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Abstract

The reductionist approach of dissecting biological systems into their constituents
was proven successful in the first stage of molecular biology, in order to elu-
cidate the chemical basis of several biological processes. This knowledge has
helped biologists to understand the complexity of biological systems, further-
more pointing out that most biological functions do not arise from individual
molecules. Therefore, the emergent properties of biological systems cannot be
explained or predicted by investigating individual molecules without taking
into consideration their relations. Thanks to the improvement of the current -
omics technologies and the increasing understanding of molecular relationships,
more and more studies are evaluating biological systems through approaches
based on graph theory. In this context, Protein-protein interaction (PPI) net-
works are viable tools in understanding cell functions, disease machinery, and
drug design/repositioning. As PPI networks involve hundreds to thousands of
components, the use of these models, for clinical and biological applications, is
strictly dependent on the Bioinformatics field. Bioinformatics sustains research,
on one hand, making available infrastructures to collect both protein interac-
tions and proteomics data; on the other hand, it provides softwares and tools to
build and analyze these networks.

PPI networks are based on physical/functional interactions deriving from
experimental and computational techniques and collected in public reposito-
ries. However, PPIs often lack reliability and do not cover all the interactions of
an organism. Moreover, because of their biological nature, they are condition-
specific. Thus, the PPIs detected in a specific biological context may not be valid
to build a model of a system under different conditions. To overcome these is-
sues, an alternative to building protein interaction network models consists in
using large-scale quantitative proteomic data, i.e. the levels of expression of
protein sets detected in condition-specific organic samples. While correlation
within gene expression (i.e. co-expression analysis) is normally used to build
gene co-expression networks, this technique is rarely used on proteomics data.
However, it represents a complementary procedure which gives the opportu-
nity to evaluate a biological context at system level, including organisms that
lack information on PPIs.
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PPI network structures are routinely analyzed by algorithms and tools so
as to identify key proteins known as hubs/bottlenecks as well as functionally
linked protein groups, called modules. Interpreting a PPI, however, is a par-
ticularly challenging task due to network complexity and limitations owing to
their biological nature, such as the detection of small/sparse modules. Several
algorithms were proposed for an automatic PPI interpretation, at first by solely
considering the network topology, and later by integrating Gene Ontology (GO),
in order to take into account the biological nature of the problem. However, to
date, these methods provide only a topological interpretation of the networks,
and further analysis is needed so as to infer biological knowledge regarding the
phenomenon represented.

Based on these premises, this dissertation introduces the reader to protein
interaction networks, and in particular to PPI based and co-expression based
networks, in order to address different aspects of reconstruction and analysis.

Regarding the reconstruction of these networks, the new concept of evalu-
ating large-scale proteomic data by means of co-expression networks has been
investigated, focusing on several state-of-the-art studies. As a result, an anal-
ysis pipeline, specific to amyloidosis diseases based on protein co-expression
networks, has been developed.

Concerning the analysis of these networks, a special attention has been de-
voted to topological and module analysis. Firstly, the most used metrics and
mathematical models have been revised. Secondly, the problem of module iden-
tifications in PPI networks has been faced, considering characteristics and limi-
tations of state-of-the-art techniques. As a result of this study, a novel algorithm
has been developed known as MTGO, which stands for Module detection via
Topological information and GO knowledge.

MTGO let emerge the biomolecular machinery underpinning PPI networks
by leveraging on both biological knowledge and topological properties. In par-
ticular, it directly exploits GO terms during the module assembling process and
provides a set of GO terms as output, thus easing network biological interpreta-
tion. A software version of MTGO, freely available at https://gitlab.com/d1vella/MTGO,
has been produced and some examples of application have been explored, in-
cluding the use on an experimentally-derived PPI network of Myocardial infarc-
tion. Moreover, for method validation, MTGO has been compared with state-of-
the-art algorithms (including recent GO-based ones), using four different PPI
Networks and three gold-standard target sets. MTGO shows largely better re-
sults than others when searching for small or sparse modules, while providing
comparable or better results in all other cases. To conclude, the stability of the
algorithm has been investigated, considering both the random components, on

https://gitlab.com/d1vella/MTGO
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which it relies on, and the presence of noisy PPI interactions on network models.
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Chapter 1

Introduction

A goal of the biomedical sciences is to transfer new �ndings in tools in order

to enhance the current clinical practices, ranging from an accurate early diagno-

sis to the selection of proper therapeutic strategies [1]. The possibility to real-

ize this idea is strictly related to the knowledge of the patho-physiological pro-

cesses. Furthermore, their investigation by advanced strategies may result in

a more preventive, predictive and personalized medicine [2]. The knowledge

of the patho-physiological processes is supplied by various sciences, Biology,

Chemistry, Mathematics, Informatics and Physics, applied to the investigation

of complex biological systems.

The claim made by Francis Crick (1966) that “The ultimate aim of the mod-

ern movement in biology is to explain all biology in terms of physics and chem-

istry” well depicts the main concept that has dominated this research �eld for

half a century, commonly known as reductionism. According to this term, an ef-

fective way to explain living processes consists in dissecting biological systems

into their constituent parts, focusing attention on isolated molecules and their

structure, so as to provide an understanding of the whole system [3].

Today, many �ndings suggest this approach has reached its limit to give rise

to a new holistic concept already conceived by Aristotele: "The whole is some-

thing over and above its parts and not just the sum of them all". According this

vision, the behaviour of a biological system does not arise from the speci�city

of the individual molecules that are involved, but rather through the way in

which these components assemble and function together [4]. Living systems are

perceived as an ensemble of highly interconnected networks, where the most

cellular functions occur from a concerted action of multiple molecules [5, 6].

The success of this new concept has been sustained by the development of

new high-throughput technologies over recent years, such as microarray and

mass-spectrometry (MS), leading to the availability of a large amount of complex

data. The mere size of these datasets requires specialized analytical tools, able to

deal with large lists of objects. This holistic vision, alongside the availability of a
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big quantity of biological data, has posed new challenges for scienti�c research,

pursuing the aim to analyse cells, tissues or microorganisms at systems level [7,

8].

This scenario has lead to the development of Systems Biology, a set of inter-

disciplinary techniques and approaches aimed at interpreting a complex biolog-

ical system through the analysis of relations between its component parts, which

are studied not in isolation but as elements of the entire system. According to

Systems Biology, one of the most used approaches consists in the use of graph

theory to model the relations between molecular components. The main idea

behind graph theory was introduced in 1736 by Euler [9]: "Graphs are simple

mathematical objects used to describe interactions between different actors: a

vertex, also called node, is an abstract and featureless object describing an entity

in a certain context, while an edge is a connection, e.g. a link, between two ver-

tices". This formalism has the ability to sum up complex high dimensional data

into a net model.

In contrast to the study on individual molecules, biological networks aim to

investigate how biological phenotypes, i.e. the biological traits characterizing

a living organism, arise from cellular systems, conceived as networks involving

bio-molecules, such as genes, proteins and metabolites [10]. In particular, the oc-

currence and development of a pathology can be viewed as the spatio-temporal

change of the respective bio-molecular network. Therefore, the study based on

these network models offers a new conceptual framework in order to investigate

pathologies.

Early biological experiments revealed that proteins interacting with each

other as well as with other bio-molecules, are the main agents of biological func-

tions, therefore directly responsible in determining the phenotype of an organ-

ism. On the basis of this concept, the complexity of a disease can be viewed

as the result of an intricate net of proteins involved in the process. This key

concept, alongside the spread of technologies to measure the interaction among

molecules [11], has lead to the increasing interest towards Protein-Protein In-

teraction (PPI) Networks. To date, there are many public repositories collecting

known protein interactions in addition to many analysis speci�c tools which en-

courage the use of PPI networks, in order to pursue numerous objectives, such

as protein function discovery [12], disease mechanism understanding [13] and

drug target identi�cation [14]. A common approach of PPI network modelling

consists in building the model by retrieving the protein interactions from pub-

lic repositories, starting from a set of proteins, identi�ed in organic samples by
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high-throughput technologies. These databases collect protein interactions ob-

tained both by experiment and by computational prediction algorithms. How-

ever, the effectiveness of this model is limited by the accuracy and reliability of

the information contained therein and the ability of the analysis tools to infer

useful knowledge. The PPI networks built via public databases may not well

represent the speci�c studied biological state, due to the fact that protein rela-

tionships are strictly dependent on the biological conditions. PPI networks are a

result of different experiments performed on different conditions and therefore

represent possible rather than active interactions (static rather than dynamic in-

formation). Therefore, following this modelling approach, the network interac-

tions may not be speci�c of the biological context under study.

In recent years, the spread of Mass-Spectrometry technologies made avail-

able quantitative data of thousands of proteins from a biological tissue or sam-

ple, providing a snapshot of the studied biological system. To fully exploit these

technologies, new procedures and methods should be developed in order to in-

tegrate this information into the network model, aiming to build a PPI network

able to describe a speci�c biological state.

The use of PPI network is also in�uenced by the ability of dedicated analysis

tools to provide reliable results. Indeed, due to the complexity of the biologi-

cal system studied and the biological nature of the elements considered, these

tools are often proved to be scarce in the extent of elucidating the organization

principles of cellular functions and disease mechanisms.

The work presented in this thesis is based on this line of research. The con-

tribution of my research considers mainly two �elds. Firstly, the reconstruction

of protein network models starting from the expression pro�les of proteins from

organic samples; following the approach of the newly proposed applications of

the co-expression networks to proteomics data. Secondly, the development of a

new algorithm for protein interaction network analysis, MTGO (Module detec-

tion via Topological information and Gene Ontology (GO) knowledge); which

has been created with two main aims (I) to overcome certain issues linked to the

biological nature of the problem and (II) to provide biological insight regard-

ing the system represented by the network model. This double aim is obtained

through the combination of information both from graph theory and a-priori

biological knowledge concerning proteins involved.
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1.1 Preliminary concepts

1.1.1 Bio-Molecular Interaction Networks

The main molecules involved in living organisms are DNA, RNA and proteins;

DNA is a long macro-molecule, consisting in a sequence of smaller units, the

nucleotides; RNA is a DNA-derived molecule involved in protein synthesis;

and proteins are large macro-molecules consisting of one or more long chains

of smaller units, the amino-acids. Much of twentieth-century biology has been

an attempt to reduce biological phenomena to the behaviour of molecules. Fol-

lowing this research line, biologist inferred the existence of genes, functional

parts of the DNA molecule, and their properties; as a result, several principles

have been established, such as: each gene controls the synthesis of one protein,

DNA contains genetic information, the genetic code links the sequence of DNA

to the structure of proteins. In order to better understand these concepts, Section

1 in Chapter 2 is devoted to a brief description of elements of Molecular Biology.

To investigate biological phenomena, several techniques have been devel-

oped over the years to identify (I) which types of bio-molecular components are

present in samples coming from a speci�c biological context (qualitative anal-

ysis), and (II) their respective abundances, commonly called expression pro�le

(quantitative analysis). A brie�y description of the path leading from Molecular

Biology to the development of these modern technologies will be presented in

Chapter 2, Section 2.

In order to understand complex biological systems starting from the knowl-

edge of molecular components, the integration of mathematical models with

experimental data has brought to a widespread approach called network anal-

ysis [15–17]. A biological network is a model representing the bio-molecular

relationships in terms of nodes and edges. The nodes represent the compo-

nents of the system, such as genes and proteins, or other molecules, while edges

represent their relation, such as chemical transformations, regulatory relation-

ships or functional associations. These biological networks are commonly in-

vestigated for extracting relevant knowledge regarding cellular functions and

disease mechanisms [17, 18].

In the genomics �eld, the great availability of quantitative data deriving

from high through-put methods for gene expression pro�ling [19, 20], has led

to the development of techniques of network modelling. These methods are

based on the inference of interactions directly from the gene expression level

obtained by processing organic samples. These models, derived from the inves-

tigation of pairwise gene-expression pro�le associations, are commonly called
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co-expression networks.

On the other hand, in the proteomics �eld, the spread of different techniques

to directly investigate molecular interactions, such as yeast two-hybrid systems

[21], X-ray crystallography [22] and protein chip technologies [23], has led to the

diffusion of the so called Protein-Protein Interaction (PPI) network. These PPI

networks can be obtained retrieving information from many public databases

which collect protein interactions obtained from both experimental techniques

and various computational approaches. The latter include techniques based on

genes, the amino-acid sequence, the molecular structure and machine learning

[24]. In Section 3 of Chapter 2, PPI networks will be presented, dealing with

the different nature of the interactions and the state-of-art bioinformatics tools

to manage them.

In this scenario, PPI networks are among the most important and widely

studied networks [25, 26]. The widespread of PPI networks is justi�ed by their

versatility, promoting applications for: experimental data integration [27], pro-

tein function discovery [12], molecular mechanism comprehension [13], and

drug discovery [14].

In recent years, as well as in the genomic �eld, the spread of MS-based tech-

niques provides availability of large scale proteomics data. However, the poten-

tial of these high-throughput technologies have yet to be fully exploited [28,

29]; these data may improve the effectiveness of network-based approaches,

thus providing new insight of the investigated systems. Therefore, the avail-

ability of these proteomics data represents a challenge for the bioinformatics

�eld, which should provide new methodologies and computational techniques

to infer context-speci�c protein network models.

1.1.2 PPI network analysis

The structure of biological networks is closely related to the biological func-

tions performed by a system (cell or tissue) under a given condition. Starting

from this point, many studies aim to face biological questions by investigating

network models in terms of topology [30] and modular properties [31]. Given

the network sizes, typically involving thousands of elements, the analysis often

requires automated methods [32, 33]. For this reason, the bioinformatics �eld

has received a boost towards the development of graph-theory based tools to

manage and analyse network models, in order to extract biological insight to

elucidate the bio-molecular mechanisms which are at the basis of physiologi-

cal/pathological states of interest.
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The term topologyrefers to the arrangement of graph elements, nodes and

edges, in the network; therefore topological analysis means the investigation of

the PPI network structure according to the graph theory principles at the basis

of these models. A key point of topological studies is the de�nition of math-

ematical models and metrics to describe the network's properties in order to

select the most relevant nodes and substructures that may be of biological sig-

ni�cance. This theoretical area of research has led to the de�nition of (I) several

metrics, generally called centralities, to investigate the property of nodes, edges,

or whole networks and of (II) mathematical models to describe biological net-

works, such as Erdös–Rényi random graphs [34] and scale-free model proposed

by Barabasi et al.[35]. Section 5 of Chapter 2 is dedicated to (I) introduce the

main state-of-art centralitiesand (II) discuss the main state-of-art mathematical

models used to describe biological network features. In this context, a common

approach in analysing PPI networks is performed through the identi�cation of

sub-networks, or modules, showing speci�c topological and/or functional char-

acteristics [5, 17, 36–38]. In biological networks, the term module has acquired

three meanings: topological, functional, and pathological/disease. The analy-

sis of the network structure allows to detect the topological modules de�ned

as a highly interconnected group of nodes [31]. These nodes are often related

to well de�ned molecular functions. Therefore, their detection in PPI networks

can help identifying functional modules [39], de�ned as a group of functionally

linked proteins/genes, such as connected by genetic/physical interactions, by

co-expression relations, as well as members of the same molecular complex or

biological pathway [5]. The comparison between pathological and physiologi-

cal conditions has �nally led to the de�nition of disease modules, i.e. a set of

nodes with a putative key role concerning mechanisms impaired due to disease

[14, 17]. Topological, functional, and disease modules are generally not fully

overlapped and often, a single topological module can be linked to different

functional or disease modules or vice-versa (Fig. 1.1).

Due to the complex connectivity of the biological networks, the identi�ca-

tion of modules is a challenging task. Various methods have been proposed and

most of them are exclusively based on network topology. Section 6 in Chapter

2 presents the module identi�cation problem in PPI Networks in detail, in par-

ticular several unresolved issues linked with the biological nature of the context

will be faced.
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FIGURE 1.1: Example of topological, functional and disease
modules not fully overlapped. The green nodes indicate a topo-
logical module, the blue nodes indicate a functional module,

while the yellow nodes indicate a disease module.

1.2 Motivation and aim

1.2.1 Protein Co-expression Networks

A PPI interaction network can be used to elucidate a speci�c biological con-

text since it is able to represent the protein interactions from which that con-

text gives rise, i.e. the bio-molecular mechanism making possible the cellular

functions linked to the context. Given that the presence/absence of the pro-

tein interactions is strictly dependent on the biological conditions, in order to

pursue this objective it is necessary that network interactions derive directly

from the same context which is the object of study. Nonetheless, in general,

PPI networks are built by retrieving the protein interaction from public repos-

itories, therefore deriving from experiments carried out in different biological

contexts/conditions than the speci�c studied system. This aspect represents

a weak point of the use of PPI networks in clinical/biological studies; a new

procedure able to build protein interaction networks, exploiting the data pro-

duced by a speci�c biological context, should be searched. Regarding graph

inference, a great boost consists in using information on gene/protein expres-

sion levels in order to predict network structures. Microarray techniques made

available quantitative data regarding the expression level of thousands of genes

in speci�c experimental conditions. These data led to building the so called co-

expression networks, where the edges represent gene relations detected from

the corresponding expression pro�les. These models are based on the assump-

tion that, in time or across several experimental conditions, genes with statisti-

cally similar (highly correlated) expression pro�les are linked from a biological

perspective. In the proteomics �eld, the opportunity to obtain large-scale data

regarding protein pro�le expression has been explored more recently, especially
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thanks to the enormous progress achieved in MS-based proteomics. Thus, the

use of protein expression level data to infer co-expression networks has been

explored through few studies [40–46]. Similar to PPI and gene co-expression

networks, these networks have been evaluated at a topological level, in terms

of edge rearrangement, as well as of modules, i.e. node groups associated with

common cellular functions. Although different aspects, including data collec-

tion and network reconstruction, need to be improved, the preliminary results

are proving this approach is promising. Protein co-expression networks are an

alternative to evaluate large-scale proteomic data, in order to provide new hy-

potheses concerning key molecules acting in patho-physiological states [18, 43,

47–49]. These procedures may have important effects in clinical applications,

opening the way towards the discovery of multiple biomarkers (key molecules

indicative of disease presence) and their relationships. They could represent a

�rst step in developing advanced diagnosis and prognosis methods.

In this thesis, one of the main scopes is the investigation of the co-expression

network approach in order to evaluate large-scale proteomics data. Section 4 in

Chapter 2 introduces this approach, discussing the state-of-the-art techniques to

implement it as well as the issues linked to its application on proteomics data.

On the other hand, Chapter 3 is dedicated to some practical examples; �rstly,

several state-of-the-art applications will be discussed, secondly, a pipeline of

analysis speci�c for the amyloidosis disease study will be presented. The �-

nal aim is to propose a building procedure of condition-speci�c co-expression

networks in order to provide a model able to give the possibility of generating

biological insight and hypotheses on the in�uence of the various proteins on the

pathology.

1.2.2 Module identi�cation in PPI networks

With the growing amount of PPI data recorded, PPI network analysis has be-

come a common practice in proteomics, genomics, and computational biology,

with direct translational impacts in pharmaceutical and medical applications

(such as drug repositioning or drug target discovery) [50]. With hundreds to

thousands of nodes, and even more edges, PPI networks are impossible to man-

ually analyse in detail. For this reason, more and more algorithms have been

proposed so as to automatically identify functional parts of these networks,

called modules.

These methods provide a set of topological modules as output, commonly

also known as clusters, grouping together nodes sharing topological properties,

such as characterized by a high density of connections. These techniques face
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the problem only from a topological/graph-based perspective, often forgetting

the biological nature of the input model. A discussion on the limits of this tech-

niques will be presented in Chapter 2 Section 6.1.

Moreover, traditional approaches provide solely a set of clusters as a result.

As a consequence, the output is far from providing a PPI network evaluation

from a biological perspective; therefore, a second step of analysis is needed to

investigate the biological role of clusters. To supply this lack, after module de-

tection, biologists routinely use an enrichment analysisto assess the biological

relevance of the identi�ed clusters [51, 52] (Fig. 1.2). Enrichment analysisis a

technique based on statistical tests to evaluate if a set of genes/proteins are en-

riched in common functional properties [53]. This analysis is generally based

on Gene Ontology (GO) [54], a collection of terms aimed at describing all the

functions at the basis of living systems (see Section 1 in Chapter 2 for details).

As a result, two typical steps of PPI network analysis can thus be outlined:

module identi�cation, which consider the problem from a topological/graph-based

perspective, and enrichment analysis, which consider the problem from a biolog-

ical perspective.

Generally, the standard methods for enrichment analysis treat each gene/protein

as isolated objects. However, in the last few years, several network-based en-

richment approaches have emerged, taking into consideration also interactions

among bio-molecules [55–57]. On the other hand, to improve the accuracy of

module identi�cation, the integration of functional information is increasingly

used in several algorithms [58–61]. These methods often exploit the a-priori

knowledge provided by GO; for example, it can be used to compute a similarity

score which measures the edge weights and drives the module detection [62,

63]. These recent methods will be presented in Chapter 2, Section 6.2.

As a result, the two typical steps of PPI network analysis are becoming ever

closer. This is due to the fact that module identi�cationalgorithms seek to integrate

a-priori functional information (via GO knowledge) and enrichment analysisat-

tempts to involve graph theory principles.

The aim of this PhD has been to conceive a novel algorithm of module iden-

ti�cation speci�c for PPI networks, pursuing (I) the idea to integrate topological

analysis and biological analysis in a single step, and (II) the objective to improve

the detection of hard-to-identify modules, such as small and sparse, thanks to

the use of GO knowledge. This algorithm is known as MTGO, Module detection

via Topological information and Gene Ontology knowledge. In other words, it

simultaneously takes into account limits and properties typical of both the topo-

logical and biological nature of the network model treated. In fact, MTGO relies

on both a graph-theory-based measure, Modularity [64], and GO knowledge
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regarding proteins involved in the network. Moreover, MTGO output consists

both in a set of clusters (i.e. topological modules) and a set of GO categories,

representing the functional modules. In this way, each cluster is tagged with a

speci�c GO term, describing its biological nature.

The algorithm will be presented in detail in Chapter 4, and further insight

will be provided in the Appendix Section. MTGO has been implemented in a

software version; its use and case study applications will be shown in Chapter 5.

To validate MTGO algorithm, the comparison with seven state-of-the-art algo-

rithms (including recent GO-based ones) have been performed. Three different

gold-standard protein complex sets have been used as target sets to compare the

predicted modules to each algorithm. The algorithms were tested on four differ-

ent PPI networks, from Saccharomyces Cerevisiaeand Human organisms. Several

metrics were used to compare the target sets with the predicted modules, in-

cluding Accuracy, Maximum Matching Ratio, F-Measureand Composite Score. The

biological quality of the predicted modules was measured through GO Term

Finder, a software used to perform GO enrichment analysis [65]. Moreover, a

statistical test was used in order to compute a p-value for each GO term pro-

vided by MTGO, so as to verify that a GO term is statistically signi�cant com-

pared to the protein set of the cluster to which it is associated with. Further-

more, since a weak point in state-of-the-art algorithms is the detection of small

or sparse modules, MTGO ability to detect these speci�c sets of modules was

evaluated. All these results will be presented in Chapter 6, including a short

short discussion about run time.

As MTGO rely on random components, stability of the results across dif-

ferent runs is a critical aspect of the algorithm. In addition, when evaluating

an algorithm speci�c for PPI Networks, an important aspect is the stability in

presence of false positive and false negative edges. For these reasons, two dif-

ferent stability analyses were executed in order to evaluate MTGO performance.

The �rst was used to evaluate the stability of the result over many runs starting

from a same input and in order to consider the range of variability introduced

by the random components of the algorithm; the second was used so as to eval-

uate the robustness of the output clusters when input is affected by noise and

uncertainty. These analyses will be discussed in Chapter 7.
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Chapter 2

Protein Interaction Network

Background

In this chapter, the basic concepts will be introduced for a proper understand-

ing of this dissertation. Starting from the key concepts of the Molecular Biol-

ogy �eld, protein interaction networks will be discussed, with insight regarding

protein co-expression networks and state-of-the-art analysis methods, speci�c

for these models. Several parts of the chapter are based on the scienti�c pa-

per "From protein-protein interactions to protein co-expression networks: a new

perspective to evaluate large-scale proteomic data" by Vella, D., Zoppis, I., Mauri,

G., Mauri, P., & Di Silvestre,D., published on EURASIP Journal on Bioinformatics

and Systems Biology.

2.1 Organisms and cells

All living organisms are composed of small cells. A cell can also exist as in-

dependent organisms to the effect that they can grow, reproduce, convert en-

ergy, control their internal working, respond to their environment, and so on

[66]. More evolved organisms, including humans, are communities of cells, per-

forming specialized functions and coordinated by complex systems of commu-

nication. Cells vary widely in size, shape and functions, as well as in chemical

requirements and activities. Some appear to be specialized factories for the pro-

duction of particular substances; some are engines, like muscles, burning fuel

to do mechanical work, while others are electricity generators. Nevertheless,

cells resemble one another to a surprising degree in the details of their chem-

istry, sharing the same machinery for the most basic of functions. Cells con-

sist of molecules participating in chemical reactions. There are four basic types

of molecules implied in life: (I) small molecules, (II) proteins, (III) DNA and

(IV) RNA. Proteins, DNA and RNA are collectively known as macromolecules.
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Small molecules can be the building blocks of macromolecules or can have inde-

pendent roles, such as signal transmissions or a source of energy or material for

cells. In addition to water, other relevant examples are sugar, fatty acids, amino-

acids and nucleotides. The rest of living material consists of macromolecules

[67].

2.1.1 Proteins

Amino-acids molecules are the main constituents of proteins. Short chains of

amino-acid constitute peptides and numerous poly-peptides arranged in a bi-

ologically functional way constitute a protein. There are 20 different amino-

acid molecules which have peculiar properties. When combined in different se-

quences and polypetides, they give rise to thousands of different proteins. Pro-

teins are the workhorses of the cell and are the most abundant and functionally

versatile of the cellular macromolecules. The most important classes are:

� transmembrane proteins, which play a key role in the maintenance of the

cellular environment and communication between cells;

� structural proteins, which are the main basic building blocks of organisms;

� enzymes, which increase the rate of chemical reactions (catalyse) such as

altering, joining together or dividing other molecules. Together, the reac-

tions and pathways they make is known as metabolism. Generally, en-

zymes are very speci�c and catalyse only a single type of reaction, how-

ever, the same enzyme can play a role in more than one pathway.

Protein interactions underlie the assembly of macromolecular machines,

mediate signalling pathways in cellular networks and control cell-to-cell

communication. Nearly 650,000 interactions regulate human life [68]. Pro-

teins are the core ingredient of this thesis. In fact, the long term target of

the scienti�c line of this thesis is the investigation of protein functionality

in a speci�c biological context through the exploration of their mutual in-

teractions. In order to approach this aim, the relations between proteins

will be later investigated through a knowledge extraction from condition-

speci�c proteomics data and their integration with a-priori knowledge.

2.1.2 DNA, RNA and Genes

Deoxyribonucleic acid (DNA) is an informational molecule constituted mainly

by sequences of nucleotides. Its main role consists in containing the information

required to build all proteins of an organism, hence the cells and tissues of that
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organism. Due to this feature of information storage, it is often compared to a

set of blueprints or recipe, or even a code. The DNA segments that carry this ge-

netic information are known as genes [69]. The gene de�nition given by Lodish

et al. in [66] is: "A Gene is the entire nucleic sequence that is necessary for the

synthesis of a functional polypeptide." Biologists once believed in the paradigm

"one gene - one protein". Today, we know that this is no longer true, as due to

biological phenomenon such as alternative splicing and post-translational mod-

i�cations, one gene can produce a variety of proteins. Although the product

of a gene in general is a different entity from a protein, for practical reasons, the

term gene product is often used as synonymous with protein. The synthesis pro-

cess, starting from DNA and ending with proteins, is mediated by another key

molecule, namely Ribonucleic acid (RNA). RNA was discovered after DNA; it is

constructed from nucleotides, as DNA, but differs in several important details.

RNA functions are necessary for protein synthesis. Its main role consists in read-

ing the genetic information contained in DNA molecules (transcription process)

and allowing for protein synthesis (translation process). For this reason, RNA

molecules are often referred to the term transcripts.

2.2 From Molecular Biology to modern technologies

A phenotype is the ensemble of observable traits/characteristics in a living or-

ganism; for example, a human phenotype clearly includes eye and skin colour.

Proteins dictate virtually every reaction in the cell and are thus directly respon-

sible for observable characteristics. For instance, a slight variation in the activity

of an enzyme for pigment synthesis in a plant may result in white rather than

orange �owers. In contrast, a genotype is the genetic endowment of the individ-

ual. Through the mediation of proteins, a phenotype is the result of a genotype

and its interaction with several environmental factors [29]. Much of life sci-

ence research has been focused on understanding the complex relationship be-

tween genotype and phenotype, in other words, how the information encoded

in the genome is expressed and modulated by external/internal factors in order

to generate a speci�c phenotype. This interest is likewise motivated by the fact

that understanding how genes and proteins act, in order to produce a speci�c

phenotype, allows to better understand speci�c pathological conditions and dis-

eases. Over the past decades, the “one gene-one protein-one function” paradigm

proposed by Beadle and Tatum [70] has dominated the ideas of biologists and

guided the research into the Molecular Biology �eld. This paradigm requires a

direct link between gene and protein function, implying that knowledge of all
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genes and their translation products can explain biological functions and cellu-

lar functioning. The series of processes in which the information encoded in a

gene is used to produce a functional protein is commonly known as Gene ex-

pression. In detail, only a fraction of the genes in a cell are expressed at any one

time, and only these expressed genes may determine the protein production

of that cell in a given time. Therefore, the study of gene expression processes

(which include the transcription and the translation) plays a critical role in de-

termining what proteins are present in a cell and in what amount. As protein

dictates cell functions, the study of expressed genes has gained great attention

in recent years. In the genomic age, powerful technologies have been developed

to support research at a global scale within the Molecular Biology paradigm.

These technologies attempt to measure the level of the gene expression from

cell and tissue samples, characterized by speci�c biological conditions/contexts.

In particular, these techniques include methods to identify (I) which types of

bio-molecular components are present in samples (qualitative analysis), and (II)

their respective abundances, commonly known as expression pro�le (quantita-

tive analysis). The most recent techniques include genome sequencing in order

to identify all protein-coding genes of a genome (RNA/transcript molecules),

such as Microarray [71] and proteomic methods to identify and quantify the

proteins in a biological sample, such as Mass Spectrometry coupled with liquid

chromatography (LC-MS) [7].Moreover, a great interest has been addressed in

the development of techniques in order to detect protein interactions, such as

yeast two-hybrid (Y2H) method [21]. These technologies, alongside many oth-

ers, have led to the availability of a big quantity of data, commonly referred

to as -omics data. These recent advances in the Molecular Biology �eld have

led to the development of new disciplines, with the main being genomics and

proteomics. Genomics is a multidisciplinary approach to studying genes, their

products, and the interactions among them in order to mediate physiological re-

sponses; proteomics is a branch of research aimed at assessing protein activities

via their modi�cations, their localization, and their interactions, in order to im-

prove our understanding of system level cellular behaviour [72]. In this context,

clinical research has shown an increasing interest towards these disciplines, and

in particular towards proteomics, hoping to bene�t both by the identi�cation of

new drug targets as well as the development of new diagnostic markers. New

development of these disciplines has been mediated by the success obtained in

the computer science �eld, which in turn has received a boost towards the cre-

ation of new systems for data storage and analysis. These have led to the birth

of many registries, databases and public repositories so as to manage the large



16 Chapter 2. Protein Interaction Network Background

amount of data to facilitate and support research for biological and clinical ap-

plications. Thanks to these developments, we are today in the post-genomic era

in which several bio-techniques have been developed to utilize -omics informa-

tion in order to explain the biology and physiology of cells or tissues, as well as

to explore the pathogenic mechanisms of various diseases.

Gene Ontology

At this stage, it is worth mentioning the Gene ontology (GO) project, the ma-

jor bio-informatics initiative to unify the representation of gene and gene prod-

uct/protein attributes across all species [73]. The objectives pursued by the Gene

Ontology Consortium is manifold. It aims at maintaining and developing a con-

trolled vocabulary of gene and gene product attributes, providing tools for easy

access to data in order to enable the functional interpretation of experimental

data through the use of GO. For this purpose, three independent ontologies

accessible on the World-Wide Web are being constructed: biological process,

molecular function and cellular component [54]. Thanks to annotation data,

each GO term is assigned to a speci�c set of gene products/proteins, i.e. the set

of bio-molecules involved in the speci�c function represented by the term.

2.3 Protein interaction networks

Systems Biology is a discipline which collects several approaches sharing a com-

mon aim: the understanding of biological processes performed by a system in

terms of all its components. These approaches are based on the assumption that

all phenomena can be viewed as a web of relationships among elements [74].

This concept has risen thanks to recent advances in technologies which have

made available a large quantity of data regarding bio-molecules acting at the

basis of biological systems. According to this holistic view, graph theory, that is

to say network science, has been receiving even more increasing interest. The

birth of graph theory dates back to the year 1736 in Euler's description of a map

of seven bridges of the river in Konigsberg (a city in Prussia). Its description lays

the foundations of graph theory, in fact, Euler presents the map in abstract terms,

eliminating all features except the list of land masses and the bridges connect-

ing them. Since then, graph theory has developed into an extensive branch of

mathematics. Today, it is a powerful abstracting machinery which allows for the

modelling of several types of systems, both natural and human-made, ranging

from Biology to the science of Sociology [75]. ]. The main concept at the basis of
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network science is the graph. A graph, also known as a network, provides a sys-

tem representation in terms of relationships among the elements that compose

it; a set of nodes V stands for the elements of the system, while a set of edges E

stands for their relations. Mathematically, we refer to a graph as G = (V, E).

The development of systems biology approaches based on graph theory [76–

78] is receiving a great boost due to the improvement of proteomics technologies

[79, 80], in particular those increasing knowledge regarding protein-protein in-

teractions (PPI) [21]. As a result, the use of network models, which combine

information from PPI and protein/gene expression levels, is widespread today

in the study of biological systems [27, 81, 82].

With respect to biological networks, nodes may be associated to attributes

representing characteristics of interest, such as expression levels or GO terms.

In the same way, edges may possess attributes describing the relation between

nodes, for example indicating the strength of the interaction or its reliability;

edges may also be directed or undirected. In this dissertation, we shall mainly

deal with undirected edges. Using the framework described in Fig.2.1, a protein

interaction network is de�ned as a complex graph, where nodes are proteins

and edges represent their relation, generally physical or functional, as proposed

by Vidal et al. [18].

2.3.1 PPI: physical and functional protein interactions

A protein interaction network usually refers to physical PPIs [83], but several

meanings have been attributed to this term. In fact, a group of proteins work-

ing together to perform a biological function not necessarily are in direct con-

tact, but their relation may be of regulation or in�uence, for example, making

use of intermediary molecules. For this reason, the term PPI has not only been

exclusively used to indicate a physical contact between proteins, but also pro-

teins connected by functional links. It is important to bear in mind that proteins

participate to physical-chemical connection depending on the biological context

where they are [84]. Thus, the interactions measured in a speci�c experiment

could not occur in any cell or at any time. However for simplicity, if two inter-

acting proteins are experimentally identi�ed in a given sample, it is generally

assumed they also interact in a speci�c studied context, thus their relation is

reported in the reconstructed PPI network representing the speci�c context.
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FIGURE 2.1: Biological networks. A Nodes may represent sev-
eral types of biological elements, while the edges describe the
nature of their relationship. If A and B are two nodes connected
by an edge, (A,B) 2 E, B is a neighbor of A or A and B are ad-
jacent. B Protein network classi�cation proposed by Vidal et al.

[18]



2.3. Protein interaction networks 19

FIGURE 2.2: Pathguide website [94]. A repository containing
information about 547 resources of molecular interactions and

pathways

2.3.2 PPI: detection, storage, and analysis tools

The main approaches to demonstrate physical interaction between proteins are

the yeast two-hybrid (Y2H) method and the tandem af�nity puri�cation cou-

pled with mass-spectrometry (TAP-MS) [21]. To reduce the identi�cation of

false interactions, these experimental data are complemented with computa-

tional methods of prediction [85–87]. Other methods are used to identify func-

tional relationships, and most of them rely on protein expression data [46], anal-

ysis of gene co-expression patterns [88], and analysis of sequences or phyloge-

netic properties, as Rosetta Stone or Sequence co-evolution methods [89]. Both

physical and functional PPIs are stored in public repositories. The most popular

include MINT [90], IntAct [91], STRING [92], and HPRD [93]. The latter specif-

ically collects interactions related to Homo Sapiens, while other databases like

STRING collect different kinds of interactions (from experiments/biochemistry,

annotated pathways, gene neighborhood, gene fusion, gene co-occurrence, gene

co-expression, and text-mining) and different organisms. A useful list of reposi-

tories presented by De Las Rivaset al. [83] provides a classi�cation in categories

(primary, meta, and prediction database) according to method used to detect

interactions. Moreover, an exhaustive collection of more than 500 databases is

available in the Pathguide website (Fig. 2.2) [94].

The development of computational tools to retrieve, visualize, and analyze

biological networks is a key aspect of the systems biology studies, like the pro-

duction of accurate -omics data and the collection of reliable molecular inter-

actions. The most broadly adopted software include Cytoscape and its plugin

[95], VisANT [96], atBioNet [97], PINA [98], and Ingenuity [99] which repre-

sents a commercial solution. On the contrary, Cytoscape is a software developed
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FIGURE 2.3: ReactomeFIViz: from disease pathway to PPI net-
work. Main steps to obtain a protein functional and a physi-
cal protein network, starting from a speci�c pathway (oncogene
induced senescence). Using ReactomeFIViz, pathways can be
visualized in relation with others (a), can be detailed as a di-
agram showing all inter-molecular relationships (b), and as a
protein functional interaction network (c) showing just the re-
lation among proteins that cooperate to perform a given molecu-
lar function. Finally, starting from a group of protein of interest,
it is possible to obtain a network of protein-protein interactions
by STRING; in the reported example, the interactions shown are
limited to physical type, in particular binding, activation and in-

hibition (d)

by an international consortium of open-source developers. Figure 2.3 shows a

possible use of the ReactomeFIViz Cytoscape's plugin to obtain networks (both

functional and physical) associated with a given biological function. Reactome-

FIViz is focused to pathways and patterns related to cancer and other patholo-

gies [100]. The reconstruction and the analysis of networks are of importance in

the context of biomedical research, and detailed reviews about network models

to investigate complex diseases have been published by Choet al. [101] and by

Vidal et al. [18]. Both works show how functional and physical links can be used

to investigate disease mechanisms, and PPI networks emerge as effective model

to evaluate different biomolecules acting in complex biological systems, thus

providing an insight on phenomenons involved in a given physio-pathological

context.
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2.4 Co-expression networks

The large amount of data produced by microarray and RNA-seq technologies

has driven the need for methods to objectively extract meaningful information.

A widely adopted approach to evaluate transcript levels is based on statistics

which measure the dependence between variables [102]. In this context, the use

of co-expression scores is of great interest for clinical/biological research (see

Paragraph 2.2 for an explanation of expression process). These scores, through

the processing of transcript pro�les, attempt to de�ne a relation between pairs

of transcripts. These approaches are based on the concept that transcript pro�les

of time series, or result of speci�c perturbations, may be indicative of the acting

mechanism between transcripts. For example, several studies have shown that

functionally related genes sharing Gene Ontology (GO) terms usually present

higher co-expression scores [103]. The co-expression score computation repre-

sents the �rst step of inference in order to build a co-expression network, de�ned

as an undirected graph, where nodes correspond to genes and edges indicate

signi�cant co-expression relationships, but not causality. The aspect of causal-

ity is faced in the context of transcriptional regulatory networks [104], where

pairs of genes are considered in a systemic perspective of cooperation, includ-

ing co-regulation, activation/suppression, and indirect control through the ac-

tion of RNA, proteins, metabolites, and epigenetic mechanisms. This complexity

makes the inference of transcriptional regulatory networks dif�cult by using ex-

clusively transcriptional pro�les. In fact, in this type of model, in addition to co-

expression, the following levels of inference require more information and dif-

ferent modelling techniques, including Boolean networks, Bayesian networks,

or differential equations (ODEs) [104]. Many are the network models used to

interpret and represent bio-molecular mechanisms; that discussed in this dis-

sertation is the co-expression based model. Regarding these models, the most

widespread are gene co-expression networks, as more progress has been made

in obtaining information on genetic molecules (DNA, RNA). Conversely, global

analysis of proteins was exceedingly dif�cult in the past. However, the avail-

ability of information on proteins is crucial, as proteins can interact with all of

the other classes of bio-molecular components, in�uencing all cellular activities

at various levels. In some studies, several attempts to infer protein abundance

from RNA molecules have been made in order to supply this lack of informa-

tion, since RNA is directly responsible for protein synthesis. However, changes

in protein abundance cannot be simply inferred from RNA data; many studies

show how abundance of RNA poorly correlates with protein abundance [105].

Over the last 10 years, the improvement of Mass-Spectrometry (MS) based
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FIGURE 2.4: The �gure shows the ACSL1 protein and its neigh-
bors in two co-expression networks obtained by processing the
protein expression pro�les of a control group and a group of pa-
tients affected by amyloidosis disease. In the considered groups
of samples, ACSL1 shows a different interaction number. It sug-
gests that this protein may have a key role in the emergent phe-
notypes. Green edges represent a positive correlation between
the expression pro�les, while black edges indicate negative cor-
relations. The thick edges indicate known interactions present in

public repositories as PPI.

proteomics has given a great boost to large-scale proteomics analysis, making

available the expression pro�les of thousands of proteins per sample [55]. There-

fore, MS offers a new range of opportunities to improve existing models of

how phenotypes emerge [29]. Due to the similarity of the output between ge-

nomics and proteomics technologies, the use of proteomic data to infer protein

co-expression networks has been recently explored in order to investigate the

role of proteins in speci�c physio-pathological contexts. For example, variations

of the co-expression score are evaluated so as to select relevant proteins whose

number of bio-molecular interactions changes under speci�c conditions or per-

turbations [44] (Fig. 2.4).

Although different aspects need to be improved, this approach takes into

account condition-speci�c protein relationships. Thus, with respect to conven-

tional methods (i.e. via PPI public repositories, as discussed in Paragraph 1.3), it

represents an alternative approach to gain a deeper insight of the proteins char-

acterizing a given system.

2.4.1 Aspects of construction

To build a co-expression network, an important aspect concerns the computation

of a co-expression score, which weighs the correlation of two genes/proteins in
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FIGURE 2.5: Possible cases of correlation between two variables.
a Positive correlation. b No correlation. c Negative correlation

response to the considered conditions (Fig. 2.5).

To address this issue, metrics to measure gene/protein co-expression have

to be considered (Table 2.1); the most used metrics include Pearson correlation

(PC), Spearman correlation, Kendall correlation, and mutual information [102,

106]. Various methods have been also proposed to de�ne proper thresholds to

select signi�cant relations. Some of them are based on statistical analysis [107]

and on network properties [108], while other interesting approaches aim to min-

imize the false positive links [109]. Finally, not less important is the selection

of appropriate experimental samples/conditions to be processed. A condition-

independent analysis is used to �nd relations of co-expression actual in different

biological contexts; on the contrary, a condition-dependent analysis aims to �nd

relations associated with speci�c phenotypes. The co-expression score compu-

tation may be faced by using any statistical or computational tool that allows to

evaluate the dependence between variables. Some tools have been speci�cally

designed to construct, visualize, and analyze co-expression networks. For ex-

ample, the ExpressionCorrelation Cytoscape's plugin allows to process microar-

ray data and provides a similarity matrix computed by PC [110]. In addition

to being user-friendly, the main advantage of this tool is that the reconstructed

networks are directly imported in Cytoscape (Cytoscape software is presented

in Paragraph 1.2.2), where it may be evaluated by other plugins.

In this context, Weighted Gene Co-expression Network Analysis (WGCNA)

is one of the most used approaches to build and to analyze gene co-expression

networks [111], and it has been recently adapted for proteomics use also [40,

41, 44–46, 100, 112]. It provides a weighted network model by converting a co-

expression measure to a connection weight. The network is fully speci�ed by an

adjacency matrix, where the component aij de�nes the strength of connection

between nodes i and j. The value of aij is computed through the coexpression

similarity sij (2.1), de�ned as the absolute value of correlation among the pro-

�les of nodes i and j. It can be de�ned in two ways: to obtain an unweighted
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network, the sij is �ltered by a threshold � such that aij takes on value [0,1]

(hard-thresholding) (2.2), while to obtain a weighted network aij is de�ned by a

power adjacency function (soft-thresholding) (2.3):

sij = jcor(i; j )j (2.1)

aij =
�

1 sij � �

0 sij < �
(2.2)

aij = sij
� (2.3)

WGCNA pipeline has been implemented as a package of R software, which is

a free software environment for statistical computing and graphics. Thanks

to its modeling capabilities and its �exibility, R is one of the most used soft-

ware in bioinformatics �eld. The R WGCNA package provides the possibility

to use different types of metrics, including Spearman, Pearson, Kendall corre-

lation (function cor, see Table 2.1), and the biweight midcorrelation (function

bicor) [113]. Spearman's correlation is a non-parametric measure of correlation

(see Table 2.1). Pearson's correlation can be used when data are normally dis-

tributed, but it is quite susceptible to the presence of outliers (see Table 2.1). Bi-

weight midcorrelation is a similarity measure based on the median rather than

the mean, for this peculiar characteristic it results less sensitive to outliers. Data

from gene samples are often characterized by a high presence of outliers, thus

the recommended correlation measure is the biweight midcorrelation, since it is

more robust to outliers. The package allows to compute both the correlation and

the Student p-value for multiple correlations in case of missing data, thanks to

the functions corAndPvalueand bicorAndPvalue; while the function qvaluecom-

putes the q-value to measure the signi�cance of each feature in terms of false

discovery rate rather than false positive rate [114]. The unweighted network

displays sensitivity to the choice of the correlation values cut-off, thus, it is im-

portant to use a proper criterion to select the edges to include in the network.

It is important to take into account the correlations are computed among each

pairs of genes/proteins leading to a high rate of false positive values. Thus,

to build an unweighted network and to reduce the inclusion of not signi�cant

correlations, it is recommended to set a cut-off also for p and q values. Concern-

ing the weighted networks, the choice of the � parameter is based on the scale-

free topology criterion [115]. This method represents an improvement over un-

weighted networks based on dichotomizing the correlation matrix; the contin-

uous nature of the gene co-expression information is preserved, and the results

of weighted network analyses are highly robust with respect to the choice of the
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parameter � (soft-thresholding power). However, this thresholding method is

based on the assumption that the network follows a scale-free topology, a hy-

pothesis weak in some cases, as discussed in Paragraph 2.5.1.

WGCNA package also provides a analysis procedure for the obtained net-

work, consisting of a hierarchical clustering algorithm based on a distance ma-

trix calculated by similarity measure between gene/protein pairs [111]. Accord-

ing which each node is assigned to modules, and then an aggregate module

signature, called eigenvector, is computed; it can be considered as an object rep-

resenting the expression pro�les of the molecules belonging to the module, thus,

it simpli�es the comparison of different modules [116].

2.4.2 WGCNA and proteomic issues

When the WGCNA is applied to proteomic or to metabolomic data, the choice

of the optimal cutting parameters should be evaluated in relation to the nature

of the data analyzed. In fact, due to the low coverage of the current analytical

technologies, the produced dataset are often incomplete, and the methods need

to be properly modi�ed [117]. A major concern is the high rate of missing val-

ues that introduce loss of information and signi�cant bias. To address this issue,

several approaches including K nearest neighbor, least square methods, or lo-

cal least square methods have been proposed for proteomic and metabolomic

datasets too [117]. In other cases, a very simple approach has been adopted,

such as the removal of all species with a number of missing data bigger than a

given threshold [118]. However, to implement a more accurate analysis, it is rec-

ommended to process data by using an imputation method taking into account

the nature of missing data. Three types of missing value have been identi�ed:

MCAR (missing completely at random), i.e., due to stochastic �uctuations in

a proteomic dataset, MAR (missing at a random), i.e., due to multiple minor

errors, and MNAR (missing not at a random), i.e., due to limits of abundance

of peptides/proteins that instruments are able to detect. In general, methods

work �ne when a low percentage of missing value ( � 10%) is present, but this

threshold could be different in relation to the missingness mechanisms and im-

putation approach used [117, 119]. In addition to missing value, another impor-

tant step of proteomic data preprocessing concerns their normalization [120].

Batch effects may occur in datasets run in different days or by different techni-

cians. This phenomenon may increase by using isotope reagents which allow

the quantitation of a limited number of samples, thus, preventing a simultane-

ous analysis of multiple samples which could reduce data heterogeneity. For

these reasons, an appropriate data transformation is a prerequisite to capture
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true correlations. Also in the case of protein co-expression, valid correlations

have to be selected by applying proper thresholds. To date, the most appli-

cations of WGCNA method on proteomic datasets used the soft-thresholding,

which de�nes the � value according the scale-free criterion [40, 112, 118]. How-

ever, since the application of WGCNA to proteomic dataset is a recent issue and

literature reports few examples, the future evaluation of hard-thresholding ap-

proach might be useful.

2.5 Network topological analysis

The literature underlines how the topological structure of a network model is

closely related with biological relevant features of real-world systems. To fully

understand disease mechanisms, the knowledge of both the topologicaland the

biological aspects of these models is needed [75]. In this dissertation, the term

topologyis used to refer to all the properties and characteristics of a network,

related to the structure of the graph, i.e. related to the way in which nodes and

edges are arranged to give rise to the network. An important aspect of topo-

logical studies is the construction of mathematical/theoretical models in order

to describe features observed in the networks. The capacity to abstract from ex-

perimental data to mathematical models could provide a better understanding

of biological systems. In this Paragraph, the main approaches found in liter-

ature on topology analysis will be presented. The �rst part will describe the

main metrics used to investigate which are the key proteins in a network. The

second part will discuss the main mathematical models af�rmed in describing

the topology of biological interaction networks. The discussed models, namely

random graphs, small-world, scale-free and geometric random graphs, will not

be described in detail as it is not the objective of this dissertation to illustrate

their mathematical basis. Rather, the aim of this paragraph is to introduce the

reader to the main state-of-the-art techniques used to investigate and explore the

topology of these network models. In order to show that the topological prop-

erties are directly linked to speci�c biological meanings, thus their investigation

represents a way to infer useful knowledge about the biological phenomenon

represented by the network.

2.5.1 Centrality measures

Table 2.2 lists the main basic centralities used in the network topological analy-

sis [121]. In the context of network organization, these centralities facilitate the
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answer to question about which proteins are most important and why. For ex-

ample, to give an idea of such analysis, a vertex (i.e., a protein) is important (or

central) if it is close to many other vertexes. There are many different centrality

measures that have been proposed in literature but probably the most applied,

and simple, is called vertex degree. The degreed(v) of a vertex v, in a network

G = ( V; E), counts the number of edges in E incident upon v. Given G and a

constant value D, f (D ) is de�ned as the fraction of vertexes v 2 V with degree

d(v) = D . For different D1; D2; :::; Dn ; the collection f (D1); f (D2); :::; f (Dn ) is

called the degree distribution of G. A useful generalization of degree is the no-

tion of vertex strength, which is obtained simply by summing up the weights

of edges incident to a given vertex. The distribution of vertex strength is some-

times called the weighted degree distributions de�ned in analogy to the ordi-

nary degree distribution. Another centrality measure widely used is known as

betweenness [122]. It can be de�ned as follows: this measure summarizes the

extent to which a vertex is located “between” other pairs of vertexes. In this

case, centrality is based upon the perspective that importance relates to where a

vertex is located with respect to the paths in the network graph. In other terms,

betweenness centrality is based on communication �ow. Nodes with a high be-

tweenness centrality are interesting because they lie on cellular communication

paths and control information �ow. Also called hubs/bottlenecks [123], they

can represent important proteins in signaling pathways and can form targets for

drug discovery. Formally, betweenness can be de�ned as

B (v) =
� (s; tjv)

P
s6= t6= v2 V � (s; t)

(2.4)

where � (s; tjv) is the total number of shortest paths between s and t that

pass through v, and � (s; t) is the total number of shortest paths between s and

t (regardless of whether or not they pass through v). Other centralities used to

globally evaluate the structure of a network include:

� Degree distribution: a function describing the proportion of nodes related

to each observed degree

� Modularity: evaluates the presence of modules, such as a group of nodes

characterized by the tendency to form more connections within the group

than outside [124]

� Cluster coef�cient: the ratio of the number of edges among a node and its

neighbors and the maximum possible number of edges among all of them

[125]
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� Motif/graphlet frequency: evaluates the presence of small subgraphs with

a speci�c pattern that appear in a real-world network more frequently than

in the relative random network [126]

� Edge clustering coef�cient: the ratio between the number of triangles (three

nodes connected by three edges) including an edge, and the maximum

number of possible triangles may include the edge [127]

� Maximal Clique centrality: a property of a node taking into account the

cliques (i.e, a subgraph in which each pair of nodes is connected) including

the node [128]

The simplest way to perform a network topological analysis by evaluating

these properties is through Cytoscape's plugins, such as CentiScaPe [121] and

NetworkAnalyzer [129], that provide the main basic methods to compute the

topological properties of nodes, edges, and networks, both directed and undi-

rected. Moreover, new plugins implementing recent developed topological cen-

tralities are CytoNCA [130] and CytoHubba [128].

2.5.2 Theoretical mathematical models

As regards biological networks many studies have been carried out to compare

experimental networks with mathematical models with the aim to found the

best �tting model for using it to evaluate experimental results [75]. As for the-

oretical mathematical models proposed to describe the biological networks, the

most claimed are Erdös–Rényi random graphs [34] and scale-free [35] (see Fig.

2.6).

Other models, such as the geometric random graph (GEO) [132] and the

small-world [125], have recently been proposed. In the context of biology, the

random graph, proposed in 1950, has been overtaken by the scale-free model;

in fact, the degree distribution of the scale-free model is a power-law curve that

�ts better than Poisson curve (typical of random graphs and small-world) the

degree distribution of the experimental networks [35] (Fig. 2.7).

In networks with a power law distribution, most nodes have a degree value

far from the mean value; speci�cally, most nodes have a low number of interac-

tions while few nodes have a high number of interactions. These features lead

to a network structure little vulnerable respect to the random removal of a node

and make the related system biologically robust [133]. Of note, the degree distri-

bution may re�ect the different role of proteins/genes, and those with a highest

number of connections, so-called hubs, have a higher probability to be more bi-

ologically relevant than others. In other words, removal or modi�cation of hubs
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FIGURE 2.6: Shape and degree distribution of random, small-
world, and scale-free model with respect to a biological network.

Models were calculated by ELIXIR web tool [131]

FIGURE 2.7: Functions used to describe the degree distribution
of biological networks. Poisson curve a and power-law b shown
for different parameters. c Example of graphlet of three nodes

with frequency equal to 5
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may induce stronger alteration of the system equilibrium rather than removal or

modi�cation of nodes with low degree [134]. Although some topological prop-

erties are well described by a theoretical model, it may not be enough to af�rm

that the model represents well the real-world network considered [135]. For ex-

ample, a study on PPI network of Drosophila Melanogaster and Saccharomyces

Cerevisiae showed that the degree distribution was in agreement with scale-

free model, but diameter, cluster coef�cient, and graphlet frequency were closer

to GEO [136]. Of note, based on graphlet frequency, the comparison among

scale-free, random graph, and GEO models has shown a higher agreement of

GEO with PPI network from eukaryotic organism [137, 138]. A possible reason

of these �ndings is that the scale-free model �ts networks that emerged from a

stochastic growth, not subjected to an optimization process; while, PPI networks

emerge from stochastic processes, and their structure is in�uenced by the evo-

lutionary optimization that living systems have gone through [136]. Another

model used to describe the PPI networks is the small-world, characterized by

low average path length, an high clustering coef�cient, and (like the random

graph model) by a Poisson curve. In a study focused on the investigation of

proteins regulating the fat storage, the corresponding PPI network had a degree-

distribution close to a Poisson curve rather than a power-law [139]. Moreover,

the investigation of its topology indicate a network organized into communities,

i.e. with a modular structure. This modular arrangement of the nodes has been

often observed in PPI networks [140–142]. Modules are associated to groups of

proteins that work together to achieve some speci�c biological functions. The

presence of these communities allows to split a complex process, as the fat stor-

age function, in sub-tasks each performed by a speci�c cluster of nodes. The

small-world model preserves the modular structure, and it is not characterized

by hub nodes, these properties make the network more robust in the case of

removal or modi�cation of any node [133].

The proposed models were born from the need to describe the various spe-

ci�c features observed in real-world networks and are thus not able to sum-

marize the complexity of the whole system investigated. Moreover, certain

model properties do not agree with experimental data. The real-world net-

works used to infer these general theoretical models are not standard and of-

ten represent only an incomplete part of the interactions of the studied system.

Another important aspect to consider is the error introduced by technologies

used for detecting interactions; for example the observed structural modularity

may be an artifact because the current PPI data include interactions detected

through technological approaches that create modules [142]. Moreover, several

edges/interactions may occur in the experimental procedure but not in vivo,
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due to the fact that protein pairs may not be expressed under different time-

space conditions [137]. This evidence leads to the incapacity to completely prove

or rule out a model. The actual high-throughput technologies for data acquisi-

tion are far from providing complete and reliable data regarding bio-molecule

interactions [75]; however, as more data becomes available, more insights could

be gained and as consequence, the de�nition and evaluation of mathematical

models can improve.

2.6 Module identi�cation

Studying the modularity of a network not only provides structural information

on the network, but may also reveal the underlying mechanisms that determine

the network structure. Regardless of the approaches used in obtaining a biolog-

ical network, the detection of protein/gene modules is of great interest, because

they represent the functional units at the base of the mechanisms responsible for

cellular life [143, 144].

A PPI module represents a group of proteins taking part in speci�c, sepa-

rable functions such as protein complexes, metabolic pathways or signal trans-

duction systems. A module is identi�ed on the basis of its double role (i) as an

isolated entity, being responsible of speci�c steps of cellular processes; and (ii)

as part of a connection pattern, in which one process in�uences another in order

to perform higher-level cellular functions [5]. For example, the Generic Tran-

scription pathway (R-HSA-212436) [100] achieves its functions through its sub-

processes, such as the nuclear Receptor Transcription pathway, the NotchHLH

Transcription pathway, etc. (see Figure 2.8). Moreover, each sub-process can be

described as a module made of proteins and other molecules working together

to perform a speci�c step of a bigger pattern. In network biology and graph

theory, it is possible to de�ne topologicaland functional modules [145]. The �rst

refers to a group of nodes having many more connections with the nodes of the

group rather than with the ones outside of it. The second refers to a group of

nodes sharing a common biological function. Note that a group of nodes poten-

tially representing a module might possess bothtopological and functional prop-

erties. Ideally, topological and functional modules should coincide; in practice,

they constitute two different entities, though typically, they largely overlap [17].

As a consequence, both the network topology and the functional information

contribute to the overall understanding of the biological mechanisms underly-

ing the PPI network.

Topological properties are measured with speci�c metrics such as modular-

ity, betweenness, degree distribution, density and closeness [36]. On the other
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hand, functional properties are widely described by the three Gene Ontology

categories (GO), Biological Process, Molecular Function and Cellular Compo-

nent [54].

FIGURE 2.8: The �gure represents the processes at the base of
the Generic Transcription pathway (R-HSA-212436). Each pro-
cess consists of a group of proteins with intra-modular and inter-
modular connections. The image has been obtained with Reac-

tomeFVIZ software [100].

Due to the complex connectivity of the networks, the identi�cation of mod-

ules is a challenging task. Various methods have been proposed, and most of

them are exclusively based on network topology (see Paragraph 2.5.1 for a de-

scription of the metrics used to measure topological properties). Some repre-

sentative examples include the betweenness based method [64], the modular-

ity optimization method [146], the spectral partitioning method [147], the core-

attachment based method [148], and the graph-theoretic approach relying on

cliques [149] and other topological properties [150]. A number of scienti�c re-

views describe many of these tools for module detection [118, 151, 152]. Among

the most used there are ClusterOne [153], MCODE [150], Markov Cluster Algo-

rithm (MCL) [154] and CFinder [149].

ClusterOne consists of three major steps. Firstly, starting from a single seed,

i.e. a vertex, some vertexes are added or removed so as to �nd groups on the

basis of a new introduced measure, namely cohesiveness. This measure takes
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two aspects into account: the module should contain many interactions, and it

should be well-separated from the rest of the network. This process is repeated

from different seeds, thus forming multiple and overlapping groups. Overlap-

ping means that the groups share one or more nodes. In the second step, groups

with an overlapping score above a speci�ed threshold are merged. In the third

step, the groups that contain less than three proteins, or whose density is below

a given threshold, are discarded [153].

The MCODE algorithm consists of three phases. Firstly, a score is assigned

to each vertex; the score is the cluster coef�cient relative to the neighbourhood

(directly connected vertexes) of the vertex. Secondly, protein modules are con-

structed adding vertexes to those with the highest score. The growth process

of a module is limited by a parameter. Moreover, another parameter executes a

control on the scores of the vertexes within the same module. Thirdly, the mod-

ules found are post-processed in two ways. Firstly, by removing the vertexes

that are connected by only a single edge to the rest of the module and secondly,

by trying to expand the module with other vertexes, if they are connected to a

large number of vertexes of the same module [150].

At the heart of the MCL algorithm lies the idea to simulate �ow within a

graph; MCL promotes �ow where the current is strong and demotes �ow where

the current is weak, in order to detect natural groups present in the graph. The

MCL algorithm has a single parameter known as in�ation. Larger in�ation val-

ues result in smaller clusters, while smaller in�ation values generate only a few

large clusters [154].

CFinder was one of the �rst overlapping clustering methods published in

the literature. CFinder �nds all k-cliques of the original network, i.e. the cliques

made of k nodes, (where k is a parameter of the algorithm). These cliques are

used to construct a graph, where the nodes are represented by the k-cliques and

the edges connect k-cliques which share k-1 vertexes. The connected compo-

nents of this graph are then used to derive the overlapping topological modules

[149].

Among the most popular algorithms for module detection, it is important to

mention those based on Modularity optimization, such as fast-greedy, walktrap,

label propagation, spinglass and multi-level community [155]. Modularity is a

metric speci�c for the evaluation of the modular structure of a network [124]; as

discussed in Paragraph 2.5.2, this structure is typical of PPI Networks.

Although many methods are available in detecting topological modules, none

of them provide a biological interpretation of the protein groups found. For this

reason, other approaches are used in order to annotate the identi�ed modules

with known cellular functions. For example, GO term enrichment analysis is
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routinely used to assess the biological relevance of the identi�ed modules [51,

52]. Making use of statistical tests, these approaches evaluate if genes/proteins

of a module are enriched in common functional properties represented by GO

terms (see Paragraph 2.2 for a description of the GO).

2.6.1 Issues linked with module identi�cation algorithms

Several graph-based algorithms have been developed to tackle PPI module iden-

ti�cation. Most of these approaches infer modules relying solely on their topo-

logical properties. These methods exploit community detection algorithms de-

veloped for generic graphs, readjusting them to the context of biological net-

works [155, 156]. Module identi�cation algorithms are also most commonly

known as clustering algorithms. Nevertheless, clustering algorithm is a general

term including also other types of algorithms, which ignore the graph structure

typical of input models speci�c to module identi�cation algorithms. While the

topological approach is sound in network theory, it is sub-optimal in the case of

PPI networks, due to their biological nature.

The scarce sensitivity of PPI discovery techniques (such as yeast two hybrid

method and tandem af�nity puri�cation coupled with mass-spectrometry) leads

to the presence of noise, in the form of falsely detected edges [85]. As a conse-

quence, the modules obtained with algorithms based solely on network topol-

ogy are strongly in�uenced by the presence of noise. Algorithms should con-

sider this noise during module detection; for example, further information may

be introduced to model the uncertainty associated with interactions [145, 157].

To overcome the issues of noisy edges, several recent algorithms pre-process the

network with a-priori knowledge, such as co-expression relations and/or func-

tional associations. In practice, they �lter out the low reliability edges, and/or

enrich the network with edge weights [62, 63, 144, 158, 159]. Despite the integra-

tion of a-priori information, module identi�cation in these algorithms is strictly

topological.

Since PPI network analysis aims to clarify the molecular mechanisms in-

volved in the physiological/pathological context investigated, a main require-

ment of module identi�cation algorithms is the ability to provide full coverage

of the network. Indeed, to obtain a bird's eye-view of the phenomenon, all

the elements of the system should be considered, given that high-level func-

tions emerge from the combined work of many modules/processes [13, 145].

Topological approaches are often focused on the identi�cation of high quality

clusters, thus not considering many of the network hard-to-label nodes. More-

over, module identi�cation algorithms focus mainly on the detection of densely
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connected subgraphs, ignoring functional modules that are often sparsely con-

nected [145, 160], and/or very small, i.e. composed of only two or three proteins

[59]. Ignoring these modules means excluding key proteins in�uencing/driving

the inspected biological process. Alongside these aspects, there are two relevant

requirements which these algorithms should assure: overlapping [157] and the

inclusion of known protein annotations [145]. As a protein can have several

different roles in cellular functioning, it can therefore be involved in different

modules; for this reason, a key characteristic of these algorithms is the abil-

ity to provide overlapping modules i.e. modules sharing proteins. Although

some strategies have been proposed over recent years to assure overlapping,

this problem is still a challenging issue [157].

In recent years, thanks to knowledge obtained through omics technologies,

biological literature on the roles of proteins has been growing steadily. In de-

tail, proteins are annotated with attributes (such as GO) to encode information

such as functions, localization, and biological processes that they are involved

in. The wealth provided by this knowledge opens the door to new opportunities

of creating superior quality modules, although the inclusion of this information

is challenging, due to the high dimensionality of protein annotations [145].

2.6.2 Module identi�cation: the inclusion of GO annotations

To ensure that the identi�ed modules are biologically meaningful, these algo-

rithms should take into account not only topological features but also known

functional information [144]. For this purpose, several algorithms have been

proposed attempting to integrate this information into the network model. For

example, SWEMODE is an approach in identifying dense subgraphs using net-

work measures which combine functional information with topological proper-

ties. Each edge is weighted taking into account two measures: clustering coef-

�cient and functional similarity, obtained according to GO annotations. Finally,

SWEMODE creates modules starting from certain nodes and adding more in a

similar way as MCODE does [158]. Another approach has been proposed by

Wang et al.[161], which uses GO annotations to estimate the reliability of inter-

actions in PPI networks. Interaction pairs with low GO similarity are removed

from the network, as they are considered unreliable, and a clustering algorithm

is used to detect modules. Moreover, a similar approach is followed by Zhang

et al. [162], where the authors apply a clustering algorithm to an augmented

network, constructed to integrate GO annotations in the PPI Network.

All these approaches integrate GO information into the network model, later

applying a topological-based approach to detect modules; in this way, GO is not
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included in the process of module assembling but is rather used in a preliminary

phase of network model pre-processing.

Recently, several novel methods have been proposed, they try to include GO

annotations directly in the process of module identi�cation, such as DCAFP and

GMFTP. In the DCAFP method, a preference vector is introduced for each pro-

tein to indicate the functional categories (GO) to which it belongs. Then, the

problem is formulated as a constrained optimization problem based on a likeli-

hood matrix which considers graph topology as well as the preference vectors

of proteins [61]. In the GMFTP method, the functional pro�le (given by GO an-

notations) is coupled with the network topology to detect overlapping protein

complexes. The process of module assembling is dominated by two variables:

one represents the degree of a protein related to a considered module, while the

other represents the protein functional pro�le. The module detection problem is

later converted into a parameter estimation problem [60].

Although new approaches have been proposed, the module detection prob-

lem remains a challenging task. The possibility to include GO knowledge has

at present been little explored. Moreover, all these methods do not provide any

biological interpretation concerning the modules found. For this reason, fur-

ther analysis is needed in order to investigate the role of modules found in the

biological mechanism represented by the PPI network.

2.6.3 MTGO: a novel algorithm for module detection

The main research scope of this PhD work has been the development of a new

algorithm for module detection. This has been done in order to overcome the

issues linked with the biological nature of the problem and to supply the lack of

methods able to provide a PPI Network evaluation, both from a topological and

biological perspective. The algorithm proposed is MTGO (Module detection via

Topological information and Gene Ontology knowledge). It combines informa-

tion from network topology and knowledge on the biological role of proteins.

In order to identify relevant modules, MTGO executes iterative steps in order to

obtain repeated network partitions. A partition is a subdivision of the graph into

sub-graphs, covering all the network nodes. For each step, starting from a net-

work partition, moving nodes among sub-graphs, a new partition is computed.

In this way, at each step the modules are reshaped on the basis of both the GO

annotations and the graph Modularity. Therefore, the module detection prob-

lem is faced through a process of optimization, taking into account the network

structure as well as its biological nature.
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Moreover, MTGO differs from previous works as it integrates GO terms di-

rectly into the construction of functional modules. As a result, it provides both a

set of clusters/communities (topological modules) and a list of functional mod-

ules, represented by GO terms. In other words, MTGO facilitates and simpli-

�es PPI Network analysis, coupling both the clustering analysis and the bio-

logical/GO analysis in a single step (as it provides both the clusters and their

biological meaning, through the set of GO terms describing the clusters). In

this way, MTGO simultaneously obtains both full coverage of the network and

overlapping functional modules, the ideal characteristics of functional module

identi�cation algorithms. Furthermore, MTGO is tailored to search for small or

sparse modules, which typically elude other approaches.

As opposed to previous approaches based on GO, such as DCAFP [61] and

GMFTP [60], MTGO provides a unique GO term that best describes the biolog-

ical nature of each identi�ed module. This supports a better explanation of the

results obtained, highlighting the main processes involved in the biological sys-

tem represented by PPI network models. Due to its unique way of GO exploita-

tion (directly when modules are assembled), MTGO differs from state-of-the-art

algorithms, where GO does not directly guide module assembling.
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Chapter 3

Protein Co-expression network

analysis

3.1 Introduction

Accumulating �ndings show that the phenotypic impact of a disease is not a

consequence of the abnormal action of a single gene, but re�ects the perturba-

tions on those molecules that are involved and interconnected with the dam-

aged protein or gene [17]. In agreement with this concept an approach to study

diseases consists in investigating the different way in which bio-molecules are

connected among them in the two different conditions: healthy people and af-

fected people [44, 112]. This is possible through the study of the rewiring of the

condition-speci�c protein interaction networks related to the studied pathology.

In order to implement this strategy the network models related to each condi-

tion should be built. This means that the information about the bio-molecules

acting in a speci�c context should be used to directly infer their relation-ships,

that are the edges of the network model.

Given a list of proteins of interest, a common way to build a protein inter-

action network consists in retrieving information about their interactions from

public repositories [43, 52]. In fact, there are many databases (MINT, DIP, STRING,

IntAct, HPRD) collecting both physical and functional protein interactions, ob-

tained from experiments and computational methods of prediction (see Chapter

2 Paragraph 2.3.2 for further details). Since the proteins participate to physical-

chemical connections depending by the biological context where they act, the

interactions collected in these databases are peculiar of the system conditions

during the experiments. As consequence, the use of these interactions to de-

scribe another system, likely characterized by a very different biological con-

text, could limit the analysis and lead to misunderstanding of the phenomenon

studied.
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To overcome these issues, some original works have used graph models ris-

ing from data obtained combining the mass-spectrometry and liquid chromatog-

raphy (LC-MS) [40, 41, 44]. These techniques allow to investigate all the proteins

in a given cell/tissue/sample in qualitative and quantitative terms and provide

a big amount of proteomics data, providing a new range of opportunities to im-

prove existing models and to build pathology-speci�c networks. Moreover, as

PPIs often do not cover all the interactions of an organism, the use of proteomics

data from LC-MS gives the opportunity to evaluate those organisms that lack in-

formation on PPIs. The set of proteins and related information extracted form a

sample of a speci�c phenotype is commonly called protein pro�le. The big quan-

tity of protein expression data produced by these technologies is a source to

build network model for investigating disease signature. Where, disease signa-

ture is an expression commonly used, which stands for a set of genes/proteins

whose levels of expression can be used to predict a biological state (for example,

in the case of cancer, gene signatures have been developed both to distinguish

cancerous from non-cancerous conditions) [163]. Currently, robust methods for

network construction starting from protein expression data is still unrealized

and the most used network are built from PPI database [43].

These proteomics datasets show a similar structure as gene expression data,

usually coming from Microarray technologies. The big diffusion of tools and

statistics for analyzing genomics data and the similarity of these outputs lead

to various attempts to adapt these procedures for proteomics data. This is the

case of the protein co-expression network analysis, rising from the application

of gene-expression network analysis to proteomics data. To date there are few

examples of application, mainly because there are some issues to adapt this ap-

proach to the protein �eld, in fact some data properties are speci�cally related to

the analytic technology used to generate data (Chapter 2, Pararaph 2.4 presents

a discussion about this topic). In this chapter, �rstly, some state-of-art appli-

cations of protein co-expression network analysis for disease studying will be

discussed; secondly, an implementation of the protein co-expression network

approach to evaluate large-scale proteomics data coming from a study on amy-

loidosis disease will be showed. The Figure 3.1 sums-up the main steps of the

analysis pipeline proposed.
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3.2 Form protein expression pro�le to protein co-expression

networks

The combination of PPI networks with protein expression pro�les is demon-

strating useful for rapidly identify biological pathways and sub-networks af-

fected by disease mechanisms [164]. An interesting approach came from a study

by Brambilla et al. [52], where the information on protein pro�les is integrated

in a network model. They used Multidimensional Protein Identi�cation Tech-

nology (MudPIT) to obtain the protein expression pro�les from two different

groups of subjects, amyloidosis patients and relative controls. The expression

pro�les have been used for the identi�cation of differentially represented pro-

teins, i.e. the protein expressed with different abundance in two samples under

different conditions. Then, these results have been combined with protein inter-

actions retrieved from major public online repositories. In this way, they built a

network where the edges represent PPI and nodes correspond to the differential

proteins. The integration of different types of knowledge from expression data

and literature data in a same model lead to new �ndings, which provide both

a relevant contribute for clari�cation of the mechanisms of human amyloidosis

and a basis for further experimental/clinical studies [52].

The protein pro�les has been used in an original way by Wu et al. [43],

for understanding renal dysfunction mechanism and �nding phenotype-related

biomarkers. At �rst, they followed a standard approach. The differentially

expressed proteins, among different status of kidney transplant patients, have

been used to build two networks, retrieving PPI from STRING database [92].

Then, they have introduced a new idea. In fact, the information on protein

pro�les has been exploited to validate the found PPI networks. They compute

Pearson Correlation (PC) between each pair of PPI, reserving in the networks

just those interactions with a high value of correlation, assuming those with a

low PC value would not occur in corresponding sample. Finally, they extract

from the two networks the differential interactions, i.e the subgraph made of

the edges exclusive of each network, i.e. the uncommon edges between the two

networks. From this subgraph they selected twelve relevant proteins involved

in the pathology. This strategy links PPI networks with protein pro�les, permit-

ting to obtain condition-speci�c models related to studied phenotypes. The use

of protein expression pro�les to study differential interactions rather than dif-

ferential proteins represents a new approach respect to conventional methods.

The investigation of quantitative proteomic data by WGCNA approach (this

technique is discussed in Chapter 2 Paragraph 2.4) has been �rst addressed by

Gibbs et al. to infer the protein abundance and to overcome issues linked to
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peptide-protein mapping [41]. Starting from experimental datasets obtained by

LC-MS, the authors proposed a protein co-expression network approach (Pro-

CoNa) where the nodes are peptides (segments of proteins) and the edges are

calculated by processing peptide intensity, a measure indicative of their abun-

dance in analyzed samples. The modules computed by co-expression analysis

were strictly correlated with the investigated phenotypes and showed a sig-

ni�cant enrichment of some GO terms. Following these �ndings, the authors

explored the relationship between co-expression networks reconstructed from

transcriptomic and proteomic data [40]. In this study, concerning SARS-CoV

infection, they used a graph analysis to evaluate phenotype associations and

module correlation between protein and transcript networks. In this way, pro-

viding a foundation of a true multi-omics disease signatures. The idea to use

the WGCNA method on proteomic data was followed also by MacDonald et al.

[44] to clarify the role of the glutamate signaling in schizophrenia (SCZ). The

topological evaluation of the co-expression networks from SCZ affected subjects

and healthy controls led to observe in SCZ affected group a lower average node

degree (see Chapter 2 Pragraph 2.5.1 for a node degree explanation). This result

was probably due to the loss of coordination of the biological functions, as well

as disease heterogeneity. However, in SCZ network, it was found the exclusive

presence of a module enriched in GO terms related to glutamate signaling path-

way and whose proteins had a signi�cant increased degree. This analysis has

brought to the conclusion that this module is linked with spine loss symptom in

schizophrenia patients. The application of the WGCNA on protein expression

pro�les was also faced by Chang Guo et al. to characterize the role of different

protein isoforms in E. Coli resistance to serum killing [112]. Like in other cases,

the authors evaluated the topological variations of the co-expression networks

between control- and serum-treated groups. By considering the connectivity of

modules identi�ed in both networks, a protein, IleS, was found with a differen-

tial number of connections in control and treated groups. Of note, its involve-

ment in the response to serum killing was con�rmed by independent functional

test based on a gene-deletion mutant, thus, con�rming the utility to use pro-

tein co-expression networks also to identify putative drug targets. Likewise,

Yu et al. investigated the molecular mechanisms underlying the glioblastoma

multiforme (GBM) [46]. They analyzed samples of macaque rhesus brain by

both iTRAQ (a technique for protein pro�ling) and RNA-seq approaches. The

proteins identi�ed were combined with STRING database and, for each exper-

imentally validated PPI, the PC score was calculated using both protein and

transcript levels. Since the PC score from proteomic data resulted signi�cantly
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higher than score calculated using transcript levels, the authors focused on pro-

tein co-expression network to identify protein modules involved in the disease.

Finally, a more detailed evaluation of these modules allowed the selection of

eight genes of interest, and two of them were already known drug targets of

GBM.

These �ndings con�rm that the topological differences of network models

building on protein expression data related to condition-speci�c groups can be

directly linked to phenotypic differences among the groups. Thus, this type

of models represent a starting point to investigate protein alterations linked to

tissue-speci�c abnormalities due to pathological states.

3.3 An analysis pipeline based on protein co-expression

networks

Amyloidosis diseases include rare as well as common dysfunctions, such as

Alzheimer's disease, and are overall responsible for about 1 of 1000 deaths in

developed countries. The common clinical manifestations are protein misfold-

ing and tissue deposition as interstitial amyloid �brils; the disease could lead

to severe dysfunction of vital organs and ultimately to the patient's death [165].

Much is still unknown about the molecular mechanism of cell/tissue reaction to

misfolded proteins and amyloid �brils leading to the devastating clinical man-

ifestations [52, 166]. The use of proteomics analysis of amyloid affected tissues

has recently gained attention. In particular, in the scienti�c work Reliable typ-

ing of systemic amyloidosis through proteomic analysis of subcutaneous adipose tissue,

Brambilla et al.proposed a method based on two-dimensional liquid chromatog-

raphy coupled to tandem mass spectrometry (2DC-MS/MS), also referred to as

MudPIT, for high-throughput proteome analysis of fresh abdominal fat tissue

obtained from patients with various types of amyloidosis [167].

To develop a pipeline of analysis speci�c for amyloidosis disease based on

protein co-expression networks, the starting point was the analysis of a sample

set of adipose tissue from amyloidosis patients. The analysis procedure is the

same of that proposed by Brambilla et al. [167] and was performed by the Pro-

teomic and Metabolomic Laboratory of the Institute of Biomedical Technology

of the Italian Research Council (ITB-CNR). These data have been published in

Journal of Proteome Researchby Brambilla et al.[52].

The sample set is made of three groups: the control , made of 11 healthy

people, the group K, made of 11 patients affected by amyloidosis disease of type

K and the group L, made of 13 patients affected by amyloidosis disease of type
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L. The amyloidosis type, k or L, refers to which protein is the main constituent

of the �brils. All the samples are provided by Fondazione I.R.C.C.S. Policlinico

San Matteo Pavia.

The output of the analysis is presented as a matrix in which the columns rep-

resent the samples, coming from the analyzed subjects, and the rows the proteins

found in the corresponding sample. The matrix contains a total of 958proteins,

identi�ed in the three groups. Each cell contains a Spectral Count (SpC) value,

which measures the abundance of each protein (row) found in the correspond-

ing sample (column). SpC corresponds to the total number of spectra taken from

a given protein, provided by the MudPIT analysis. This value is linearly corre-

lated with the protein abundance and allows to de�ne the expression pro�le of

a protein across different samples. Moreover, the SpC value is corrected by a

correction factor that normalizes the spectral counts of a protein to its molecular

weight [168].

The matrix presents the problem of missing data (discussed in Chapter 2

Paragraph 2.4.2), in fact the percentage of null SpC value was 74% in control

group, 70%in L group and 81%in k group. To overcome this issue, those pro-

teins with a number of missing data bigger than a given threshold has been

removed. This simple approach has been previously adopted to process pro-

teomics dataset [118]. The value of threshold used was4. After this correction,

the number of selected proteins were 153, 150and 110for control group, L group

and k group, respectively. This matrix has been used to extract the relations

among the proteins. The data has been processed using the functionCorAndP-

valueof the WGCNA package of R software. This function allows to compute

the value of correlation between two proteins using the expression pro�le, i.e.

the quantitative measures represented by the SpC values of a protein in a group

of samples. In this analysis, the Spearman Correlation, a non-parametric mea-

sure of statistical dependence between two variables (see Chapter 2 Paragraph

2.4.1), has been computed using the SpC values. Moreover theCorAndPvalue

function provides for each computed correlation a p-value to verify the signif-

icance. Moreover, in this analysis the function p.adjusthas been used to apply

the False Discovery Rate correction on the p-values computed, as this is the case

of multiple comparisons. All the protein pairs showing a correlation value over-

taking the threshold � 0:8 and with a p-value less than 0:05have been translated

in a edge list for creating the network model. As result, three co-expression net-

work models have been obtained, each one speci�c of a condition; the detail of

node and edge number for each network is reported in Table 3.1.

Subsequently, the graphical aspect of the network models has been used to

integrate other information, to enrich the model making it as informative as
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TABLE 3.1: Network characteristics

Nodes Edges
Control 134 487
L 117 287
K 89 242

possible, in order to facilitate the comprehension of the biological context repre-

sented. In particular, the edge colour has been used to represent the sign of the

correlation relation (green for positive sign and black for negative sign), while

node colour and edge thickness have been used to integrate information from

other analysis. Node colour represents differential expression analysis. This

analysis allows to compare the expression of each protein both in control and

patient group. In particular differential average (DAve) formula 3.1 has been

used between the expression pro�les of each protein in the two groups of com-

parison, control against K and control against L.

DAve =
x � y

2 � (x + y)
(3.1)

In DAve function, x is the normalized SpC of the protein in the �rst sam-

ple, while y represents the normalized SpC of the same protein but in the sec-

ond sample. In detail, DAve average � + 0.2 correspond to proteins down-

represented in patients, while DAve average � - 0.2 correspond to proteins up-

represented in patients [168]. The colour red represents proteins up-represented

in control group, while light blue represents proteins up-represented in K/ L

group. To include a-priori information about the proteins involved in the ana-

lyzed biological system, PSICQUIC [169] has been used to retrieve information

about known Protein-Protein Interactions (PPI) between the protein pairs linked

by edges in the networks. PSICQUIC is a query interface for computational ac-

cess to molecular-interaction data resources, collecting more than 16 million in-

teractions from major molecular interaction databases. The PSICQUIC project

site [170] offers open-source libraries for programmatic access to the PSICQUIC

registry. Thus, a Python script has been implemented for registry interroga-

tion. The interactions found have been represented in the network models in

form of edge thickness; in particular, thick edges represent PPI linking two pro-

teins, while thin edges represent just a sample-speci�c correlation relation be-

tween protein expression pro�les. In this way, the integration of protein co-

expression network with the commonly used PPI has been realized, to enrich

the models and facilitate the comprehension of the biological mechanism rep-

resented. Moreover, the overlapping between the correlation relations and the
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FIGURE 3.2: Node color represents differential analysis informa-
tion: red for up-representation in Control group and light blue
for up-representation in K/ L group. Edge color represents the
correlation sign: blac for negative correlation and green for pos-
itive correlation. Edge thickness represents presence in public
repositories: thick means present in public repositories and thin

means not present.

known interactions have been evaluated: the percentages of overlapping are

12%; 22%; 19%respectively for control , L and K networks.

Following these steps four graphical network models have been obtained:

one network model for amyloidosis L (Figure 3.3), one network model for amy-

loidosis K (Figure 3.4) and two networks for the control group. In these two

networks from control group the node colour represents the differential analy-

sis respect toL group (Figure 3.5) and respect to K group (Figure 3.6). A visual

analysis of these networks led to identify some groups of highly interconnected

proteins belonging to a same protein families (these groups are highlighted in

Figures 3.3,3.4,3.6,3.5). The identi�cation of these groups, such as Fibrinogen,

Laminin, Collagen, suggests that the proposed approach is able to represent

the bio-molecular mechanism acting at the basis of the investigated biological

context. All the elaborations of information integration have been executed

through Cytoscape software, an open source platform for visualizing molecu-

lar interaction networks [95]. The three networks, control , L and K, have been

analyzed with CentiScape plug-in of Cytoscape [121], to identify the most topo-

logical relevant proteins. In details the three metrics, Betwenneess, Centroid and

Stress, have been computed for all the network proteins (a description of these

metrics can be found in Chapter 2 Paragraph 2.5.1). For each metric the mean

value has been used as threshold to select the proteins more relevant, Table 3.2

shows the thresholds used for each network. For each network, just the proteins

that exceeds the thresholds for all the three metrics has been selected. Finally,
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