction studies, providing rich data sets from which to map disparate functional
modules in these interactomes onto biological pathways at the protein level. To
complement these proteomic studies, the generation of large-scale genetic interactome
data sets have helped us to interpret pathway organization in S. cerevisiae [11-14], C.
elegans [15, 16] and D. melanogaster [17] at the gene to phenotype level. Similarly, at
the transcription level, microarray techniques have generated large amounts of data
enabling the construction of transcription networks for specific biological pathways under
any given biological condition of interest [18]. In spite of these developments, results to
date have yielded few overlapping data sets, making it difficult to infer the organization
A version of this chapter has been published. Zhang KX, Ouellette BF: Pandora, a PAthway and
Network DiscOveRy Approach based on common biological evidence. Bioinformatics 2010 Feb
15;26(4):529-35. Epub 2009 Dec 22.
3
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of pathways. This situation has prompted us to propose and develop a novel
computational approach that integrates disparate biological information and predicts
specific pathways (defined group of proteins that are organized in a specified order and
perform a specified biological task or function) and their organization.

In defining a pair of proteins as the basic unit of a pathway, and by revealing the
functional relevance of these pairs, biological evidence can be used to infer their roles in
the context of a pathway. It is possible for us to utilize databases containing biological
data sets to explore how pathways are organized. Kelley and Ideker [19] developed a logodds scoring model that identified 360 pathway pairs and 401 pathways in yeast by
incorporating physical interactions and genetic interactions (synthetic-lethal and
synthetic-sick interactions). Their study provides a starting point to reveal pathway
organization and function from high-throughput data. Ulitsky and Shamir [20] proposed a
modified methodology based on Kelley and Ideker’s approach and identified 140
pathway pairs and 280 pathways that contain more information regarding genetic
interactions than the previous method. In both approaches, the connection of each protein
pair is scored by the probability of observing this connection at random for the given
networks, which might result in limited performance due to inaccurate null hypotheses of
the underlying statistical tests. Further, neither of these methods consider the situation
where some identified pathways contain both dense physical interactions and dense
genetic interactions, resulting in large pathway sizes that need to be further clustered.
Instead of employing both physical interactions and genetic interactions, Ma and
colleagues [21] designed a method using synthetic lethal interactions alone. They
identified 2,590 pathway pairs and 5,180 pathways in yeast by searching approximately
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complete bipartite graphs within the synthetic lethal interaction network. In a recent
publication, Brady and colleagues introduced a novel approach that discovered 602 and
1,510 pathway pairs by searching stable bipartite subgraphs on two different versions of
genetic interaction networks [22]. However, since genetic interaction data is far from
complete, only partial pathway organization can be inferred when using genetic
interaction data alone, as the proteins outside of genetic interaction data sets have been
overlooked. Thus, a more comprehensive understanding of the cellular pathway
organization requires more heterogeneous data that is functionally associated to
complement the genetic interaction data.

To address the above limitations, we incorporated four types of functionally associated
data in the model organism S. cerevisiae: protein-protein interactions (PPIs), genetic
interactions (GIs), domain-domain interactions (DDIs) and semantic similarity of GO
terms. PPI data increases the gene coverage compared to the genetically interacting gene
list. However, it has been demonstrated that the quality of large-scale PPI data is limited
by its high false positive and false negative rates [23, 24]. To overcome these limitations,
we included DDIs to provide more biological evidence for protein pairs, as it has been
widely accepted that some proteins interact with each other through interactions between
their respective domains which are defined as independently structural and/or functional
blocks of proteins [25, 26]. Semantic similarities of GO terms provide further evidence
for a protein pair in terms of their biological functions. We integrated these four
biological data sources for protein pairs with a weighted score that represents pathway
relevance between a pair of proteins. We developed a new graph clustering algorithm to
group proteins sharing similar neighborhoods on the weighted network of yeast. By
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comparing our results to pathway annotations from KEGG [27], BioCyc [28] and
Reactome [29], we found that our approach is able to predict biological pathways with a
higher positive predictive value (PPV) compared to other approaches (Brady et al, 2009;
Kelley et al, 2005; Ma et al, 2008; Ulitsky et al, 2007). Our results, which revealed new
members of pathways, provide testable hypotheses for experimental validation.
Complemented with other predictive methods, our study makes promising progress in the
process of deciphering the entire pathway organization in yeast cells. This approach has
application in other eukaryotic systems where large data sets are available.

4.2 Methods
4.2.1 Data sources
We downloaded physical interaction and genetic interaction data for S. cerevisiae from
the BioGRID database (http://www.thebiogrid.org) [30] version 2.0.49. The BioGRID
database is a literature-based repository containing physical interaction and genetic
interaction data. Interactions are categorized as “Two-hybrid”, “Affinity CaptureLuminescence”, “Affinity Capture-MS”, “Affinity Capture-RNA”, “Affinity CaptureWestern”, “Biochemical Activity”, “Co-crystal Structure”, “Co-fractionation”, “Copurification”, “Co-localization”, “Far Western”, “FRET”, “PCA”, “Protein-peptide”,
“Protein-RNA”, “Reconstituted Complex” in the BioGRID database are selected. For
genetic interactions, only interactions labeled as “synthetic lethality” in BioGRID were
selected. After removing redundant interactions, the interaction data contained 43,687
unique physical interactions and 10,735 genetic interactions. We also compiled 7,820
domain-domain interactions in yeast from two sources: 1) the iPfam database [31], a DDI

88

database derived from RCSB Protein Data Bank (PDB) crystal structures
(http://www.pdb.org); and 2) the list of predicted DDIs from our previously published
GAIA algorithm [32], a method to identify interacting protein domains.

4.2.2 Gene ontology similarity scores

The functional relationship of proteins can be estimated from how they share protein
annotation in a controlled vocabulary system, such as Gene Ontology (GO) [33]. We
assigned a semantic similarity score to each protein pair to represent how close they work
together in a molecular function. We downloaded the GO terms associated with each
protein from the Saccharomyces Genome Database [34], as of October 2008. Given two
groups of GO terms (G1 and G2) for two query proteins P1 and P2, semantic similarity
between protein pairs was calculated by a similar approach as G-SESAME [35] :

Sim(G1,G2) =

" "

Sim(Term1,Term2)

1!i! G1 1! j! G 2

G1 # G2

where |G1| and |G2| is the number of GO terms associated with P1 and P2, respectively.
The range of semantic similarity scores lies between 0 and 1.The semantic similarity
score between two GO terms t1 and t2 was calculated by the following equation:

Sim(t1,t2) =

#

(Scoret1 (t) + Scoret 2 (t))

t!ancestors(t1"t 2)

#

t!ancestors(t1)

Scoret1 (t) +

#

Scoret 2 (t)

t!ancestors(t 2)
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Score() is the function to measure the edge (semantic relations) connecting two GO terms
and defined as:

Scoret1 (t) = max{weight ! Scoret1 (t ')} if t " t1

where t’ is the children of the GO term t. If t = t1, the score is 1. The weight score is 0.8
for the “is-a” relation and 0.6 for the “part-of” relation as Wang did [35].

4.2.3 Data integration to a weighted biological network

For each protein pair in the physical and genetic interaction data, we assigned a
confidence score to each connection by combining four types of biological evidence:
physical interaction, genetic interaction, domain-domain interaction and GO term
similarity. If a physical interaction connects a pair of proteins, we assigned 1 to it,
otherwise 0. If a domain-domain interaction connects a pair of proteins, we assigned 1 to
it, otherwise 0. To minimize genetic interactions within pathways, we assigned 0 to a pair
of proteins if a genetic interaction connects them, otherwise 1. We followed the
previously described method to calculate a GO term similarity score for each pair. An
integrated/confidence score (c) was calculated by averaging these four scores under the
assumption that the score from each type of evidence contributes equally to the
association between a pair of proteins. Finally, we generated a biological network in
which each protein connects to other proteins by the weighted edges. In total, the
resultant network contained 5,280 proteins.
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4.2.4 Pathway finding algorithm

We developed a new clustering algorithm based on the weighted network. Given a
weighted biological network G in yeast, our algorithm computes the following steps to
find clusters representing pathways { P } in a similar fashion as previous studies [36, 37]:

Step A. For each protein in the network, a pathway protein label was applied if it had at
least n topologically similar proteins. Here, n was set to 2, the minimal size of a pathway
being two proteins. Given a protein x, a set of topologically similar proteins Y of protein
x was defined by the Jaccard coefficient :

#% {neighbors ( ti )} ! {neighbors ( x )}
Y =$
> s : ti is one of neighbors of
&% {neighbors ( ti )} " {neighbors ( x )}

'%
x(
)%

Here, s is the threshold of topological similarity scores.

Step B. Each protein labeled as a pathway protein was used as a starting point of a
pathway P by iteratively searching topologically similar proteins to it and adding them to
P unless it had already been classified.

Step C. Each remaining protein (not labeled as a pathway protein) was added to each
pathway if it has connections to multiple pathways; otherwise, it was classified as a nonpathway protein.
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Pathway Finding Algorithm
Input: G, s, n
Output: { P }
for each x ∈G do
T = neighbors(x) // T is a set of neighbors of x
for each t ∈T do
y=

{neighbors(t)} ! {neighbors(x)}
{neighbors(t)} " {neighbors(x)}

if (y > s)
topological_neighbors←t
end if
end for
if (topological_neighbors >= n)
pathway_proteins ! x
end if
end for
until each protein x ! pathway_proteins is assigned to a pathway ID do
assign x to a pathway P
recursively find topological similar proteins Y of x
until each protein y ! Y is assigned to a pathway ID do
assign protein y to P
end until
end until
return { P }

4.2.5 Evaluation of the algorithm (Adjusted Rand Index)

We utilized the adjusted rand index (ARI) [38] to measure the similarity of our resultant
pathway organization to other pathway annotation sources. The adjusted rand index has
been widely used in determining the agreement between two partitions of any network.
Scores lie between 0 and 1, and when the two tested partitions agree perfectly, the score
is 1. For each identified pathway from our approach, we compared it to every pathway in
three pathway databases (KEGG [27], BioCyc [28] and Reactome [29]) and calculated
the adjusted rand index score for each identified pathway. Given a pathway X from our
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approach and an annotated pathway Y from KEGG or Reactome, the adjusted rand index
was calculated as:

ARI (X , Y ) =

2(A ! B " C ! D )
((A + D )! (D + B )+ (A + C )! (C + B ))

where A, denoted as (X∩Y), is the number of proteins appearing in both pathways X and
Y; B, denoted as (Z-(X∪Y)) is the number of proteins appearing in neither pathway X
nor Y given the number of proteins Z (The number of proteins in this study is 5,280.) in
yeast; C, denoted as (X-(X∩Y)), is the number of proteins appearing in pathway X but
not in Y; D, denoted as (Y-(X∩Y)), is the number of proteins appearing in pathway Y but
not in X.

The final index score of pathway X is defined as the maximal score compared to all
annotated pathways in databases:
n

ScoreARI (X ) = Max (ARI (X , Yi ))
i =0

We regarded pathway X as a true positive if ScoreARI(X) is greater than or equal to 0.5,
which meant that at least half of two tested pathways agree with each other. This cutoff is
significantly greater than found by chance (Wilcoxon Rank Sum test , P < 10-4).

4.2.6 Network Randomization
Comparable control networks were generated by randomly rewiring a pair of edges to
connect different pairs of nodes in the interaction networks and then repeating the
rewiring step. The number of the repeats equals to the total number of the edges in the
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networks. This method was previously reported and utilized by other groups [39, 40].
With this approach, the degree distribution of a given interaction network can be
preserved. The randomization procedure was repeated 1000 times.

4.3 Results and discussion
4.3.1 Parameter tuning
Pandora identifies pathways by finding neighboring proteins based on confidence scores
of protein pairs derived from multiple types of biological evidence. Only two parameters
for this method require tuning: (i) the threshold of confidence scores (c); and (ii) the
threshold of topological similarity scores (s). We applied our pathway finding approach
using different combinations of c and s. We then evaluated the performance of our
approach by calculating the positive predictive value (PPV), which is generated by
comparing our identified pathways to the Reactome pathways based on ARI scores. Here,
PPV is defined as: No. of True Positives / (No. of True Positives + No. of False
Positives). From the observation of the performance plot (Figure 4.1), we concluded that
our approach achieves the best PPV performance if c and s were set to 0.7 and 0.5,
respectively. With these settings, the PPV is 12.8% when tested against the Reactome
pathway annotations. Identical settings show good performance for the KEGG and
BioCyc pathway annotations (Figure 4.1). In addition, when c and s were set as 0.7 and
0.5, we also observed the best recall rates (sensitivity) obtained by our approach when
tested on three pathway databases (Figure 4.2). The best recall rates for Reactome,
KEGG and BioCyc are 6.6%, 8.3% and 8%, respectively. We found that with higher c
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Figure 4.1 3D PPV performance plot tested on different combinations of the
threshold of confidence scores (c) and the threshold of topological similarity scores
(s).

The positive predictive values (PPVs) of our approach are plotted for different
combinations of thresholds when tested against Reactome (A), KEGG (B) and BioCyc
(C). For simplicity, only c ranging from 0.6 to 0.9 and s ranging from 0.2 to 0.9 are
tested. The red dot represents the peak showing the best performance of our approach
when c and s set as 0.7 and 0.5, respectively.
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and s, small sub-networks are generated, and consequently lowering the PPV. On the
contrary, with lower c and s, the network contains high noise and generates many false
positives.

4.3.2 Summary statistics of identified pathways

Our approach identified 195 biological pathways, which covers 31% (1,617 out of 5,280)
of the yeast proteins, 38% (16,685 out of 43,687) of the physical interactions, 8.3% (890
out of 10,735) of the synthetic lethal interactions, and 18% (1,407 out of 7,820) of the
DDIs involving yeast proteins. The relatively high coverage of both physical interactions
and DDIs and the low coverage of genetic interactions indicate that the pathways
identified in our study tend to have dense physical interactions while the genetic
interactions in these pathways are sparse. It is not surprising that we identified fewer
pathways than previous methods because more constraints such as GO term similarity
scores and DDIs were applied in identification of the pathways to ensure the reliability of
identified pathways. The size of identified pathways ranged from 2 to 407 proteins, with
a strong bias to short pathways. The distribution of pathway size in our study is
statistically consistent with that of pathways generated from two previous methods
(Kelley and Ideker, 2005; Ulitsky and Shamir, 2007) based on physical interaction data
and genetic interaction data with the p-value of 0.04 and 2.4 x 10-5, respectively, by the
Wilcoxon Rank Sum test (Figure 4.3). However, the distribution is not consistent with
that of those approaches (Brady, et al., 2009; Ma, et al., 2008) based on genetic
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Figure 4.2. 3D recall rate performance plot tested on different combinations of the
threshold of confidence scores (c) and the threshold of topological similarity scores
(s).

The recall rates of our approach were plotted for different combinations of thresholds
when tested against Reactome (A), KEGG (B) and BioCyc (C). For simplicity, only s
ranging from 0.6 to 0.9 and c ranging from 0.2 to 0.9 are tested. The red dot represents
the peak showing the best performance of our approach when c and s set as 0.7 and 0.5,
respectively.
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Figure 4.3 Distribution of pathway sizes of different approaches.

The distribution of pathway sizes of Kelly and Ideker [19] is represented by the red line;
the distribution of pathway sizes of Ulitsky and Shamir [20] is represented by the blue
line; the distribution of pathway sizes of Ma et al. is represented by the green line; the
distribution of pathway sizes of Brady et al. is represented by the brown line and the
distribution of pathway sizes of our approach is represented by the black line. All
pathways are non-redundant.
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interactions alone, with the p-value of 0.42 and 0.07, respectively, by the Wilcoxon Rank
Sum test. We also found a correlation between the number of protein hubs and the size of
the pathway (the Pearson correlation coefficient is 0.79 at p-value < 2.2 x 10-16). In other
words, more protein hubs were identified in pathways of larger size. Here, we defined the
top 20% of proteins in the PPI network of S. cerevisiae with high degrees as “protein
hubs” as Yu and colleagues presented [41]. Taken together, we propose that such a
distribution of pathway size reflects a scale-free topological property present in the
network, a property that is currently supported by multiple types of biological evidence
but not by the genetic interaction network alone. A list of the identified pathways and
their members found in our study is listed in Table 4.1. We found that the topological
properties of the source PPI network are similar to those of the network of our identified
pathways, which indicates that our approach does not appear to have a bias towards the
highly connected areas of the source PPI network (Table 4.2).

4.3.3 Validation of our approach

GO term enrichment analysis was used to measure the cellular functions of identified
pathways as performed in previous studies [42, 43]. However, because GO semantic
similarity scores have been integrated into our approach as one of the types of biological
evidence, we used a different evaluation method to measure pathway biological function.
We tested our identified pathways on three public pathway databases: KEGG [27],
BioCyc [28] and Reactome [29]. The KEGG database contains manually annotated
pathways based on biochemical evidence from the literature, including metabolism,
genetic information processing, environmental information processing and cellular
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Table 4.1 A list of identified pathways in this study.
195 pathways were identified in this study. Each pathway is numbered in the first
column. Numbers of Proteins is the number of gene products in each pathway. Protein list
is the list of gene products in each pathway. The annotation of each pathway was
assigned by the GO term with the smallest P-value from FunctionAssociate [44]. ARI
score is the highest ARI score of each identified pathway obtained by comparing it to
every pathway in three pathway databases.
Pathway
0

No. of
Proteins

Proteins

GO Annotation

407 YGR129W YPR165W YKL168C YMR197C YDL116W YIL143C
0000398: nuclear mRNA
YDR167W YLR052W YPR086W YBR279W YKR055W YNL025C
splicing, via
YDR443C YGL092W YMR183C YER146W YPL140C YML049C
spliceosome/mRNA
YDR416W YDL108W YMR240C YPL115C YPL119C YLL019C YLR078C splicing/pre-mRNA splicing
YML015C YER107C YPR054W YMR075W YDR088C YHR079C
YGL120C YMR001C YBR055C YGR040W YGL210W YLR293C
YOL115W YOR231W YPR168W YGR104C YPR057W YNL180C
YDL101C YJL081C YNR031C YML010W YDR164C YDR283C YCR081W
YJL176C YFR005C YFL013C YMR091C YBR065C YDL175C YOR267C
YER031C YDR079C-A YNL286W YNL093W YKR022C YGL078C
YHR102W YOR194C YKL095W YHR041C YHR086W YNL298W
YHR165C YMR263W YOL113W YJR132W YDR192C YPR178W
YER022W YKL006C-A YPL026C YLR262C YGL222C YDL030W
YER112W YLR385C YKR029C YML031W YDL087C YLR335W
YDR490C YHR099W YDL098C YML103C YMR104C YPL129W
YJR059W YKL139W YPR082C YNL112W YDR389W YOR089C YJR022W
YPR034W YIL126W YDR477W YBR188C YER114C YKL173W YFL005W
YGR275W YOR244W YKL012W YAL041W YDR308C YFR037C
YIL097W YNL216W YHL007C YJL050W YAR042W YIR009W YOR127W
YGR116W YER164W YGR002C YHR082C YMR153W YDR498C
YDR359C YAR018C YDL127W YGL238W YNR010W YLR321C
YBR200W YGR091W YGL244W YGR005C YGL098W YDL209C
YLR418C YDR247W YKR008W YHL031C YPR056W YOR185C YBR264C
YLR116W YHR205W YBR135W YLR026C YDR507C YOL145C
YOR290C YLR248W YKL126W YNL097C YML127W YBR095C YIL004C
YKL203C YLR113W YFL024C YGL194C YMR135C YOR106W
YMR236W YER172C YJL124C YOL051W YFL002C YLR424W YMR112C
YGL212W YIL084C YNR023W YJR042W YGR074W YGL180W
YPR101W YGL158W YGR186W YDL002C YDR190C YDL088C
YNL161W YDR334W YLR071C YPL031C YBR059C YBR231C YDR379W
YGR063C YDR189W YOR304W YOR233W YLL036C YOR123C
YGL025C YDL005C YDL056W YJL165C YOL149W YCL032W YCR042C
YJR082C YOR134W YIL115C YJL141C YCR038C YLR362W YGR278W
YDR378C YNL307C YFL017W-A YDR311W YLR438C-A YNR011C
YCR033W YKL048C YBR253W YBL016W YER009W YGL100W
YCL039W YPL151C YBR289W YBR198C YHR058C YPL209C YDR364C
YJL041W YKR062W YER136W YLR229C YGR075C YFL033C YMR005W
YLR208W YBL026W YFL038C YEL018W YGL172W YMR290C
YBL079W YDR460W YLR147C YIL061C YHL025W YGR056W YOL135C
YGL195W YDR235W YNL289W YGR119C YPR106W YER013W
YER029C YDR309C YNL236W YFR009W YOL004W YKL028W
YAL011W YNL304W YHR056C YJL128C YFL047W YML098W
YDR002W YBR260C YLR396C YML001W YIR005W YMR047C YLR276C
YJL061W YBR193C YDL043C YJL203W YPL235W YBR119W YHR061C
YLL008W YFR002W YPL122C YDR264C YBL093C YPL011C YPL082C
YOR319W YDR422C YLR371W YDR303C YDR523C YOR204W
YKL058W YPR023C YKL068W YMR235C YJL187C YDL019C YBR103W
YLR298C YBR245C YDL028C YKR014C YLR093C YDR073W YFL029C
YDL076C YMR227C YCL024W YML041C YPL153C YNL330C YGL095C
YKL074C YOR308C YLR005W YBR160W YLR275W YPR025C
YMR288W YOR327C YPR070W YPL232W YPR182W YNL245C
YML046W YER035W YJL095W YER171W YOR098C YDR163W
YLR268W YIL079C YOL018C YKL092C YIL063C YJL106W YGR006W
YHR030C YNR038W YOR141C YDR473C YMR268C YGL150C YKL057C
YGR152C YKR082W YMR129W YKR024C YPL204W YBR142W
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YOR159C YDL159W YCR052W YGL112C YPR031W YDR485C
YNL136W YKR086W YPL181W YNL059C YLR033W YDR145W
YLR085C YLR398C YNL090W YGR233C YIL112W YGR274C YML114C
YDL031W YIL095W YER105C YER027C YLR096W YDR468C YDL240W
YER155C YAL030W YPL016W YOR174W YER111C YNL118C
YMR213W YBR152W YCR091W YLR357W YDR240C YNL299W
YMR033W YGR092W YNL147W YKL196C YNL107W YGR013W
YAR019C YLR182W YLR055C YJR050W YOR148C YOR036W YCR073C
YDR255C YJR066W YPL139C
1
2

3

4
5

6

7
8

9

3 YPR156C YGR138C YLL028W
65 YMR193W YML025C YDL202W YPL118W YBR122C YGR220C
YNL081C YJR113C YDR322W YGR076C YDR494W YDR237W
YBL038W YKL155C YIL093C YMR188C YOR150W YNL252C YKR085C
YPL013C YDR175C YML009C YDR116C YLR439W YNL177C YJR101W
YKL167C YPR166C YBR146W YHL004W YOR158W YGL129C YNL005C
YDR462W YGL068W YGR084C YBR251W YDR347W YBR268W
YMR024W YBR282W YPL173W YJL063C YDR337W YDR405W
YNR037C YDR041W YNL185C YNL137C YMR158W YDL045W-A
YER050C YCR003W YLR312W-A YNL306W YNL284C YKL003C
YGR165W YCR046C YHR147C YGR215W YKR006C YCR071C Q0140
YBL090W
25 YOR232W YGR082W YPL063W YNR017W YKL195W YMR203W
YOR297C YEL020W-A YJL143W YJR135W-A YLR008C YNL131W
YGR181W YKR065C YHR005C-A YPR133W-A YHR117W YNL328C
YGR033C YDL217C YBR091C YIL022W YJL104W YJL054W YNL121C
7 YER087C-B YLR292C YOR254C YBR171W YDR086C YPL094C
YLR378C
16 YGR162W YMR146C YDR429C YPL237W YKR059W YOR361C
YLR192C YNL244C YGL049C YER025W YJL138C YJR007W YMR260C
YBR079C YMR309C YOL139C
56 YPL249C-A YLR075W YFR031C-A YDR012W YGL147C YLR406C
YGR034W YIL018W YPL198W YLR029C YGL135W YEL054C YOR063W
YFR032C-A YOL120C YDR382W YNL069C YKL180W YBR191W
YBL027W YHR141C YML073C YPL143W YDL082W YPR102C YJL177W
YDL136W YMR194W YBR031W YBR084C-A YLR325C YGL103W
YBL092W YDR418W YGR085C YHL033C YOL039W YLR340W
YNL301C YMR242C YHL001W YOR312C YPL220W YLL045C YGL076C
YDL081C YDR471W YHR010W YLR448W YOL127W YOR234C
YDL075W YLR344W YIL133C YPL131W YGL031C
2 YKL025C YGL094C

0000297: spermine transporter
activity
0005761: mitochondrial
ribosome

0006626: protein-mitochondrial
targeting/mitochondrial protein
import
0031205: Sec complex
0003743: translation initiation
factor activity
0005842: cytosolic large
ribosomal subunit (sensu
Eukaryota)/60S ribosomal
subunit/cytosolic large
ribosomal subunit

0004535: poly(A)-specific
ribonuclease activity
0000777: condensed
chromosome kinetochore

22 YLR045C YBR233W-A YIR010W YCL029C YKR083C YGL061C
YIL144W YER018C YGR113W YAL034W-A YDR201W YMR117C
YJR112W YKR037C YDR320C-A YPL233W YDR016C YKL052C
YKL138C-A YOL069W YBR211C YJR089W
152 YDL111C YHR119W YNL232W YDL213C YDL167C YMR049C YKL214C 0007028: cytoplasm
YKR060W YBL008W YLL011W YDR195W YGR128C YOR206W
organization and biogenesis
YNL002C YJL122W YCR035C YHR196W YCR057C YOL010W YLR186W
YER006W YJR041C YLR129W YOR272W YDR365C YHR148W
YGR103W YKL021C YLR115W YGR156W YDR280W YMR229C
YNL075W YHR089C YLR221C YJR140C YPL190C YHR197W YGR081C
YDR398W YDR381W YDR101C YGR159C YBR258C YGR158C YNL110C
YOR001W YPR144C YOL077C YNL317W YGR145W YOR078W
YHR085W YNL308C YPL217C YNL207W YPL043W YLR196W
YBL004W YDR449C YBR215W YOL021C YER126C YDR432W YER082C
YFR021W YAR003W YPL093W YPL126W YLR222C YPL138C YNL016W
YBR267W YKL193C YMR131C YNL251C YBR175W YDL148C
YGR195W YER002W YPL012W YGR090W YHR066W YHR088W
YLR435W YOL041C YLR197W YDR312W YGR095C YDR060W
YNL004W YHR069C YPL211W YDR087C YDL060W YKL059C
YPR143W YJL069C YAL025C YKL009W YGL029W YHR072W-A
YNL132W YPR137W YKL172W YJR002W YIL019W YDR301W
YNR053C YDR469W YOR038C YOR250C YCR072C YLR277C
YMR061W YJR093C YOL123W YCL059C YML093W YER127W
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10

YCL011C YGL122C YMR128W YPR112C YNL182C YLR009W YOL142W
YLR074C YBR212W YDR228C YBR247C YKL018W YNL175C YOR310C
YOR294W YMR093W YLR015W YIR001C YDR324C YKR081C YJL109C
YOL144W YGL111W YDL208W YAL043C YGL044C YNR054C
YDL229W YNL197C YPR107C YLR409C YJL010C
3 YPR018W YBR195C YML102W
0006334: nucleosome assembly

11

2 YEL009C YPL038W

unknown

12

2 YEL015W YBR094W

unknown

13

15

16
17

18
19
20

21

23

24
26

27

28
29

30

16 YDR329C YHR160C YJL210W YMR026C YLR191W YOL147C YDR244W 0007031: peroxisome
YDR142C YDR265W YDL065C YOL044W YGL153W YNL214W
organization and biogenesis
YPL112C YAL055W YGR077C
3 YNL071W YER178W YBR221C
0045254: pyruvate
dehydrogenase
complex/pyruvate
dehydrogenase complex
(lipoamide)
3 YJL137C YFR015C YLR258W
0035251: UDPglucosyltransferase activity
14 YMR256C YHR051W YDL067C Q0045 YLR395C Q0275 YNL052W Q0250 0005746: mitochondrial
YPR191W YBL045C YFR033C YEL024W YGL187C YIL111W
electron transport
chain/respiratory chain
7 YDL165W YNR052C YCR093W YAL021C YPR072W YIL038C YER068W 0000289: poly(A) tail
shortening
2 YGR240C YMR205C
0003872: 6phosphofructokinase activity
30 YGL070C YPR187W YPR110C YPR190C YOR340C YDR156W YDL140C 0030880: RNA polymerase
YNR003C YOL005C YHR143W-A YDL150W YOR210W YKR025W
complex
YDR404C YNL248C YIL021W YNL113W YDR045C YBR154C YJR063W
YJL011C YOR116C YJL148W YNL151C YKL144C YOR151C YOR207C
YPR010C YOR224C YOR341W
2 YOR230W YOR229W
0003714: transcription
corepressor
activity/transcription corepressor activity
2 YDR004W YER095W
0003714: transcription
corepressor
activity/transcription corepressor activity
11 YBR155W YPR189W YMR186W YGR123C YDR168W YOR027W
0006457: protein
YPL240C YGL213C YCR060W YBL075C YAL005C
folding/chaperone activity
11 YCL008C YLR417W YLR119W YMR077C YPL065W YLR025W YPL002C 0043162: ubiquitin-dependent
YGR206W YKL002W YJR102C YKL041W
protein catabolism via the
multivesicular body
pathway/ubiquitin-dependent
protein catabolism via the MVB
pathway
35 YNL178W YPL090C YNL096C YML063W YGL123W YJR145C YOL040C 0005843: cytosolic small
YHL015W YGR214W YOR096W YML024W YLR441C YDR447C
ribosomal subunit (sensu
YLR287C-A YDR064W YML026C YIL069C YBR048W YJR123W
Eukaryota)/40S ribosomal
YPL081W YDL083C YLR367W YGR027C YHR203C YDR450W
subunit/cytosolic small
YER102W YBR189W YER074W YCR031C YJL190C YBL072C YGR118W ribosomal subunit
YBR181C YDR025W YMR230W
3 YHR206W YLR006C YIL147C
0042542: response to hydrogen
peroxide
3 YMR080C YGR072W YHR077C
0000184: mRNA catabolism,
nonsense-mediated
decay/mRNA catabolism,
nonsense-mediated/nonsensemediated mRNA decay
4 YGR222W YMR257C YLR067C YNR045W
0045182: translation regulator
activity
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32

33

34
35
36

38
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4 YDL095W YAL023C YOR321W YDL093W

0004169: dolichyl-phosphatemannose-protein
mannosyltransferase activity/Oglycoside
mannosyltransferase/dolichylphosphate-mannose-protein Omannosyltransferase
activity/protein Omannosyltransferase
2 YML075C YLR450W
0004420:
hydroxymethylglutaryl-CoA
reductase (NADPH) activity
11 YLR127C YDL008W YKL022C YDR118W YGL240W YOR249C YBL084C 0008054: cyclin
YLR102C YNL172W YFR036W YHR166C
catabolism/degradation of
cyclin
3 YDR181C YMR127C YOR213C
0004406: H3/H4 histone
acetyltransferase activity
3 YOR026W YJL030W YGL086W
0007094: mitotic spindle
checkpoint
4 YIL035C YOR039W YOR061W YGL019W
0005956: protein kinase CK2
complex/casein kinase II
complex
8 YGR047C YGR246C YAL001C YOR110W YNL039W YDR362C YPL007C 0003709: RNA polymerase III
YBR123C
transcription factor activity

39

10 YIL046W YFL009W YDR328C YDL132W YLR368W YDR054C
YML088W YOL133W YJL204C YJR090C

40

26 YBR210W YMR292W YDL145C YNL287W YIL076W YGR172C
YAL042W YGL137W YOR016C YHR110W YNL044W YGL200C
YAR002C-A YCL001W YGL002W YDL018C YML012W YML067C
YAL007C YNL263C YER074W-A YFR051C YPL010W YGR284C
YFL048C YDR238C
6 YPR019W YLR274W YEL032W YBR202W YBL023C YGL201C

41

42

43

14 YNL126W YDR356W YAL047C YOR373W YPL255W YHR172W
YKL042W YLR212C YGL075C YBL034C YGL093W YPL124W
YOR257W YNL225C
8 YOR115C YDR472W YML077W YDR407C YDR246W YMR218C
YBR254C YKR068C

44

3 YDL220C YDR082W YLR010C

45

6 YDR179C YDL216C YIL071C YMR025W YOL117W YJR084W

46

2 YHR157W YMR133W

47

48

GO Annotation

15 YNL243W YLR337C YDL029W YBL007C YKL129C YCR088W
YMR109W YJL020C YDR388W YNL084C YJR065C YCR009C YIR006C
YHR114W YOR181W
2 YLR318W YIL009C-A

0019005: SCF ubiquitin ligase
complex/SCF
complex/Skp1/Cul1/F-box
protein complex/cullin complex
0045045: secretory pathway

0042555: MCM complex/minichromosome maintenance
complex
0005200: structural constituent
of cytoskeleton
0030008: TRAPP
complex/transport protein
particle
0016233: telomere capping
0008180: signalosome
complex/COP9 complex
0000737: DNA catabolism,
endonucleolytic/endonucleolytic
degradation of DNA
0015629: actin cytoskeleton

0003720: telomerase activity

49

3 YBR179C YDR470C YOR211C

0008053: mitochondrial fusion

50

2 YIL074C YER081W

51

6 YPR088C YKL122C YML105C YDL092W YPL210C YPL243W

52

3 YKL008C YHL003C YMR298W

0004617: phosphoglycerate
dehydrogenase activity
0048500: signal recognition
particle
0046513: ceramide biosynthesis

54

4 YAR008W YPL083C YMR059W YLR105C

55

6 YAL003W YLR249W YDR385W YPR080W YOR133W YKL081W

0000214: tRNA-intron
endonuclease complex
0003746: translation elongation
factor activity
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2 YPL049C YDR480W
10 YMR095C YNL333W YDR533C YPL280W YOR391C YNL334C
YMR322C YMR096W YFL060C YFL059W
2 YKL007W YIL034C

59

5 YLR148W YDR080W YMR231W YPL045W YDL077C

60

3 YNL021W YDR295C YPR179C

61

62
63
64
65
66

67
68

69
70
71
72
73

GO Annotation
0008134: transcription factor
binding/TF binding
0042816: vitamin B6
metabolism
0030834: regulation of actin
filament
depolymerization/regulation of
actin depolymerization
0030897: HOPS complex

0006476: protein amino acid
deacetylation
34 YML092C YGL004C YOR261C YER021W YPR103W YDL007W
0000502: proteasome complex
YMR314W YPR108W YOR259C YBL041W YGL011C YER012W
(sensu Eukaryota)/26S
YER094C YJL001W YHR200W YLR421C YOR117W YFR004W YGL048C proteasome
YDR427W YKL145W YOR362C YDL147W YGR253C YGR135W
YFR052W YGR232W YOR157C YIL075C YDR394W YOL038W YDL097C
YFR050C YHR027C
2 YJR103W YBL039C
0003883: CTP synthase activity
2 YML032C YDL059C

0000739: DNA strand annealing
activity
2 YLR442C YDR227W
0030527: structural constituent
of chromatin
2 YPR131C YOL076W
0017196: N-terminal peptidylmethionine acetylation
11 YAL033W YGR030C YBR167C YHR062C YNL221C YNL282W YIR015W 0000172: ribonuclease MRP
YLR145W YBL018C YDR478W YBR257W
complex/RNase MRP
complex/ribonuclease
mitochondrial RNA processing
complex
5 YGL087C YDR092W YCR066W YDL064W YLR032W
0008639: small protein
conjugating enzyme activity
4 YBR126C YDR074W YML100W YMR261C
0005946: alpha,alpha-trehalosephosphate synthase complex
(UDP-forming)
3 YCR020C-A YPR051W YEL053C
0031365: N-terminal protein
amino acid modification
2 YNL104C YOR108W

0003852: 2-isopropylmalate
synthase activity
10 YMR224C YBL097W YFL008W YJL074C YDR325W YFR031C YLR272C 0000799: nuclear condensin
YLR086W YNL250W YDR369C
complex
11 YPR105C YNL258C YGL223C YGL005C YGL145W YER157W YLR440C 0017119: Golgi transport
YNL041C YGR120C YML071C YNL051W
complex

78

7 YGR179C YLR381W YDR254W YJR135C YPR046W YDR318W
0000777: condensed
YPL018W
chromosome kinetochore
8 YDR225W YBL003C YNL031C YBR009C YBR010W YDR224C YBL002W 0000786: nucleosome
YNL030W
8 YDR176W YDR448W YPL254W YGL066W YBR081C YOR023C
0016573: histone acetylation
YGR252W YOL148C
6 YPR162C YNL261W YLL004W YHR118C YBR060C YML065W
0005664: nuclear origin of
replication recognition
complex/eukaryotic
ORC/nuclear ORC
6 YJL154C YOR132W YJL053W YOR069W YMR004W YHR012W
0030904: retromer complex

79

4 YNL139C YDR138W YML062C YHR167W

80

2 YPL076W YDR437W

81

2 YMR294W YHR129C

0005869: dynactin complex

82

5 YLR170C YPR029C YHL019C YKL135C YPL259C

83

2 YNL283C YOL105C

0030121: AP-1 adaptor
complex/HA1
0004888: transmembrane
receptor activity

74
76
77

0000347: THO complex
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11 YOR332W YOR270C YPR036W YGR020C YBR127C YLR447C YDL185W 0046961: hydrogen-transporting
YHR039C-A YMR054W YEL051W YKL080W
ATPase activity, rotational
mechanism
5 YDR097C YCR092C YMR167W YOL090W YNL082W
0005524: ATP binding

86

2 YNL288W YGR134W

0030014: CCR4-NOT complex

87

2 YHR094C YMR011W

88

2 YFL003C YDL154W

89

4 YOR125C YLR201C YDR204W YGR255C

91

3 YDR100W YMR071C YKR088C

0015578: mannose transporter
activity
0007131: meiotic
recombination/female meiotic
recombination/gene conversion
with reciprocal crossover
0006743: ubiquinone
metabolism/coenzyme Q
metabolism
unknown

92
93

7 YDL105W YLR383W YER038C YLR007W YDR288W YML023C
YOL034W
2 YGL051W YAR033W

94

4 YJL099W YMR237W YKR027W YOR299W

95

2 YFR010W YOR124C

0004843: ubiquitin-specific
protease activity/UBP/UCH2

96

5 YOR260W YLR291C YGR083C YKR026C YDR211W

97

2 YIR021W Q0115

98

4 YER149C YLL021W YLR319C YNL271C

99

2 YAL051W YOR363C

0005851: eukaryotic translation
initiation factor 2B
complex/eIF-2B
0000376: RNA splicing, via
transesterification reactions with
guanosine as nucleophile
0005519: cytoskeletal
regulatory protein binding
0016563: transcriptional
activator activity/transcription
activating factor
0005545: phosphatidylinositol
binding
0008250: oligosaccharyl
transferase complex/OST
complex
0008023: transcription
elongation factor complex
0030433: ER-associated protein
catabolism/ER-associated
protein
degradation/ERAD/endoplasmic
reticulum-associated protein
catabolism
0004749: ribose-phosphate
diphosphokinase activity/ribosephosphate pyrophosphokinase
activity
0000146: microfilament motor
activity
0030123: AP-3 adaptor
complex
0016925: protein
sumoylation/SUMO-protein
conjugation/protein
sumolation/small ubiquitinrelated protein 1
conjugation/sumoylation

100
101

4 YHR107C YCR002C YJR076C YLR314C
10 YDL232W YGL022W YJL002C YOR103C YEL002C YGL226C-A
YMR149W YOR085W YPL227C YML019W

102

2 YPL046C YNL230C

103

3 YOL013C YLR207W YMR022W

104

5 YOL061W YKL181W YBL068W YER099C YHL011C

105

6 YOR326W YPR188C YHR023W YGL106W YAL029C YPL242C

106

4 YGR261C YJL024C YBR288C YPL195W

107

4 YPL020C YDR510W YDR390C YPR180W

0030915: Smc5-Smc6 complex
0016050: vesicle organization
and biogenesis
unknown
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108

2 YGR010W YLR328W

109

4 YOR153W YGR281W YPL058C YDR011W

110

2 YMR255W YDL207W

111

2 YKL130C YBR130C

112

2 YNL291C YGR217W

113

3 YGR108W YLR079W YMR036C

114

2 YHR026W YPL234C

115

2 YJL089W YMR280C

116

3 YOR253W YDL040C YHR013C

117

3 YHR178W YBL005W YGL013C

118

2 YGL058W YDL074C

119

5 YPL218W YHR098C YPR181C YIL109C YNL049C

120

2 YBR037C YBR024W

121

8 YJL008C YJR064W YJL111W YDR212W YDR188W YIL142W YJL014W
YDL143W

122

5 YML115C YER001W YPL050C YJL183W YEL036C

123
124

126

127

128
130

GO Annotation
0019674: NAD
metabolism/NAD (oxidized)
metabolism/nicotinamide
adenine dinucleotide
metabolism/oxidized NAD
metabolism/oxidized
nicotinamide adenine
dinucleotide metabolism
0042910: xenobiotic transporter
activity
0005643: nuclear
pore/NPC/nuclear pore
complex/nuclear pore
membrane protein
0008298: intracellular mRNA
localization/intracellular mRNA
positioning/mRNA localization,
intracellular/mRNA positioning,
intracellular
0006816: calcium ion transport
0000079: regulation of cyclin
dependent protein kinase
activity/regulation of CDK
activity
0000220: hydrogen-transporting
ATPase V0 domain
0045722: positive regulation of
gluconeogenesis
0004596: peptide alpha-Nacetyltransferase activity
0042221: response to chemical
substance
0016574: histone
ubiquitination/histone
ubiquitinylation/histone
ubiquitylation
0030127: COPII vesicle coat
0008379: thioredoxin
peroxidase
activity/peroxiredoxin activity
0005832: chaperonin-containing
T-complex/CCT particle/TriC

0000136: mannosyltransferase
complex
4 YBR278W YNL262W YPR175W YDR121W
0008622: epsilon DNA
polymerase complex
3 YLR433C YML057W YKL190W
0005955: calcineurin
complex/calcium-dependent
protein serine/threonine
phosphatase complex
6 YKL010C YDL190C YPR093C YKL034W YDR059C YBR082C
0016567: protein
ubiquitination/protein
ubiquitinylation/protein
ubiquitylation
7 YPL086C YLR384C YMR312W YGR200C YKL110C YHR187W YPL101W 0016944: RNA polymerase II
transcription elongation factor
activity/Pol II transcription
elongation factor activity
2 YIR025W YDR260C
0030071: regulation of mitotic
metaphase/anaphase transition
4 YOL146W YDR013W YJL072C YDR489W

0000811: GINS complex/Go,
Ichi, Ni and San complex
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131

6 YAL024C YNL098C YBR140C YLR310C YOR101W YOL081W

133

2 YGR264C YGL245W

134

4 YBL037W YOL062C YJR058C YJR005W

136

3 YIL065C YLL001W YJL112W

0030128: clathrin coat of
endocytic vesicle/clathrin coat
of endocytotic vesicle
0048285: organelle fission

138

7 YLR141W YJL025W YML043C YBL014C YKL125W YBL025W
YMR270C

0000120: RNA polymerase I
transcription factor complex

139

2 YML013W YBR201W

140

2 YBR068C YPL265W

141

5 YBR052C YDR032C YOR086C YCR004C YML072C

0043161: proteasomal
ubiquitin-dependent protein
catabolism/proteasomal
processing/proteasome pathway
0015171: amino acid transporter
activity
unknown

142

4 YJL115W YPL001W YLL022C YEL056W

143
144

145
146

147

148

149

150
151

153
154
155
156

0007265: Ras protein signal
transduction/Ras mediated
signal transduction
0017102: methionyl glutamyl
tRNA synthetase complex

0000123: histone
acetyltransferase
complex/histone acetylase
complex
2 YLR028C YMR120C
0003937: IMP cyclohydrolase
activity/inosinicase
2 YIL125W YDR148C
0006103: 2-oxoglutarate
metabolism/ketoglutarate
metabolism
5 YJR068W YOL094C YBR087W YOR217W YNL290W
0005663: DNA replication
factor C complex
3 YDR484W YJL029C YDR027C
0000938: GARP complex/Golgi
associated retrograde protein
complex/VFT tethering
complex/Vps fifty three
tethering complex
2 YEL037C YMR276W
0030433: ER-associated protein
catabolism/ER-associated
protein
degradation/ERAD/endoplasmic
reticulum-associated protein
catabolism
6 YDL091C YBR273C YDL126C YJL048C YMR067C YDR330W
0019941: modificationdependent protein
catabolism/protein-liganddependent protein catabolism
5 YCR039C YDR451C YMR043W YML027W YMR042W
0006357: regulation of
transcription from RNA
polymerase II
promoter/regulation of
transcription from Pol II
promoter
3 YNL312W YAR007C YJL173C
0005662: DNA replication
factor A complex
15 YPR020W YKL016C YBL099W Q0130 YBR039W Q0085 YPL078C
0015986: ATP synthesis
YML081C-A YLR295C YJR121W YDL004W Q0080 YPL271W YDR377W coupled proton transport
YDR298C
5 YGR078C YNL153C YML094W YEL003W YLR200W
0016272: prefoldin
complex/GIM complex
4 YBL021C YGL237C YOR358W YKL109W
0016602: CCAAT-binding
factor complex
2 YBR281C YFR044C
unknown
2 YOL130W YFL050C

0015693: magnesium ion
transport
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Pathway

No. of
Proteins

Proteins

GO Annotation

157

2 YMR198W YPR141C

158

5 YER110C YLR347C YGR218W YNL189W YMR308C

0003777: microtubule motor
activity/dynein/kinesin
0008320: protein carrier activity

159

3 YIL132C YHL006C YLR376C

0045021: error-free DNA repair

160

2 YDR099W YER177W

0001402: signal transduction
during filamentous growth

161

2 YLR432W YHR216W

0046039: GTP metabolism

162

2 YDL131W YDL182W

163

2 YPL178W YMR125W

164

7 YGL233W YLR166C YER008C YJL085W YDR166C YPR055W YIL068C

0004410: homocitrate synthase
activity
0005846: snRNA cap binding
complex
0000145: exocyst

165

7 YGR003W YLR234W YMR201C YJR052W YMR190C YER162C
YBR114W

166

2 YMR108W YCL009C

167

2 YLR181C YKR035W-A

169

3 YMR094W YGR140W YMR168C

170

4 YER070W YJL026W YIL066C YGR180C

172

2 YGR121C YPR138C

173

3 YAL010C YOL009C YLL006W

174

3 YKL166C YPL203W YJL164C

175

2 YER116C YDL013W

unknown

176

2 YER044C-A YJR021C

0007131: meiotic
recombination/female meiotic
recombination/gene conversion
with reciprocal crossover

177

2 YNR069C YLL049W

178

4 YGL170C YLR227C YOL091W YOR177C

0005816: spindle pole body

179

3 YBR112C YCR084C YKL213C

180

5 YGR192C YKL152C YCR012W YKL060C YJR009C

0016565: general transcriptional
repressor activity
0006096: glycolysis

182

3 YML085C YML124C YFL037W

0045298: tubulin

183

3 YLR154C YDR279W YNL072W

184

3 YDR009W YML051W YPL248C

0004523: ribonuclease H
activity/RNase H activity/calf
thymus ribonuclease H activity
0006012: galactose metabolism

186

2 YHR007C YMR015C

0008204: ergosterol metabolism

188

2 YMR271C YML106W

0004588: orotate
phosphoribosyltransferase
activity

189

2 YOR269W YLR254C

190

2 YKL013C YLR370C

191

2 YNL048W YBR110W

192

6 YHR150W YGR004W YDR479C YLR324W YMR204C YBR168W

0000715: nucleotide-excision
repair, DNA damage
recognition
0005948: acetolactate synthase
complex
0005770: late
endosome/PVC/prevacuolar
compartment
0019237: centromeric DNA
binding
0004748: ribonucleosidediphosphate reductase
activity/ribonucleotide
reductase
0008519: ammonium
transporter activity
0019867: outer membrane
0005952: cAMP-dependent
protein kinase complex/PKA

0005885: Arp2/3 protein
complex
0000030: mannosyltransferase
activity
0005778: peroxisomal
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Pathway

No. of
Proteins

Proteins

GO Annotation
membrane

193

2 YNL094W YHR016C

0030479: actin cortical
patch/actin cortical patch (sensu
Fungi)/actin cortical patch
(sensu Saccharomyces)/actin
patch
0015578: mannose transporter
activity
unknown

194

2 YDL245C YHR096C

195

2 YHR064C YEL034W

196

5 YLR459W YHR188C YDR434W YLR088W YDR331W

197

2 YFR053C YGL253W

0016255: attachment of GPI
anchor to protein
0004396: hexokinase activity

198

3 YDL192W YDR170C YDL137W

0005798: Golgi vesicle

200

2 YMR159C YPL149W

0006914: autophagy

201

2 YDR453C YML028W

202

3 YDR093W YAL026C YER166W

203

2 YER159C YDR397C

204

2 YGL161C YGL198W

0008379: thioredoxin
peroxidase
activity/peroxiredoxin activity
0004012: phospholipidtranslocating ATPase
activity/aminophospholipidtransporting
ATPase/flippase/magnesiumATPase
0003714: transcription
corepressor
activity/transcription corepressor activity
0017137: Rab GTPase
binding/Rab interactor activity

205

2 YNL238W YGL203C

0008236: serine-type peptidase
activity/serine protease

206

2 YDR160W YFR029W

0007600: sensory perception

207

2 YGR238C YHR158C

208

2 YMR169C YMR170C

209

2 YGL250W YLR082C

0001100: negative regulation of
exit from mitosis
0019482: beta-alanine
metabolism
unknown

210

2 YJR159W YDL246C

unknown

211

2 YOR337W YDR207C

unknown

212

2 YLR320W YHR154W

unknown

213

2 YDR233C YDL204W

unknown
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Table 4.2 Summary Statistics of Topological Properties of Source PPI Network and
Pathway Network.
Network
Source PPI
network

No. of Proteins

No. of PPIs

Avg. Degree

Avg.
Clustering
Coefficient

4,800

43,687

9.1

0.2

Identified Pathway
1,617
PPI network

16,685

10.3

0.23
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processes. BioCyc is a collection of metabolic pathways of 570 organisms and on average
pathways in BioCyc are 4.2 times smaller than KEGG pathways. The Reactome database
is another manually curated core human biological pathway database. Pathway
annotations of organisms other than human are derived by mapping their human
counterparts onto these organisms based on protein orthology data. Currently, there are
96, 150 and 381 biological pathways of yeast containing at least two protein members in
KEGG, BioCyc and Reactome, respectively. We calculated the adjusted rand index (ARI)
scores to quantify the similarity of our 195 resultant pathways and pathway annotations
from each pathway database (see methods). In this study, we computed the ARI score of
each of our identified pathways against every pathway in three pathway databases, and
selected the highest resultant score to be the ARI score for the tested pathway. For the
KEGG database, we found 4% (8 out of 195) of our identified pathways with ARI scores
equal to or greater than 0.5 when tested against the pathways in KEGG. This low
percentage, however, is still significantly greater than that found purely by chance (Ztest, P < 0.001) with regard to the similarity between the pathways discovered by our
approach and the KEGG pathways. For the BioCyc database, there are 5.6% (11 out of
195) pathways with ARI scores equal to or greater than 0.5 when tested against the
pathways in BioCyc (Z-test, P < 4.1 × 10-3). For the Reactome database, there are 12.8%
(25 out of 195) pathways with ARI scores equal to or greater than 0.5 when tested against
the pathways in Reactome (Z-test, P < 2.6 × 10-4). The observed discrepancy on the
percentages when tested on three reference databases can be explained by the different
ways KEGG, BioCyc and Reactome are curated. KEGG and BioCyc mainly emphasize
metabolic and signaling pathways, whereas Reactome employs a more general way to
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collect biological reaction data of pathways. We tested the degree of overlap between
these three reference databases using ARI values. We found that there is a 26% overlap
between KEGG and BioCyc, possibly due to their similar emphasis on metabolic and
signaling pathways. In contrast, there are only 14% and 16% overlap between Reactome
and KEGG and between Reactome and BioCyc, respectively. This result further
addresses the observed discrepancy of PPV when tested on different databases.
Furthermore, KEGG relies on Enzyme Commission (EC) numbers to map the physical
polypeptides involved in metabolic reactions to public gene/protein annotation databases,
and as a result, mis-mapping may lead to the incompleteness of pathway organization.

We tested whether the proteins within each identified pathway share highly similar
phenotypic response patterns. We tested our identified pathways on a data set containing
phenotypic response measurements under different treatments [45] as used by Ulitsky
and Shamir [20]. We found that proteins within the same pathway in our study show
significantly higher correlation to phenotypic response patterns compared to that
expected by random (the average Pearson correlation coefficient is 0.39 at p-value < 4.2
× 10-10).

4.3.4 Comparison between different approaches
Pathway organization derived from biological networks has been widely studied. These
approaches are described in previous publications and can be classified into two
categories: 1) statistical models with multiple data sources (physical interactions and
genetic interactions); 2) graph-based models with a single data source (genetic
interactions). In this study, we employed a graph-based model, but with diverse lines of
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biological evidence. To compare the performance of different approaches, we computed
the PPV values by calculating the ARI scores between identified pathways from each
approach and the pathways from Reactome, KEGG and BioCyc. For the Reactome
database, the PPV of Kelley and Ideker [19], 3.7% (15 out of 404 pathways), is very
close to that of Ulitsky and Shamir [20], which is 3.2% (9 out of 280 pathways). This
finding is not surprising because the approach of both methods is identical. Two other
approaches share similar PPV values: 0.08% (1 out of 1297 pathways) for Ma et al. [21]
and 0.9% (1 out of 108 pathways) for Brady et al. [22] on the more recent version of
genetic interaction network. Our approach achieves a PPV of 12.8%, indicating that our
approach outperforms the other methods when tested on Reactome (Figure 4.4). For the
KEGG and Biocyc pathway database, performance of the four aforementioned methods
follows the same trend as when tested on Reactome (Figure 4.4). To compare the
performance of different approaches when tested on negative data, we found that all
approaches achieve the negative predictive value (NPV) of 100% if tested on randomized
pathway data sets, further suggesting better performance of our approach at the same
level of NPV. Here, NPV is defined as: No. of True Negatives/(No. of True Negatives +
No. of False Negatives).

4.3.5 Biological examples of predicted pathways
In our study, we have demonstrated that our predicted pathways bear biological meanings
as they can be validated by comparing to annotated pathways in Reactome, KEGG and
BioCyc. Also, proteins in the same pathway share very similar phenotypic response
patterns. The next logical step is to identify relevance and function of these predicted
pathways. We present several examples to show that biological insights can be inferred
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Figure 4.4 Comparison between different approaches based on PPV scores tested on
Reactome, KEGG and BioCyc pathway annotations. A bar plot demonstrates the
performance of each approach tested on three pathway annotations.
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from resultant pathways identified in this study. One example is pathway 61 with an ARI
score of 0.89 when compared to the “Orc1 removal from chromatin” pathway in
Reactome (Figure 4.5). Pathway 61 itself is enriched for 4 GO terms (0000502:
proteasome complex/26S proteasome; 0006508: proteolysis and peptidolysis; 0044257:
cellular protein catabolism and 0030163: protein catabolism/protein degradation), which
is consistent with pathway annotation in Reactome. 94% (32 out of 34) of the proteins in
pathway 61 are annotated as belonging to the pathway Orc1 removal from chromatin in
Reactome; only two proteins (YGL004C, YLR421C) are not included. In fact, YLR421C
is a known member of the 26S proteasome [46, 47] based on the KEGG annotation while
YGL004C is missing from the KEGG pathway, but is a protein highly related to the
proteasome complex [47]. This example demonstrates the ability of our approach to
identify new pathway members, thus providing testable hypotheses for experimental
validation. Another interesting example is pathway 20, which is found to match pathway
sce03020 “RNA polymerase” in KEGG, with an ARI score of 0.95. Pathway 20 is
enriched for the GO term 0030880 (RNA polymerase complex), indicating that it has a
similar biological function to the pathway in KEGG. We found pathway 20 contains one
more protein (YKR025W) than listed in the KEGG pathway seco03020. As a subunit of
RNA polymerase, YKR025W has been extensively studied recently and it plays an
important role in the regulation of RNA polymerase III transcription [48, 49]. Therefore,
it is probable that YKR025W is a missing member of the pathway involved in the
function of RNA polymerase.
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Figure 4.5 An example of identified pathways by our approach.

Pathway 61 yields an ARI score of 0.89 when compared to the “Orc1 removal from
chromatin” pathway in Reactome. 32 out of 34 gene products (blue nodes) in pathway 61
are annotated as belonging to the pathway “Orc1 removal from chromatin” in Reactome.
Two gene products (red nodes) are not included. However, YGL004C and YLR421C
might be components of the cell cycle control pathway.
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4.3.6 Revealed redundant pathways
Since genetic interactions suggest the existence of parallel pathways, we investigated the
possibility of functionally redundant pathway pairs existing in the pathways we
identified. To evaluate this, we calculated a Z-score for each possible pathway pair in our
identified pathways to show whether or not the difference between the observed number
of GIs of our pathway pair and the expected number of GIs of pathway pairs in a random
set is statistically significant. We found 31 pathway pairs with p-value < 0.01 (Figure
4.6). A list of these pathway pairs is summarized in Table 4.3. We also found that 58%
(18 out of 31) of the pathway pairs contain at least one common functional-enrichment
GO term, suggesting the presence of pathway redundancy. For example, pathway 35 and
73 are annotated as the pathways involved in mitotic spindle checkpoint and condensed
chromosome kinetochore, respectively. They also share 7 function-enriched GO terms
(0000777: condensed chromosome kinetochore, 0000778: condensed nuclear
chromosome kinetochore, 0000780: condensed nuclear chromosome, pericentric
region/condensed nuclear chromosome, centromere, 0000779: condensed chromosome,
pericentric region/condensed chromosome, centromere, 0000775: chromosome,
pericentric region/centromere, 0000794: condensed nuclear chromosome and 0000793:
condensed chromosome) with each other. Pathway 35 shares high similarity with the
Reactome pathway 504720 (Amplification of signal from unattached kinetochores via a
MAD2 inhibitory signal), with the ARI score of 0.8.

Our predicted pathway pairs represent a redundancy mechanism between a pair of
pathways in which the proteins can compensate for each other to perform a same or
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Table 4.3 A list of discovered redundant pathway pairs in yeast.
31 pathway pairs in our study show they contain statistically more genetic interactions
across them than expected at random. Pathway A and B in the table represents a pair of
redundant pathway pair. Numbers of Genetic Interactions (No. of GIs) is the number of
genetic interactions across a pair of redundant pathway pair. P-value for each pair was
calculated using Z-test by comparing the actual number of GIs of each pair to its
corresponding numbers in 1000 randomized networks.
Pathway A
35
157
35
153
127
35
23
81
153
118
118
175
157
153
153
175
153
81
98
157
118
118
118
35
157
157
197
153
153
212
63

Pathway B
157
81
153
81
118
73
201
98
182
95
201
107
153
73
189
165
47
182
189
73
157
211
116
65
63
189
153
63
177
201
201

No. of GIs
6
4
15
10
14
21
4
8
15
4
4
8
10
35
10
13
55
4
5
8
2
2
3
3
2
2
5
5
5
2
2

P-value
7.10 x 10-16
8.90 x 10-16
8.90 x 10-16
8.90 x 10-16
8.90 x 10-16
8.90 x 10-16
4.40 x 10-10
4.40 x 10-10
4.40 x 10-10
3.90 x 10-9
3.90 x 10-9
3.90 x 10-9
3.90 x 10-9
3.90 x 10-9
3.90 x 10-9
6.30 x 10-8
6.30 x 10-8
6.30 x 10-8
6.30 x 10-8
3.50 x 10-7
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
1.20 x 10-6
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Figure 4.6 The redundant pathway organization in S. cerevisiae. The redundant
pathway organization in yeast was generated from discovered pathway pairs.

Each node represents a pathway and each edge represents the connection between a pair
of redundant pathways. Numbers on nodes are identifiers of our discovered pathways in
Table 4.3. The annotation of each pathway was assigned by the GO term with the
smallest P-value derived from FuncAssociate [44]. Pathways without GO term
annotations were represented as squared nodes. Pathway size was mapped to node color.
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functional related biological process. Therefore, we speculated that proteins having
similar biological functions might genetically interact with each other if they appear in
our identified pathway pairs. For example, pathway 175 and pathway 73 are predicated to
be a pair of parallel pathways. We found that there is one enriched GO term
(0015630:microtubule cytoskeleton) common to both pathways and there are 6 synthetic
lethal interactions between this pair of pathways, suggesting functional redundancy
between them. Due to technical limitations, a large number of genetic interactions in
yeast either have been found to be false negatives, or have not yet been tested [14]. Thus
we hypothesized that a pair of proteins found within a pathway pair might genetically
interact with each if they share at least one common GO term. We did a 10-fold crossvalidation test and our approach achieved a sensitivity of 72% and a specificity of 81%,
suggesting good capacity of discovering genetic interactions. For example, ADA2
(YDR448W) in pathway 76 and BRE1 (YDL074C) in pathway 118 share 2 common GO
terms (0016570: histone modification and 0016569: covalent chromatin modification) yet
do not genetically interact with each other based on the genetic interaction data. By our
approach, however, we predict them as a pair of genetically interacting proteins. In a very
recent publication [50], it was reported that there is a synthetic fitness or lethality defect
interaction between ADA2 and BRE1, involved in yeast histone acetylation and
deacetylation. This finding provides a good example of the ability of our approach to
predict novel genetic interactions. We generated a network of discovered redundant
pathways (Figure 4.6 and 4.7). As expected, most pathways show the 1:1 redundant
relationship. Interestingly, we found that several pathways, such as pathways 35, 118 and
153, demonstrate the 1:N redundant relationship. By closely examining these pathways,
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Figure 4.7 The redundant pathway network in yeast showing at the detail of PPIs.

Proteins within each pathway are connected by PPIs from our source protein interaction
network. Each circle represents a redundant pathway, each node represents a protein and
each edge represents a PPI. Each circle was labeled to the identifiers of our discovered
pathways.

121

we found them to contain a 3.6 fold enrichment of GO annotations compared to other
pathways, indicating that they are multi-tasking pathways and have multiple functional
redundancy with other pathways.

4.4 Conclusion
In this study, we introduced a systematic multiple evidence-based pathway finding
approach in S. cerevisiae. In contrast to previous approaches, we examined the pathway
organization in yeast in terms of the protein relationship scored by multiple types of
biological evidence and discovered 195 biological pathways, which covers 16,685
physical interactions, 890 synthetic lethal interactions and 1,407 domain-domain
interactions involving 1,617 yeast genes/proteins. Compared to other predictive
approaches, our approach achieved better performance when tested against to the
Reactome, KEGG and BioCyc pathway databases. We discovered 31 functionally
redundant pathway pairs by a probabilistic test. Analysis of the resulting pathways and
pathway pairs provided a more comprehensive and reliable view of pathway organization
in yeast. As the size of genetic interaction networks in other model organisms grows, our
study could lead us to a more complete identification of the functional interactome
interpreted by pathway organization. This could shed light on the overall picture of how
subsystems in cells, such as pathways, work together to determine phenotypes and
functions.
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5 A Novel Approach to Predict Cancer Outcomes Based on
the Relationship between Protein Structural Information and
Protein Networks4
5.1 Introduction
Carcinogenesis is a complex process with multiple genetic and environmental factors
contributing to its development [1]. Understanding the underlying mechanism of this
process and identifying related markers to assess the outcome of this process could lead
to more efficient treatment and thus significantly reduce the mortality rate of cancers.
Currently, the majority of breast cancer patients are over-treated [2] due to the lack of
accurate assessment of the risk of metastasis. A substantial proportion of patients are
receiving aggressive adjuvant therapy according to the current guidelines. Although the
importance of identifying prognostic signatures that predict cancer outcomes is widely
appreciated, it has remained a challenging task. With the emergence of DNA microarraybased tumor gene expression profiles, molecular diagnostics and prognostics are
emerging. The reported predictive tools basically classify cancer outcomes based on the
identification of gene expression signatures observed in different outcomes. However, the
predictive performance of these approaches is limited. For instance, in two large-scale
expression studies [3, 4], approximately 70 gene markers were identified and then applied
to the prediction of the metastasis in breast cancer, but the accuracy only reached 6070%. This relatively low accuracy could be explained by some intrinsic shortcomings of
the microarray data, as different experiment and analysis designs could yield inconsistent

A version of this chapter will be submitted for publication. Zhang KX, Ouellette BF: A Novel
Approach to Predict Cancer Outcomes Based on Relationships between Protein Structural Information and
Protein Networks.
4
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results due to systematic errors [5]. Therefore, novel tools with stronger predictive power
are needed to identify more accurate markers associated with cancer outcomes.

Protein-protein interactions (PPIs) play an important role in the process of healthy cell
biology and carcinogenesis. At the molecular level, any genetic alternation such as
somatic mutations, translocations, deletions and insertions will be responsible for some of
the breakdown of the PPI-based regulatory mechanisms that govern normal cell functions
and behaviors, leading to aberrant or uncontrolled cell growth and eventually to cancer
[6]. The recent availability of large-scale PPI networks may make possible to identify
better gene signatures by combining gene expression measurements with information
about perturbed protein interaction networks in the cell. Chuang and colleagues
developed a method to find sub-network-based signatures by incorporating the PPI
network and the gene expression profiles [7]. The resultant sub-networks with their gene
expression profiles were used as markers to determine whether a patient’s expression
profile signifies metastatic or non-metastatic. Their study provided a starting point to
reveal the usefulness of gene expression profiles in the context of PPI network. More
recently, Taylor and colleagues proposed a new methodology to predict breast cancer
outcome based on the correlation of gene expression profiles between hub proteins and
their interacting partners in the PPI network [8]. These studies demonstrated that the PPI
network information could be useful to differentiate a variety of cancer outcomes.
Unfortunately, the predictive performance of these methods is not accurate enough. The
methods of Chuang et al. and Taylor only showed modest improvement with the accuracy
of 70-72% and 76%, respectively, compared with 62% and 63% reported in approaches
without employing the network information [3, 4].
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The protein-protein interactions could be mediated by the interactions between protein
domains, which are defined as independent structure and/or function blocks of proteins.
For example, some cytoskeletal proteins interact with actin via the interaction between
the gelsolin repeat domains [9]. Disrupted domain interactions could stop the chain
reaction of biological pathways at any point, leading to various diseases. Based on the
relationship of a protein and its neighboring proteins in the protein interaction network,
we can classify this protein to one of two types (Figure 5.1). We call this protein a
‘singlish-interface’ protein if it interacts with its neighboring proteins through the same
domain-domain interaction; therefore, those domain-domain interactions are mutually
exclusive. Conversely, we call this protein a ‘multiple-interface’ protein if it interacts
with its neighboring proteins through different domain-domain interactions, as those
interactions are simultaneously possible. It has been demonstrated that singlish-interface
proteins evolve faster than multiple-interface proteins [10] and that faster evolution tends
to generate more mutations on genes [11]. In addition, for a ‘singlish-interface’ protein,
mutations on a given domain would simultaneously affect the interactions between this
protein and multiple interacting partners, thus are more likely to disrupt protein
interactions and disturb the protein interaction network. Therefore, we speculated that
singlish-interface proteins are more likely to be involved in the process of carcinogenesis
than multiple-interface proteins.
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Figure 5.1 A schematic view of a ‘singlish-interface’ protein and a ‘multipleinterface’ protein.

Given a protein (red node) and its neighboring proteins in the protein interaction network,
we can define it as a ‘singlish-interface’ protein or a ‘multiple-interface’ protein. The
‘singlish-interface’ protein interacts with its neighboring proteins through the same
domain (the yellow line) ; therefore, those domain-domain interactions are mutually
exclusive. Conversely, the ‘multiple-interface’ protein interacts with its neighboring
proteins through different domains (blue lines), as those interactions are simultaneously
possible.
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Somatic mutations are one type of alternations in DNA that are neither inherited nor
passed to offspring [1] and some of them, called “driver mutations”, can contribute to the
development of the cancers or other diseases [12, 13]. Unfortunately, we have little
knowledge about how the presence of these genomic variations in interacting domains
perturbs the protein interaction network in cancerous cells. Therefore, in addition to PPI
data and gene expression data, we also incorporated two types of data: domain-domain
interactions (DDIs) and somatic mutations.

In this study, we propose an integrated approach for the identification of gene signatures
to predict cancer outcomes using four types of data: PPI, DDI, gene expression profiles
and somatic mutation. We first developed a model to score each protein based on the
domain connections to interacting partners. A gene signature was identified if its score is
above the preset threshold. Then we computed the correlation of gene expression profiles
of the gene signatures and their neighboring proteins. A modified naïve classifier was
used to predict cancer outcome based on the correlation. Compared to previous studies,
our study has several advantages. First, besides the PPI network and the gene expression
profiles, the DDI network and the somatic mutations within the interacting domains were
integrated into our predictive approach, which achieved accuracy of 86.8%, sensitivity of
87.1% and specificity of 85.6%. Second, our results, a compiled list of cancer-associated
gene signatures and domains, provide testable hypotheses for further experimental
investigation. Third, our approach is not specific to a single type of cancer and can thus
be applied to different types of cancers.

132

5.2 Materials and methods
5.2.1 Data set collection
We downloaded 108,307 unique PPIs in human from the iRefIndex database
(ftp://ftp.no.embnet.org/irefindex/data) version of June 4, 2009. The iRefIndex database
[14] provides a non-redundant list of protein interactions derived from several major
protein interaction databases including BIND [15], BioGRID [16], DIP [17], HPRD [18,
19], IntAct [20, 21], MINT [22], and OPHID [23]. We also used a set of DDIs
downloaded from the iPfam database [24], a DDI database based on RCSB Protein Data
Back (PDB) crystal structures (http://www.pdb.org), which consists of 3,020 DDIs and
914 domains. For somatic mutations involved in cancer, a list of 88,641 somatic
mutations was retrieved from the COSMIC database (version 43) that contains the
mutation data and associated information extracted from the primary literature [25]. We
compiled a gene expression and outcome data set from a study of two groups of sporadic
and non-familial breast cancer patients [26].

5.2.2 Gene signature finding algorithm
Step A. For each protein x in the query PPI network, we generated a list of Pfam
annotated domains dlist[x] of protein x and a list of neighboring/interacting proteins
neighbor[x] of protein x;

Step B. For each domain Di in the domain list dlist[x], we counted the number of domain
pairs between Di and a set of domains of neighbor[x] represented in the interacting
domain-domain pairs previously established in Pfam.
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Step C. A domain index score was assigned to each protein in the query PPI network by
the following equation:

|dlist[ x ]|

Sx =

"

I(x) ! W NoDDIs( Di )

i=1

| dlist[x] |

where I(x) is an indicator function which equals 1 if and only if the protein x has at least
one domain and otherwise 0. NoDDIs(Di) is the number of DDIs of between Di and a set
of domains of neighboring/interacting proteins as calculated by the Step B. Here, W is an
exponential function at the base of 2, which meant that we add weights exponentially to a
domain if it has multiple DDIs.

Step D. For each protein x, if the domain index score was over the preset threshold c, this
protein was regarded as a gene signature and was utilized for the neighboring gene
expression analysis.

5.2.3 Calculation of neighboring gene expression profiling score
Given a gene expression data set and a gene signature, we computed a score to measure
the difference in expression of the gene signature and its neighboring proteins in the PPI
network using the following equation:
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N

Sdiff =

"E ! E
i

x

i=1

n

where Ex is the expression value of the gene signature x; Ei is the expression value of the
interactor i of the gene signature x; n is the number of interactors of the gene signature x.
All scores were normalized and ranged from -1 to 1.

5.2.4 Construction of the naïve Bayes classifier
As a probabilistic model based on Bayes' theorem, the naïve Bayes classifier has been
widely applied to the classification problem in different fields of the biological sciences
such as inferring cellular networks [27], modeling protein signaling pathways [28] and
the prediction of protein-protein interaction interfaces [29]. Given the training dataset and
testing dataset in which each data sample is represented as an n-dimensional vector (x1,
x2, …, xn), m classes (C1, C2, …, Cm). Here, X is presented as a cancer patient sample in
the training or the testing dataset; n is the number of gene signatures; m is the number of
types of outcomes, corresponding to two outcomes – ‘good outcome’ (patients who were
disease free after extended follow-up) and ‘poor outcome’ (patients who died of disease).
The prediction procedure follows as:

According to Bayes theorem, we can get the highest posterior probability of each cancer
patient sample X based on the following equation:
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n

P(Cgood | X) =

(! P(xk | Cgood ))P(Cgood )
k =1

P(X)

where the class prior probabilities P(Cgood) is calculated by Sgood/S, the value of the
number of training samples of class Cgood divided by the total number of training sample.
P(x1|Cgood), P(x2|Cgood), …, P(xn|Cgood) can be easily calculated by Sgood(k)/Sgood, where
Sgood(k) is the number of training samples of class Cgood having the gene expression
profiling score xk falling into one certain bin/category, and Sgood the number of training
samples belonging to Cgood. In this study, we divided the gene expression profiling score
into 20 bins as it ranges from -1 to 1.

In order to classify cancer patient samples in the testing dataset, we calculated the
P(X|Ci)P(Ci) for each class Ci. Sample X was then predicted as belonging to class Cgood if
and only if

P(X | Cgood )P(Cgood ) > P(X | C poor )P(C poor )

In other words, it is assigned to the class Cgood for which P(X|Cgood)P(Cgood) is the
maximum.
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5.3 Results and Discussion
5.3.1 Parameter tuning and validation on breast cancer data
We tested whether identified gene signatures are good indicators to distinguish two
groups of sporadic and non-familial breast cancer patients [26]. Breast cancer is
extensively studied, with a set of well-documented gene expression profiles of 295
consecutive breast cancer patients with different outcomes [3]. We defined patients who
were disease free after extended follow-up as patients with ‘good outcome’ and those
who died of disease as patients with ‘poor outcome’. The patient data was filtered to
remove patients that were still alive with disease or dead from other reasons, as reported
by Taylor [8]. The resultant dataset contained 179 patients with ‘good outcome’ and 74
patients with ‘poor outcome’. For each patient, a profile was computed based on the
difference of the gene expression value between the gene signatures and their
neighboring proteins. We adopted a five-fold cross-validation strategy in which we used
20% patient’s profile from the original set as the validation data, and the remaining
patients’ profiles as the training data. This process was repeated five times such that each
patient in the sample was used once as the validation data. For the identification of gene
signatures, we applied a scoring procedure to the domains of each gene product based on
the number of mutually exclusive DDIs they contain. There is only one parameter that
needs to be tuned: the threshold of domain index scores (Sd). We subjected our approach
to test on the breast cancer data set using different Sd. We then evaluated the performance
of our approach by calculating three performance measurements: accuracy, sensitivity
and specificity. In this study, accuracy is defined as: (No. of True Positives + No. of True
Negatives) / (No. of True Positives + No. of False Positives + No. of True Negatives +
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No. of False Negatives). Sensitivity is defined as: No. of True Positives / (No. of True
Positives + No. of False Negatives). Specificity is defined as: No. of True Negatives /
(No. of True Negatives + No. of False Positives). A true positive is defined as the case
that a “poor outcome” patient was successfully predicted as having the “poor outcome”
and a true negative is defined as the case a “good outcome” patient was correctly
predicted as having the “good outcome”. From the observation of the performance plot
(Figure 5.2), we concluded that our approach achieved the best performance with
accuracy of 86.8%, sensitivity of 87.1% and specificity of 85.6% when Sd were set as 50.
We found that with higher Sd, a smaller set of gene signatures were generated and more
true positives missed. On the contrary, with lower Sd, the gene signature list contained
more false positives and negatives.

5.3.2 The identified biomarkers may be involved in carcinogenesis
A total of 171 gene signatures were identified in a breast cancer data set using the above
approach. By examining gene ontology terms associated with these gene signatures, we
found that they mainly are involved in 5 major cancer-related biological processes:
transcription, DNA repair, signal transduction, cell cycle and protein phosphorylation
(Figure 5.3). For instance, the well-known oncogenic transcription factors such as FOS,
JUN and NFκB were identified as gene signatures by this study. We identified DNA
repair genes including XRCC5, MSH, PCNA and others as gene signatures. These genes
were demonstrated to cause cancer because mutations in those genes disable the
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Figure 5.2 The performance of our approach using different thresholds of domain
index scores (Sd).

Curve of receiver operating characteristics (ROC) plotted for different thresholds when
our approach was tested against the breast cancer data set incorporating somatic mutation
data and without incorporating somatic mutation data. The area under the curve (AUC)
plotted for without somatic mutations and with somatic mutations is 0.861 and 0.892,
respectively.
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Figure 5.3 A network of 171 gene signatures identified in the breast cancer data set
using our approach.

Each gene is labeled as different colors based on it biological function annotation derived
from its gene ontology terms.
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ability of DNA repair, which subsequently leads to the accumulation of mutations [3032]. Genes involved in signal transduction, an important type of pathways in cancer
development, such as MARK14, VAV1 and PIK3R1 were also identified as gene
signatures in this study. Besides, a group of cyclin-dependent kinases (CDK2, CDK3,
CDK4, CDK6) that control cell proliferation [33] and other genes (SRC, ABL1) related
to protein phosphorylation [34] were identified. In summary, 38% (65 out of 171) of the
identified gene signatures are associated with cancers in Online Mendelian Inheritance in
Man (OMIM; http://www.ncbi.nlm.nih.gov/omim/). This percentage is significantly
greater than that found purely by chance (P < 10-12, Z-test), indicating the capability of
our approach to identify disease genes. Interestingly, only 15% (26 out of 171) of the
identified gene signatures were known cancer susceptibility genes compared to a list of
genes downloaded from The Cancer Gene Census
(http://www.sanger.ac.uk/genetics/CGP/Census/), which reports mutations causally
implicated in cancer. This result was consistent with those of previous studies, which
yielded 21% and 16%, respectively [7, 8]. The low percentage of known cancer
susceptibility genes present in the gene signature list suggests that mutations in not only
these genes, but also other genes, might collectively contribute to carcinogenesis by
disrupting the modularity of the PPI network. We speculate that the other genes could be
the downstream effectors of the cancer susceptibility genes and that changes in their
expression could disrupt the PPI.

5.3.3 Somatic mutations increase the accuracy of our approach
Some somatic mutations reveal the role of functional domains in cancer. For example,
tumors highly sensitive to epidermal growth factor receptor (EGFR) tyrosine kinase
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inhibitors often contain dominant mutations in exons that encode a portion of the tyrosine
kinase (TK) domain of EGFR [35]. To investigate the possibility that somatic mutations
within domains are important indicators to differentiate two classes of patients, we
incorporated the somatic mutation data compiled from the COSMIC database to our
scoring model (see methods) by searching for the genes having mutually exclusive
domains that harbor somatic mutations. We hypothesized that these mutations could
disrupt DDIs and PPIs and consequently change the modularity of the human protein
interaction network. At the threshold of Sd = 50, our approach identified 126 gene
signatures and achieved the accuracy of 88.3%, the sensitivity of 87.2% and the
specificity of 88.9% when tested on the breast cancer outcome data (Figure 5.2). The
improvement on performance suggests that the somatic mutation data is indeed an
affecter to predict cancer outcome, however, its impact is limited. Due to the fact that
some mutations, called “driver mutations”, contribute to the development of the cancers
and others, called “passenger mutations” are effectively neutral [12], minor performance
improvement could be explained by the incompleteness of currently available somatic
mutation data or bias introduced by passenger mutations. With the help of next
generation sequencing techniques, the size of the somatic mutations data in human will
grow in the future and our approach will better distinguish “driver mutations” from
“passenger mutations. It is anticipated that our approach could achieve better
performance.
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5.3.4 A list of over-represented domains that tend to disrupt the protein interactions
network
In order to investigate what types of domains tend to exist in ‘singlish-interface’ proteins
and disrupt protein interactions, we calculated the number of involved domain-domain
interactions of each domain in ‘singlish-interface’ proteins and compared it to that
expected by chance. We identified 76 over-represented domains within ‘singlishinterface’ proteins (Table 5.1) (P < 0.01, Z-test). Interestingly, 74% (56 out of 76) of the
domains were annotated as cell signaling domains such as SH2, Pkinase and Ras
according to the SMART database [36], indicating that these domains are likely to play a
critical role in carcinogenesis through disruption of the protein interactions within
signaling pathways. For example, the SH2 domain of the oncoprotein Src interacts with
86 domains within 57 proteins. It has been demonstrated that SH2 domain regulates
intracellular signaling cascades by interacting with high affinity to phosphotyrosinecontaining target peptides [37, 38] and is related to cancer cell migration and proliferation
[39]. Another example is the Pkinase domain that performs the catalytic function of
protein kinases [40, 41]. Many diseases including cancer are caused by dysfunction of
phosphorylation [42].
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Table 5.1 A list of over-represented domains within the ‘singlish-interface’ proteins.
Domain

Name

DDIs

P-value

PF00017

SH2

86

1.63E-24

PF00018

SH3_1

70

1.39E-23

PF00069

Pkinase

49

1.41E-23

PF00071

Ras

45

2.13E-23

PF00170

bZIP_1

42

2.49E-23

PF07716

bZIP_2

34

2.97E-23

PF00036

efhand

32

4.48E-23

PF00562

RNA_pol_Rpb2_6

31

4.84E-23

PF01466

Skp1

29

5.14E-23

PF00130

C1_1

23

5.56E-23

PF00271

Helicase_C

23

6.34E-23

PF01193

RNA_pol_L

23

6.67E-23

PF00270

DEAD

23

7.18E-23

PF00169

PH

22

7.21E-23

PF00010

HLH

22

8.55E-23

PF00096

zf-C2H2

22

9.03E-23

PF00227

Proteasome

21

9.44E-23

PF05739

SNARE

21

9.94E-23

PF04998

RNA_pol_Rpb1_5

21

9.94E-23

PF00023

Ank

20

9.98E-23

PF01833

TIG

20

1.44E-22

PF05000

RNA_pol_Rpb1_4

19

2.05E-22

PF00433

Pkinase_C

19

2.17E-22

PF02985

HEAT

18

3.71E-22

PF00004

AAA

18

9.83E-22

PF00076

RRM_1

18

9.99E-22

PF01423

LSM

17

1.04E-21

PF04983

RNA_pol_Rpb1_3

17

1.90E-21

PF00179

UQ_con

16

3.51E-21
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Domain

Name

DDIs

P-value

PF00786

PBD

16

3.90E-21

PF00400

WD40

16

6.04E-21

PF00620

RhoGAP

16

8.19E-21

PF01000

RNA_pol_A_bac

16

9.25E-21

PF01192

RNA_pol_Rpb6

16

1.69E-17

PF00995

Sec1

15

3.16E-17

PF03870

RNA_pol_Rpb8

15

4.31E-17

PF00134

Cyclin_N

14

4.60E-17

PF00102

Y_phosphatase

14

4.74E-17

PF04563

RNA_pol_Rpb2_1

14

9.54E-17

PF00022

Actin

14

9.84E-17

PF04565

RNA_pol_Rpb2_3

14

1.17E-16

PF00623

RNA_pol_Rpb1_2

13

1.32E-16

PF00996

GDI

13

1.55E-16

PF00736

EF1_GNE

13

1.62E-16

PF00804

Syntaxin

13

1.80E-16

PF00183

HSP90

13

1.88E-16

PF04560

RNA_pol_Rpb2_7

12

2.09E-16

PF04567

RNA_pol_Rpb2_5

12

8.24E-16

PF02463

SMC_N

12

2.44E-15

PF00595

PDZ

12

2.96E-15

PF08033

Sec23_BS

12

3.21E-15

PF01194

RNA_pol_N

12

3.32E-15

PF02115

Rho_GDI

12

3.36E-14

PF00125

Histone

12

3.37E-14

PF00626

Gelsolin

12

3.66E-12

PF04811

Sec23_trunk

12

3.78E-12

PF04561

RNA_pol_Rpb2_2

12

4.74E-12

PF01214

CK_II_beta

12

8.15E-12

PF00617

RasGEF

11

9.15E-12
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Domain

Name

DDIs

P-value

PF00503

G-alpha

11

1.29E-11

PF00514

Arm

11

5.39E-11

PF00618

RasGEF_N

11

5.99E-11

PF00788

RA

11

6.04E-11

PF05192

MutS_III

11

6.15E-10

PF04997

RNA_pol_Rpb1_1

10

6.26E-10

PF00621

RhoGEF

10

6.40E-10

PF01138

RNase_PH

10

6.47E-08

PF00352

TBP

10

6.70E-08

PF00240

ubiquitin

10

6.72E-07

PF00515

TPR_1

10

6.73E-06

PF02984

Cyclin_C

10

7.19E-06

PF06470

SMC_hinge

10

7.25E-04

PF00046

Homeobox

10

7.57E-03

PF04566

RNA_pol_Rpb2_4

10

7.58E-03

PF03725

RNase_PH_C

10

7.79E-03

PF00917

MATH

10

8.04E-03

146

5.3.5 Comparison between approaches
Identifying novel prognostic markers to classify cancer outcomes has been widely
studied. The approaches described in previous publications can be categorized into three
classes: i) gene expression pattern-based method, in which markers are selected based on
whether their expression profiles can differentiate different groups of patients [3, 4]; ii)
PPI sub-network-based method, in which each marker, representing as a sub-network in
the PPI network was identified by maximizing the mutual information measuring the
association between the expression value of each gene in the sub-network and the types
of patients [7]; iii) PPI modularity-based method in which each gene signature was
identified by comparing the difference of the gene expression value between a hub gene
and their interacting partners in the PPI network [8]. In this study, we employed a novel
approach based on finding genes in the PPI network with mutually exclusive domains
and somatic mutations located in these domains as the markers. Table 5.2 shows a
comparison of the approaches. Wang et al [4] and van’t Veer et al [3] reported 63% and
62% accuracy, respectively, for the prediction of metastasis using gene expression
pattern-based methods. Using the PPI sub-network-based method, Chuang et al [7]
yielded accuracy of 72.2% and 70.1% using the same data set. Using the PPI modularitybased method, Taylor et al [8] reported accuracy of 76%. We applied our approach on the
same data set as Taylor et al used and adopted the identical training and testing strategy
(five-fold cross-validation). We observed that our approach achieved accuracy of 88.3%,
sensitivity of 87.2% and specificity of 88.9% when Sd were
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Table 5.2 Feature comparison between different approaches.
Features
Publication

Gene
expression
profiles
Proteinprotein
interaction
network
Gene
expression
value
difference of
neighboring
proteins
Domaindomain
interaction
network
Somatic
mutations
Accuracy

Gene expression
pattern-based
method
van’t
Wang
Veer et
et al.
al.
Lancet
Nature,
2005
2002 [3]
[4]
√

√

PPI subnetworkbased method

PPI
modularitybased method

this study

Chuang et al.
Mol Syst Biol
2007 [7]

Taylor et al.
Nat Biotechnol
2009 [8]

√

√

√

√

√

√

√

√

√
√
62%

63%

72%

76%

88%
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Figure 5.4 Predictive performance comparison between different approaches.

(A) Tested our approach on the same data set as Taylor et al used and adopted the
identical training and testing; (B) Tested our approach on the same data set as other
approaches used and adopted the identical training and testing.
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set as 50, which indicates that our method outperforms other approaches and provides a
promising solution to predict cancer outcome (Figure 5.4A).

5.3.6 The robustness of our approach
To test the robustness of our approach, we first applied our approach to another
independent data set that included 184 breast cancer patients with metastasis and 397
breast cancer patients without metastasis [3, 4]. Using five-fold cross-validation, our
approach achieved accuracy of 83.2%, sensitivity of 84.6% and specificity of 82.5%
(Figure 5.4B), which is better performance than previous studies [3, 4] in predicting
breast cancer outcome when tested on an independent data set. Next, we compiled a set
of 23 patients with oral squamous cell carcinomas (OSCCs) that contained gene
expression data of 8 patients with pathological lymph node positivity and 15 patients with
lymph node negativity [43]. Compared to patients without lymph node metastasis,
patients with lymph node metastasis demonstrate very high death rates [44]. We applied
our approach to this data set using the leave-one-out cross-validation (LOOCV) strategy
due to insufficient sample size. We observed that our approach achieved accuracy of
92%, sensitivity of 93.3% and specificity of 87.5%, further validating the robustness of
our predictive approach.

5.4 Conclusion
Biological network information has proven to be useful for improvement of prognosis
performance [7, 8]. In this context, our study constitutes the first novel predictive method
to classify cancer outcomes based on information about protein interaction interfaces in
the protein interaction networks and on the gene expression data. The favorable
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predictive performance of our approach suggests that association exists between
metastasis and protein interaction interfaces, probably due to genetic variances within
domains interrupting physical interactions and then causing abnormal biological
functions associated with cancer progression. The potential of the approach described in
this study is substantially restrained by the limitations of currently available data sources.
These data sources, such as the protein interaction data, the domain interaction data, the
gene expression data and the somatic mutation data, are far from complete and contain
biases. As the size of these data sets grows in the future, our method will ultimately lead
to a more reliable and robust prognosis tool to assess cancer outcome.
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6. Conclusions
6.1 Summary
In this thesis, I have described my contributions to the development of computational
methods and tools for analyzing biological networks. Specifically, I introduced novel
computational approaches that predict protein-protein interactions, domain-domain
interactions, biological pathway organizations and cancer-related gene signatures from
bimolecular networks, such as protein interaction networks, domain interaction networks,
genetic interaction networks and gene expression networks. For more efficient and
reliable analysis, in addition to utilizing the data in these networks, I integrated
information about Gene Ontology semantic similarity into these bimolecular networks. In
the final chapter of this thesis, I will discuss the general conclusions that can be drawn
from my thesis research, and I will propose potential future directions of biomolecular
network analysis.

6.2 Knowledge discovery on the basis of networked data
A living organism or a cell is a highly organized system of interacting macromolecules
and metabolites, which can be viewed as a huge biological network consisting of
interactions between molecules. The study of biomolecular networks presented in various
biological systems, therefore, calls for the capture of the properties of both local
interactions and the global network in a quantitative fashion. There are a large number of
diversified studies focused on biomolecular networks that are ongoing. In my studies, I
investigated the following main computational problems in this field.
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6.2.1 The prediction of protein-protein interactions and domain-domain interactions
from noisy and incomplete high-throughput data
High-throughput techniques revealed a large amount of protein interactions. However,
the current protein interaction data are noisy, and contain an undetermined portion of
false positives [1, 2]. Furthermore, due to practical limitations such as insufficient time,
labor and cost, only a part of the interactome has been investigated so far [3]. Therefore, I
decided that it is necessary to develop sophisticated computational methods to analyze
the available data. To undertake this task, I first focused on the prediction of interactions
between membrane proteins. The reason for this focus was because the current protein
interaction data are strongly biased against membrane proteins, which constitute as many
as 20% to 35% of all known proteins. Based on the previous observation that two
proteins are likely to interact with each other if they interact with a similar group of
proteins, I developed a log likelihood scoring method to quantitatively measure the
overlap of interacting proteins for a given pair of proteins in the protein interaction
network and the domain interaction network (Chapter 2). Overall, this method predicted
4,660 interactions between integral membrane proteins of which 68% (3,168 out of
4,660) were novel. I demonstrated that this approach improved on other predictive
approaches when tested on a “gold-standard” data set and achieved 74.6% true positive
rate at the expense of 9.9% false positive rate. Furthermore, I confirmed that two
membrane proteins are more likely to interact with each other if they share common
interaction partners in the networks. This study resulted in a more extensive
understanding of the yeast integral membrane proteins from a network view, which also
complemented the previous prediction approaches based on the genomic context.
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Domains are defined as independently structural and/or functional blocks of proteins. It is
widely believed that some proteins interact with each other through interactions between
their domains [4, 5]. As a result, studies of domain-domain interactions facilitate the
identification of protein-protein interactions. More and more efforts have been devoted to
this area, via either experimental or computational approaches. It is generally infeasible
to study a large set of domain-domain interactions through experimental approaches such
as crystallization due to high cost and low efficiency. Therefore, computational
approaches have become an alternative to predict the interactions between protein
domains. Previous studies that purely relied on domain annotations yielded interesting
domain-domain interactions but were limited by low sensitivity and specificity. Given
this situation, I proposed a novel approach called GAIA based on the primary sequences
of the domains (Chapter 3). I hypothesized that a pair of small segments of n contiguous
amino acids (or n-grams) can interact with each other and mediate domain-domain
interactions. I showed that GAIA had better prediction performance than other prediction
approaches at a sensitivity of 82% and a false positive rate of 21%. This result suggests
that the primary sequence information of protein domains combined with domain
annotations may be the optimal way to predict interacting domains. In this study, I also
observed a list of significantly over-represented 4-gram pairs that may mediate the DDIs.
Another advantage of GAIA is that GAIA is able to predict the localization of interacting
grams/hotspots, therefore providing testable hypotheses for experimental validation.
Overall, I demonstrated that GAIA, a gram-based method, is a novel and reliable way to
predict DDIs that may mediate PPIs in yeast.
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6.2.2 The reconstruction of biological pathways from a large set of biomolecular
interactions
A single large biological network within any cell consists of smaller units called
biological pathways that perform specified biological tasks or functions. The currently
available pathway data are overall far from complete. Besides, the majority of these data
are metabolic pathways and signaling pathways that have been manually curated. This
situation prompted me to consider computationally reconstructing the biological
pathways. In fact, biological pathway reconstruction has been intensively studied for
years in bioinformatics and engineering communities but has mainly been focusing on the
reconstruction of metabolic pathways and signaling pathways. To overcome this bias, I
developed a pathway discovery tool to infer biologically functional pathways called
Pandora (Chapter 4). Instead of using single type of data, I incorporated four types of
functionally associated data in the model organism S. cerevisiae: protein-protein
interactions (PPIs), genetic interactions (GIs), domain-domain interactions (DDIs) and
semantic similarity of GO terms. Because of the intrinsic properties of the tool, members
of the resultant pathways identified by Pandora are highly functionally associated. By
aligning the prediction results to the pathway annotations from three pathway databases:
KEGG, BioCyc and Reactome, I showed that my approach is able to predict biological
pathways with a higher positive predictive value (PPV) compared to other previous
reported approaches. My results, which also revealed new members of pathways,
provided testable hypotheses for experimental validation. Pandora represents promising
progress toward deciphering the entire pathway organization in yeast cells, and points out
future directions to discover pathways in other eukaryotic systems when more large data
sets are available.
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6.2.3 The identification of active sub-networks associated with the dynamic
behaviors of biosystems
Biological networks have been used to investigate the relationship between biomolecular
interactions and human diseases at different levels. At the transcriptome level, differential
expression analysis is performed to identify the most consistently altered genes [6-8]. At
the interactome level, similar topological properties from human molecular interaction
networks have proven to be useful in identifying disease-related sub-networks or disease
genes [9-13]. At the metabolic and signaling network level, mutated enzymes that
catalyze adjacent metabolic reactions or signal transductions are believed to associate
with diseases [14, 15]. However, low accuracy is the major drawback of existing
computational approaches, which has motivated me to integrate different levels of data in
order to improve the accuracy. Because human disease such as cancer represents a
dynamic and multifactorial process, it is reasonable and necessary to incorporate multiple
types of data to identify active sub-networks associated with these diseases. I therefore
proposed an integrated approach using various types of data including PPI, DDI, gene
expression profiles and somatic mutation to predict cancer outcomes (with metastasis and
without metastasis) by identifying cancer-related sub-networks (Chapter 5). The major
difference between my approach and other network-based predictive approaches is that I
employed a scoring model to quantify the involved DDI sub-network and somatic
mutations of each protein. Tested on a set of breast cancer patients, my approach greatly
improveed the predictive performance at the accuracy of 87%, sensitivity of 87.8% and
specificity of 86.6%. In particular, 171 gene signatures were identified in a breast cancer
data set and they were mainly involved in five major cancer-related biological processes:
transcription, DNA repair, signal transduction, cell cycle and protein phosphorylation.
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These results provided testable hypotheses for the identification of pathways associated
with cancer metastasis. This study can be applied to the prediction of cancer prognosis, so
that cancer patients can avoid unnecessary chemotherapy. In addition to breast cancer,
this approach can also be applied to several other cancers including lung, colon and
pancreatic cancers.

6.3 Limitations of computational studies on networks
Complemented by experimental methods, network-driven computational approaches
provide a promising path to reveal a more complete picture of biological systems.
However, several challenges in knowledge discovery based on networked data should be
noticed.

First, reliable data collection is still insufficient, which results in different “noisy” subsets
of the complex cellular networks. Several important types of data ranging from signaling
networks to the role of microRNAs in network topology and dynamics remain completely
unexplored by any high-throughput technique [16]. On the other hand, available largescale data sets usually contain experimental artifacts, biases or noise caused by human or
technical limitations. For example, two high throughput techniques of identifying protein
physical interaction (Y2H and co-affinity purification followed by mass spectrometry)
have sampling problems and could generate a substantial amount of false positives [1, 2].
Another important shortcoming of currently available large-scale PPI data sets is that
they do not include the affinity of PPIs: there is no dynamic range for these data sets, and
we know that proteins have very different affinities, and because of this current high
throughput methods may never be able to “see” some interactions. Therefore, data
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incompleteness and poor data quality also make it difficult to compile the gold-standard
data set, and therefore affect the assessment of the prediction performance of various
approaches.

Moreover, it is challenging to obtain direct knowledge on the dynamics of a biological
network. Currently, the non-continuous time-coursed gene expression data are the only
available data source that reflects different states of the cells. This limitation hinders the
development of sophisticated theoretical models and quantitative simulation techniques.

The current computational network-based analysis is mainly focused on simple
organisms such as the data generated from S. cerevisiae. Theoretically, methodologies
can be applicable to a variety of organisms. However, even with the fast increase of
heterogeneous biological data, the data of some organisms such as Mus musculus,
Drosophila melanogaster and especially Homo sapiens are still far from complete.
Prediction approaches based on multiple lines of evidence, therefore, are facing the
challenges caused by data incompleteness. One interesting contribution this work could
provide is to direct the PPI measurement of specific target protein pairs. One could look
at the many orthologs present in model systems and the various technologies that now
exist or are in development to verify and test interactions and affinities between a number
of human proteins.

6.4 Future directions of biomolecular network analysis
In this thesis, we proposed new solutions to extract knowledge from various types of
biological network. These graph-based approaches were demonstrated to be efficient and
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effective strategies to predict PPIs, DDIs, pathways and cancer outcomes. Despite these
achievements, we still have much room to improve so that we can elucidate underlying
mechanisms embedded in biological networks in a more accurate way. Future progress is
expected in the following four topics.

First, the issue of sampling of biological networks needs to be addressed in order to
identify the correct network statistics. Computational approaches such as inferring
functional modules, finding network motifs are based on the assumption that the
complete network is scale free [3]. However, currently available biological networks are
incomplete. Therefore, topological properties of existing biological networks may not be
accurately extrapolated to the complete ones. One possible solution is that we can
develop methodologies to quantify the effects of inaccurate sampling caused by
incomplete networks. For example, the scoring model to measure the likelihood of
interaction between a pair of proteins in Chapter 2 is based on the number of PPIs and
DDIs between this pair of proteins and their common interactors. Although this number is
statistically significantly higher than that would be expected at random, it might be
attributable to artifacts of sampling originated from experimental bias. In this case, the
bias needs to be taken into account in a more sophisticated scoring model, so that a more
accurate likelihood calculation can be achieved. Another possible solution is to increase
the network coverage. The demands of increased coverage need to be satisfied by
advanced techniques developed in the foreseeable future. An example of the advanced
techniques in request is new high throughput technology that is capable of identifying all
PPIs overlooked by various current high throughput technologies.
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Second, in order to extract fundamental rules that govern complex living systems, we
need to build general predictive models by integrating networked data at different levels.
For example, one possible future work of the pathway discovery tool, Pandora, described
in Chapter 4, is to integrate the gene expression data, as genes having similar expression
patterns may be within the same biological pathway involved in a biological process. In
GAIA described in Chapter 3, further integrating the three dimensional structural
information of proteins such as the relative solvent accessible surface area might be
helpful to the prediction of interacting domains. However, we are facing the challenge of
how to integrate various types of networked data. Data integration can be accomplished
by firstly quantifying each data type and then combining them. In Pandora, I adopted a
simple rule in which each data type is weighted equally. To achieve optimal predictive
power, however, different genomic features need to be properly integrated into a single
probabilistic framework. Many machine learning methods such as Bayesian approaches,
decision trees and support vector machines can be applied in Pandora to achieve better
performance. In addition, a methodology is needed to evaluate the limits of data
integration by examining how predictive performance changes when more types of data
are integrated.

Meanwhile, we need to maximize our data collection abilities by finding the most
relevant data sets to fit the biological problems we are trying to solve. For example, while
it can successfully predict biological pathways, Pandora misses an important piece of
information that is the directionality between each entity within pathways. It is because
that the networked data sets used in Pandora are unidirectional such as PPIs, DDIs and
synthetic lethal interactions. Therefore, one future improvement for Pandora is to collect
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directional relationship data sets such as epistatic, conditional, and suppressive genetic
interactions that provide serial information flow from one gene to the other gene [17]. In
chapter 5, I described an approach to identify gene signatures based on disrupted subnetworks in PPI and DDI network caused by the somatic mutations present within
specific domains. However, the impact of using somatic mutation data is limited due to
the incompleteness of currently available somatic mutation data. With the help of the next
generation sequencing techniques, the International Cancer Genome Consortium (ICGC)
(http://www.icgc.org/) aims to generate comprehensive catalogues of genomic
abnormalities such as somatic mutations, abnormal expression of genes, and epigenetic
modifications in 50 different cancer types and make the data available to the entire
research community. Integrated with ICGC data sets, a more sophisticated model could
be developed to quantify the differences in the DDIs and PPIs between cancerous and
pre-cancerous cell types caused by the genomic variations present within specific
domains, which could constitute part of the efforts towards understanding how various
aspects of genomic changes might affect cancer development, therefore providing
insights on different cellular mechanisms functioning in normal versus cancerous states.

Finally, we need to consider the effect of different types of topological measurements
when we interpret the network-based knowledge. Some topological features such as
node-degree, the adjacency matrix and clustering coefficient indicate local connections in
the graph, whereas other features such as a node’s betweenness centrality can identify the
important node in terms of the whole network. The degree of a node is not necessarily
correlated to its betweenness centrality [18]. To take this factor into account, the local
topological measurement-based approaches described in this thesis such as Pandora and
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predicting membrane PPIs could be further modified to examine global topological
features such as betweenness centrality, so that we could measure biological relevance of
protein pairs both locally and globally.

To conclude, the ultimate aim in this field is to construct a complete and high-resolution
description of molecular topography and connect various types of interactions with
physiological responses. Although systems biology-based approaches are not yet fully
developed, it has been widely believed that they will become more and more essential to
the understanding of complex biological phenomena such as diseases. By investigating
the relationships and interactions between various parts of a complex living system such
as protein interaction networks, domain interaction networks, gene expression networks
and genetic interaction networks, we expect the findings presented in this thesis will
provide some new solutions to mine knowledge from a variety of biological networks,
which is a critical step towards a complete understanding of the underlying mechanisms
of living organisms.
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Appendices
Appendix A Detecting protein-domains DNA-Motifs association in
Saccharomyces cerevisiae regulatory networks
1. Introduction
Living cells are characterized by temporally and spatially differentiated gene expression.
The regulatory mechanisms of gene expression responding to various internal or external
cues, such as tissue-specific development signals and environmental factors, are not
completely understood. Although it is well known that proteins, including activators and
repressors, play key roles in the transcriptional regulation of gene expression, questions
such as how these proteins bind to specific sites across the regions of transcription start
sites, enhancers and silencers still remain to be addressed [1]. The technical accessibility
of Saccharomyces cerevisiae (Sc) for both advanced genetic and molecular analyses
makes it an ideal organism for the study of the underlying regulation of transcription.

Many research groups have engaged in computational studies on transcriptional
regulation. They have done so in the following ways. First, they have predicted individual
transcription factor binding sites by applying position-specific scoring matrices (PSSMs)
derived from the multiple alignments of binding site sequences. The PSSMs can be
retrieved from the popular databases TRANSFAC [2, 3] and JASPAR [4]. However, this
method suffers a large number of false positive predictions due to the short, degenerate
nature of transcription factor binding site TFBS motifs [5]. Second, computational studies
have predicted statistically significant function motifs in the promoter regions of genes
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based on their gene expression profiles [6]. Third, other computational studies have
predicted or discovered regulatory patterns between regulators and their target genes
using one data set such as gene expression profiles [7-12] or a variety of data sources
such as ChIPchip data, regulatory motif data and gene expression profile data [13-15].

A protein domain represents a conserved segment of sequence within a protein that
usually corresponds to a structural or functional region [19]. Understanding protein
domains’ functions is important in understanding biological processes including gene
expression regulation [16]. DNA binding is one of the most essential domains’ functions
for gene expression regulation. In order for regulators to function, they need to directly or
indirectly bind to DNA through cis-regulating regions. Detecting these binding domains
and their corresponding cis-regions can help biologists’ of further understandings of the
regulation process across species.

Here, we report a probability-based computational method to help biologists infer the
regulatory modules in yeast from regulatory DNA motif data and protein domain data.
Identifying these pairs would allow a life scientist to greatly reduce and enrich the search
space they would need to investigate in order to understand the regulatory networks of
interest to them.

This method is based on finding associations between protein domains and DNA
regulatory motifs over a large number of known regulation relations. These known
relations are caused both by either the direct involvement of a given domain in the
binding of a regulator protein to some DNA motifs or by the indirect involvement of this
domain in other aspects of the regulation process, such as in the protein-protein
170

interaction upon the binding of co-regulators. In this study, we generated a list of
associations in the form of domain-motif, showing potential statistically significant
relations between binding motifs and domains of regulators (activators or repressors).
Some of our association results were validated by previously published biological
research.

2. Definitions
An item, I, is a Boolean value that represents the existence of either a protein domain
(domain item, Id) or a DNA motif (motif item, Im).

A Motif Matrix, MM, is a matrix of motif items Im. It holds information about the
existence of a known motif in the upstream region of a gene, where each line corresponds
to a gene and each column to a motif. The value at line/column is true if the column motif
exists at least once in the 500 bp upstream region of the gene line.

A Protein Domain Matrix, PDM, is a matrix of domain items Id. It holds information
about the existence of a known protein domain in a gene, where each line corresponds to
a gene and each column to a protein domain. The value at line/column is true if the
column domain exists at least once in the gene line.

A Regulation Array, RA, is an array of two columns, each line corresponding to a
regulation relation in the form of a regulator-target. The first column corresponds to the
regulator gene and the second column corresponds to the target gene of the line
regulation relation. There are Nrr regulation relations in the RA (number of lines is Nrr).
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3. Method
The following method will generate association roles in the form of a support [17] and a
score for each possible relation between regulator domain(s) and target motif(s). This
score represents the ratio of the actual support of a set of domain(s) and motif(s) to the
statistical predicted support, where the statistical predicted support of a set is the
multiplication of the support of all its items. Those relations that have a support greater
than a given support threshold SUPP_T value and a score greater than a given score
threshold value SCORE_T will be predicted as output.

First, an association matrix, AM, is constructed based on RA. This AM will hold
information of regulator domain(s) and target motif(s) from PDM and MM. Each line in
AM corresponds to one regulation relation (one line from RA) and consists of all the
regulator domain items Id and all the target gene upstream motif items Im. The association
of protein domains and DNA motifs is calculated using the method presented in Figure 1
and Figure 2.

4. Input Data
Three different types of data are used; protein domains, DNA binding motifs, and a set of
known regulation relationships.

Protein domains: We obtained the domains annotation of each protein in yeast from Pfam
[19]. A total of 3842 proteins (comprising about 60% of the yeast genome) with at least
one domain were used in this experiment. Pfam is a database containing a large collection
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of common protein domains and families, as well as the multiple alignments and hidden
Markov models from which they are derived [19].

DNA motifs: Two types of sets of DNA motifs are used: (1) experimental identified
target genes of specific transcription factor families (TRANSFAC) and (2) computational
predicted transcriptional factor biding sites (Gibbs sampling). We compiled our dataset
from the dataset of [15] and [20], resulting in a total of 428 TRANSFAC motifs with
5849 target genes and 356 Gibbs motifs with 5579 target genes in yeast.

Regulation relations: A set RR of 12450 known regulation relations involving in 141
regulators and 4054 target genes was collected from YEASTRACT [21], and then filtered
based on different regulators GO term.

5. Results
Each of the Gibbs Motif Matrix GMM and TRANSFAC Motif Matrix TMM datasets was
tested for association with the Pfam dataset, PM, three times. Each time the PM was
filtered by a different set of regulator GO terms (GO:003677 DNA binding proteins,
GO:030528: transcription regulator activity proteins, and GO:003712 transcription
cofactor activity that does not bind DNA itself). A support threshold of SUPP_T = 1.2%
(this threshold value was empirically chosen to give a reasonable statistical significance
to our results) and a score threshold of SCORE_T = 2.0 were used. Over those 6 tests and
for relations of size equal or less than seven, k <= 7, a total of 19 domains passed both
support and score threshold values and are presented in Table 1.
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As shown in Table 1, we found that many domains are similar within both motif datasets
(TRANSFAC and Gibbs). In order to test the deliverability of the algorithm to infer
regulation-related associations, we compared three resultant domain lists filtered by three
different GO terms. Our results demonstrated that most domains represent the biological
characteristics of their filtering GO terms and could be divided into these two categories:

1) Domains that physically bind directly to the motif of the target genes. Examples are as
follows: PF00023, PF00046, PF00072, PF00096, PF00125, PF00249, PF00250,
PF00319, PF00447, PF00498, PF00533, PF02292, PF04082 and PF08618. These exist
in domain lists filtered by GO:003677 (DNA binding proteins) and GO:030528
(transcription regulator activity proteins) but not by GO:003712 (transcription cofactor
activity that does not bind DNA itself), which indicates that those domains on the
regulator protein might regulate the target gene by binding to its DNA motif.

2) Domains that indirectly participate in gene regulation. Examples are domains PF00400
and PF08618, which exist in domain lists filtered by GO:030528 (transcription regulator
activity proteins) and GO:003712 (transcription cofactor activity that does not bind DNA
itself) but not by GO:003677 (DNA binding proteins), which implies the indirect
regulation mechanism of these domains.

In order to give an indication of a domain function, we scanned these domains on all
3842 known genes with at least one domain in the whole yeast genome, then on those
327 genes in GO:030528 (transcription regulator activity proteins) and finally on the 221
genes of GO:003677 (DNA binding proteins). We counted the number of occurrences of
each protein domain (Table 2). Each row tells us the putative function of each domain. If
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a domain exists in both the “ALL” set and the “GO:030528” set but not in “GO:03677”,
then the association relation with a DNA-motif is more likely to be an indirect relation
through protein-protein interactions. For example, the function of PF00400 can be
putatively inferred as the role of the co-regulator instead of directly binding to the cisregion. This inference can be made because, of the 84 proteins in yeast containing
PF00400, 11 proteins containing are annotated as related to transcription regulation
activity based on GO:030528 while no protein is known as related to DNA binding based
on GO:003677. Similarly, domains PF00125, PF00249, PF00250, PF00319, PF00447,
PF00498, PF00533, PF02292 and PF04082 have about the same number of proteins of
(GO:0030528 transcription regulator activity) and (GO:003677 DNA binding), which
indicates that their involvement in gene regulation is by DNA binding.

On our supplementary website (http://bioinformatics.ubc.ca/PdDm) one can find 1) list of
all protein domains from Table 1, with their Pfam domain-name and function description,
and 2) a complete list of all associations domain-motif with their score, support, predicted
support p_support are presented. These association rules can be interpreted in the context
of the results of Tables 1 and 2. For example, the Gibbs DNA motif
“CLB2_M_Cluster_orfnumA2SD_n3” is found to be associated with PF00319. In Table
1, PF00319 associations are only found among GO terms. This indicates a direct DNA
binding. In Table 2, PF00319 is found to exist only in DNA binding genes, so the
association relation is likely to be a direct domain-motif binding relation. Functions of the
Pfam protein domain list, presented in Table 4, support with our results.
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Moreover, the domain PF00023 (ankyrin repeats) of GABPb is demonstrated to
accommodate recognition of direct repeats of GGA or inverted repeats of the GGA core
with variable spacing [22], whereas the motif “Y$CDC6_01”
(gcgacgcgAGGcctcacgcgtcgg) contains the inverted repeat of the GGA core. Another
example is that the domain PF00170 (bZIP1 transcription factor) recognizes and binds
the target sequence ATGACTCAT in vivo called the AP-1 site, in which one part of the
motif “Y$HIS3_05” (TGACTC) locates [23]. These findings are consistent with our
results.

6. Conclusion
By exploring the association relations between protein-domain and DNA-motif data, we
detected some putative domain-motif direct and indirect interactions; these interactions
indicated the functions for some of these domains and motifs. One of the next steps for
expanding on this work will be to achieve better prediction performance by integrating
protein-protein interaction data and gene co-expression data.
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Table 1 A list of 19 domains that are associated with DNA motifs in set sizes less
than or equal to 3 (k = 3) and that pass both support and score threshold values in
one or more of the 6 tests.
GO 003677 030528 003712 003677 030528 003712
MM TRAN TRAN TRAN Gibbs
Gibbs
Gibbs
Nrr 8484
12450
168
8484
12450
168
# of
genes
80
141
6
80
141
6
PF00010
X
X
X
PF00023
X
X
PF00046
X
X
X
PF00072
X
X
PF00096
X
X
X
X
PF00125
X
PF00170
X
X
PF00172
X
X
X
X
X
PF00249
X
X
PF00250
X
X
X
X
PF00319
X
X
X
PF00400
X
X
PF00447
X
PF00498
X
X
X
PF00533
X
X
PF02292
X
X
X
PF04082
X
X
PF08601
X
X
PF08618
X
X
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Table 2 The number of occurrences of each protein domain for three different sets
of regulation relations based on their GO term.
GO ALL
30528
3677
Size
3842
327
221
PF00010
7
6
4
PF00023
18
5
3
PF00046
6
6
4
PF00072
4
2
1
PF00096
35
28
17
PF00125
8
1
8
PF00170
8
8
3
PF00172
48
28
22
PF00249
14
6
5
PF00250
4
4
3
PF00319
4
4
4
PF00400
84
11
0
PF00447
5
4
3
PF00498
14
4
6
PF00533
10
1
2
PF02292
4
4
4
PF04082
26
14
13
PF08601
2
2
1
PF08618
1
1
0
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Figure 1 Steps for calculating support and scoring the association of domains-motifs
1. For each item I ∈ AM
O(I) = AM.count(I) / Nrr;
2. Initialize an association size variable k = 2;
3. Initialize CANDk to empty; Initialize LARGEk to empty;
4. For each pair of domain-motif items {Id, Im} ∈ AM
If (O(Id) > SUPP_T AND O(Im) > SUPP_T)
CANDk.add({Id, Im});
5. If CANDk is empty, terminate;
6. For each set size k, Sj, in CANDk
support(sj) = AM.count(Sj) / Nrr;
If (support(sj) > SUPP_T)
p_support(Sj) = 1;
For each I ∈ Sj
p_support(Sj) = p_support(Sj) * O(I);
score(sj) = support(Sj) / p_support(Sj);
If (score(sj) > SCORE_T)
Print sj;
Else
LARGEk.add(sj);
7. using the Counting algorithm [18] GenCand, construct
CANDk+1 from
LARGEk;
8. increase the association size variable by one: k = k + 1;
9. If (CANDk is not empty and k < k_max)
goto (6);
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Figure 2 The Counting algorithm [18]. This algorithm takes the LARGEk set as an
input and returns the CANDk+1 set as an output.

GenCand(LARGEk) {
Initialize CANDk+1 to empty;
For each Sj1 ∈ LARGEk
For every item I, COUNT[i] =
0,
//where i is an index of item I;
For each Sj2 ∈ LARGEk, Sj2
<> Sj1;
if (|Sj1 ∪ Sj2| == k)
COUNTS[Sj1 – Sj2]++;
For each counter COUNT[i]
if (COUNT[i] == k)
CANDk+1.add({LARGE[j1]}∪
{I});
}
return CANDk+1;
}
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Appendix B Quantum dot conjugates for targeted silencing of bcr/abl
gene by RNA interference in human myelogenous leukemia K562 cells.
1. Introduction
RNA interference (RNAi) is a cellular pathway of gene silencing in a sequence-specific
manner at the messenger RNA level. This phenomenon was first discovered in the
nematode worm Caenorhabditis elegans [1], and investigated in plants and invertebrates
[2-5]. In this mechanism, small interfering RNAs (siRNAs) were produced from long
double-stranded RNAs of exogenous or endogenous origin by a Dicer enzyme
(ribonuclease III type) [6]. The resulting siRNAs (usually 21–23 nucleotides) serve as
guide sequences to induce target specific mRNA cleavage by several cellular nucleases
[7, 8], thus blocking the translation of the mRNAs into proteins. RNAi provides several
major advantages compared to prior methods (e.g. antisense DNA) for suppressing gene
expression. Biochemical understandings of the RNAi pathway in human embryonic
kidney 293 and HeLa cells strains prompt that transfection of mammalian cells with short
RNAs could induce the functions of the sequence-specific RNAi pathway, thus
overcoming the barriers of using RNAi as a genetic tool in mammals [9]. Promising
results have since been achieved with small interfering RNAs (siRNAs) in animal models
[10-12]. For example, the RNAi method has been used to generate tissue-specific
knockdown mice for the study of gene functions in vivo [13], and as a result holds the
potential of treating diseases as diverse as age-related muscular degeneration and
hepatitis [14]. The rapid advancement of this powerful biotechnology has sped up the
pace of understanding gene function in cell/organism physiology and helps investigators
to dissect the cascade of molecular events underlying the pathogenesis of diseases,
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including cancer [15, 16]. Using siRNAs and other small RNAs in mammalian cells
could also contribute to solving the problems associated with gene therapy.

The potential use of the mammalian RNA interference (RNAi) technique has elicited a
great deal of interest for the therapeutic regulation of gene expression [17, 18]. However,
a major issue for oligonucleotide-based therapeutics involves the effective delivery of
antisense or siRNA to their respective sites of action in the nucleus or cytoplasm.
Although many studies demonstrated that antisense or siRNA compounds without a
delivery agent can function in RNAi, many investigators believe that appropriate delivery
platforms could improve the efficiency and thus be very helpful for oligonucleotidebased therapeutics [19, 20]. Due to the structure similarity between RNA and DNA, they
can be delivered into cells with common delivery carriers, which can be classified as
viral- and nonviral-based [21]. Virus vectors, such as lentiviruses [22, 23], adenoassociated viruses [24] and retroviruses [25], present safety and toxicity concerns which
have limited their use in human in vivo. On the contrary, nonviral methods including cell
penetrating peptides (CPPs) and cell targeting ligands (CTLs) are among promising
strategies in siRNA delivery [26]. These nonviral methods involve the use of liposomes
[27, 28], peptides [29, 30], cationic polymers [31] as well as nanoparticles (NPs) [32, 33]
and nanotubes [34]. It is important to realize that tracking and monitoring the delivery of
siRNA into cells can be difficult to accomplish without the help of a suitable tracking
reagent. The organic fluorophores commonly used to label siRNAs lose over half of the
intensity of their fluorescent signals in 5–10 s [35]. It is therefore not practical to apply
these dyes in either long-term or multiplexed studies [35, 36]. On the other hand,
fluorescent reporter plasmids, such as GFP (green fluorescent protein), require more than
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2h for the targets to become observable [37] which limits their application in
instantaneous monitoring of siRNA molecules.

In the present study, we applied fluorescent QDs conjugated with small interference RNA
as a self-trackable non-viral vehicle to deliver double-stranded small interfering RNAs
(siRNAs) designed to knock down the bcr/abl oncogene into leukemia K562 cells. QDs
are brighter than most conventional fluorescent dyes by 10-fold and are significantly
easier to detect than fluorescent reporter plasmids in vivo [35, 38]. QDs can fluoresce
more than 20 times longer than conventional fluorescent dyes [39]. These properties have
opened new possibilities for advanced molecular and cellular imaging as well as for
ultrasensitive bioassays and diagnostics [38, 40, 41]. We have explored the utility of
combining QDs with siRNA to track intracellular transport and evaluating the delivery
efficiency [42]. The superior brightness and photostability of QDs probes in cells have
enabled them to sustain not only fluorescence-activated cell sorting (FACS), but also live
imaging and immunostaining procedures. Our QD/siRNA co-delivery technique has
demonstrated that QDs could work as a vector that successfully transfected siRNA into
cells and thus proved to be a new method for RNAi application. Our experiment results
also suggested that the intensity of cellular fluorescence correlated with the levels of
silencing, allowing the collection of a uniformly silenced cell population by FACS.

2. Materials and Methods
2.1. Materials
The K562 human chronic myelogenous leukemia cell line was purchased from the
American Type Culture Collection (Rockville, MD). All cells were cultured in RPMI
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1640 medium (Nikken BioMedical Laboratory, Kyoto, Japan) supplemented with 10%
fetal bovine serum (Life Technologies, Grand Island, NY). The cells were placed in a 5%
CO2–95% air fully humidified atmosphere at 37℃and incubated until harvesting. The
K562 cell line has been determined to express the b3a2 breakpoint of the bcr-abl mRNA.
Double-stranded siRNA was firstly designed by the modified version of GAIA algorithm
[43], and then literaturally validated by previous reports and methods [44]. The sequences
of (sense: 5’-GCA GAG UUC AAA AGC CCU UdTdT-3’; antisense: 5’-AAG GGC
UUU UGA ACU CUG CdTdT-3’) specific for the b3a2 breakpoint of the Bcr-Abl gene
were chemically synthesized (Songon, China)(Figure1a). A 3’-overhang deoxythymidine
dimmer (dTdT) was introduced to the 3’ end of the sequence for its stability.
2.2 bcr/abl siRNA-conjugated with QDs
Carboxylate-modified highly luminescent semiconductor CdTe QDs (emission 625nm,
diameter 5~15 nm.) were conjugated to siRNAs using the EDAC solution as the crosslinker. In this experiment, 10µL Carboxylate-modified QDs (13µM) , 250µL aminomodified siRNA (2µM) and 15mg newly prepared EDAC (final: 50 mg/mL)were mixed
and vortexed for 4h at room temperature in the dark. Next, the compounds of QD-siRNA
were purified by centrifugal concentrators (Vivaspin 500 centrifugal concentrators,
300KD). The supernatant was discarded and 50µL of QD-siRNA complexes were
collected and kept at 0~4℃ [45].
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2.3 Determination of conjugation efficiency and transfection of QD-siRNA into
K562 cells
To measure the conjugation efficiency of bcr/abl siRNA onto QDs, unconjugated siRNA
and QDs were removed by centrifugation at ×10000g. The QD-siRNA conjugates were
studied by high performance liquid chromatography (HPLC)(Agilent, USA). Conjugation
efficiency is expressed by the difference of the peak positions between pure siRNAs and
the QD-siRNA conjungates. Next, in order to study the effects of crosslinking in the
transfection, a series of QDs and QD-siRNA conjugates were co-cultured with K562
cells. The QD-siRNA(final concentration: 2µM) conjugates were added to 2 ml of
cultured cells. The mixtures were then incubated for 48h before seeding into cell culture
flasks at the concentration of 1×106 cells/mL (Figure1b). The seeded cells were cultured
at 37℃ with 5% CO2. MTT assays were applied to determine the cell activity and
proliferation.

2.4 MTT assay
The percentage of cell survival was measured using the MTT (3- [4,5-dimethylthiazol-2yl] -2,5 - diphenyltetrazolium bromide) colorimetric assay. After K562 cells were treated
with the QDs-siRNA conjugates for 44h, cells were seeded into a 96-well plate at the
concentration of 1×105 cells /mL, which were transfected with these QD-siRNA
conjugates. Next, 10µL of MTT solution (5mg/ml) was added to each well of a 96-well
cell culture plate. After incubation at 37℃ with 5% CO2 for 4h, blue formazan product was
converted from MTT. To dissolve the formazan product and end the reaction, 100µL of
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20% SDS (v/v) solution was added to each well. Spectrophotometric data were measured
using an ELISA reader at the wavelength of 570 nm.

2.5 FACS
Flow cytometry was performed on a FACS Vantage SE flow cytometer (Becton
Dickinson) using a 488nm Ar laser and FL3 bandpass emission (650±10nm) for the red
QDs. To investigate the apoptosis of K562 induced by the transfection of QD-siRNA,
K562 cells were seeded at the density of 1×105 cells /well. SiRNA-conjugated QDs were
then incubated with the cells at the concentration of 20µg/well for 24h. The cell was
immobilized with pre-cooled 75% ethanol (v/v) at 4℃ overnight. The immobilized cells
were washed twice with 500µL of cold PBS (pH=7.4) per well and then incubated at 37℃
for 30min with RNase(20µg/mL). The cellular DNA was then stained with propidiun
iodide (PI). Different PI fluorescent intensities were recorded and the transfection
efficiency was quantified accordingly.

3. Results
3.1 Determination of K562 siRNA-QDs conjugation efficiency
Conjugation of K562 bcr-abl siRNA onto the surface of the QDs was achieved by
incubating bcr-abl siRNA with -COOH functionalized CdSe QDs using EDAC as the
cross-linker. In this procedure, siRNA was immobilized to the surface of QDs through
the direct connection of the amidogen, which had been modified simultaneously in the
process of siRNA synthesis process, and the carboxyl group on the QDs, in the presence
of EDAC, which was used as the crosslinker. HPLC spectrum (Figure 2) revealed that the
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peak position of the QD-nucleotide complexes appeared 1min later than that of pure
siRNAs. We believe that the electronegativity of the QDs increases the negative charge
of the QD-siRNA conjugates, which reduces the retention time of the conjugates in
HPLC. This result indicated that QDs could be successfully conjugated with siRNAs
using methods reported previously.

To investigate the physical absorption of the QD/siRNA conjugates, we co-cultured K562
cells with QDs subjected to a series of different treatments, including pure QDs, QDssiRNA and QDs-siRNA (without EDAC), respectively. (Figure 3a).Consistent with the
results shown by MTT, pure QDs and samples without EDAC had little effect on cell
viability, and the cell viability did not significantly change (<20%). There was, however,
a significant decrease of cell viability when K562 cells were treated with QD-siRNA in
the presence of EDAC. The viability of the treated cells was less than 50% compared to
that of the control cells. Because these designed siRNAs could induce apoptosis of the
K562 cell strain, the cell viability change suggested that EDAC could improve the
connection between QDs and siRNAs. In our study, MTT data showed that pure QDs
could apparently induce a slight decrease of cell viability (<10%). This observation is not
surprising because QDs induced apoptotic and cell death in several kinds of cell strains
were also reported in some previous research [46]. In summary, these results confirmed
that QDs could be effectively connected with siRNAs in the presence of EDAC, which
served as a prerequisite for the experiments described later in this study. Also, low
concentrations of QDs would not induce substantial cell apoptosis.
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3.2 Transfection efficiency of QD-siRNA

In order to measure the transfection efficiency of QD-siRNA, K562 cells were incubation
in red CdTe QDs for 48h before they were evaluated for the fluorescence intensity using
flow cytometry. Flow cytometry distinguished and counted the number of red
fluorescence expressing cells from all viable cells. The baseline of this measurement was
represented by the region of the graph occupied by the viable and healthy cells in the
negative control (nontransfected) cells. Then, the transfected cells were subjected to the
same measuring procedures and the number of red fluorescence expressing cells was
recorded. Compared to nontransfected cells, the fluorescence intensity of the QD-siRNA
transfected cells was significantly increased and the number of the transfected cells
reached 74.1% of the total cell count. These data indicated that QD is a potent vector that
can be efficiently transfected into K562 cells.

3.3 Optimization of QD concentration for siRNA transfection

To optimize the concentration correlation of QD/siRNA in siRNA transfection, we
combined different ratios of siRNA with a fixed dose of 13µM QDs (10µL). Specifically,
a series of bcr/abl siRNA reagents (125µL , 250µL , 375µL, 500µL, 550µL and 700µL,
corresponding to 0.25ng, 0.5ng, 0.75ng, 1ng, 1.1ng and 1.4ng siRNA) were cocomplexed with QDs. MTT assay was applied to evaluate the cell viability as described
before in this manuscipt(Figure 3-b). With the increasing concentrations of siRNA in the
co-culture system, cell viability decreased, suggesting higher transfection efficiency. We
found, however, that and the best gene silencing effects (cell viability =22.67%)
happened at the ratio of 1:55 QD: siRNA (1.1ng siRNA), and higher amounts siRNA
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(over 1.4ng) did not further increase the transfection efficiency. These optimization
results suggested that the surface areas of the QDs for siRNA to occupy during the
complexing process is limited and can thus be saturated. Meanwhile, we found that pure
siRNA does not exhibit the same effects on cell viability as the QD-siRNA complexes
do, suggesting the importance of QDs as the co-transfection factor.

In addition, we explored the effects of different concentrations of siRNA in the QDsiRNA complexes on cell viability. In this procedure, Amino-modified siRNAs (2µM and
20µM, respectively.) were conjugated onto QDs at a series of concentrations (final QD
concentration: 0.25nM, 0.5nM, 0.75nM and 1nM, respectively.). We found that
regardless of QD concentrations, the lower concentration of siRNA included in the
complexing process exhibited higher effects on cell viability than the higher one, as
evidenced by MTT assays (Figure 3b). We believe that the differences in the effects on
cell viability reflected different conjugation efficiency of QDs and siRNA under the
conditions we used in our study.

3.4 The fluorescence performance of QD after cell transfection

The uptake of bcr-abl siRNA-conjugated QDs is monitored by laser confocal microscopy
(LSCM, LS 5 PASCAL ZEISS, German). The red fluorescence of the QDs facilitated the
tracking of the delivery of the conjugated bcr-abl siRNAs. Figure 4a shows the confocal
fluorescence image of a K562 cell after incubation with pure red CdTe QDs for 24h.
Several previous studies have shown that QDs are cytotoxic to a series of live cell strains.
[47, 48] The image we showed, however, demonstrated that 24 h after the QD
transfection, the morphology of K562 cells was very little changed, which suggested that
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the presence of CdTe QDs had little effects on K562 cell. Figure 4b and 4c show LSCM
images of different periods of K562 cells after they were transfected with QD-siRNA
complexes. In these two images, high intensity of red fluorescence emitted by the QDs
was detected in a region that was suggested to be the cellular nucleus.of a K562 cell
(marked by green circles). We speculate that the QD-siRNA complexes were specifically
recognized by telomerase in the nucleus, which induced the high intensity of red
fluorescence in this region. In figure 4b, individual red QDs can also be identified in the
cytoplasm. After 48h of transfection (shown in Figure 4c), two separate regions of high
intensity of red fluorescence (Figure 4c, green circle and yellow circle) could be
identified in K562 cells, which presumably represented the karyorrhexis and the spumose
of the cell membrane in the apoptosis procedure, respectively.

To investigate the mophology of K562 cells after incubation with the QD-siRNA
conjugates, transmission electron microscope (TEM, JEM-2010, Japan) were utilized.
Figure 5a shows the TEM image of a K562 cell after incubated with pure red CdTe QDs
for 24h, in which the nucleoli and other cellular structures could be clearly identified.
Figure 5b and 5c show the TEM images of K562 cells incubated with QD-siRNA
conjugates for 24h and 48h, respectively. In these two figures, cell nuclei were broken
and underwent pyknosis. In Figure 5c, especially, the structure of the K562 cell was
severely disrupted, which indicated the occurrence of cell apoptosis in later periods of
transfection. The areas with high density in Figure 4-5b and c were proposed to be the
telomerase in cell nuclei which was specifically tagged by the QD-siRNA conjugates.
Clearly, with the help of QDs, we were able to obtain high quality TEM and LSCM
images showing the detailed process of siRNA induced apoptosis in K562 cells.
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3.5 The effects of QD-siRNA conjugates on cell apoptosis

In order to detect QD-siRNA induced apoptosis, a further analysis by flow cytometry was
carried out. As shown in figure 6, the K562 cells treated with 50µL QD-siRNA showed a
hypodiploid DNA peak from diploid DNA molecules. The peak is the result of the
reduced DNA contents characteristic of apoptotic cells. The percentage of the cells was
about 10.7%. While cells treated with siRNA-free QD as well as untreated K562 cells did
not show the visible hypodiploid DNA peak .The percentages of apoptotic cells were
6.02% and 5.17%, respectively. These data verified that QD-siRNA substantially induced
apoptosis in K562 cells.

4. Discussion
The present study described the generation of the quantum dot- siRNA conjugates and
their initial application to track the delivery of therapeutic siRNAs into the cell. Quantum
dots were used as the vector and were conjugated with double-stranded siRNAs. These
fluorescent NPs provided the advantages in tracking and monitoring the delivery of
bcr/abl siRNAs and proved invaluable in the study of gene delivery. The results in this
study suggested that siRNA efficiently restrained the cell activity and induced cell
apoptosis. In vitro confocal microscopy and flow cytometry studies also revealed that
QD-siRNA could be readily internalized into cells and accumulated specifically in cell
nuclei. As such, using QDs as photostable probes in combination with FACS may be
useful for detecting the protein down-regulation and phenotypic responses of cells to
gene regulation over time. Meanwhile, recent in vitro and in vivo preclinical findings
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suggested that RNAi could be considered a therapeutic tool for the treatment of various
pathological conditions. Tumor cells, such as leukaemia, may particularly benefit from
this method. The implementation of RNAi technology in the biotherapeutic approach to
cancer has already provided investigators with promising data. Further studies, however,
are still required to understand the intracellular transport and delivery of siRNAs, which
may provide the basis for further applications of the QD-siRNA conjugates.
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Figure 1 (A) Schematic representation of the QD-siRNA conjugates and their cotransfection into cells; (B) Bcr-abl fusion sequence and designed siRNAs. dTdT
indicates the 3’-overhang deoxythymidine dimer.
A

B
BCR—ABL mRNA

5’…UGGAUUUAAGCAGAGUUCAA AAGCCC UUCAGCGGCCAGUA…3’

Target mRNA sequence
Designed siRNA:
Sense strand：
5’-GCAGAGUUCAAAAGCCCUUdTdT-3’
Antisense strand： 3’- dTdTCGUCUCAAGUUUUCGGGAA-5’.
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Figure 2 The HPLC result of the nucleotide acid conjugation. (a) The HPLC
spectrum of the pure nucleotides; (b) The HPLC spectrum of the QD-nucleotide
complexes.
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Figure 3 (a) Cell viability measured by MTT assays on K562 cells not treated, cells
incubated with 50µL naked QD, cells incubated with pure siRNA, and cells
transfected with QD-siRNA at different siRNA concentrations. The viability of nontreated control cells was adesignated as 100%. .(b) Effects of siRNA concentrations
on the inhibition effect of K562 cells by MTT assays.
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Figure 4 The LSCM image of cells cultured with the red quantum dot. (a) The
LSCM image of the cell cultured with pure QDs. (b)-(c) The LSCM image of the
cells cultured with QDs-siRNA complex.

198

Figure 5 The TEM images of the cells a. normal cells; b-c. Apoptotic cells
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Figure 6 FACS analysis of the control K562 cells (a), and the QD-siRNA transfected
K562 cells (b), and the integrated figure (c), the cells were analyzed for their
autofluorescence (negative control), and the fluorescence induced by QD-siRNA
transfection(positive).
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Figure 7 Flow cytometry analyses. DNA fluorescence histograms of propidium
iodide-stained K562 cells without treatment and treated with 50µL pure QDs or the
same concentration of QD-siRNA. Apoptotic cells are indicated by the first bar.
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Appendix C New perspectives in predicting membrane protein-protein
interactions
1. Introduction
Cells are multi-molecular entities whose biological functions rely on stringent regulations
both temporally and specially. These regulations are achieved through a variety of
molecular interactions including protein-DNA interactions, protein-RNA interactions and
protein-protein interactions (PPIs) [1]. PPIs are extremely important in a wide range of
biological functions from enzyme catalysis, signal transduction and more structural
functions. Owing to advanced large-scale techniques such as yeast two-hybrid and mass
spectrometry, interactomes of several model organisms such as Saccharomyces
cerevisiae [2-6], Drosophila melanogaster [7, 8] and Caenorhabditis elegans [9] have
recently been extensively studied. Such large-scale interaction networks have provided us
with a good opportunity to explore and decipher new information from them. However,
there are some limitations of these large-scale data sets: 1) the experimental techniques
for detecting PPIs are time-consuming, costly and labor-intensive [10]; 2) the quality of
certain datasets is uneven [11]; and 3) technical limitations such as the requirement to tag
proteins of interest still exist [12]. As a complementary alternative, computational
approaches that identify PPIs have been studied intensively for years and have yielded
some interesting results.

Proteins with at least one transmembrane domain constitute 20% to 35% of all known
proteins, and therefore account for an important fraction of the proteins involved in
biological mechanisms. However, for several reasons, the research on membrane protein
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interactions has been lagging behind [13]. First, although the current available
interactomes contain adequate interactions for analysis, the data sets still have a large
amount of false positives. For example, compared to a gold-standard data set, identified
protein-protein interactions from three frequently-used high-throughput methods (yeast
two-hybrid [6], tandem affinity purification (TAP) [2] and high-throughput mass
spectrometry protein complex identification (HMS-PCI)) [3] yielded very low accuracy,
coverage and overlap [14]. Second, some large-scale experimental techniques are biased
against membrane proteins. For instance, in order to check whether proteins interact or
not in a yeast two-hybrid (Y2H) system, they need to be expressed and be present in the
nucleus, which may not be their native living environment.

The modified version of the Y2H called the split-ubiquitin membrane yeast two-hybrid
(MYTH) system [15] was developed for specially detecting the interactions between
membrane proteins. However, it is still time-consuming and labor-intensive, making it
infeasible to generate a complete picture of the interactome of membrane proteins at
current stage. Several groups have tackled this problem using computational approaches.
Miller and colleagues [16] worked on identifying interactions between integral membrane
proteins in yeast using a modified split-ubiquitin technique. To address the challenges
presented in experimental techniques, Xia and colleagues [17] developed a computational
method to predict the interactions between helical membrane proteins in yeast by
integrating 11 genomic features such as sequence, function, localization, abundance,
regulation, and phenotype using logistic regression. It however suffers low prediction
power and low verifiability with experimental results. In addition to utilizing genomic
features to predict protein-protein interactions (PPIs), graph theory based on the topology
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of network is an alternative approach to infer protein-protein relationship from protein
interaction networks and showing interesting results [18, 19]. Our group proposed a
method to predict interactions between membrane proteins using a probabilistic model
based on the topology of protein-protein interaction network and that of domain-domain
interaction network in yeast [20].

The objective of this chapter is to provide an overview focused on recent approaches in
predicting membrane proteins by computational methods including a new approach to
predict membrane PPIs developed in our own laboratory. We also discuss the
applicability of each computational approach and also the strengths, weaknesses and
challenges of all of them.

2. Experimental identification of PPIs between membrane proteins
Currently, the yeast two-hybrid (Y2H) and the tandem affinity purification (TAP)
followed by mass spectrometry are the two mainstream experimental techniques to
identify protein-protein interactions on a large scale [10]. In the yeast two-hybrid system,
a bait protein containing a DNA binding domain hybridizes with a prey protein
containing an activation domain. If the reporter gene is generated, it means that this pair
of proteins interact with each other as the activation domain activates the transcription of
the reporter gene. An alternative way is to tag a protein of interest and then express it in
cells. The tagged protein and its interacting/binding proteins are purified as it binds to a
column or bead. After purification, proteins interacted with the tagged protein are
analyzed and identified through SDS-PAGE followed by mass spectrometry. These
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approaches have provided us with an important amount of PPIs, which make it possible
to build a more robust interactome of cells.

Apart from the intrinsic limitations of these approaches, such as high false positives and
the requirement to tag proteins of interest, both of them are biased against membrane
proteins. In the yeast two-hybrid system, the generation of the reporter gene product
indicates an interaction. As the activation of the transcription of the reporter gene takes
place in the cell nucleus, participating proteins must be localized to the nucleus.
However, membrane proteins usually locate at the cell membrane or other cytoplasmic
localization instead of in the cell nucleus, which makes them excluded from the results of
the Y2H system. Due to their chemical properties, membrane proteins are difficult to
manipulate and purify. Therefore, interactions between membrane proteins are less likely
to be detected in such approaches.

To overcome the drawback of the above methods, an approach called the split-ubiquitin
membrane yeast two-hybrid (MYTH) system was first developed by Stagljar et al. [15]
and then was further modified in recent years [13, 16, 21]. MYTH is a yeast-based
genetic technology to detect detection of membrane protein interactions in vivo. This
system is based on the split-ubiquitin approach, in which protein-protein interactions can
direct the reconstitution of two ubiquitin halves. In such system (Figure 1), individual
proteins are simultaneously introduced into the mutant yeast strain. The carboxy-terminal
half of ubiquitin (Cub) and a LexA-VP16 transcription factor (TF) are fused onto the Nor C-terminus of a membrane protein while the amino-terminal half of ubiquitin bearing
an Ile 13 Gly mutation (NubG-Prey or Prey-NubG) is fused onto the N- or C-terminus of
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another membrane protein. The protein fused to the Cub and TF can be referred to as the
bait protein and is typically a known protein that the investigator is using to identify new
binding partners. The protein fused to the NubG-Prey or Prey-NubG can be referred to as
the prey protein and can be either a single known protein or a library of known or
unknown proteins. If the bait protein interacts with the prey protein, quasi-native
ubiquitin is reconstituted. The resultant ubiquitin-specific proteases (UBPs) from the
process of ubiquitin can cleave at the C-terminus of the Cub, which releases the TF, so
some reporter genes such as HIS3, ADE2 and lacZ can be transcribed in the system.

The split-ubiquitin approach has been widely applied and has yielded interesting results.
Thaminy et al. [21] identified the interacting partners of the mammalian ErbB3 receptor
using the split-ubiquitin approach, which proved the effectiveness of such system. Miller
et al. [16] further applied this approach to construct an array of yeast expressing the
fusion of membrane proteins of interest on a large scale. Recently, more applications of
the split-ubiquitin approach have been proposed. For example, novel interactors of the
yeast ABC transporter Ycf1p [22] and the human Frizzled 1 receptor [23] have been
identified using such method.

3. Computational prediction of PPIs between membrane proteins
3.1 Multiple evidence-based

Thanks to current advanced techniques, the relationship between genes can be evaluated
based on various types of biological data such as protein-protein interaction data, genetic
interaction data, gene co-expression data and phylogenetic profiles. These data sets help
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us better understand gene functions in the context of specific pathways or biological
networks and also enables us to discover gene relationships too weak to be detected in
individual data type.

The first attempt to predict interaction between membrane proteins on a large scale
started from the work of Miller and colleagues [16]. They first generated a set of putative
protein-protein interactions between membrane proteins through a modified splitubiquitin technique. In order to test how reliable these putative protein-protein
interactions are, they employed an artificial intelligent approach, support vector machine
(SVM), to predict interactions at the different confidence levels. For training purposes,
they compiled a positive training set containing 56 PPIs between membrane proteins
from their experimental results and the literatures and a negative training set containing
random protein pairs. Besides 10 features derived from experiments such as the number
of interactions that the Cub-PLV participates, other 8 genomic features such as Gene
Ontology term similarity and co-expression are included as input parameters to the SVM
algorithm (Table 1). Finally, they tested 1,985 putative interactions from the experiment
using the trained SVM and identified 131 highest confident interactions, 209 higher
confident interactions, 468 medium confident interactions and 1,085 low confident
interactions.

Xia et al. proposed a prediction method to identify 4,145 helical membrane protein
interactions by optimally combining 14 genomic features (Table 1) [17]. After the fold
enrichment analysis between interacting membrane protein pairs and all membrane
protein pairs, they found 11 features are good indicators to predict interactions. Three
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features (relative protein abundance, relative mRNA expression and relative marginal
essentiality) do not demonstrate statistically significant difference between interacting
membrane protein pairs and all membrane protein pairs. The authors compiled a goldstandard positive set by selecting all membrane protein pairs in the same MIPS complex
and a gold-standard negative set by paring all membrane proteins not in the MIPS
complexes. They applied both the logistic regression classifier and the Naïve Bayes
classifier on the gold-standard data sets using 11 genomic features. They demonstrated
that the integration-based classifier outperforms single evidence-based classifier. Also the
logistic regression classifier has higher true positive rate than the Naïve Bayes classifier.

3.2 Protein primary sequence and structure-based

Helix-helix interactions within a membrane protein or between membrane proteins play a
critical role in protein folding and stabilization. Therefore, it has been of great importance
to test if a pair of membrane proteins could interact with each other through helix-helix
interactions.

Eilers et. al proposed a method to calculate helix-helix packing values at the level of
individual atoms, amino acids and entire proteins [24]. They found that packing values
could be utilized to differentiate transmembrane proteins and soluble proteins as
transmembrane helices pack more tightly. Besides packing values, they also
demonstrated that helix contact plot, a method to calculate distances between all
backbone atoms of each interacting helix pair, is another feature that can be used to
classify transmembrane proteins and soluble proteins because the helix contact plot of
transmembrane proteins display a broader distribution than that of soluble proteins. This
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study provides us with a good starting point to predict interactions between membrane
proteins using helix packing and interhelical propensity.

Instead of using physical properties between residues, Fuchs et al. developed an approach
to predict helical interactions based on the co-evolving mechanism of residues [25]. The
underlying hypothesis is that residues within the same particular protein structure tend to
be mutated concurrently. They first generated a set of co-evolving residues from seven
different prediction algorithms and the helix-helix interactions were then predicted by
comparing helix pairs to their structural information in the Protein Data Bank (PDB)
combined with this set of co-evolving residues. With this approach, interacting helices
could be predicted at the specificity of 83% and the sensitivity of 42%. It is demonstrated
that evolutionarily conserved residues are a valuable feature to predict membrane protein
interactions.

As more and more structural information related to residues becomes available, more
sophisticated computational approaches are needed to improve prediction performance.
In a recent publication, a two-level hierarchical method based on support vector machine
(SVM) was proposed. In this study, they built two layers of SVMs [26]. The first layer of
SVM was to predict contact residues. Three input features were included at this level:
residue contact propensity, evolutionary profile and relative solvent accessibility. The
prediction of interactions between contact residues was implemented in the second layer
of SVM in which contract residues were used as inputs. They selected five different
features in this level: residue pair contact propensities, evolutionary profile, relative
solvent accessibility, helix-helix interaction type and helical length. Tested on a set of 85
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interacting helical pairs, 768 contact pairs and 939 contact residues, this method reaches
to the sensitivity of 67% and specificity of 95%. This approach further proves the notion
that the integration of diverse structural and sequence information with residue contact
propensities is a good direction to predict helix-helix interactions and membrane protein
interactions.

3.3 Biological network-based

A network topology-based approach was proposed by our group [20]. It is able to predict
interactions between membrane proteins using a probabilistic model based on the
topology of PPI network and that of domain-domain interaction (DDI) network in yeast.
It has been demonstrated that the more likely a pair of proteins are functionally related to
each other, the more likely they are to share interaction partners [27]. Moreover, DDIs
have also been shown as indicators of protein interactions due to the binding of modular
domains or motifs [28, 29]. Therefore, we sought to examine the hypothesis that two
proteins that share same interactors may interact with each other themselves. In order to
address this question, we considered the internal protein-protein and domain-domain
relationship of a pair of proteins and their PPI partners.

PPI and DDI data from disparate sources were integrated and then a log likelihood
scoring method was applied on all putative integral membrane proteins in yeast to predict
all putative integral membrane protein-protein interactions based on a cut-off threshold. It
is shown that our approach improves on other predictive approaches when tested on a
“gold-standard” data set [20] and achieves 74.6% true positive rate at the expense of
9.9% false positive rate. Furthermore, it is also found that two integral membrane
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proteins are more likely to interacts with each other if they share more common
interaction partners. Recently, we proposed an improved approach to predict membrane
PPIs by incorporating one more piece of evidence – gene ontology (GO) semantic
similarity.

A scoring model can infer how closely a pair of genes are related in a PPI network. As
shown in previous works, if two proteins interact with a very similar group of proteins,
they are likely to interact with each other [3, 30], thus, for a given pair of genes, we first
mapped them to a pair of proteins, and then found a common set of interactors for this
pair of genes and protein-protein interactions within the whole set of common interactors.
A scoring method was employed to calculate the likelihood that a group of genes (a pair
of query genes) and the whole set of their common interactors are more densely
connected (the number of PPIs within a group of proteins) than would be expected at
random [31]:

(1)

where S is a set of common interactors for a given pair of genes and I is a set of proteinprotein interactions among those genes. PI(x, y) is an indicator function that equals 1 if
and only if the interaction (x, y) occurs in I and otherwise 0. For network N, interactions
are expected to occur with high probability for every pair of proteins in S. In our work,
we followed the previous knowledge to estimate β and set β to 0.9 [32]. For network
Ncontrol, the probability of observing each interaction cx,y was determined by estimating
the fraction of all control networks with randomly expected degree distribution which
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also contain that PPI. Comparable control networks were randomly generated by rewiring
interaction networks with same node number from the same gene set and same number of
degrees, and by repeating the process 100 times.

Should a given pair of proteins have a documented list of DDIs in iPfam, then we will
have two sets of domains corresponding to two proteins. Hence, given a pair of proteins
and their common interaction partners, a lot of domain-domain pairs among these sets of
domains are possible. A modified model (2) implies dense domain-domain interactions
existing in a group of common interactors of a given gene pair. A related log-odds score
was used to evaluate the probability that the domain-domain interactions bridging
between these two genes and their common interaction partners were denser than random
based on the above scoring method:

(2)

Compared to the previous equation, DI(m, n) is an indicator function that equals 1 if and
only if the domain-domain interaction (m,n) occurs in I and otherwise 0; Dx/Dy is the
number of domains in each protein x and y; for network Ncontrol, the probability of
observing each domain-domain interaction cx,y was determined by estimating the fraction
of all control networks with randomly expected degree distribution that also contain that
domain-domain interactions occurring between two proteins.
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In order to measure the functional similarity between a pair of proteins, we developed a
new scoring approach based on GO terms. Given two groups of GO terms (M, N)
representing two proteins, the functional similarity between a pair of proteins was
calculated by the following formula:

SGO (M , N ) =

m

n

n

m

i=1

j =1

i=1

j =1

! max(GO(i, j)) + ! max(GO(i, j))

(3)

m+n

where M is the set of unique GO terms of the protein x; N is the set of unique GO terms
of the protein y; m is the number of GO terms in the set M; n is the number of GO terms
in the set N; GO(i,j) is the similarity score between GO term i and GO term j. The
similarity scores between a pair of GO terms were computed based on the algorithm GSESAME, a new advanced method to measure the semantic similarity of GO terms by
considering the locations of their ancestor terms of the two specific terms [33].

To put the above three types of scores together, the final scoring function for a given pair
of proteins was then:

S final = S p + Sd + Sgo

(4)

For each possible interaction between integral membrane proteins, we calculated three
different scores: PPI score, DDI score and a combined PPI/DDI/GO score according to
(1)(2)(3)(4). This generated a table with 996,166 interacting pairs of proteins, each with
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three interaction probability scores. We compared the performance of our proposed
approach by different types of scores: PPI score, DDI score, GO score and the combined
score. A ROC curve was plotted by measuring sensitivity and specificity when tested
against the gold-standard data set at different cut-off values. The area under curve is 0.95
for combined score, 0.85 for PPI, 0.74 for DDI and 0.8 fro GO terms, respectively, which
indicates the good prediction performance of the proposed scoring method. Better
performance can be achieved if we used combined scores rather than using PPI scores or
DDI scores alone. It is estimated that there are around 5,000 interactions existing between
membrane proteins [12]. Based on that number, we achieved 81.2% true positive rate
(sensitivity) at the expense of 9.9% false positive rate (1 – specificity) for a cut-off score
of 455, which predicted 4,531 interactions between integral membrane proteins, about
0.61% coverage of all possible interactions among integral membrane proteins.

The map of the interactome of integral membrane protein was built based on 4,531
predicted protein-protein interactions between integral membrane proteins at the cutoff
value of 455 (Fig. 2) by Cytoscape [34]. 53.4% (281/527) proteins in the interactome
map contains at least one transmembrane helix according to the predictions by TMHMM.
80% (392/513) interactions within gold-standard data set overlaps with those within the
interactome map but only accounts for 8.4% of the whole interactome of integral
membrane proteins. By checking the topology properties of the interactome map, we
found that most interactions in the gold-standard data set are in the same sub-complex
such as lipid biosynthesis, energy couple proton transport, protein biosynthesis, protein
targeting to mitochondria and ATP synthesis coupled electron transport, which reflects
the characteristics of performed experiments (detecting protein-protein interactions
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between same complexes). Our predicted interactions indicates some new members in
some complexes such as transport, secretion, vesicle-mediated transport and intracellular
transport, which is probably caused by some false negatives from experimental methods.
One example is that in the group of protein import into nucleus, KAP95 and SSA1 do not
interact with other proteins within the group according to the gold-standard data set,
however they both play a critical role on nuclear localization signal (NLS)-directed
nuclear transport by interacting other proteins to guide transport across the nuclear pore
complex [35, 36]. Interestingly, we found some new complexes such as peroxisome
organization and biogenesis related to the functions of peroxisome membrane proteins
such as peroxisome biogenesis and peroxisomal matrix protein import [37-39].

4. Challenges in predicting membrane PPIs
Complemented by experimental methods, computational approaches provide us with a
promising path to reveal a more complete picture of the membrane protein interactome.
However, we should be aware of several challenges in predicting membrane PPIs.

First, we are still in lack of reliable membrane PPIs, which results in the difficulty of
compiling the gold-standard data set. Currently, positive interaction data is collected from
protein pairs in the same protein complex and negative interaction data is derived from
those pairs not in the same protein complex. The data quality problem arises as the
complex data itself is limited by experimental approaches and contains false positive
PPIs. On the other hand, the complex data is biased against membrane proteins, therefore,
making it difficult to access the prediction performance of various approaches due to the
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scarcity of membrane PPIs in the gold-standard data set and the small coverage of
membrane interactome. Furthermore, another concern is that large amount of negative
data may bring false negatives during the training.

Moreover, it is challenging to interpret the prediction results from different approaches.
Inconsistency of predicted membrane proteins has been observed. For example, Miller
and colleagues [16] identified 1,949 putative non-self interactions among 705 integral
membrane proteins. Xia and colleagues [17] predicted 4,145 helical membrane protein
interactions among 516 proteins. Our group recently predicted 4,660 PPIs between
integral membrane proteins using the PPIs network and the DDIs data [20]. Interestingly,
only 79 protein-protein interactions are overlapped between the results from all three
approaches (Figure 3). The reason for these differences among three large-scale sets of
membrane protein interactions may be that each approach focuses on different aspects.
The experimental result from Miller et al. is reliable but probably contains false positives
and false negatives due to the intrinsic limitation of experimental techniques they
employed. The approach proposed by Xia et al. is more focused on the interactions
between complexes instead of on binary protein-protein interactions, so the result from
Xia et al. is prone to predict interactions in the complex. Our approach emphasizes the
interactions through the topological properties of PPI and DDI networks and appears to
improve on the above methods because these interactions are probably important features
for membrane protein interactions. The better prediction accuracy may be achieved by
more sophisticated approaches by incorporating various types of biologically meaningful
evidence such as network topological features, protein primary sequences and structural
information.
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Currently, computational membrane protein interaction prediction is intensively studied
but focuses only on yeast. Theoretically, methodologies can be applicable to a variety of
organisms. However, even with the unprecedented increase of heterogeneous biological
data, the data of some organisms such as Mus musculus, Drosophila melanogaster and
especially Homo sapiens is far from complete. Therefore, prediction approaches based on
multiple lines of evidence undertake the challenge caused by data incompleteness.

5. Conclusions
In this chapter, we reviewed various computational approaches to predict protein-protein
interactions between membrane proteins. In spite of some limitations caused by
incompleteness of existing experimental data, computational methods have demonstrated
reasonable prediction accuracy, which make them to be good resources to provide
testable hypotheses for experimental validation. With an emergence of different types of
high-throughput data at the systematic level, it prompts us to develop and propose
computational methods to identify PPIs between membrane proteins by integrating these
data sets. Therefore, complemented with various prediction methods and experimental
approaches, such studies lead us to elucidate a cell’s interactome.
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Table 1 A list of biological features indicating the interactions between membrane
proteins. Xia et al represents the method proposed by Xia et al. 2006, and Miller et al.
represents the method proposed by Miller et al. 2005. A star sign means this feature has
been applied to the corresponding approach.
Features

Biological relevance

The number of
interactions that the
Cub-PLV participates
The number of
interactions that the
NubG participates
Weather both spots for
a given NubG were
found by the Cub-PLV
in either repetition
Whether repeated
screens by using the
same Cub-PLV found
this NubG
The total number of
times that this
interaction was
observed in the screen
Whether a reciprocal
interaction is observed
Whether the reciprocal
interaction was tested
The total number of
times that this
interaction was
observed in this
orientation or its
reciprocal
The strength of growth
of the yeast in the
positive colonies
The relative strength
of growth of the yeast
in the positive
colonies to the
controls.

A membrane protein was proved
to interact with other membrane
proteins in the experiment.
A membrane protein was proved
to interact with other membrane
proteins in the experiment.
A membrane protein was proved
to interact with other membrane
proteins in the experiment.

Xia et al.

Miller et
al
∗
∗
∗

A membrane protein was proved
to interact with other membrane
proteins in the experiment.

∗

A membrane protein was proved
to interact with other membrane
proteins in the experiment.

∗

A reciprocal interaction represents
the more reliable interaction.
A reciprocal interaction represents
the more reliable interaction.
A reciprocal interaction represents
the more reliable interaction.

∗

Stronger interactions result in
more growth of the yeast.

∗

Stronger interactions result in
more growth of the yeast.

∗

∗
∗
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Features

Biological relevance

The mutual clustering
coefficients, the
meet/min coefficient,
the geometric
coefficient, and the
hypergeometric
coefficient
The difference in the
codon enrichment
correlation (CEC)
between the two
proteins
GO functional
similarity

High coefficient score indicates
interactions.

MIPS functional
similarity

Membrane colocalization

Total protein
abundance
Total mRNA
expression
Relative protein
abundance
Relative mRNA
expression
mRNA expression
correlation

Xia et al.

∗

Interacting proteins might have
comparable codon compositions.

A pair of membrane proteins tends
to interact with each other if they
share very similar Gene Ontology
(GO) terms.
A pair of membrane proteins tends
to interact with each other if they
share very similar functional
categories as defined in the MIPS
database.
A pair of membrane proteins tends
to interact with each other if they
are assigned to the same cellular
localization based on the SGD
database.
A pair of membrane proteins tends
to interact with each other if the
sum of their protein abundance is
high.
A pair of membrane proteins tends
to interact with each other if the
sum of their mRNA expression
level is high.
A pair of membrane proteins tends
to interact with each other if the
absolute difference between their
protein abundance is low.
A pair of membrane proteins tends
to interact with each other if the
absolute difference between their
mRNA expression levels is low.
A pair of membrane proteins tends
to interact with each other if the

Miller et
al
∗

∗

∗

∗

∗

∗

∗

∗

∗

∗

∗

∗

∗

∗
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Features

Transcriptional coregulation
Co-essentiality
Total marginal
essentiality
Relative marginal
essentiality
Genetic interaction

Gene fusion,
phylogenetic profile,
gene neighborhood,
gene cluster

Biological relevance
correlation of their mRNA
expression profiles over timecourse experiments is high.
A pair of membrane proteins tends
to interact with each other if they
are related by a same transcription
factor.
A pair of membrane proteins tends
to interact with each other if they
both are essential genes.
A pair of membrane proteins tends
to interact with each other if the
sum of their marginal essentiality
is high.
A pair of membrane proteins tends
to interact with each other if the
absolute difference between their
marginal essentiality is low.
A pair of membrane proteins tends
to interact with each other if they
also genetically interact with each
other.
A pair of membrane proteins tends
to interact with each other if they
have high score in the Prolinks
database representing functional
relatedness.

Xia et al.

Miller et
al

∗

∗

∗

∗

∗

∗

∗
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Figure 1 The split-ubiquitin membrane yeast two-hybrid system.

Two membrane proteins are fused to NubG and Cub-TF, respectively. They both are
expressed in different mating type. If two membrane proteins interact with each other
upon mating as a diploid, the two halves of ubiquitin reconstitute as a quasi-native
ubiquitin, a target of ubiqutin-specific proteases that cleave the ubiqutin. The reporter
gene is transcribed if two membrane proteins interact with each other as uniqutin-specific
proteases release TF into the nucleus and then actives the transcription of the reporter
gene.
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Figure 2 The interactome map of membrane proteins in yeast.

Nodes are represented as membrane proteins, and edges are represented as our predicted
interactions between a pair of membrane proteins. Red nodes represent membrane
proteins in the gold-standard data set and red edges represent interactions in the goldstandard data set. This graph is generated by Cytoscape [34].
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Figure 3 Comparison of the prediction results and involved proteins from three
large-scale methods.

There are 438 predicted protein-protein interactions overlapping between data sets from
Miller et al.(2005) and Zhang and Ouellette (2008), 79 between Miller et al. and Xia et
al.(2006), 372 between Xia et al. and Zhang and Ouellette, respectively. There are 107
membrane proteins overlapping between data sets from Miller et al.(2005) and Zhang and
Ouellette (2008).
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