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 resumo 

 

O estudo em larga escala de proteínas e das suas eventuais interações 
tem sido alvo de bastante atenção pela comunidade científica. Os 
métodos de análise experimentais têm produzido uma quantidade 
imensa de dados, que têm sido armazenados em diferentes 
repositórios. A disponibilidade destes dados, muitos deles curados por 
especialistas, abre um leque de oportunidades de investigação. Dado 
que as técnicas experimentais de identificação de interações proteína-
proteína (PPIs) são dispendiosas, demoradas e requerem análise de 
um perito, os métodos computacionais têm vindo a dar um contributo 
valioso neste domínio. Embora já existam alguns métodos 
computacionais para prever PPIs, estes apenas se focam na previsão 
de PPIs dentro da mesma espécie. Deste modo, estes métodos não 
podem ser aplicados diretamente na previsão de PPIs entre diferentes 
espécies. Estas interações estão na origem das doenças infecciosas, 
sendo essencial a sua identificação para prevenir e travar estados de 
doença. 
 
Esta tese apresenta novos modelos computacionais para prever PPIs 
entre diferentes espécies, para estimar o impacto destas interações no 
hospedeiro, e para prever interações entre medicamentos e os seus 
alvos proteicos. A inovação desta proposta advém do uso de técnicas 
de aprendizagem automática em combinação com análise de redes 
biológicas. Os resultados obtidos irão ser úteis para compreender as 
associações entre mecanismos biológicos e estados de doença, e para 
o desenvolvimento de técnicas de diagnóstico e terapia. 
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 abstract 

 

Proteomics and the study of protein-protein interactions (PPIs) have 
become a trending research topic in the past decade. Thanks to the 
high-throughput experimental methodologies, the amount of data 
generated and uploaded to heterogeneous data repositories is 
increasing exponentially, presenting several research opportunities. 
Since experimental protein interaction identification techniques are 
expensive, time consuming, and require expert analysis, computational 
methods will prove crucial to tackle this issue. Several efforts have 
already been made regarding this problem, resulting in models for 
predicting intra-species interactions. Nevertheless, these models cannot 
be directly applied to inter-species PPI prediction. Inter-species PPIs are 
responsible or the basis of colonization and infection by bacterial 
pathogens and thus, their identification is crucial to prevent and treat 
disease states. This thesis proposes new computational models to 
predict inter-species PPIs, the impact of such associations to the human 
host, and associations between drugs and bacterial targets. 
The innovation of this proposal comes from the use of machine learning 
techniques tuned to biological problems, combined with complex 
biological network analysis. The obtained results will offer the means to 
better understand the associations between biological mechanisms and 
disease states, and aid the development of new diagnostic and 
therapeutic tools. 
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1 Introduction 

System-level understanding of biological systems, especially of the human 

biological system, has been sought after for dozens, if not hundreds of years. 

Indeed, an important concept that supported and shaped science over the past two 

centuries has its roots in the 17th century. Descartes hypothesized the notion that 

complex problems can be solved by dividing them into smaller, simpler, and thus 

manageable pieces. Then, by examining the behavior of the units, the whole could 

be reassembled [1, 2]. This approach has been termed reductionism, since the 

processes are reduced into basic pieces. Still, there are serious limitations to a 

reductionist approach. All the genes, proteins and small molecules in a living 

system are similar to the tiny electronic components and circuits of a computer, 

making up a system of systems. Knowing the basic units of the system is helpful 

but is not sufficient to understand how the pieces are assembled and interact with 

each other. The same can be said for biological system-level scientific research, 

since understanding the complexity and the full extent of biological systems is 

one of the greatest intellectual and experimental challenges yet faced. 

Experimental research areas, especially biomedicine, molecular medicine and 

biology, have uncovered a myriad of relevant information. Fully sequenced 

genomes, protein properties and disease genotypes, for instance, can only aid 

research in a small part of the entire living system being studied. However, such 

information is so vast that it cannot be analyzed only using experimental 

approaches. Indeed, several authors argue that a combination of experimental and 

computational approaches are expected to resolve this problem [1-4]. 

Computational approaches consist of two separate strategies: knowledge-

discovery, which attempts to identify and extract hidden patterns from massive 

amounts of experimental data, formulating a hypothesis, and; simulation-based 

analysis, which consists in testing hypothesis in silico, resulting in predictions for 

experimental testing. This work focuses mostly on the former, but the latter is also 

explored to some extent. 
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1.1 Motivation 

Cells are the building blocks and the working units of every living system. 

Each cell contains the necessary information for making an individual in the 

nucleus, stored as DNA. The DNA molecule is a sequence of four different types 

of nucleotides, where certain segments correspond to genes. Whenever necessary, 

genes are expressed into mRNA, a molecule complementary in sequence to the 

gene, by a process called transcription. The mRNA molecule then migrates out of 

the nucleus to the cytoplasm, where is finally translated into a protein in the 

ribosome. During the translation process the mRNA molecule acts as a template 

where each triad of nucleotides (codon) determines one amino acid in the primary 

protein sequence. The existing codons output one of 20 different types of amino 

acids. Thus, once the sequence of a gene is known, the sequence of the 

corresponding protein can be effortlessly determined. 

Each amino acid has its own structure and physicochemical properties. Given 

the different amino acid properties, the translated protein start folding 

immediately into a 3D structure that maximizes its stability and minimizes its 

energy. For instance, charged or polar amino acids are energetically favorable to 

contact with water, whereas hydrophobic amino acids would be in a high energy 

state (i.e., unstable). Other properties should be taken into account, but 

commonly, hydrophobic amino acids are found buried inside the protein core. 

Even though several efforts have been made to computationally predict protein 

folding from the protein sequence, it is still far from reality.  

Inside the cell, proteins are responsible for several tasks. Yet, they do not 

function individually: they physically interact with small molecules or form 

complexes with each other. Protein-protein interactions (PPIs) are virtually 

involved in all cellular processes, affecting their outcome. Since each protein-

protein complex produces an output in the physiological context, its compromise 

may lead to disease states. For that reason, proper identification and 

characterization of PPIs and their networks is essential to understand the 

mechanisms of biological processes on a molecular level [5]. Likewise, host-

pathogen interactions are also mediated by PPIs. The result of this interaction 

depends on the ability of the pathogen to withstand the immune system of the host 

and the ability of the host to control the infection [6]. However, pathogens evolve 

rapidly and thus, successful pathogens have adapted and developed mechanisms 

to subvert not only the defence system of the host [7], but also antimicrobials [8]. 
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While some of these mechanisms are fully known, for the most part they are 

not. Knowing the full extent of the human-microbial interactome (i.e., the 

assembly of all the PPIs between human proteins and microbial proteins) can be 

used to better elucidate the contribution of pathogens to disease states and how to 

prevent and treat each infection individually. Most experimental methods can 

determine accurately and reliably whether two proteins interact but are expensive, 

time consuming, and offer minimal coverage of the interactome per experiment. 

However, high-throughput experimental techniques often result in dubious 

outputs, with high prevalence of both false positive and false negative 

information. Therefore, computational approaches have been highlighted as the 

best option to address interactome mapping. Computational predictions can then 

be validated by using reliable, low-throughput experimental methods. 

1.2 Objectives 

The ultimate goal of this thesis is to investigate and predict inter-species 

protein interactions and drug-target interactions. To this end, we collect data from 

heterogeneous high-quality data sources and develop computational models based 

on these data to predict inter-species PPIs and drug-target interactions. The 

innovation of this proposal comes from the use of machine learning techniques 

tuned to biological problems, combined with complex biological network 

analysis. 

We are confident that this work and the obtained results offer the means to 

better understand the associations between biological mechanisms and ailments, 

and aid the development of new diagnostic tools and therapeutics. 

1.3 Key contributions 

This doctorate has contributed to knowledge extraction and discovery in 

computational systems biology with the following key contributions: 

 From protein-protein interactions to rational drug design: are 

computational methods up to the challenge? [9]: reviews the methods 

for experimental identification and computational inference of PPIs, 

their features and drawbacks, and their applications; 

 Computational prediction of the human-microbial oral interactome 

[10]: a computational methodology to predict the PPIs between oral 

proteins and proteins from oral pathogens, focusing on the exploration 

of the most targeted biological pathways; 
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 Computational methodology for predicting the landscape of the 

human–microbial interactome region level influence [11]: a 

computational strategy to predict the impact of host-pathogen PPIs in 

different cellular events, within different human body regions; 

 Computational discovery of putative leads for drug repositioning 

through drug-target interaction prediction: explores protein interaction 

networks to infer putative drug-targets and presents a computational 

pipeline to predict drug-target interactions between commercialized 

drugs and microbial proteins for drug repurposing. 

1.4 Thesis outline 

The thesis is organized in six more chapters described in Figure 1.1. The main 

scientific output is also shown for each contributed section. 

Chapters 2 and 3 aim to provide a state-of-the-art description of subjects that 

are most relevant to this work. The former is focused on the biological aspects 

necessary to contextualize and understand ensuing chapters, whereas the latter 

describes the most commonly used machine-learning algorithms in PPI 

prediction. In addition, Chapter 3 explores and reviews notable work related to 

this field. 

Chapter 4 presents a computational methodology to predict PPIs between 

human and microbial oral proteins, presenting a first model of the human-

microbial oral interactome. Special emphasis is given to the exploration of the 

most targeted human proteins and to the study of the pathogen role in 

periodontitis (gum infection). 

Chapter 5 addresses the computational prediction of microbial impact in the 

host biological pathways. This elucidates on how a given microbial species may 

affect biological events in the host, positively or negatively. Moreover, this 

methodology was applied to study the impact of 24 microbial phyla over different 

cellular events, within 10 different human microbiomes. 

Chapter 6 describes a computational pipeline that enables the discovery of 

putative leads for drug repositioning that can be applied to any microbial 

proteome. Network metrics calculated for the interactome of the bacterial 

organism of interest are used to identify putative drug-targets. 

Chapter 7 presents final remarks of this thesis, highlights, and directions for 

future work. 
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Figure 1.1. Thesis structure, highlighting the main scientific contributions. 
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2 Establishment of the Human ecosystem 

The Human body is a complex ecosystem, harboring hundreds of different 

microbial species. The skin and body regions exposed to the outside environment 

start being colonized right after birth. This colonization, however, plays an 

important role in maintaining human health [12-14] and in shaping metabolic, 

immune, and other important biological functions [15-21]. When an imbalance in 

microbial distribution occurs the emergence of a dominant species is a possible 

outcome, which could result in disease scenarios. One of the possible scenarios is 

a temporary compromise of mucosal immunity, which could facilitate 

colonization by pathogens and the consequent development of infection.  

In this chapter, the biological terms used throughout this work are described. 

This includes the types of inter-species associations, the stages of bacterial 

colonization and the role played by PPIs in each step, and the experimental 

methodologies used to identify PPIs. 

2.1 Inter-species associations 

Organisms rarely live in isolation, coexisting in close association with one 

another. These are called symbiotic relationships, notwithstanding of whether the 

outcome of the association is benign, neutral or malign [22]. This definition 

covers the interspecific relationships named mutualism, commensalism, 

parasitism, predation, competition, and amensalism. Here we will only cover the 

first three. 

Although this is observed at a macroecological level, it is also true for the 

human body, where the size of the bacterial population is approximately 10 times 

greater than the total number of our somatic and germ cells [23], explaining the 

term human ecosystem. 

Mutualism 

While mutually beneficial associations within the same species are labeled co-

operation, when the same phenomena occurs between different species it is called 

mutualism [24]. An example of mutualism in the human body is the digestion of 
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polysaccharides in the gut microbiota. The resulting monosaccharides are then 

fermented, yielding short-chain fatty acids. Thus, the host obtains carbon and 

energy, while the microbiota receive glycans and a protected anaerobic 

environment (i.e., without oxygen) [25]. 

The numerous mutualistic relationships in the human body should not be just 

considered favorable, but rather essential to our well-being, as these promote 

human health in many ways [26, 27]. 

Commensalism 

Even though there are plenty examples of mutualistic associations in humans, 

the normal flora is mostly constituted by commensal organisms. Commensalism is 

a win-zero interspecific association, where one organism benefits from the other 

without harming or benefitting it, at least directly. The presence of commensal 

microorganisms can be indirectly beneficial to the host, as they are physically and 

metabolically preventing colonization by more pathogenic species, and can even 

contribute to the development of the immune system [28]. 

Escherichia coli, Candida albicans, and Helicobacter pillory are examples of 

commensal microorganisms. However, when encountering an immature (e.g., 

after birth) or compromised (e.g., human immunodeficiency virus-infected 

patient) immune system, a commensal relationship can be crossed into parasitism 

[29-32]. 

Parasitism 

Parasitism refers to a win-lose relationship where the parasite consumes the 

resources of the host and harms it in the process [33]. Humans are generally 

exposed to a diverse array of microparasites (e.g., viruses, bacteria, and protists) 

and macroparasites (e.g., helminths and ectoparasites). Here we will only focus on 

microparasites, specifically bacteria. 

As aforementioned, H. pylori can become a parasite given the right 

circumstances. This bacterial species persistently colonize the stomach and can be 

transmitted from person to person. Although H. pylori plays a major role in the 

genesis of peptic ulcer disease [34] and non-cardia adenocarcinoma [35] of the 

stomach, its eradication can result in serious metabolic disorders [36, 37]. 

Staphylococcus epidermidis is another example of an opportunistic pathogen. 

This commensal of the human skin and mucosa is rarely pathogenic in 

immunocompetent individuals. Yet, in the last decades S. epidermidis has been 

playing a major role in hospital-acquired (nosocomial) infections, mostly in 



 9 

immunocompromised individuals [38]. S. epidermidis can cause endocarditis and 

sepsis, especially in patients with prosthetic heart valves [39]. Moreover, 

nosocomial S. epidermidis infections are usually more problematic and can even 

be fatal, as in the hospital-acquired infections antibacterial resistance is very 

common [40]. 

2.2 From the normal flora to the human microbiome 

The entire bacterial population in our organism constitutes the normal 

microbial flora, or microbiota [41]. It is relatively stable throughout life, with 

some body regions being populated by specific genera during particular periods 

[42]. Microbial diversity varies greatly by anatomic site, depending on exposure 

to the environment, explaining why the skin and oral cavity are usually the first 

regions to be colonized [43, 44]. The richness of microbes and the number of 

different microbial species at a body region are primarily regulated by the local 

environment of each body site [41]. In addition, bacterial species populations are 

heterogeneous between individuals, regardless of ethnic, geographical, or 

individual differences [45, 46]. 

Nevertheless, the human-associated bacteria fall primarily within four phyla: 

Actinobacteria; Firmicutes; Proteobacteria; and Bacteroidetes, with each phylum 

comprising many different bacterial species [47-49]. These are heterogeneously 

represented between body sites, as the predominant phylum varies greatly 

[reviewed in 50]. This suggests that anatomical sites coevolved with 

microbiomes, providing us with features that otherwise would be absent [51]. For 

instance, without the gut microbiota we would not be able to digest plant cell wall 

polysaccharides, such as cellulose, xylan and pectin, certain oligosaccharides, and 

inulin [46]. Indeed, the collective genomes and gene products of our microbiota 

(the microbiome) seem to shape our anatomy, physiology, metabolism, and 

lifespan [42, 51]. Still, the concept that we are a supraorganism composed of 

human and microbial components with different roles and functions, needs further 

study to be confirmed.  

For instance, the diet of an individual is thought to have a strong influence in 

establishing the predominant phyla in the gut, which in turn will have an impact in 

health (and disease). In this scenario, the ratios of each phyla are usually analyzed 

as they are correlated with different phenotypes. This is especially pertinent to 

health since the composition of the microbiota will determine the relative 

abundance of microbial metabolites, ratios of harmless microbes to those with 
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pathogenic potential and inflammatory signals received by the immune system 

[46]. Still, the population size should also be taken into account, as this will 

influence the absolute concentrations of microbial metabolites and the reaction of 

the immune system. 

It is clear that our individual microbiomes differ greatly. Not only between 

different age groups, ethnicities, geographic locations or socioeconomic status 

[52-57], but even between individuals in similar conditions. Although the 

colonization process begins in utero [58], a situation that has a huge impact on the 

initial establishment and diversity of the human microbiome is the type of 

childbirth. Neonates born via vaginal delivery are colonized by microbiota 

reflecting the maternal vaginal flora, such as Lactobacillus and Prevotella. In 

contrast, Cesarean delivery promotes colonization by epidermal species, such as 

Clostridium, Staphylococcus, Propionobacterium, and Corynebacterium, showing 

a deficit of anaerobes [59-63]. While the human microbiota changes through life 

due to different factors, the influence of the delivery method may persist for more 

than 7 years, in the specific case of the gut microbiota [64]. 

2.3 Bacterial pathogen colonization of the host 

Bacterial pathogens are bacterial species with the potential to cause disease, 

specifically infection. For the successful establishment of infection bacterial 

pathogens must first adhere to the host cells, colonize the tissue, replicate and 

disseminate to other tissues, and perhaps most importantly, persist. Obligate 

intracellular bacterial pathogens also require cellular internalization.  

The host, however, is not easily colonized. Besides the existence of commensal 

microbiota that will compete with pathogenic bacteria and prevent their 

attachment, the host possesses its own defense mechanisms. The epithelia of the 

organs in contact with the extracellular environment is covered with mucus, 

which is mainly composed by mucins, digestive enzymes, antimicrobial peptides 

and immunoglobulins [65]. The presence of bacteria and their products triggers a 

response by the mucus-producing cells that enhances the production of mucus 

[66]. In addition, shedding of mucus also occurs. It inhibits bacterial attachment 

by steric hindrance (molecular repulsion) when the bacteria avoid binding with 

the mucus, or by shedding itself when bacteria bind to it [67]. 

Epithelial cell renewal also plays a pivotal role in controlling bacterial 

colonization. For example, the turnover rate of epithelial cells in the gut is high, 

and these are constantly generated. Furthermore, in case of infection the host also 
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stimulates epithelial cell death and upregulates epithelial turnover, decreasing 

intestinal permeability induced by particular bacteria [68]. However, some 

bacteria are able to block epithelial cell apoptosis to preserve their replication 

sites, whereas others enhance it to access the tissues [67]. 

2.3.1 Adherence of bacteria 

Bacterial adhesion is the first step in host colonization. Evolution has provided 

bacterial pathogens with numerous tools used for cell adhesion and invasion, 

ranging from single proteins to macromolecules with sophisticated functions [69]. 

While the human body is mostly protected by skin, tissues like the respiratory 

tract, digestive tract and urogenital tract are less secure, rendering these primary 

targets of colonization. Still, bacterial pathogens may still colonize the skin and 

other barrier epithelial surfaces if there is a reduction in the population of 

commensal microbiota or the presence of lesions. Lesions are particularly 

problematic, since pathogens are allowed an easy entry to otherwise inaccessible 

locations within the host. 

Upon initial contact with the host, pathogens must avoid removal by the 

defense mechanisms of the host. One of the tools at the disposal of bacterial 

pathogens is fimbria, which are filamentous protrusions composed by 

multisubunit protein polymers. These are responsible for two main bacterial 

functions: horizontal gene transfer (i.e., the direct transfer of genetic material 

other than parent to offspring) [70, 71] and cellular adhesion [69, 72]. Fimbria 

contain adhesins that mediate the binding, and a specific type even confers the 

function of force-driven contraction, enhancing the binding force [69]. 

There are a few different types of adhesins, conferring bacteria the ability to 

bind specifically to a wide range of targets on the host-cell surfaces. These targets 

include the proteins in the extracellular matrix, which surrounds eukaryotic cells 

that compose the epithelial, muscle, nerve and connective tissues [73]. Besides 

providing the means to avoid clearance by mucosal secretions and peristalsis, 

adhesins are though to also mediate biofilm formation [72], signaling events that 

affect bacterial uptake and affect innate immune receptors [74]. 

It is clear that protein-protein mediated host-pathogen interactions are key in 

the infection process, as bacterial pathogens evolved to encode proteins that 

interact specifically with proteins in the host. While some of these may have been 

acquired through random mutation [75], in some cases the pathogen may have 

acquired the gene from the host [76, 77]. 
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2.3.2 Cell penetration 

Intracellular persistence provides several advantages for bacterial pathogens. 

They become protected from antibodies and the complement system, avoid 

clearance and are granted access to nutrients in the host cells [67]. Nevertheless, 

the host is also prepared with mechanisms to neutralize intracellular bacteria. 

These include recognition of pathogens and phagocytosis by macrophages and 

cellular secretion of pro-inflammatory molecules and antimicrobial peptides. The 

pro-inflammatory molecules attract neutrophils, which further enhance 

inflammation and effectively oxidize (and kill) bacteria. Macrophages and 

neutrophils also remove dead host cells to limit tissue damage and inflammation, 

especially if these cells are parasitized by intracellular pathogens [78]. 

To withstand intracellular living, pathogens must be able to disrupt 

macrophage regulation and prevent microbicidal effector mechanisms. Upon 

phagocytosis, bacterial pathogens are internalized in vacuoles (small pockets 

inside the phagocytic cells) and directed to the endosomal system to be 

eliminated. Intracellular pathogens residing in vacuoles possess mechanisms to 

escape, delay or even halt the elimination process [79]. Mycobacterium 

tuberculosis (causative agent of tuberculosis) and Legionella pneumophila 

(responsible for Legionnaire’s disease) are examples of intracellular bacterial 

parasites that are able to survive within phagocytic cells [80, 81]. 

Still, some bacteria are able to internalize non-phagocytic cells. These bacteria 

evolved the expression of adhesins that mimic the same adhesins used by the host 

cells to bind to each other, or to the extracellular matrix. Hence, they can bind 

with high affinity to the host cells with subsequent internalization. Yersinia 

pseudotuberculosis and Listeria monocytogenes are examples of bacterial 

pathogens using this strategy [82, 83]. Some bacteria also use the trigger 

mechanism to facilitate internalization, which involves promoting dramatic 

cytoskeletal rearrangements in the host cell membrane via injection of effector 

molecules. Finally, a mechanism known as zipper is also used to gain access to 

the cell. In contrast to the trigger mechanism, the zipper promotes minor changes 

in the cellular membrane from the outside, via selective binding between bacterial 

ligands called invasins and receptors in the cell membrane. The Salmonella 

species has been shown to use both mechanisms to gain entry to the host cells 

[84]. 
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2.3.3 Bacterial growth and replication 

Upon internalization and successful subversion of the host immune system, 

intracellular bacteria persist and replicate in three main cellular sites: the acidic 

lysosome-like vacuoles; non-acidic vacuoles, and; the cytosol [reviewed in 65]. 

Some of the survival mechanisms are poorly understood, especially for 

pathogenic bacteria that persist and replicate within the harsh conditions found in 

lysosome-like vacuoles [85]. 

Nonetheless, some are at least partially known. For instance, in non-acidic 

intracellular vacuoles some bacterial pathogens can reside without altering the 

properties of the vacuole, whereas others possess the ability to rearrange vacuolar 

properties. Particularly, pathogens are able to exploit the cellular machinery of the 

host, modifying the proteic and lipidic composition of the vacuoles, their 

trafficking, and their interaction with cellular pathways [86, 87]. In addition, some 

pathogens can secrete effector molecules that traverse the vacuolar membrane and 

remodel the surrounding cellular cytoskeleton, creating a layer for regulating 

bacterial virulence [88, 89]. Other effectors cease the intake of the enzyme 

responsible for the production of bactericidal compounds used to kill intracellular 

bacteria [90]. 

Finally, some pathogens are able to withdraw from their vacuoles after 

internalization, persisting and replicating in the cytosol. This ability is mediated 

by pore-forming toxins that partially digest the vacuole membrane, allowing the 

escape [91]. Listeria is one of the bacterial species that produces these toxins, and 

once in the cytosol it replicates and moves freely, leading to cell-to-cell spread 

[92].  

2.3.4 Bacterial release 

For intracellular pathogens to spread to other cells successfully they must be 

able to exit the cell they initially colonized. One of the strategies used is cytolysis, 

where the pathogen induces lysis of the host cell. For instance, Leishmania use 

pore-forming proteins to induce lysis of the host cell, whereas other species such 

as Chlamydia species and Plasmodium falciparum use proteolysis [93]. Cellular 

escape by cytolysis results in pathogen dissemination, enhanced inflammatory 

response, and in the compromise of the tissue layer, further facilitating microbial 

propagation. 

Pyroptosis, unlike apoptosis (programmed cell death), is defined as 

proinflammatory cell death [94]. As the name suggests, pyroptosis is a form of 
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apoptosis induced by inflammation, especially. If macrophages (and other 

immune cells) recognize external factors within themselves, they initiate this 

process, resulting in membrane breakdown and the release of proinflammatory 

molecules. Consequently, the cells die and the bacteria enclosed are released into 

the extracellular environment [93]. 

Another host-cell exit mechanism that is not as destructive is extrusion, where 

pathogens withdraw to the extracellular environment leaving the host cell intact. 

Orientia tsutsugamushi, the causative agent of scrub typhus, extrudes from the 

host cell via budding. The budding process consists in the encapsulation of single 

pathogens in membranous compartments that move to the cellular membrane and 

eventually are pinched off, resulting in the release of the organisms to the 

extracellular milieu [95]. In contrast, Cryptococcus neoformans is released freely 

from the host cell by a process termed expulsion, which is still poorly understood 

[96]. 

Finally, Listeria monocytogenes and some Rickettsia species can induce the 

formation of protrusions in the host cell (actin-based protrusions), as they possess 

surface proteins that mimic the host factors involved in the same cellular event. 

These protrusions are then internalized by neighboring cells, acting as bridges for 

dissemination [97]. 

2.4 Diversity of protein interactions types 

Besides being central in host-pathogen interactions, proteins are essential for 

the vast majority of cellular processes and biological functions. Still, they rarely 

act alone, but rather bind directly with each other forming complexes for various 

purposes. Indeed, PPIs virtually mediate all cellular functions. 

The interaction between proteins is established through protein interfaces 

(binding sites), located in the surface of the interacting proteins [98]. 

Tridimensional analysis of protein structures showed that binding sites consist of 

a buried core surrounded by partially accessible rims, and that the interface size is 

between 400 and 1600 Å2 [99-101]. The protein sequence of binding sites shows 

that specific amino acids are more frequent than others. In addition, the amino 

acid composition of the core shows differences to that of the rim of the interface 

[100, 102]. Even though binding sites possess a certain degree of 

complementarity, the majority of the binding affinity occurs at small, highly 

conserved regions called hot spots [98, 103, 104]. 
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Physical PPIs can be classified into different types depending on several 

factors. For instance, a protein complex composed of identical proteins is a homo-

oligomer, while hetero-oligomers refer to a protein complex consisting of 

dissimilar proteins. Homo-oligomers usually form stable and permanent 

structures, but in this work we only consider hetero-dimer protein complexes 

when classifying PPI data [105, 106]. 

When taking the duration of the interaction into account, PPIs can be labeled as 

obligate or non-obligate, whereas based on the binding affinity, PPIs can be 

differentiated into permanent or transient [106]. Obligate interactions are always 

permanent, but permanent interactions are not always obligate. Still, both obligate 

and permanent interactions usually have high binding affinity. Contrariwise, non-

obligate and transient interactions have lower binding affinities [105, 106]. The 

binding sites of non-obligate interactions are usually smaller, more polar and less 

conserved than those of obligate interactions [107]. Enzyme-inhibitors and 

antibody-antigen complexes are examples of permanent interactions, being found 

only in bound state. Transient protein interactions are typical of signaling 

pathways, which promptly associate and dissociate [106]. 

Finally, PPIs can also be simultaneously possible or mutually exclusive, 

depending on the timing, and spatial distribution of binding sites on the surface of 

the proteins involved. For instance, if two or more proteins interact with a 

common partner using the same binding site on the partner, the interactions are 

mutually exclusive. In contrast, if different interfaces are used, these interactions 

are mutually exclusive [108]. 

These different types of PPIs are established depending on the cellular 

processes where the interacting proteins are involved and thus, it is essential to 

understand their effects in physiological events. 

2.5 Experimental identification of protein-protein interactions 

Several experimental methods were developed to determine the interactome of 

an organism. Low-throughput experiments include protein affinity 

chromatography, mass spectrometry and co-immunoprecipitation [109-111]. 

These are used to detect and validate PPIs, as well as to measure their strength. It 

is worth mentioning that mass spectrometry is easily automated, thus being able 

for high-throughput identification as well. 

High-throughput experimental methods were the most popular for large-scale 

PPI identification, which include yeast two-hybrid assays [112], gene co-
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expression [113, 114], phage display [115], synthetic lethality analysis [116], and 

protein microarrays [117].  

2.5.1 Low-throughput identification 

Affinity chromatography 

In affinity chromatography, multiple proteins in an extract are passed through a 

column coated in a protein target of interest. Unbound proteins will flow through 

the column, while proteins that bind are retained. Proteins possessing high binding 

affinity with the target will have more contacts than those that are weakly retained 

and promptly washed under low-salt conditions. The retained proteins can then be 

eluted with high-salt solutions, thus detecting the proteins that establish PPIs and 

the relative affinity of the interaction [118]. After purification the proteins are 

identified via electrophoresis, which separates proteins by their molecular mass. 

Co-immunoprecipitation 

Co-immunoprecipitation assays are similar to affinity chromatography, except 

they use antibodies instead of proteins as bait. The experiment consists in lysing 

cells, followed by adding antibody that targets the protein of interest. Upon 

precipitation any excess antibody is washed, and the bound proteins are eluted and 

analyzed [111]. 

Mass spectrometry 

This technique involves the ionization of molecules in pure samples or in 

complex mixtures, which allows calculating the molecular masses within the 

sample. Proteins that are present at low concentrations levels in complex mixtures 

(e.g., drug-targets) are more easily identified using mass spectrometry due to its 

high sensitivity. A mass spectrometer contains three main components: an 

ionization source, which emits electrons against the sample and disrupts 

molecules into ions; a mass analyzer, which accelerates and subjects the resulting 

ions to a magnetic or electric field, sorting them based on their mass-to-charge 

ratio; and a detector [119]. Similarly to the other low-throughput methods, 

spectrometry-based approaches have provided relevant data to provide insight on 

specific cellular mechanisms, pathways, and protein networks [120-122]. 

Although such assays identify PPIs with a high level of confidence, they are 

technically complicated, time-consuming and expensive [123]. 
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2.5.2 High-throughput identification 

Yeast two-hybrid screening 

The yeast two-hybrid (Y2H) method is based on the fact that most eukaryotic 

transcription activators have at least two distinct domains, a promoting N-terminal 

DNA binding domain, and a transcriptional C-terminal activation domain. 

Splitting these domains results in the inactivation of transcription, but it can be 

restored if a DNA-binding domain is physically associated with an activating 

domain [124]. The Y2H method consists in fusing a bait protein to the binding 

domain, and a prey protein to the activation domain. In case no interaction occurs 

between the bait and prey proteins the transcription process will not be initiated. 

Conversely, if the proteins form a complex, RNA polymerase II will be recruited 

and transcription will ensue [125].  

Gene co-expression 

The function of protein complexes depends on the functionality and 

availability of all subunits. Logically, gene expression levels of subunits in a 

complex should be related. Cell cycle experiments and analysis of gene 

expression levels under different conditions can provide gene expression profiles. 

These profiles are then used to estimate the correlation coefficient between the 

relative expression of two genes (or proteins), the normalized difference between 

their absolute expression levels, or by other methods [111]. 

Phage display 

A bacteriophage (phage) is a virus that infects and replicates within bacterial 

cells. Phages have a very peculiar feature that makes them interesting for 

bioengineering, which is the direct linkage between phenotype and genotype. 

Foreign DNA fragments can be inserted into the phage (specifically, the phage 

gene III), creating a fusion protein that is integrated into the virion, retaining 

infectivity and displaying the foreign amino acids in its surface [126]. The phage 

display method exploits this peculiarity, as the molecular libraries on the phage 

surface are extremely diverse, working as a simple way to clone genes [127].  

Similarly to the Y2H method, in phage display there is also separation between 

N-terminal and C-terminal halves of a gene – the phage gene III. The C-terminal 

domain is attached to the phage body, while the N-terminal domain binds to the 

pili. If these domains are separated phage infectivity is inactivated, only being 

restored when they rejoin. So in principle, a bait protein is attached to the C-

terminal domain, while a prey protein is bound to the N-terminal. Thus, in the 
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presence of a PPI infectivity will be activated, while in its absence it will not 

[128]. The presence or absence of infection can be easily detected depending on 

the genetic information passed. For instance, conferring resistance to a certain 

substance and then administering the same substance to the resulting bacterial 

colonies will result in resistant (alive) colonies, indicating the presence of PPIs, 

and in susceptible (dead) colonies. 

Synthetic lethality 

This method involves the mutation or deletion of separate genes that are viable 

individually but cause lethality when expressed together in a cell under certain 

conditions. Since these mutations are lethal, there is no way to directly isolate 

them, thus they must be synthetically produced. Synthetic lethality can give 

insight about interactions between gene products, their participation in a single 

pathway, or the existence of similar functionality [129, 130]. 

Protein microarrays/chips 

Protein microarrays, or protein chips, are a simple but powerful technique to 

identify PPIs and protein function. A protein microarray consist of a support 

surface to which bait proteins are bound, and prey proteins bound to a fluorescent 

marker. The marker-bound proteins are added to the array, and upon complex 

formation, a fluorescent signal is emitted and readily detected by a scanner [117]. 

2.5.3 Protein interaction data curation and storage 

Positive protein interaction data obtained from experimental detection is 

usually uploaded and maintained in online repositories and databases. There are 

several databases to download, browse and study high quality and experimentally 

identified PPIs. Despite interaction data diversity, there are substantial overlaps 

between the datasets of different databases, which can be problematic when 

working with cross-database data. For this reason, a community standardized 

format to represent molecular interaction (MI) data was developed, the 

Proteomics Standard Initiative (PSI-MI) XML format [131]. Standardization had 

allowed a better cooperation between databases, which lead to the establishment 

of the International Molecular Exchange (IMEx) consortium [132], aiming to 

distribute the data collection effort and to avoid work duplication.  
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Database of Interacting Proteins 

The Database of Interacting Proteins (DIP) stores and organizes experimentally 

determined PPI data from many organisms. PPI data in the DIP is curated 

manually, by experts and automatically, using computational approaches based on 

the PPI knowledge from the core subset of DIP. Expert curators analyse PPI data 

retrieved from individual research articles in many different scientific journals 

and from archives (such as MEDLINE) [133]. In turn, the core subset of 

interactions was identified using internally developed methods of quality 

assessment, making this PPI subset a reference for evaluating data reliability 

[134]. The main goal of this database is to extract and integrate the sparsely 

available experimental PPI data into a single user-friendly environment, 

complementing the existing databases [133]. 

As of August 2016, the DIP contains 28,764 unique proteins and 81,267 PPIs 

pertaining 826 different organisms. These data are available for download to 

registered users. The DIP is an active partner of the IMEx consortium. 

IntAct molecular interaction database 

The IntAct database provides an open source repository and analysis system 

for PPIs which can be locally installed and adapted. This results in increased 

dataset consistency and reduces development time. The contents of the database 

are derived from manual literature curation in collaboration with the Swiss-Prot 

[135] team or via user submission. In addition, controlled vocabularies are used to 

ensure data consistency, and updated with every new release [136, 137]. As a 

result, IntAct provides richly curated MI data in community accepted standard 

formats, including PSI-MI version 2.5. 

As of August 2016, IntAct contains 93,768 unique interactors, making up 

418,084 PPIs distributed among 957 different species. All data can be 

downloaded by all users via file transfer protocol (FTP) access. IntAct is an active 

partner of the IMEx consortium. 

Molecular Interaction database 

The Molecular Interaction (MINT) database [138] was designed to store 

experimentally verified PPI data from published peer-reviewed research articles in 

a structured format. These PPIs are represented in either binary or complex 

formats. This database focuses on the curation of physical PPIs, not including 

genetic or computationally inferred interactions. In January 2006, the MINT 

adopted the IntAct relational model, thus being able to represent protein 
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complexes (among other types of molecules) as interaction participants. 

Furthermore, it eases the addition of new features and tools for data storage, 

representation and analysis, as well as being compatible with upgrades developed 

by the IntAct consortium [139].  

As of August 2016, the MINT database contains 25,530 unique proteins and 

125,464 PPIs from 611 different organisms. MINT data can be downloaded by all 

users in different formats, and the database is an active partner of the IMEx 

consortium. 

Biological General Repository for Interaction Datasets 

The Biological General Repository for Interaction Datasets (BioGRID) 

database stores and distributes comprehensive collections of physical and genetic 

PPI data from humans and model organisms. Although it started as a repository 

for high-throughput interactions studies, it currently also includes literature-

derived individual focused studies. This addition was encouraged by the high 

prevalence of false positive and negative interactions in high-throughput datasets, 

which can be minimized by using high-quality, literature-derived and manually 

curated data as a gold standard for automated text mining approaches and to 

augment the predictive power of high-throughput data [140]. To ensure curation 

accuracy and consistency only unambiguous and appropriate gene identifiers are 

used. In the case of high-throughput data submissions, the curators work closely 

with the data providers [141]. 

As of August 2016, BioGRID integrates 65,005 unique genes, resulting in 

1,069,563 PPIs combining physical and genetic interactions. There are 61 

organisms represented in these numbers. Any user can download BioGRID data 

in a variety of formats. The BioGRID is an observer partner of the IMEx 

consortium. 

Human Protein Reference Database 

The concept of database able to assist in biomedical research was on the 

genesis of the Human Protein Reference Database (HPRD). This goal was 

hypothesized to be achievable by providing genomic and proteomic information 

in addition to relationships between protein sequence, structure, function, and 

protein networks in health and disease states. As such, this database integrates 

several types of associations, including PPIs, enzyme-substrate relationships and 

disease associations. The data are curated manually by experts and 

computationally via bioinformatics analyses of the protein sequence [142, 143]. 
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As of August 2016, 30,047 unique proteins correspond to 41,327 PPIs in the 

HPRD. The data are available for all users upon filling a survey that differs for 

academic and non-academic users. The HPRD is not a partner of the IMEx 

consortium. 

Search Tool for the Retrieval of Interacting Genes 

While a considerable amount of information is required to fully describe all the 

aspects of a protein interaction, this information is often found scattered over 

multiple online repositories. For instance, high-quality PPI data can be found in 

the databases that together form the IMEx consortium, but additional annotations, 

additional organism-specific PPI data, and pathway data is usually found in 

separate sets of resources. The Search Tool for the Retrieval of Interacting Genes 

(STRING) database was developed to provide this service [144]. In addition to 

experimentally determined data as well as data curated from databases, STRING 

also contains predicted interactions obtained by different sources. These include 

text mining, co-expression experiments, gene neighbourhood, gene fusion and co-

occurrence. Furthermore, interaction scores are calculated for each protein 

association, varying from 0 to 1000. Interaction scores greater than 900 are 

generally considered to have the highest confidence. 

As of August 2016, the STRING database contains 9,643,763 proteins from 

2031 organisms that correspond to 932,553,897 interactions. Most data are 

available for non-registered users, while a selected few data sets require a license 

that is free for academic institutions. 

2.6 Final considerations 

There is a wide range of experimental methods for PPI identification. Low-

throughput methods are reliable and have the highest accuracy, but lack in the 

number of experiments that can be run simultaneously. Both low and high-

throughput assays are time-consuming, expensive, and require a high level of 

technical expertise. In addition, the coverage of both types of methods at the PPI 

network level is minimal (especially low-throughput assays). Also, high-

throughput approaches are often misleading and have low-specificity, yielding a 

great number of both false negatives and false positives [145]. 

Reliable, accurate and verified PPI data are critically read and curated by 

manual experts and added to protein interaction databases that may or not be 

standardized among them. The collective effort between some repositories 
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culminated in the creation of a consortium to promote data standardization, to 

distribute the data collection effort between databases, and to avoid work 

duplication. 

Even though only experimental methods accurately identify reliable PPIs, it is 

essential to find alternatives to these techniques that predict large portions of the 

human protein interaction network (PIN) correctly and economically. With the 

appearance of high-quality PPI databases during the past two decades, the obvious 

alternative was the employment of computational approaches. These approaches 

learn patterns in the PPI data obtained from experimental methods to predict and 

screen new protein associations. 

Unfortunately, some organisms are better studied than others (e.g., human, 

yeast species, Mus musculus, and a few notable pathogens like Escherichia coli), 

resulting in increased PPI data coverage to these species in detriment of others. 

This bias may lead to the development of underperforming PPI prediction 

methods, or overoptimistic PPI predictions. Still, great progress has been made 

via metagenomics studies of the human microbiome, which will be briefly 

addressed in chapter 5. 
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3 Knowledge extraction and discovery from 
protein interaction data 

Recent advances in data collection and storage technology provide unique 

opportunities for the use and improvement of computational data exploration 

methods. Massive amounts of data are being generated on a daily basis from 

major scientific projects (e.g., Human Microbiome Project, the Human Genome 

Project), hospital information systems, and from sales and stock market records, 

among other sources. This results in researchers and experts from the most diverse 

areas to develop and employ automated methods to screen and analyse their data. 

This thesis aims to study and propose computational methods for the prediction 

of inter-species PPIs, namely human-microbial protein associations. In this 

chapter, we will describe the computational methodologies most frequently used 

to address this problem, along with the metrics used to assess the performance of 

these methods1. Additionally, we provide a description of the most notable efforts 

and related work done in this research area, categorized according to the types of 

computational methods employed. 

3.1 The machine learning process 

Machine learning is generally defined as the study and development of 

computational methods and computer algorithms with the ability to learn from 

previous experiences, improving their performance for a specific task [146]. 

Machine learning is a multidisciplinary field that adopts ideas from different 

areas, for instance probability, statistics, mathematics, biology, and philosophy, 

among others [reviewed in 147]. 

Machine learning tasks are usually grouped into three categories, depending on 

the input data and the information passed to the learning system: supervised 

learning [148]; reinforcement learning [149]; and unsupervised learning [150]. 

                                                      
1 This chapter is partially based on the paper Coelho ED, Arrais JP, Oliveira JL (2013) From Protein-Protein 

Interactions to Rational Drug Design: Are Computational Methods Up to the Challenge? Current Topics in 

Medicinal Chemistry 13: 602-618. 
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The former involves the construction of a classification model based on the labels 

of previously known example inputs (training data), to be used for performing 

data-driven predictions on unknown and unlabeled data (test data). In 

reinforcement learning the performance of the machine is improved by trial-and-

error experience, usually involving rewarding on success, or punishment on 

failure. Hence, the goal of this type of learning is maximizing future rewards and 

minimizing the punishments. The unsupervised learning task attempts to find 

hidden patterns in the input data, without knowing input data labels nor receiving 

rewards [151]. Here, we will only focus on supervised learning algorithms. 

Classification attempts to sort the data into classes, which can be binary (e.g., 

interact or not interact, for protein pairs) or multiple class. The typical steps 

followed to develop a classification model involve collecting sample input data, 

extracting features from these data, removing irrelevant and redundant features, 

selecting an appropriate learning algorithm for the data, training the classification 

model, and evaluating the performance of the classifier. All these steps are 

essential and should be carefully evaluated. 

3.2 Commonly used machine-learning approaches to predict protein 

interactions 

Decision trees 

The decision tree (DT) is a classifier depicted in a hierarchical, sequential and 

flowchart-like structure that recursively partition the input data [152]. The basic 

idea is to break up a complex decision problem into a multitude of simpler 

decisions, aiming that the solution obtained would resemble the intended solution. 

Each node in the tree is associated to a specific set of records R and denotes a 

feature in an input example to be classified. For instance, a split on a continuous 

attribute A can be induced by A ≤ x, partitioning R in two subsets, the branches. 

Each branch, left (Rl) and right (Rr), represents a possible value of the node and 

can be represented by: 

 

𝑅𝑙 = {𝑟 ∈ 𝑅: 𝑟(𝐴) ≤ 𝑥}, 

 

and 

 

𝑅𝑟 = {𝑟 ∈ 𝑅: 𝑟(𝐴) > 𝑥}. 
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The same is applicable to a categorical feature F. If  𝐹 = {𝐹1, … , 𝐹𝑛} , each 

branch i can be induced by 𝐹 = 𝐹𝑖. 

Robustness to noise, low computational cost for model generation, the ability 

to deal with redundant attributes, and good generalization are some of the 

advantages of DT induction algorithms [reviewed in 153]. These algorithms are 

based on a greedy top-down recursive partitioning strategy to grow the trees and 

use different variants of impurity measures to select an input attribute to be 

associated with an internal node. These include information gain, gain ratio, gini-

index, and distance-based measures [154-156]. 

Limitations of DT algorithms include possible sub-optimal solutions, due to the 

greedy search algorithm used to grow the trees, and possible overfitting, since 

recursive dataset partitioning may yield small and non-representative datasets in 

the deepest tree nodes [153]. 

Naïve Bayes 

Probabilistic classifiers based on the Bayes’ theorem are known as Bayesian 

classifiers. Bayesian networks are composed of directed acyclic graphs with a 

single parent that represents the unobserved (class) node, and several children 

representing observed (attribute) nodes [148]. 

The naïve Bayesian classifier, or naïve Bayes (NB) is the simplest form of 

Bayesian network, where all attributes (Ai) are independent given the value of the 

class (C) variable (i.e., conditional independence). For example, if 𝐴 =

{𝐴1, … , 𝐴𝑛} is the set of attributes in the training data, the NB classifier learns the 

conditional probability of each attribute Ai from the input examples, given the 

class label C [157]. Let c represent the value of C, and let 𝐸 = {𝑥1, … , 𝑥𝑛} be an 

input example. According to the Bayes’ theorem, the probability of E being class 

c is given by 

𝑃(𝑐|𝐸) =
𝑃(𝐸|𝑐)𝑃(𝑐)

𝑃(𝐸)
 . 

 

E is classified as positive (Cpositive) if and only if 

 

𝑓𝑏(𝐸) =
𝑃(𝐶𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒|𝐸)

𝑃(𝐶𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝐸)
≥ 1, 

 

where 𝑓𝑏(𝐸) is a Bayesian classifier [158]. 
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To perform the classification task the Bayes rule is applied to calculate the 

probability of C, given the particular instance of A, followed by the prediction of 

the class with the highest posterior probability, that is, 

 

𝑃(𝐸|𝑐) = 𝑃(𝑥1, … , 𝑥𝑛|𝑐) =∏𝑃(𝑥𝑖|𝑐)

𝑛

𝑖=1

. 

 

The conditional independence allows these calculations to be made and offers 

NB great competitive classification performance. This probabilistic independence 

means that A is independent of B given C, whenever the probability 𝑃(𝐴|𝐵, 𝐶) 

equals the probability 𝑃(𝐴|𝐶) for all values of A, B, and C, whenever 𝑃(𝐶) > 0. 

The resulting classifier is then 

 

𝑓𝑛𝑏(𝐸) =
𝑃(𝐶𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

𝑃(𝐶𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
∏

𝑃(𝑥𝑖|𝐶𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

𝑃(𝑥𝑖|𝐶𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
,

𝑛

𝑖=1

 

 

which is a NB classifier [157, 158]. 

Nonetheless, the conditional independence assumption is evidently naïve, since 

in most real-world situations there are correlations between attributes. There are a 

few variations of NB to overcome this limitation [reviewed in 148], but those fall 

out of the scope of this work. 

Support vector machines 

A support vector machines (SVM) is a supervised statistical learning algorithm 

that makes no assumptions on the distribution of the underlying data (i.e., non-

parametric) [159]. It is widely used in pattern recognition, for two-class 

classification and regression tasks [160, 161]. The hypothesis behind the 

development of SVM is based in the concept of a margin able to completely 

separate the classes in the training set, derived from a hyperplane. Let w be the 

normal vector to the hyperplane and x the input vector. If the training set is 

linearly separable, then 

𝑢 = �⃗⃗� ∙ 𝑥 − 𝑏, 

 

where the separating hyperplane is the plane 𝑢 = 0. The optimum separation 

hyperplane is constructed by minimizing the squared norm of the separating 

hyperplane. Data points in the margin of the optimum separating hyperplane are 
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support vector points, and the solution is represented by the linear combination of 

these points. However, most of the times input samples are not linearly separable, 

and thus, input feature vectors are mapped to a high or infinite dimension feature 

space (i.e., a Hilbert space [162]). 

Given a Hilbert space H, input vectors can be non-linearly mapped from the 

input space to 𝐻 as 

𝛷:𝑅𝑑 → 𝐻. 

 

Thus, the training algorithm only depends on the evaluation of dot products 

in  𝐻 , that is, on functions of the form  𝛷(𝑥𝑖) ∙ 𝛷(𝑥𝑗) . This is conveniently 

achieved by using a kernel function 𝑘 in the training algorithm, such as 

 

𝑘(𝑥𝑖 , 𝑥𝑗) =  𝛷(𝑥𝑖) ∙ 𝛷(𝑥𝑗), 

 

allowing to calculate inner products in the feature space without actually 

calculating the mapping 𝛷 [163, 164]. The radial basis function (RBF) is one of 

the most used kernels, and is defined as 

 

𝑘(𝑥, 𝑦) = 𝑒
(
−‖𝑥−𝑦‖2

2𝜎2
)
, 

 

which corresponds to a Hilbert space of infinite dimension. The performance 

of the RBF kernel depends on the parameters C and gamma. A low C value 

smooths the decision surface, while a high C avoids misclassification of training 

examples. The gamma parameter determines the level of influence of a single 

training example. With greater gamma values, the other examples must be closer 

to be affected [165]. 

Random forest 

Random forest (RF) is an ensemble learning method, a strategy that generates 

several classifiers of the same type (e.g., decision trees) and performs predictions 

based on their combined results. The resulting class is the mode of the classes 

across the output of the individual trees in the forest [166]. 

RF is based on the bagging ensemble method [167], which constructs 

independent trees using a bootstrap sample of the training dataset and then selects 

the class by majority vote. While in bagging the tree construction splits each node 

using the best split among all variables, in RF each node is split using the best 
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split between a subset of predictors randomly chosen at that node. Each tree is 

fully constructed from a bootstrap sample drawn from the training set  𝒟 =

{(𝑥1, 𝑦1, … , (𝑥𝑘, 𝑦𝑘)} , by recursively splitting an upstream node, where 𝑥𝑖 =

(𝑥𝑖,1, … , 𝑥𝑖,𝑝)
𝑇  represents the p predictors and 𝑦𝑖  denotes the response, and a 

particular realization 𝜃𝑛 of Θ𝑛. The trees ℎ𝑛(𝑋, Θ𝑛) are grown until a node cannot 

be split further. Using the bootstrap sample 𝒟𝑛 as training data, a tree is fitted 

using binary recursive partitioning. The fitted tree will be represented by 

ℎ ̂𝑛(𝑥, 𝜃𝑛, 𝒟). To make a prediction at a new point x, 

 

𝑓 ̂(𝑥) =
1

𝑁
∑ℎ ̂𝑛

𝑁

𝑛=1

(𝑥) 

is used for regression, and 

 

𝑓 ̂(𝑥) = 𝑎𝑟𝑔maxy∑𝐼(ℎ ̂𝑛

𝑁

𝑛=1

(𝑥) = 𝑦) 

 

for classification, where ℎ ̂𝑛(𝑥) is the prediction of the response variable at x 

using the nth tree [166, 168, 169]. This strategy performs admirably compared to 

other state-of-the-art classifiers, like SVM and neural networks, and is not prone 

to overfitting [166]. 

3.3 Computational prediction of protein-protein interactions 

Although being largely prevalent, not only machine learning has been used to 

predict large-scale intra-species PPIs, that is, within the same species. Other 

computational prediction techniques have been suggested and are summarized in 

Table 3.1. We grouped the computational methods in five main groups: methods 

based on genomic sequence; domain data; protein structure; protein sequence; and 

semantic similarity. Additionally, we report the adopted computational strategy on 

the basis of each method (e.g. machine learning, pattern search, and others). Sub-

groups were assigned to the methods based on protein sequence and on semantic 

similarity due to the great number of different methods of these types. The 

methods presented in Table 3.1 will be addressed and reviewed in the succeeding 

sub-sections. In spite of being developed for the prediction of intra-species PPIs, 

these methods have the potential to be adapted for inter-species PPI prediction, 

possibly unveiling information on unknown bacterial pathogenesis mechanisms. 
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Table 3.1. Representation of the different computational methods to infer intra-species PPI and respective 

subclasses. 

Prediction method Computational strategy References 

Genomic sequence   

Gene neighbourhood PS [170-172] 

Gene fusion PS, MSA [173] 

Phylogenetic profiles PS, VSS [174-176] 

Codon usage similarity NB [177] 

Domain data   

Methods based on single-domain 

pairs 
SSS, MLE, BPS [178-180] 

Methods based on multi-domain 

pairs 
RF, DT, LPA, APM [181, 182] 

Protein structure   

Homology-based method PS, TSHS, PISA, VAST [183-185] 

Threading-based method SCT, PCS [186] 

Graph-theoretical invariants MP, ANN, CT [187, 188] 

Protein sequence   

Physicochemical properties DBC, SVM [189-192] 

Subsequence pairs SVM, SMD, PIPEA [193, 194] 

Multiple classifier systems HKNN, SVM, AC, RtF, MAD [195-198] 

Indirect models DBC, PSK, SVM, MM, NN, GTI [199-202] 

Semantic similarity   

    Ontology annotations DBC, TCSSA, Inducers, RF [203-206] 

 

PS – pattern search; MSA – multiple sequence alignments; VSS – vector similarity search; NB – naïve 

Bayes; TSHS – tertiary structure homolog search; PISA –  protein interfaces, surfaces and assemblies; VAST 

– vector alignment search tool; SCT – single chain threading; PCS – protein complex search; MP – Markov 

process; ANN – artificial neural network; CT – classification tree; SSS – sequence-signature search; MLE – 

maximum likelihood estimation; BPE – bipartite subgraph search; RF – random forest; DT – decision tree; 

LPA – linear programming algorithm; APM – association probabilistic method; DBC – database query; SMD 

– signature molecular descriptor; PIPEA – protein-protein interaction prediction engine algorithm; HKNN – 

hyperplane k-nearest neighbour; AC – auto covariance; RtF – rotation forest; MAD – Moran autocorrelation 

descriptor; PSK – pairwise sequence kernel; MM – minimotifs; NN – neural network; GTI – graph-theoretic 

invariants. 

3.3.1 Genome-based methods 

The cost of sequencing a whole genome in the post-genomic era is continually 

falling. Such ease allowed the mapping of a great number of genomes, and the 

increasing availability of data permitted the comparative analysis of complete 
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genomes, both intra-species and inter-species. This was the adjacent principle of 

the methods based on genomic data. 

Gene neighbourhood takes into account the proximity of the same genes in a 

list of genomes (Figure 3.1). The hypothesis behind this approach lies in the 

notion that related genes are physically close to one another in the genome. For 

instance, in Figure 3.1, the blue and orange proteins are predicted to interact. 

Several authors propose that this proximity is the result of selective pressure on 

genes that interact physically or functionally, thus being heavily co-expressed 

[170-172]. Even though the first experiments with this approach were made in 

prokaryotic genomes, it has already been used to identify PPI in eukaryotic 

organisms [207]. However, this method fails to identify PPIs if the proteins are 

expressed by genes in distant locations of a chromosome (loci) and if the genome 

of a given species is misannotated or incomplete. Also, such an approach may 

allow a great number of false-positives, since gene proximity alone is not 

sufficient to accurately predict PPI. 

Similarly to gene neighbourhood, gene fusion detects patterns in different 

genomes. It consists of the identification of fusions of two individual genes in one 

organism, into a single gene in another organism, maintaining the functions of the 

initial genes (Figure 3.2). This method assumes that the fusion of these genes 

implicates the physical or functional interaction of their protein products [173, 

208]. For instance, Figure 3.2 shows that two genes fused in organism 2, and 

other two genes fused in organism 3, suggesting that their gene products will most 

likely interact. Although this approach detects PPI in a reasonably accurate way, 

the major drawback is the absolute need of a gene fusion event to actually predict 

PPI. 

The phylogenetic profiles approach is also comparable to the gene 

neighbourhood method Figure 3.3. This method involves the identification of 

gene sets that are detected simultaneously in several organisms. It supposes that 

proteins assigned to the same functional processes or structural complexes are 

more prone to evolve in parallel [174, 175].  
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Figure 3.1. Representation of the gene neighbourhood method. 

 

 

Figure 3.2. Representation of the gene fusion method. 

 

With time, such functionally correlated proteins tend to be either conserved or 

suppressed. If this hypothesis is accurate, all the organisms in the same subset 

should share homolog proteins [175]. To construct the phylogenetic profile of a 

set of proteins, a contingency table is made. The table is then filled accordingly 

with strings, in a binary fashion – whether the protein is present or absent, 1 or 0, 

respectively, for every known organism. The resulting profiles are compared in 

terms of presence and absence in the different organisms, and proteins with 

matching or very similar profiles are likely to interact – for instance, the blue and 

orange proteins in Figure 3.3. The main limitation of the phylogenetic profiling 

approach is that it requires complete genomes to be fully applicable. Also, the 

comparison of profiles is somewhat subjective, since there is no way to know for 

certain how much strings are allowed to be unmatched between supposedly 

interacting protein pairs. This uncertainty can produce a great number of false-

positives, if not strict enough, or discard some true-positives, if extremely strict. 

However, the use of a maximum likelihood statistical model  is able to improve 

this method [176]. Their approach consisted of the detection of distinct instances 

of the correlated conservation or suppression of protein pairs, which reduces the 

rate of false positives observed in conventional cross-species methods that do not 

explicitly incorporate a phylogeny. 
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Figure 3.3. Representation of the phylogenetic profile method. 

 

The last method based on the genomic context is codon usage similarity [177]. 

This method predicts PPI based only on analysis of the codons of the interacting 

proteins. Using a naïve Bayesian network, this technique combines the data 

provided by the frequencies of all codons in order to predict PPI. This work shows 

that codon usage of functionally and/or physically linked proteins in an organism 

are sufficient to identify these proteins, even without homolog proteins in other 

organisms. It also shows an improvement in sensitivity in comparison to the 

phylogenetic profiles method. 

3.3.2 Domain-based methods 

Protein domains are by far the most important units of a protein. These 

domains are conserved structural motifs, often considered as the building blocks 

of a protein. There is also a considerable fraction of PPIs occurring through 

domain-domain interactions (DDIs) [209-211]. Such information justifies the 

need to consider domain information when predicting PPI. These methods 

represent interacting protein pairs with their integrating domains, and focus on the 

specific interactions observed between the protein domains. For instance, Figure 

3.4 shows the known interaction between the yellow (D1) and blue (D2) domains. 

Given that the first protein contains the D1, and the second protein contain the 

D2, it is suggestive that these proteins may interact. 

The first approaches in this direction resulted in methods based on single-

domain pairs. In 2001, Sprinzak and Margalit [178] proposed a method that 

requires experimentally determined interacting proteins in order to acquire 

characteristic pairs of sequence-signatures (highly conserved sequence patterns 

that are found repeatedly in a group of related protein sequences), where one 

protein contains one sequence-signature and its interacting counterpart the other.  
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Figure 3.4. Representation of the domain-based methods. 

The authors propose that these sequence-signature patterns can be used to 

predict putative pairs of interacting partners in the cell, or at least perform 

directed experimental interaction screens. Deng et al. [179] defend that 

understanding PPI at the domain level may give insight into the global PPI 

network and even unknown protein functions. They collected results of 

experimentally determined PPI in Saccharomyces cerevisiae and used Pfam [212] 

to identify the domains present in the proteins found. Subsequently, a maximum 

likelihood estimation (MLE) method was applied to infer DDIs consistent with 

the observed PPIs. The inferred DDIs were then used to predict PPI between the 

proteins in their test set and significant overlapping with the MIPS Mammalian 

Protein-Protein Interaction Database [213] was observed. Despite these promising 

results, this approach fails to consider that whether two domains interact or not 

may be related to other domains in the interacting protein partners or other 

environmental or external conditions. 

Based on the association method by Sprinzak and Margalit, Chen et al. [214] 

proposed an association probabilistic method. This method, in addition to the 

binary interaction data, also takes into account the interaction probability of 

protein pairs. 

A graph model by Morrison et al. [180] clarifies PPI based on a lock-and-key 

model. This method identifies protein pairs that contain the lock and key aspects 

of a specific interaction surface. Such identification is made by searching bipartite 

sub-graphs in PPI networks. Under defined conditions it is possible that the 

algorithm used in this work will return accurate domain information about each 

protein in the network. The fact that functional interactions do not necessarily 

imply direct physical interactions between proteins is, however, a limitation of 

this method [215]. 

Ultimately, Huang et al. [216] described a new method called maximum 

specificity set cover (MSSC), which consists of mapping the association between 
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protein interactions and their respective domain architectures to a generalized 

weighted set cover problem. The MSSC method allows the prediction of 

previously unidentified PPI, well supported by a high tendency towards 

coexpression and functional homogeneity of the respective proteins. Prediction 

results are comparable to those obtained with the MLE method [179], while being 

faster. Nonetheless, these methods do not use all the possible domain data. This 

was assessed by developing methods based on multi-domain pairs, which consider 

all possible domain combinations. 

Chen and Liu [181] introduced the multiple classifier system (MCS) in PPI 

prediction. The selected MCS was a domain-based random forest of decision 

trees. They characterize a protein pair by the domains present in each interacting 

counterpart. Thus, each protein pair is characterized by a vector of a number of 

features equal to the total number of unique domains in the dataset. The major 

advantages of this method are not assuming domain independence and the ability 

to infer interacting single-domain and domain combination pairs. In addition, 

when compared with the MLE method this approach predicts PPI with higher 

specificity and sensitivity.  

Wang et al. [182] considered cooperative domain interactions to infer PPI, 

which assumes both the single-domain and multi-domain pairs as the basic units 

of a protein interaction. In this method, datasets from different organisms were 

applied to make full use of the available data. They introduced a linear 

programming algorithm and an association probabilistic method with multi-

domain pairs to predict DDI based on the high-throughput experimental data from 

multiple organisms. Experimental results showed that this method does not only 

find putative cooperative domains accurately, but also has a higher prediction 

accuracy of PPI than the existing methods. 

3.3.3 Tertiary/quaternary protein structure-based methods 

The increasing quantity of solved 3D protein structures opened the door to the 

development of new in silico methods to predict PPI [217]. Such methodologies 

rely on the use of data stored in biological structure databases and take into 

account subtle characteristics, such as conformational and sequence details, or 

affinity and specificity of the interaction of protein pairs (Figure 3.5). These 

details allow the distinction and characterization of different structures within a 

family [217, 218].  
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Figure 3.5. Representation of the protein structure-based methods. 

 

The first work in this area was the homology-based method, described by Aloy 

and Russell [183]. In this approach, they analyse the physical interaction between 

proteins in the same protein complex. They assume that the observed behaviour 

can then be extrapolated to predict interactions of this complex with a second 

protein complex of homolog proteins. As expected, results shown that homolog 

proteins with at least 30-40% of similarity, physically interact in the same way 

[183]. Additionally, the authors characterized a 3D-based approach to model 

putative protein interactions on complexes with determined 3D structure. The 

method requires a 3D complex and alignments of homolog proteins of the 

interacting set of proteins, which will function as a t model to test the suiting of 

any potential interacting pair of proteins on the complex. 

InterPreTS (interaction prediction through tertiary structure) [184] is an online 

tool created on the aforementioned basis. This tool queries up to 20 sequences 

simultaneously and then identifies homolog proteins of known structure for the 

given protein pairs. It then evaluates the fitting of the found templates for 

modelling the interaction. However, this method is not flawless, as it requires 

protein complexes with known 3D structure to perform as models. Since there are 

proteins lacking determined 3D structure, there was the need to develop an 

approach capable of taking these proteins into account.  

Shoemaker et al. [185] developed the Inferred Biomolecular Interaction Server 

(IBIS), which organizes, analyses and predicts interaction partners and locations 

of binding sites in proteins. PPI are identified and analysed at the domain level. 

This method reports interactions observed in experimentally determined structural 

complexes of a given protein, and infers binding sites and interacting partners by 

inspecting protein complexes formed by homologous proteins. Two algorithms, 

PISA [219] and VAST [220], are used for the verification of evolutionary 

conservation, biological relevance of binding partners, size and stability of the 

interfaces, and evidence from published literature.  

The threading-based method [186] extends sequence-based approaches by 

identifying analogous protein structures, i.e., proteins adopting similar structures, 
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even in the absence of an evolutionary relation. This approach has two phases. 

The first phase consists of applying traditional threading on a single chain, in 

order to generate a set of potential structures for the query sequences. Secondly, 

proteins whose template structures are part of a known complex are rethreaded on 

both counterparts in the complex to include a protein-protein interfacial energy. 

The fact that this method takes into account interfacial energies justifies how it 

can be better than methods based only on sequence homology. Also, although this 

method uses structural data, it does not require solved proteins to perform a query. 

Another advantage is that multimeric threading automatically provides the 

binding site, since the method only focuses on previously observed binding 

partners. Additionally, a set of empirical indicators has been developed in order to 

resolve if a complex is formed. Lastly, multimeric threading has the possibility to 

boost the sensitivity of fold recognition in regular threading. 

Unfortunately, this method possesses some disadvantages. First, it only 

depends on the number of solved protein complexes in the Protein Data Bank 

(PDB) [221], and records that have more than two chains have not been 

processed. The database can be expanded after incorporating multi-chain PDB 

records, resulting in the increase of the number of predictions. Also, since this 

approach comprises two phases, any errors made during the first phase will 

compromise the results. Another drawback is the fact that interfacial energy can 

account for false predictions, but this can be improved by using distance-

dependent terms or detailed atomic interactions. 

Rodriguez-Soca et al. [187, 188] developed a PPI-prediction methodology 

based on the use of Markov processes. In a first approach [187], they exploited 

the publicly available tertiary structures of Trypanosome proteins. Trypanosomes 

are parasitic protozoa, and pathogenic species can cause African trypanosomiasis, 

most commonly known as sleeping sickness (Trypanosoma brucei), and Chagas 

disease (Trypanosoma cruzi). The authors introduced protein-protein complex 

invariants based on the Markov average electrostatic potentials for amino acids 

located in different regions of proteins and placed at a distance k one from each 

other. The final model represents a linear artificial network based on only two 

invariants and can predict trypanosomal PPIs with a test accuracy of 90.9 %. 

When applying a similar strategy to predict PPIs in Plasmodium [188], the genus 

of parasites responsible for malaria infections, a different approach was 

performed. They exclusively used protein-protein complexes present in 

Plasmodium (discarding those absent in the human host) coupled with the 3D 
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protein invariants and introduced Markov Chain numerical descriptors of PPIs 

bases on electrostatic entropy measures. The final model obtained a test accuracy 

of 96.8 % in the test set. 

Even though the approaches of Rodriguez-Soca et al. can be easily adapted to 

predict PPIs in other organisms, the performance of the obtained classification 

models will always depend on how well studied are the subject organisms. The 

use of such model in an organism with a low number of proteins with solved 

tertiary structures will yield lower prediction accuracy, when compared to a 

better-documented organism. 

 

3.3.4 Primary protein structure-based methods 

The methods based on protein sequence assume that primary protein structure 

data is sufficient to predict the interaction probability between two proteins. In 

addition, unlike the previous approaches, this method is virtually applicable to all 

protein sequences, since it does not require resolved 3D structures, domain 

information or homology information. We will start by describing PPI prediction 

methods that consider physicochemical properties of a protein or its residues. 

Bock and Gough [189, 190] made use of a protein interactions database to 

identify PPI exclusively based on sequence information and its associated 

physicochemical properties (charge, hydrophobicity, and surface tension). Their 

estimator uses SVM [222] learning, trained to automatically discover PPI from a 

dataset. The trained system showed promising results, with 80% accuracy, 

although the test size is relatively small. 

Shen et al. [191] used a dataset consisting only of human proteins to develop a 

machine learning method based on an SVM combined with a conjoint triad 

feature for describing the 20 different amino acids. They reduced the dimensions 

of vector space and suited synonymous mutations by clustering the amino acids 

into several classes, according to their dipoles and volumes of the side chains. 

Then, the protein pairs are characterized by concatenating the two individual 

proteins. Lastly, to perform binary classification on a large dataset, they designed 

a specific kernel function that considers the symmetrical property of PPI. This 

method provides a more accurate prediction than those of Bock and Gough [189, 

190]. 

The method proposed by Aziz et al. [192] predicts PPI by making use of 

previously performed predictions of obligate and non-obligate complexes (only 
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permanent, and permanent or transient interactions, respectively). They use 

desolvation energies (amino acid and atom type) of the residues present in the 

interface, and the prediction is achieved using linear dimensionality reduction and 

SVM. The results of this method showed 76.94% accuracy. 

Another type of PPI prediction based on a protein primary structure consists of 

the identification of specific subsequences. Martin et al. [193] combined a 

sequence-based description of proteins with experimental data that can be 

collected from any type of PPI screen. Their method uses an original description 

of interacting proteins by extending the signature descriptor, which is a product of 

amino acid subsequence pairs (occurring together when two proteins interact). 

While being similar to the method of Bock and Gough [189], the signature 

descriptor does not need the transformation of sequence information into 

physicochemical properties. It is also comparable to the association method of 

Sprinzak and Margalit [178], but instead of using database entries to obtain 

signatures, Martin et al. use SVM and a signature molecular descriptor to generate 

the signatures, only depending on the protein sequence information. Such features 

eliminate the disadvantages of both the Bock and Gough, and Sprinzak and 

Margalit methods. 

A method called Protein-protein Interaction Prediction Engine (PIPE) was 

proposed by Pitre et al. [194]. Their tool is capable of predicting PPI based on 

sequence information with an overall accuracy of 75% in the yeast 

Saccharomyces cerevisiae, without using any additional data or predictions about 

the proteins. The PIPE algorithm predicts the interaction propensity between two 

query proteins A and B, calculating the frequency of subsequence pairs in A and 

B co-occurring in pairs of protein sequences in the dataset that are known to 

interact. The main limitation of this approach is that it requires a considerable 

amount of computation. 

Based on the assumption that a multiple classifier system (MCS) is more 

accurate and more robust than a very good classifier in many fields [reviewed in 

198], some authors exploited the use of MCS in PPI prediction. Just like Bock and 

Gough [189, 190], and Martin et al. [193], the method of Nanni et al. [195, 196] 

encodes and compares pairs of proteins by concatenating the extracted features of 

each protein using a global representation of a protein pair. However, this method 

does not require the transformation of sequence information in physicochemical 

information, or the use of signature descriptors. Similar to Chen and Liu [181], 

they adopted a MCS in their PPI predictions. The MCS used in their work was an 
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ensemble of K-local hyperplanes. The first phase of their approach consisted of 

the extraction of the 2-Gram features of a protein. Then, a representation of an 

interaction pair is formed by the sum of the 2-Gram feature vectors of the 

interacting partners. The dimensionality of this feature is then reduced via 

projection of the vectors onto a lower Karhunen-Loeve space. They then apply a 

K-local hyperplane distance nearest neighbour algorithm, a variation of the k-

nearest neighbour (kNN) algorithm [223], to improve the classification 

performance of the conventional kNN to the SVM level. This method tested data 

from Helicobacter pylori and Homo sapiens, obtaining better performance in the 

former, and slightly lower in the latter, in comparison to the methods of Bock and 

Gough [189, 190] and Martin et al. [193]. 

The approach of Guo et al. [197] consisted of the use of SVM and auto 

covariance (AC) transformation. AC was used to consider the information of 

interactions between amino acids farther apart in the sequence. Each protein 

sequence was categorized by a series of ACs that covered the information of 

interactions between one amino acid and its 30 vicinal amino acids in the 

sequence. The method was tested using an independent dataset of yeast proteins 

and obtained an accuracy of 88.09%. 

Xia et al. adopted rotation forest [224] combined with an autocorrelation 

descriptor (AD) transformation in order to predict PPI. The selected method was 

Moran AD [225], since it can takes into account amino acid neighbouring effects 

and correlate two proteins sequences regarding their physicochemical properties. 

The major advantages of using rotation forest are its ability to enhance the 

accuracy of the individual classifier and the diversity in the ensemble at the same 

time, which is something that other MCS are not able to combine. The method 

was evaluated using datasets of Helicobacter pilory and Saccharomyces 

cerevisiae, and the results showed a better performance than the method of Guo et 

al. [197]. 

Lastly, there is a more general type of PPI prediction model that consists of 

making use of sources which are not directly related to PPI prediction, thus being 

adapted. Ben-Hur and Noble [199] developed a kernel method to predict PPI 

using a collection of data sources, comprising protein sequences, Gene Ontology 

(GO) annotations [226], local characteristics of the network and homologous 

interactions in other organisms. Since protein kernels provide a similarity between 

single proteins, PPI requires a kernel between pairs of proteins. For that reason, 

they propose a pairwise kernel that converts a kernel between single proteins into 
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a kernel between protein pairs. The effectiveness of the kernel is illustrated with a 

SVM classifier. Moreover, the performance of the method was enhanced by 

combining various sequence-based kernels and by additionally enlarging the 

pairwise sequence kernel with features that are based on other data sources. The 

major advantage of this method is the combination of pairwise sequence kernels 

with non-sequence data, although they lacked learning the weight of the various 

kernels, and the non-sequence data source was somewhat limited. 

Rajasekaran et al. [200] introduced minimotifs [227] to predict PPI. 

Minimotifs, also called short linear motifs or SLiMs, are neighbouring short 

peptides in proteins that have a defined function.  The authors believe minimotifs 

can be used to predict PPI since they bind to protein domains and provide a key 

connection of the physical and chemical forces with the large PPI datasets. A set 

of algorithms was developed in order to identify minimotifs in known PPI, using 

the Minimotif Miner [228, 229] (MnM). The MnM application contains a 

database of literature curated minimotifs with supporting experimental evidence. 

Their tool is capable of improving the prediction of new minimotifs in MnM by 

reducing the false-positives ratio, and can be used to facilitate the study of PPI 

theory by identifying minimotifs between two proteins that are already known to 

interact, but the interface is yet unknown. They used a receiver operating 

characteristic (ROC) curve to evaluate the method, and the results elucidated the 

high statistical significance of the algorithm. 

Knisley and Knisley [201] developed a method that even though not directed to 

infer PPI, can be extended to PPI prediction without modifications. Their method 

is based on the principle that PDZ domains, components of scaffolding proteins 

involved in a number of intercellular interactions, mediate PPIs by recognizing 

the hydrophobic C-terminal of the target protein [230]. In this approach, they 

consider each of the five given sequences of a PDZ domain as a numerical 

sequence obtained from graph-theoretic models of each existing amino acid. 

Using the existing PDZ domain databases, documented targets are also 

transformed into numerical sequences. These numerical sequences are then used 

to train a neural network to recognize their targets. This method can be expanded 

to general PPI prediction since it uses graph-theoretic invariants as biomolecular 

descriptors to obtain features of protein structures. 

Zhang et al. [202], proposed two ensemble methods to solve the imbalanced 

data problem, i.e. the number of interacting pairs is much smaller than that of non-

interacting pairs. These ensemble methods combine the based-cluster under-
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sampling technique and the fusion classifiers. Evaluation of these methods was 

performed using a dataset from a database of known protein interactions with 10-

fold cross validation. Their prediction models achieved area under the ROC curve 

(AUC) value of about 0.95. 

3.3.5 Semantic similarity-based methods 

The Gene Ontology project [231] was founded to address the challenges of 

interpreting functional information on each gene product. There are three 

hierarchies of ontologies that characterize the molecular functions that gene 

products perform, the biological processes in which the gene products are 

involved, and the subcellular locations containing the gene products. Every single 

GO annotation, an association between a GO term identifier and a gene product, 

has a precise evidence source that supports the association [232]. Some authors 

defend GO annotation as one of the strongest indicators for PPI, since proteins 

that interact in the cell are most likely to be in similar subcellular locations, or 

involved in the same biological processes, when compared to proteins that do not 

interact [203-206]. In addition, the more semantically similar the gene function 

annotations are among interacting protein pairs, the more likely the interaction is 

to be physiologically relevant. 

Wu et al. [203] developed the first approach at this level. They proposed a 

method to reconstruct a yeast PPI network based solely on GO annotation. A Z-

score analysis was applied to construct the positive and negative PPI datasets. 

Additionally, they adopted a few more datasets. A database of protein complexes 

was used to map the complexes present in the datasets onto the predicted network, 

which resulted in the identification and interconnection of 35% of the complexes. 

But this approach can only be applied to completely sequenced genomes with 

high-quality GO annotation. 

Jain and Bader [204] presented an improved algorithm to compute semantic 

similarity between GO terms annotated in PPI datasets called topological 

clustering semantic similarity. Their algorithm considers distinctive depth of 

biological knowledge representation in different branches of the GO tree. The 

goal is to divide the GO graph into sub-graphs and score PPIs higher if the 

participating proteins belong to the same sub-graph, as compared to belonging to 

different sub-graphs. 

Maetschke et al. [205] introduced the concept of inducers as a method to 

integrate machine learning and semantic similarity techniques in an effective way. 
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Their results showed that the combination of an inducer with a RF classifier 

compares favourably to several sequence-based methods, semantic similarity 

measures, and multi-kernel approaches. They tested their approach in a dataset 

with high-quality interaction data and obtained an AUC of 0.88. 

Park et al. [206] proposed a search tool called PPISearchEngine to find PPIs 

using GO annotation and the biological relations of proteins. To predict PPIs, 

each GO term is assigned a prime number, and the relation between the terms is 

represented by the product of their respective prime numbers. This facilitates the 

search for interactions of a query protein by unique prime factorization of the 

number that represents the query protein. For each query protein, this tool 

considers the GO term associated with the query protein and also the GO terms at 

a lower level than the GO term in the hierarchy, in order to find all the 

interactions of the query protein which satisfy the search condition. However, the 

search method cannot find interactions of a protein unless these interactions 

involve a protein with explicit annotations. 

3.3.6 Inter-species PPI prediction methods 

Despite giving undeniable insights about PPI networks, the aforementioned 

methods only provide information about intra-species PPI, that is, within the same 

species. Even though some efforts regarding inter-species PPI prediction [233-

237] have already been made, this is still a severely underdeveloped area when 

compared to intra-species PPI prediction. 

To account for present and future pathogenic threats, it is crucial to understand 

human-pathogen interactions, and general inter-species PPI. Viruses require host 

factors for recognition, entrance, replication and release. To achieve this, their 

gene products form dense interaction networks with the host proteins. On the 

other hand, most bacteria, fungi and nematodes proliferate outside of the host 

cells and interact with them using extracellular signals and receptors [reviewed in 

238]. 

Dyer et al. [239], proposed a method that combines known intra-species PPI 

with protein-domain profiles to predict PPIs between host and pathogen proteins. 

The method consists of two phases. First, they identify the functional domains in 

each of the interacting proteins, in a given set of intra-species PPI. Then, for every 

detected pair of functional domains in each of the interacting proteins, they use 

Bayesian statistics to assess the likelihood that two proteins with that pair of 

domains will interact, applying an adaption of the sequence-signature algorithm 
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presented by Sprinzak and Margalit [178]. This method was applied to the human-

Plasmodium system and was able to identify some biologically relevant sub-

networks that can act as the starting point for therapeutic development. 

The approach of Davis et al. [234] consists of a computational whole-genome 

protocol that generates testable predictions of host-pathogen PPI. The protocol 

first scans the host and pathogen genomes for proteins with similarity to known 

protein complexes, and then assesses these putative interactions, using structure 

whenever it is available. Finally, it filters the remaining interactions using 

biological context, such as the stage-specific expression of pathogen proteins and 

tissue expression of host proteins. The method was assessed by comparison to a 

set of known host-pathogen interactions, comparison to gene expression and data 

describing host and pathogen genes involved in the infection process, and analysis 

of the functional properties of the human proteins predicted to interact with 

pathogen gene products. 

Lee et al. [235] used animal models to detect orthologs between human and 

other eukaryotic species’ gene products. They employed the detected orthologs 

combined with experimentally determined PPIs in order to infer interologs, i.e., 

interactions transferred from model organisms. After applying this method to 

predict Homo sapiens-Plasmodium falciparum protein interactions, the authors 

defend that they may have found a possible drug target to treat malaria and 

prevent its infection. 

In order to surpass the limitations of Dyer et al. [233] and Davis et al. [234], 

Tastan et al. [236] applied a new method that uses multiple data sources, 

including co-occurrence of functional motifs and their interaction domains and 

protein classes, GO annotations, post-translational modifications, gene expression 

profiles, similarities to known protein complexes, and protein properties. They 

trained and tested a random forest classifier with this feature set. The resulting 

mean average precision was 0.23 (23% of all detected PPIs are true positives). 

The approach of Itzhaki [237] consisted of profiling all the proteins in the 

dataset with their domain information. If a protein pair possessed two interacting 

domains, they assumed that the PPI occurred due to the presence of these 

domains. In a study using 3 different herpes viruses, they compiled a dataset of 

intra-viral and human-virus protein interactions, based on both small and large-

scale studies. Their results showed that human-virus PPI can be attributed to 

specific domain-pairs. In addition, and based on a recent report [240] stating that 

the similarity in guanine-cytosine (GC) content between virus and host is 
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indicative of viral adaption towards the host, the author compared the GC content 

of the interacting and non-interacting domains. The authors were able to show 

statistically significant differences between the two groups. 

 

3.4 Graphs in biological networks 

The interest of the biomedical community in the complete reconstruction of the 

network of protein interactions of several species has been growing progressively. 

This interactome, a term coined by Sanchez et al. [241], will provide great insight 

into the behaviour of the proteins within the cell and subsequently allow for more 

focused research. For instance, inter-species interaction maps may reveal the 

mechanisms by which a pathogen colonizes and infects its host. Infection through 

these mechanisms could then be prevented, as causative PPIs could be easily 

identified, and drugs specifically designed to target those PPIs. But even though 

wide-genome sequencing has shed light on the components of the interactome, the 

construction of complete protein interactions networks (PINs) is still remote. 

3.4.1 Graph theory  

Biological networks can be conveniently modelled as graphs, where the nodes 

can be proteins, genes, drugs, or diseases, and the edges denote direct physical 

interactions. A graph is the basic mathematical concept used to model networks, 

and can be categorized in two broad classes: directed graphs and undirected 

graphs [242]. 

An undirected single graph can be defined as 𝐺 = (𝑉, 𝐸), where V is a set of 

nodes and E is a set of edges connecting the nodes. Given two nodes i and j, the 

connection between these nodes can be defined as 𝐸 = {(𝑖, 𝑗)| 𝑖, 𝑗 ∈ 𝑉}, and these 

nodes are considered neighbours. Undirected graphs 𝐺 = (𝑉, 𝐸) whose nodes can 

be split between two separate sets 𝑉1 and 𝑉2 where every edge connects a node in 

𝑉1 to another in 𝑉2 are known as bipartite graphs.  

In contrast, a directed graph is denoted as an ordered triple 𝐺 = (𝑉, 𝐸, 𝑓) , 

where f represents a function that maps each element in E to and ordered pair of 

nodes in V. These ordered pairs of nodes are called directed edges. In such cases, 

an edge 𝐸 = (𝑖, 𝑗) is considered to be directed from i to j. 

A graph can be assigned weights to its nodes or edges, thus being termed 

weighted graph. These are defined as 𝐺 = (𝑉, 𝐸), where 𝐸 = {(𝑢, 𝑣)|𝑢, 𝑣 ∈ 𝑉}. 

Being a weighted graph, E and V can be associated weight functions of the form 
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𝑤:𝐸 → 𝑅  or  𝑤: 𝑉 → 𝑅 , respectively. Weights represent the relevance of the 

connection, and usually larger weights are associated with higher connection 

reliability. 

These graphs are used for the representation of different biological networks. 

For instance, undirected graphs can be used to depict PINs, while directed graphs 

usually represent biological pathways, signalling networks, and other types of 

networks that suggest a flow of information. Bipartite graphs can be used to 

illustrate enzyme-reaction links in metabolic pathways, and weighted graphs, the 

most widely used networks in bioinformatics, are commonly used to describe the 

sequence of structural similarities of proteins, or the co-expression of genes. In 

the following sub-sections we will review some aplications of graph theory for the 

representation of biological networks and for knowledge discovery and extraction. 

3.4.2 Network analysis for the characterization of disease genes 

In current clinical practice, diseases are mainly characterized by their 

phenotype. For instance, a neurodegenerative disease is defined as a condition in 

which nerve cells are lost, leading to a specific range of phenotypes. Since the 

pathogenesis mechanism is shared between several neurodegenerative diseases, 

some of their phenotypes will overlap [243]. Additionally, topological features of 

the PINs are proven to reflect the functionality of the interacting genes. This was 

demonstrated in yeast, where essential genes were more likely to be well 

connected and globally centred in the PIN [244, 245]. Also, globally centred PPIs 

tend to be well conserved and function as an evolutionary backbone for the 

network [244]. Based on this notion, Wachi et al. [246] studied differentially 

expressed genes in lung squamous cancer tissues. They assessed the degree 

distribution and centrality of the set of differentially expressed genes in a human 

PIN. The set of differentially expressed genes was obtained via microarrays of 

lung tissue samples of five patients with squamous cell carcinoma of the lung. 

The same number of normal tissue samples was collected to serve as control. 

After normalization of the array data, the genes that were statistically different 

(paired t-test, P < 0.05) from normal tissue were labelled as differentially 

expressed genes and subsequently mapped to PIN for subsequent analysis. 

Topological analysis of the set of differentially expressed genes revealed that the 

genes up-regulated in lung cancer have a positive correlation with the number of 

edges associated with them, indicating that these genes are highly connected. 

Although down-regulated genes also have a positive correlation with regard to 
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connectivity, it is slightly lower than the up-regulated genes. Finally, they used 

the k-core analysis method [detailed in 246] to assess the centrality of the 

differentially expressed genes. The authors concluded that the up-regulated genes 

are centrally located in the PIN. Although the down-regulated genes are close to 

the up-regulated genes, the same conclusion cannot be made. 

Jonsson and Bates [247] investigated cancer gene proteins in a human PIN 

constructed using computational methods. They reported that human proteins 

translated from genes known to be involved in cancer show a network topology 

that is different from that of proteins not documented as being mutated in cancer. 

Particularly, and similarly to the findings of Wachi et al. [246], cancer proteins 

exhibited an increase in connectivity, more specifically and on average, twice as 

many interacting partners. Additionally, they appear to participate in central hubs 

rather than peripheral ones, showing their greater centrality and participation in 

networks that form the backbone of the proteome. Lastly, they also observed that 

cancer proteins contain a high ratio of domains with a high propensity for 

mediating PPIs, i.e., domain promiscuity. 

Goh et al. [248] constructed a network of disorders and disease genes linked by 

known gene-disorder associations to study all known phenotype-disease 

associations. This network has the potential to determine the genetic origin of 

many diseases. They found that the products of genes associated with similar 

disorders have a high likelihood of engaging in physical interactions. Also, these 

genes show higher expression profiling for their transcripts. Together, these 

findings support the existence of distinct disease-specific functional modules. 

They also discovered that critical human genes are more likely to encode hub 

proteins and are widely expressed in most tissues, suggesting that disease genes 

would also play a central role in the human interactome. However, and contrarily, 

they found that the great majority of disease genes are non-essential, unlikely to 

encode hub proteins and are mainly located in the functional periphery of the 

network 

Oti et al. [249] studied if PPIs could predict genes’ genetically heterogeneous 

diseases. This study was based on the premise that physically interacting proteins 

are more likely to be involved in the same cellular processes, and mutations in 

their genes may lead to similar disease phenotypes. These associations can be 

used to identify novel disease genes. They collected and used 72.940 human PPIs 

to search 432 loci for candidate disease genes representing 383 genetically 

heterogeneous hereditary diseases. Then, and for each disease, they compared the 
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protein interacting counterparts of its known causative genes with the disease 

associated loci lacking known causative genes. Interacting gene products located 

within such loci were considered candidate disease gene predictions. Finally, they 

tested the prediction accuracy using a set of known disease genes. Their study 

resulted in 300 candidate disease gene predictions, with an expectancy of at least 

10% to be actual disease genes. 

With the same goal, Franke et al. [250] collected information on pathway 

relationships and developed a functional human gene network derived from 

selected PPI databases. Also, they implemented a Bayesian framework to 

complement the collected relationships with predicted interactions based on the 

GO biological processes and molecular functions. Additionally, they incorporated 

experimental data obtained from human microarrays, human yeast two-hybrid 

interactions and interactions based on orthologous high-throughput PPIs from 

lower eukaryotes. The resulting PIN was used to develop a “Prioritizer” 

algorithm, which ranks a set of possible disease-causing genes for each 

susceptibility locus. Their results represented a 2.8-fold increase over random 

selection of disease-causing genes. 

Lage et al. [251] created a phenome-interactome network via large-scale 

analysis of human protein complexes comprising proteins known to be implicated 

in many different categories of human diseases. To this end, they integrated 

quality-controlled human PPIs with a validated, computationally derived 

phenotype similarity score, allowing the identification of previously unknown 

complexes likely to be associated with disease. Using a phenomic ranking of 

protein complexes linked to human disease, they developed a Bayesian predictor, 

which correctly ranked the known disease-causing protein as the top candidate in 

298 of 669 linkage intervals, and provided novel candidates in 870 intervals with 

no identified disease-causing genes. 

3.4.3 Construction of disease pathways from PINs 

Accurate construction of protein interaction networks shows great potential in 

the understanding of the physiological function of disease-causing genes. This 

knowledge can then be used to identify disease sub-networks for potential 

pharmacological targeting. For instance, Goehler et al. [252] developed a strategy 

combining data from library and matrix yeast two-hybrid screens to generate a 

disease PIN for Huntington’s Disease (HD), an inherited neurodegenerative 

disorder characterized by motor impairment, personality changes and subcortical 
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dementia. It is caused by an expanded polyglutamine tract in the N-terminal part 

of huntingtin, an ubiquitously expressed multidomain protein [253]. By the time 

their paper was published, there were 42 confirmed interacting partners for 

huntingtin [reviewed in 252]. Once the PIN for HD was completed, they searched 

for proteins that might induce huntingtin aggregation. The yeast two-hybrid-

derived network contained 186 PPIs, among 35 bait and 51 prey proteins. 

Furthermore, network analysis allowed the functional annotation of 16 

uncharacterized proteins, and led them to pinpoint a G protein-coupled receptor 

kinase-interacting protein called GIT1, which promotes huntingtin aggregation. 

Even though the performed tests were mainly experimental, the support obtained 

from creating a PIN is irrefutable. 

The work of Lim et al. [254] focused on the establishment of a PIN for human 

inherited ataxias and disorders provoked by Purkinje cell (PC) degeneration. This 

PIN was constructed using yeast two-hybrid screens and comprised 54 proteins 

involved in 23 inherited ataxias. The initial network was expanded by the addition 

of high-quality literature-curated and evolutionary conserved interactions, 

totalizing 6972 potential PPIs between 3607 proteins. Analysis of the constructed 

interactome revealed that the network is highly connected and that several ataxia 

proteins indeed interact. The authors also demonstrated that there are common 

pathways involved in this class of neurodegenerative diseases, thus allowing for 

the identification of candidate genes for inherited ataxias. 

In an experimentally similar approach, Pujana et al. [255] aimed to identify 

genes potentially associated with higher risk of breast cancer. Identically to Lim et 

al. [254], they established an initial network. This network comprised four breast 

cancer tumour suppressor genes, and was expanded via combination of gene 

expression profiling with functional genomic and proteomic data from various 

species. The finalized network contained 866 potential functional gene 

associations between 118 genes, with a higher connectivity than would be 

expected by chance. This suggested that the genes intervening in the network are 

most likely components of biologically related pathways. After analysing the 

network, the authors reported the finding of a previously unknown functional 

association between the centrosomal subunit encoder gene, HMMR, and the breast 

cancer-associated gene, BRCA1. Further investigation suggested that the HMMR 

locus is associated with higher risk of breast cancer in humans. 

Lee et al. [256] took the extra step and besides constructing the PINs for 

schizophrenia, bipolar disorder and major depression, they identified previously 
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unknown disease marker genes and drug targets for the three mental diseases. The 

decision to explore these three diseases was based on the fact that they share some 

symptoms, suggesting related disease mechanisms. The network was established 

by microarray analysis of post-mortem samples of the prefrontal cortex of 

schizophrenia, bipolar disorder, and major depression patients, only considering 

physical PPIs. The authors assumed that the abundance of proteins and mRNA 

were positively correlated in brains, PPIs were more likely to occur between 

proteins with similar expression patterns or which were more abundant, and that 

the more abundant proteins participated in more active biological processes. They 

identified some common genes between the networks (MUSK, PARK2, and 

AP4M1), potentially indicating shared disease mechanisms. Moreover, they also 

found shared disease genes with other mental diseases, like Alzheimer’s disease 

and Parkinson, and metabolic diseases, such as diabetes mellitus type 1 and 2. All 

the reported genes with the addition of three others (APP, UBC, and YWHAZ) 

were proposed as potential drug targets. 

These studies share some interesting common conclusions. First, PINs allow 

the identification of genes, or their respective products, that have the potential to 

cause a disease. Secondly, after identifying those ‘nodes of interest’ it is possible 

to create secondary pathways that can provide a plausible hypothesis on the 

pathogenesis mechanisms of the disease being analysed.  

In a similar manner, several other networks specific for certain ailments 

(schizophrenia, asthma, tumours, infectious diseases and cardiovascular diseases) 

have been constructed [257-264]. Disregarding the particular methods of network 

establishment, which were either high-quality literature mining, high-quality data 

base mining, high-throughput experimental techniques, or from a more complex 

network [reviewed in 264], as shown by the work of Lee et al. [256], the 

secondary disease pathways can be used to investigate potential targets for 

pharmacological therapy. 

3.4.4 Understanding drug-target associations through network analysis 

Drug discovery has come a long way since Paul Ehrlich hypothesized that 

chemoreceptors from different species and from cancer cells would be different 

from those in host organisms and in healthy cells, thus being viable for drug 

targeting [265]. In the same way that this theory gave birth to chemotherapy and 

completely revolutionized disease therapeutics in the 20th century, we believe that 

the unveiling of the human interactome will revolutionize rational drug discovery. 
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In an attempt to evaluate how drug design was being processed, Yildirim et al. 

[266] constructed a network of proteins and drugs approved by the US Food and 

Drug Administration (FDA). In this network, both the drugs and the proteins 

targets are represented as nodes, while edges represent binary associations 

between them. From this so-called drug network, they generated two network 

projections: a drug network and a target-protein network. In the drug network, 

nodes represent drugs and edges represent links between drugs that share at least 

one common target protein. In the target-protein network the nodes represent 

proteins and edges represent links between proteins that are targeted by at least 

one common drug. If most drugs specifically targeted one protein, the drug 

network would mostly consist of isolated nodes. However this does not happen, 

since out of 890 approved drugs with known human protein targets, 788 have at 

least one link to other drugs. Likewise, in the target-protein network, 305 out of 

394 target proteins are linked to other target proteins. The authors state that drug 

promiscuity was once undesirable, but recent successes with anticancer drugs and 

non-selective drugs for mood disorders and schizophrenia seem to be shifting the 

industry toward such polypharmacology. In-depth analysis shows that well-known 

drug targets remain the preponderant targets of new drugs, even though there have 

been some efforts to expand the range of drug targets. Network analysis combined 

with expression profile analysis showed that drug targets occupy specific regions 

in the interactome network, having different topological signatures when 

compared with essential proteins. Additionally, distance metric analysis revealed 

that most drugs are palliative and do not actually affect the protein responsible for 

a given disease. Finally, with the recent improvements of the genetic basis of 

disease, drug targets are becoming more related to disease-gene products. The 

authors believe that future attempts at rational drug design will be based on 

system pharmacology, that is, the effect of a drug on the upstream and 

downstream pathway of the drug target.  

Nacher et al. [267] also built a bipartite graph of FDA approved drugs, but they 

associated drugs with their respective therapeutic applications. Their work 

showed that the average path in the drug-therapy network was shorter than three 

steps. This indicates that distant therapies are separated by a low number of 

chemical compounds. By using a set of network centrality measures (degree, 

betweenness and closeness) they observed that the network had a scale-free 

appearance, suggesting that drugs with multiple targets introduce new network 

disruption and system-oriented strategies. 
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González-Diaz et al. [268, 269] also used the list of all FDA approved drugs in 

their approaches to identify possible drug targets. Their first method [268] 

consisted in the development of a multi-target quantitative structure-activity 

relationship (QSAR) classifier combining the MARCH-INSIDE software [270] 

for the calculation of the structural parameters of drug and target with the linear 

discriminant analysis (LDA) method to seek the best final model. The accuracy of 

the best LDA method was 94.4 % for the test set. A second and almost identical 

approach [269] just swapped the LDA for an artificial neural network to find the 

best model, finding a multi-layer perceptron as the best model (91.3 % accuracy). 

Although hub proteins could be considered viable targets, it is necessary to 

consider all the pathways where a given hub protein is involved. This is of 

extreme importance, as in addition to disrupting an undesirable biological process, 

the blocking of a hub protein of interest may induce several side effects. 

3.4.5 Drug target prediction based on network analysis 

Several network-based strategies were developed to predict putative drug 

targets aiming to minimize side effects in humans. Hwang et al. [271] suggested a 

novel network metric to identify drug targets. This new ‘bridging centrality’ 

approach is potentially capable of identifying vital nodes involved in connecting 

modular sub-regions of a network. Establishment of the desired topological and 

biological characteristics of bridging nodes was performed using a set of yeast 

networks and three human networks, resulting in a selection of nodes 

considerably different from those with high degree and betweenness centrality. 

Results showed that bridging nodes can disrupt the desired biological process with 

little impact on unimpaired pathways, thus being promising drug targets. 

Ruths et al. [272] and Dasika et al. [273] developed similar strategies to 

identify potential drug targets. Both approaches focus on the identification of the 

set of nodes in a given network that are required to be disconnected in order to 

disrupt or block an undesired process. The strategy of Ruths et al. [272] consisted 

of formulating and solving two problems on a graph-theoretic formalization of a 

biological signalling network model: the constrained downstream and minimum 

knockout. After testing this approach on the epidermal growth factor receptor 

network, they identified the correct nodes in seconds. 

Dasika et al. [273] used the min-interference framework to identify all input-

output connections of nine signalling pathways implicated in prostate cancer. The 

min-interference framework is then used to pinpoint the minimal sets of nodes 



 52 

required to be disconnected to negate undesired outputs while not affecting 

desired ones. 

The attempts of Singh et al. [274] and Sridhar et al. [275, 276] were both based 

on metabolic pathway analysis. Singh et al. [274] constructed the metabolic 

pathway of Entamoeba histolytica, a parasite responsible for 50 million cases of 

amoebic dysentery in humans each year. First, they used BLAST [277] to identify 

E. histolytica enzymes with no similarity to any human enzyme. This was done to 

prevent cross-reaction with human enzymes. Secondly, they performed choke 

point analysis of the network, a strategy based on an enzymatic reaction that 

either exclusively consumes or produces a specific product in the metabolic 

network. All enzymes meeting these criteria were considered potential drug 

targets, since their inhibition would result in the lack of a vital metabolite, or 

excessive accumulation of another metabolite inducing toxicity, probably 

resulting in the death of the parasite.  

Sridhar et al. [275, 276] developed an algorithm that detects precursors of the 

target compounds and runs the network to identify the enzymes whose inhibition 

will provide the best balance between hindering target compound production and 

minimal side-effect manifestation. Experiments on Escherichia coli showed that 

the average accuracy of the method is almost identical to that of the exhaustive 

search. 

Stites et al. [278] performed a systems-level analysis of the oncogenic Ras 

signalling network using a self-developed and validated mathematical model of 

Ras signalling. Ras is a protein family expressed in all animal cells, whose protein 

members are involved in cellular signal transduction. This equation was used to 

compare hypothetical Ras drugs, identifying which drug was able to better inhibit 

the cancerous Ras network, while not affecting the healthy wild-type network. 

A computational framework called drugCIPHER was developed by Zhao and 

Li [279] based on the correlations observed in pharmacological and genomic 

spaces. Accordingly, this framework infers drug target interactions in a genome-

wide scale. They proposed three linear regression models: drug therapeutic 

similarity, chemical similarity and a combination of both, relating to the 

importance of the targets on the basis of a PIN. By using drugCIPHER, they 

produced a genome-wide map of drug biological fingerprints for 726 drugs, in 

which they identified 501 drug relations, suggesting new potential targets for 

existing drugs or possible side effects. Plus, since biological fingerprint prediction 

is based on the whole system, it is possible to select the top ranked proteins in the 
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fingerprints as preliminary drug targets. Further experiments, such as docking or 

in vitro binding assays, will validate whether the selected proteins can be used as 

drug targets or not [279].  

Raman et al. [280] created a network of molecular interaction map from an 

initial set of 141 possible Mycobacterium tuberculosis targets. This network was 

expanded using the STRING [281] database, presenting 344 molecules as nodes 

and 587 edges as interactions between molecules. Network decomposition by k-

core analysis (k = 7) resulted in the identification of five cliques, that is, five 

complete subgraphs G’. After clique analysis, they identified two essential 

metabolic pathways for the microbe survival that contained no analogous proteins 

in humans, making the proteins contained in those pathways promising drug-

targets. 

3.4.6 Application of protein interaction networks in drug discovery 

As mentioned above, there is strong evidence that key parts of a PPI network 

are disrupted in several diseases. Such a property has made PIN exploitation a 

very attractive drug target discovery strategy. Still, drug design directed to PPIs is 

more puzzling than the traditional small molecule drug design. For instance, 

enzymes and G-protein-coupled receptors have natural small-molecule partners, 

something that does not happen with PPIs, as they have no convenient natural 

substrate to be used as a model for small-molecule design. There is considerable 

interest in targeting PPIs with small molecules as these are cheaper and can be 

administrated orally [282]. However, since usual protein-protein interfaces are 

large (~1500-3000 Å2), flat, and relatively featureless [283], it is even more 

difficult to design such inhibitors [284].  

Another important drawback is that most contact surfaces in PPIs involve 

amino-acid residues that are not contiguous in the protein sequence, meaning that 

peptides originated from short contiguous protein sequences will not be viable 

starting points for drug design. Also, it is rare to identify compounds able to 

disrupt PPIs, even with the use of high-throughput screening techniques [285, 

286]. And finally, even though highly specific biomolecules like monoclonal 

antibodies and polypeptide hormones frequently bind to PPI contact surfaces, only 

a very small percentage of small-molecule drugs are approved for therapeutic use 

[282]. 

‘Hot spots’, a concept first described by Clackson and Wells [287] and 

supported by alanine-scanning mutagenesis studies [99], show great promise in 
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meeting these challenges. A PPI hot spot is a central hydrophobic region within a 

protein-protein interface which contains two tryptophan residues and is 

responsible for more than three-quarters of the free binding energy [287]. These 

characteristics allow hot spots to be ‘promiscuous’, or adaptable, enabling the 

binding of different targets to the same protein [288]. Additionally, evidence of 

competitive inhibition for PPI hot spots between small peptides and the natural 

protein partners [reviewed in 282] suggests that drug discovery based on PIN 

analysis may be a possibility. 

The studies of Pagliaro et al. [289], Fry [290], and Wells and McClendon [282] 

focused on the identification of small molecules that compete with at least one of 

the natural interacting counterparts of a PPI. There are some common conclusions 

shared between these studies, for instance, the lack of similarity between the PPI 

inhibitors to any set of known drugs, the supposition that there is no group of 

small molecules that will be able to inhibit the entire PPI class (unlike the case for 

protein kinases and G-protein coupled receptors [282]), and the fact that PPI 

inhibitors are scarce in the most popular chemical-screening libraries. Another 

study [291] states that these small PPI inhibitors are generally larger and more 

lipophilic than conventional drugs. It was also noticed that PPI inhibitors tend to 

create hydrophobic interactions with only a few hydrogen bonding contacts, 

which might be related to the fact that these small molecules are slightly less 

efficient than the average known drugs. 

The relevance of identifying hot spots is undeniable; however, alanine 

scanning mutagenesis studies are not an easy task. Several computational 

approaches have been proposed to assess this problem: energy based methods 

[292, 293], which estimate the energetic contributions of residues in protein-

protein interfaces and return a list of potential hot spots; sequence conservation 

analysis [294-297], which consists of the in silico probing of the protein sequence 

for conserved regions and is based on the assumption that hot spots are 

evolutionarily conserved; and most recently, in solvent accessible surface area 

[298], which calculates the change in solvent accessible surface area after binding 

for each side-chain and estimates its respective contribution to the binding free 

energy, identifying a few interface residues including at least one hot spot. 

Although these approaches are a good starting point for the design of a small 

molecule inhibitor, the most efficient computational methods involve 

combinations of some methods. 
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The approach of Darnell et al. [299] uses decision trees to combine two 

knowledge-based models, one using shape specificity features and the other using 

biochemical contact features. 

Guney et al. [300] collected protein interface data from the PDB and searched 

for conserved residues in interfaces with certain buried accessible solvent area 

(ASA) and complex ASA thresholds, flagging these as hot spots. They also 

applied machine learning techniques (SVM, decision trees and decision lists) to 

further predict hot spots. 

Several new features to detect hot spots were proposed by Cho et al. [301]. 

They employed a decision tree to identify the best subset of features to predict hot 

spots, and based on the final feature set, the predictive model was created using 

SVM. Tuncbag et al. [302] combined ASA and the statistical pairwise residue 

potentials of the interface residues to infer hot spots. The model was finalized 

with the application of several machine learning techniques (decision tree, 

decision table, SVM, BayesNet, naïve Bayes, RBFNetwork, and Majority 

Voting). 

Machine learning and energy-based methods was the combination suggested 

by Lise et al. [303]. As energetic terms they considered van der Waals potentials, 

solvation energy, hydrogen bonds and Coulomb electrostatics. These terms were 

used as input features for the SVM and Gaussian Process machine learning 

algorithms. Zhu and Mitchell [304] generated several features and selected two 

different feature combinations. One was composed of eight features mainly 

related to solvent accessible surface area and local plasticity, while the other 

consisted of seven features, with only two features identical to the first 

combination. This was done for performance comparison purposes. The two 

models were then built using SVM. Finally, Koes and Camacho [305] extracted 

small-molecule inhibitor starting points from protein-ligands and protein-protein 

complexes from PDB. These molecules were then used to train two different 

classifiers, SVM and exhaustive rule classifier. After performing a PDB-wide 

analysis they reported that approximately half of the total PPIs might be inhibited 

by specific small-molecules. 

While the individual contributions of each method might not solve the problem 

of hot spot prediction, integration of the knowledge attained from the different 

efforts is definitely a step forward in this matter. This is especially true since the 

results of these studies can be directly applied in drug discovery. One example is 

the work of Rajamani et al. [306]. They performed molecular dynamics 



 56 

simulations on a set of proteins with a common feature: their complex structures 

were particularly difficult to predict. They identified the anchor residues in 39 

protein-protein complexes and found that the conformation of the anchor side 

chains when bound in a complex is similar to that in an unbound state. This 

suggests that physical interactions do not involve structural rearrangements at the 

core of the binding interface, allowing the design of small molecules that mimic 

small clusters of key residues. Although, this knowledge has been used to produce 

small molecule inhibitors for a few PPI targets [307-309], we are not aware 

whether any lead compounds have been developed from computational PPI 

predictions. 

3.5 Final considerations 

In this chapter we described the state-of-the-art computational approaches used 

in PPI prediction and explored their potential for rational drug design. The various 

methods presented here used very distinct metrics, which prevented direct 

comparisons between them. Applying every single method to the same 

experimental PPI data set could prove useful in measuring the relative 

performance of each method. 

Indeed, given that inter-species PPI prediction is considerably more 

challenging than intra-species prediction, we believe that the future of 

computational PPI forecasting, will involve combinations and adaptations of 

existing techniques. This kind of approach will ideally maintain the advantages of 

the single methods, while circumventing their disadvantages. 

We have investigated whether graph theory could be used to support the 

prediction and characterization of potential drug targets. We found several studies 

focusing on PPI networks, describing the typical topological features found in 

gene networks. These studies report that essential genes have several connections 

and are centrally located in the network [244, 245]. 

Gene-disease networks [249-251] were used to predict disease-causing genes. 

These networks were built on the premise that the network-neighbor of a disease-

causing gene would most likely be involved in a disease with a very similar 

phenotype to the identified disease gene. Such knowledge can then be used as a 

starting point to identify disease-related sub-networks, which provide better 

grounds to hypothesize the most likely pathogenesis mechanisms of a given 

disease and to identify possible drug-targets. 



 57 

By studying known drugs and their relationship with essential proteins of a 

pathway it is possible to learn more about their targets. Drug networks, 

connecting drugs sharing the same target protein or proteins being targeted by the 

same drug, were most valuable in addressing this issue [266, 310]. When the 

relative positions of the known drug targets in a PPI network were compared to 

those of essential proteins, it was found that they had different topological 

signatures. This suggested that systems pharmacology is a viable direction to look 

into, as the inhibition of an upstream protein in the pathway may be able to 

produce the desired therapeutic effect, while not causing many side effects, when 

compared to the direct inhibition of an essential protein. A drug-therapeutic 

application network [267] corroborated this assumption, as various drugs with 

multiple applications seem to introduce network disruption based on system 

strategies. Not surprisingly, these studies were based on several drug target 

identification strategies [271-276, 278-280]. 

Furthermore, from the strategies used for the identification of putative PPI 

hotspots [287, 292-306], we realize that PPIs  can be used directly to define 

strategies for drug discovery. Unsurprisingly, some of these approaches already 

have been applied in real problems [307-309] and yielded interesting results. 

Even though there have been some serious efforts on the development and 

improvement of computational PPI prediction methods, the independence of 

computational methods from experimental techniques is still a utopia. Still, it is 

indisputable that rational drug design greatly benefits from the use of 

computational approaches. The construction of different types of networks allows 

data visualization in an otherwise unviable manner, as these networks are 

predominantly vast. This type of data visualization is ideal for extracting several 

types of information, such as detection of genes or gene products most likely to be 

implicated with diseases, or the identification of disease sub-networks and 

subsequently revealing previously undocumented disease mechanisms. Plus, it is 

also possible to fully characterize the topological features of a known protein 

target, allowing tracing of proteins with similar features and therefore, potential 

targets for pharmacotherapy. With some extra computational effort it is also 

possible to rule out essential proteins from the ‘potential drug-target list’, as the 

inhibition of these will surely cause a few side effects. Use of algorithms to 

pinpoint the protein whose inhibition will prevent the disease while causing the 

least side effects is a short-term reality. 
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We have seen that only a few efforts have been made in inter-species PPI 

predictions, using approaches which mainly consisted of combinations or 

adaptations of previous methods. We believe that computer methods will play a 

key role in the drug target identification process. This will directly and greatly 

influence the drug design process, as pharmaceutical companies will have easy 

access to highly probable drug targets, resulting in a heavy reduction of expenses 

associated with the initial phases of drug design. Additionally, since the drug 

identification process is performed in a systems fashion (i.e. optimized for the 

minimization of adverse drug reactions), there will also be a reduction on the 

costs related to pharmacovigilance.  
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4 Computational prediction of the oral 
ecosystem interactome 

The oral cavity is an environment particularly prone to bacterial colonization. 

This is mostly due to the fact that human, microbial and environmental factors 

interact in a dynamic equilibrium within the human oral cavity. However, shifts in 

the normal composition of this microbiota may result in the onset of oral ailments, 

such as periodontitis and dental caries. Although microbial colonization of the 

oral cavity is mediated by PPIs between the host and microorganisms, this type of 

PPIs remains largely undisclosed.  

In this chapter we propose a computational PPI prediction method and present 

the first model of the putative human-microbial oral interactome to elucidate the 

host-pathogen PPIs occurring in the oral cavity1. This information is not only 

important to obtain a better understanding of the pathways involved in the onset 

of infectious oral diseases, but also for the identification of potential drug-targets 

and biomarkers. 

4.1 Background 

Given its proximity to the outside environment the oral cavity is one of the 

major entry points for bacteria. Indeed, more than 700 bacterial species have been 

identified in the oral cavity, and these species differ between individuals [311]. 

Some of these oral microbes have been associated with common oral diseases, 

such as periodontitis and caries, yet they are also present in healthy individuals 

[312, 313]. Saliva plays an important role in maintaining the integrity of the oral 

microbiome, which is evidenced in case of salivary clearing impairment. This 

situation often leads to changes in the oral microbiome towards Gram-negative 

bacteria, which in turn may spread to the respiratory tract resulting in pulmonary 

diseases [314]. However, saliva does not prevent bacterial adhesion and 

colonization. 

                                                      
1 This chapter is largely based on the paper Coelho ED, Arrais J, Matos S, Pereira C, Rosa N, et al. (2014) 

Computational prediction of the human-microbial oral interactome. BMC Systems Biology 8: 24. 
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As mentioned in Chapter 2, PPIs are essential for bacterial colonization and the 

establishment of infection in host-pathogen systems. Bacterial colonization of the 

oral cavity starts with the adhesion of primary colonizers to the mucosal and 

dental surfaces. Early colonizers are typically bacteria able to withstand the high 

oxygen concentrations in the oral cavity environment and the various removal 

mechanisms [315]. Their replication results in the creation of several microbial 

layers, nutritional and atmospheric gradients, allowing the attachment and 

consequent colonization by secondary colonizers. As the oxygen concentration 

between layers decreases, anaerobic bacteria can survive [316-318]. Secondary 

colonizers often include biofilm-producing bacteria (e.g., Porphyromonas 

gingivalis and Bacteroides forsythus). Although bacterial biofilms can be simply 

defined as a community of microorganisms attached to a surface, they are resilient 

and impervious to removal, which further perpetuates oral infections [319, 320]. 

Reasonably, one can expect that understanding the human interactome will 

provide insight into physiopathological mechanisms, and how to prevent them. 

Thus, here we present a computational model to predict a first draft of the inter-

species interactome from the human oral cavity. Determination of the salivary 

interactome will clarify the role of saliva in oral biology and enable the 

identification of disease biomarkers. The presence of blood exudate proteins and 

exfoliated epithelial cells in saliva suggest it may be an alternative to blood as a 

diagnostic fluid in many instances. Additionally, if we consider the systemic 

nature of saliva, the ease and low cost associated with its handling, and the 

minimal risk linked to its collection for both medical staff and the patient, the 

reason for studying the oral cavity becomes clear [321]. 

4.2 Integrative prediction approach 

The procedure applied to achieve the model of the human-microbial 

interactome is summarized in Figure 4.1. The starting point of this work is a set of 

4,707 proteins identified by proteomic studies as being present in the oral cavity 

and that are available on the OralCard database [322, 323]. 

Since there is no well-established gold standard for PPIs, we collected data 

from five databases that contain high-quality experimentally determined 

interactions which will be thoroughly described in the following sections. The 

PPIs extracted from the five databases were merged, creating our gold standard of 

positive interactions. 
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Figure 4.1. Workflow applied on the construction of the Human-microbial oral interactome. 

a) the proteins identified on the oral proteome are obtained from the Oralcard database; b) the gold standard 

used for training and validation is obtained by combining the five most relevant curated protein interaction 

databases; c) for each protein interacting pair five clusters of features are constructed; d) the previously 

trained classifier is applied to each pair of interaction; and e) finally the interactome network is obtained by 

combining the individual pairs of proteins. 

The gold standard of negative interactions was obtained by randomly pairing 

the protein list on the premise that all protein pairs produced must differ from 

those on the positive dataset. A total of 18,371 positive and a similar number of 

negative pairs were obtained. Simultaneously for each possible pair of proteins, 

we constructed five clusters of features based on: literature; primary protein 

sequence information; orthologous profiles; biological process similarity; and 

enriched conserved domain pairs. This was performed by accessing public 

databases, extracting and then processing the collected data. 

The gold standard dataset is used to train a naïve Bayes classifier and 

additionally, to perform further validations on the final model. The classifier is 

then applied to the set of all possible pairs of protein interactions. Finally, by 
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aggregating all individual pairs of predicted interactions, the final network is 

obtained. 

4.2.1 Dataset construction 

As a starting point for our study we used 3,500 human proteins and 1,207 

microbial proteins collected from the OralCard database, totaling 4,707 proteins. 

These proteins were identified via proteomic analysis of the saliva, by using either 

two-dimensional (2D) electrophoresis coupled with mass spectrometry, or 2D 

liquid chromatography and mass spectrometry. Apart from some special cases, the 

contribution of microbial proteins to the oral proteome has not been assessed by 

proteomic analysis. Therefore, most of the 1,207 microbial contribution to the oral 

proteome was obtained from the Human Oral Microbiome Database [324] and the 

Human Microbiome Project [45]. 

All data used in the construction of the positive dataset (PDS) and the negative 

dataset (NDS) was downloaded in March 2013. We collected experimental oral 

PPI data from five databases: 14,139 PPIs from BioGRID [140]; 254 PPIs from 

DIP [133]; 3,555 PPIs from HPRD [142]; 4,135 PPIs from IntAct [136]; and 

1,481 PPIs from MINT [139], totaling 23,564 protein interactions (Figure 4.2). 

We selected these databases as they exclusively contain experimentally 

determined PPIs, which were manually curated by experts. The PPI pairs from the 

five databases were merged and duplicate entries were removed. From a total of 

23,564 PPIs, 5,193 duplicated entries were removed, resulting in a PDS of 18,371 

protein pairs. 

The selection of negative examples to integrate the NDS was based on two 

methods described in the literature [325]. These methods consist of randomly 

selecting protein pairs that are not present in a veto list containing all PPIs from 

the positive data set. The use of this strategy was considered acceptable because 

the probability of committing an error while picking a random pair is low. The 

probability of error e is given by, 

 

𝑃(𝑒) =
𝑁×𝐾

𝑁×(𝑁 − 1)
=

𝐾

𝑁 − 1′
(𝐾 ≪ 𝑁) ⇒ 𝑃(𝑒) ≅ 0 

 

where N is the number of proteins and K is the average degree for the final PPI 

network. In this study the N is 4,707 and the typical value of K for PPIs is 

between 6 and 16.  
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Figure 4.2. Venn diagram representing the intersections between the five high-quality experimentally 

determined protein-protein interaction databases. 

Numbers in bold refer to the original PPIs in the database; encircled numbers are the number of PPIs after the 

filtering process. 

Using this strategy we generated a NDS of a size similar to that of the PDS 

(18,348 negative protein pairs), and combined it with the PDS to obtain a training 

data set with 36,719 PPIs. 

 

4.2.2 Feature extraction 

Literature mining 

The literature-based protein-protein interaction scores were calculated by the 

method described in van Haagen et al. [326]. This method is based on comparing 

the semantic contexts in which two proteins are mentioned in the published 

literature. The rationale for the method is that two proteins occurring in similar 

contexts will have a higher similarity score and are therefore more likely to 

interact. The semantic context for a given protein is defined by the concepts, from 

a pre-defined vocabulary, that are frequently mentioned in the same articles with 

that protein, and is represented by a vector containing a weight for each concept. 

These weights are based on the co-occurrence statistics, and measure the degree 

of association between the protein and each concept. Following Jelier et al. [327], 

we use the symmetric uncertainty coefficient 𝑈(𝑋𝑖, 𝑌𝑗) – where 𝑋𝑖 is in this case 
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the protein of interest and 𝑌𝑗  is any other concept in the vocabulary – as the 

weights used for creating the concept profiles, 

 

𝑈(𝑋𝑖, 𝑌𝑗) =  2 ×
𝐻(𝑌𝑗) + 𝐻(𝑋𝑖) − 𝐻(𝑋𝑖,  𝑌𝑗)

𝐻(𝑋𝑖) + 𝐻(𝑌𝑗)
 

 

where 𝐻(𝑋) is the entropy for X and 𝐻(𝑋, 𝑌) is the joint entropy for X and Y, 

calculated based on document frequency counts. 

We used a corpus of nearly one million abstracts, obtained by searching 

PubMed with 17,402 names and synonyms extracted from UniProtKB for 4,707 

proteins in the dataset, after removing nonsensical names such as 

“uncharacterized protein”. To identify the concepts mentioned in the texts we 

used Gimli [328], a machine-learning tool for gene and protein name recognition, 

together with dictionary matching to recognize other concepts from ten different 

semantic types including chemical entities, anatomical terms, diseases, pathways 

and GO terms. The dictionaries used contain around 1.3 million distinct names for 

around 400 thousand concepts. Based on the concept annotation of this corpus, we 

were able to calculate concept profiles for 22,720 protein pairs from the training 

dataset and 4,698,390 protein pairs for the classification dataset. 

Primary protein sequence information 

In section 3.3.4 we reviewed several studies where detection of protein-protein 

interaction is derived from information directly extracted from the amino-acid 

sequences. The results indicate that the sequence information alone is sufficient to 

detect PPIs with reasonable accuracy but may be improved if combined with other 

strategies. 

Considering this information, the following features from the primary protein 

sequence have been considered in this work: occurrence of the 20 amino-acids in 

the protein sequence; protein atomic composition; molecular weight; and atomic 

weight, forming a vector of 27 features. The interacting protein pair (𝑋, 𝑌) is 

represented by concatenating the corresponding features vectors 𝐹𝑥 and 𝐹𝑦 , 

represented by (𝐹𝑥, 𝐹𝑦). Thus, we were able to obtain the sequence profiles for 

35,379 proteins pairs from the training dataset and 6,703,945 protein pairs for the 

classification dataset. 
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Orthologous profiles 

By definition, a cluster of orthologous groups (COG) is a set of orthologous 

genes or an orthologous group of paralogs from three or more phylogenetic trees. 

In essence, this means that two proteins from different lineages belonging to the 

same COG are orthologous. Orthologous genes are those in different species that 

evolved from a common ancestral by convergent evolution (speciation). In 

contrast, paralogs are genes related by duplication within a genome [329]. 

Lee et al. [235] aimed to expand the interactomes of various organisms by 

applying orthologous-based methods in inter-species PPI prediction. They 

expanded orthologous pairs of 18 eukaryotic organisms and merged them with 

experimental PPI datasets, allowing the inference of PPIs for various species. 

In this work we used the STRING [281] database to obtain COGs and their 

respective combined scores. The combined score is computed by integrating the 

likelihoods from the different types of evidence, correcting for the probability of 

randomly observing an interaction. This enhances the predictive performance of 

the method as a combined score is only computed when more than one of the data 

sources in STRING supports a given association.  

We collected the orthologous profiles for 9,636 protein pairs from the training 

dataset and 1,324,230 proteins pairs for the classification dataset. 

Biological process similarity 

Previous studies have explored the use of GO annotation similarity between 

two proteins as a PPI predictor [205, 330-333]. We downloaded biological 

process information from the GO Consortium [231] in March 2013 and calculated 

the depth of the GO terms (nodes) in the directed acyclic graph, and the total 

number of proteins comprised between the smallest shared biological process for 

each pair of proteins and the following three branches. Since the depth of the GO 

terms in the directed acyclic graph is implied in the total number of proteins, post-

test odds analysis was performed solely in this feature to avoid redundancy. Such 

an approach was based on the general hypothesis that it is progressively more 

likely for the proteins comprised within a biological process to interact if the total 

number of proteins involved in that process is progressively smaller. 

We were able to obtain the gene ontology profiles for 23,769 protein pairs 

from the training dataset and 5,130,103 protein pairs for the classification dataset. 
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Enriched conserved domain pairs 

The Database of Protein Domain Interactions [334] (DOMINE) contains binary 

domain-domain interaction (DDI) data compiled from a collection of 15 databases 

and DDI prediction methods. Additionally, DOMINE provides a quality measure 

of the DDI confidence, as well as a binary classification of whether the domains 

are part of the same GO biological process. Here, we assume that whenever two 

given proteins possess one or more interacting domains between them, those 

proteins will interact. We adopted this DDI data collection as individual features 

in our approach. Since DOMINE provides DDI information from several sources, 

we tallied the number of sources that identified a DDI. This strategy confers 

higher reliability for DDI pairs with higher scores (closer to 15, the maximum 

number of DDI sources). 

We obtained the domain profiles for 5,994 protein pairs from the training 

dataset and 516,609 protein pairs for the classification dataset. 

4.2.3 Classifier implementation and evaluation 

The proposed approach was developed, tested, optimized and performed using 

Orange [335], an open-source bioinformatics tool featuring Python scripting and a 

visual programmatic interface. We used the naïve Bayes  classifier (described in 

Chapter 3.2) to predict putative PPIs in our data.  

To evaluate the performance of the proposed classifier we calculated the ROC 

curve, which is the plot of the true positive rate with the false positive rate, 

depicting the relative trade-off between both rates [336]. When comparing 

classifiers with very similar ROC curves, it may be necessary to estimate a single 

scalar value to represent the expected performance. Generally, this estimation is 

obtained by calculating the AUC [337], which we used to assess the performance. 

In addition, we evaluated the individual contributions of each feature in terms of 

classification accuracy, precision, recall, and F1-score. 

The sum of true positives (TP), which are all entries correctly identified as 

positive, and false negatives (FN), which depict positive entries incorrectly 

classified as negative, reflect the totality of positive entries (i.e., the relevant data). 

Conversely, the sum of true negatives (TN), which represent all correctly 

classified negative instances, and false positives (FP), which are negative 

instances incorrectly classified as positives, reflect the totality of negative entries. 

Therefore, classification accuracy can be defined as 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃
 , 

 

that is, the fraction of true results within the total number of instances 

classified. 

Precision and recall are often confused due to their definitions. Precision is the 

fraction of relevant instances among all the instances retrieved. In turn, recall is 

referred to as the fraction of relevant instances retrieved. Formally, precision is 

defined as 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 , 

 

whereas recall is defined as 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 . 

 

Briefly, greater precision values mean that the instances retrieved consist of 

significantly more true positives than false positives, while greater recall values 

mean that less positive instances were identified as negatives 

The F1-score is a metric that considers precision and recall, being in essence 

their harmonic mean: 

 

𝐹1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛. 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 . 

 

Although different types of F scores exist, giving precision and recall different 

weights, the F1-score weighs them equally. This is desirable, as a good algorithm 

will maximize precision and recall simultaneously [338]. 

4.2.4 Interactome visualization and analysis 

The Cytoscape [339] software environment was used to visualize and validate 

the obtained PPI network. The core software provides basic features to layout and 

query the input network, but also allows extension through plugins for dedicated 

tasks. 
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Our PIN contained PPIs that could be grouped in three different organism 

category pairs: human-human, if the interacting proteins were both from human 

origin; micro-micro, if both interacting proteins were from microbial origin; or 

human-micro otherwise. 

We imported the network data to Cytoscape defining the two proteins in the 

same interacting protein pair as Source Interaction (protein one) and Target 

Interaction (protein two). The chosen Interaction Type was the above-mentioned 

organism pair classification. A file containing node attributes was also imported, 

containing microorganism and biological process information extracted from the 

UniProt database pertaining to each individual protein in the network. 

4.3 Results and discussion 

4.3.1 Evaluating the reconstruction of the human interactome 

In this section, we evaluate the performance of the proposed method when 

applied to the set of human proteins from the gold standard. We performed a 5-

fold cross-validation to assess the combined and individual contributions of the 

clusters of features. Table 4.1 contains the results for the performance of each 

individual cluster while Table 4.2 presents the contribution of each cluster to the 

final classifier by iteratively removing them. 

The best performance is achieved through the integration of the five clusters, 

returning 0.926 AUC, 0.848 precision and 0.854 recall. These results suggest the 

relevance of all feature clusters in the classification task, as individually, the 

feature clusters perform poorer. 

The Sequence is the feature with the best overall performance (0.877 AUC) 

and the one that causes most negative impact when removed from the 

classification model, resulting in an AUC drop to 0.891. In addition, the resulting 

recall for this feature (0.813) also suggests that most relevant elements were 

retrieved, possibly due to the fact that protein sequence information is known for 

all input proteins, and therefore this feature has full coverage. 

In contrast, the COGs (0.663 AUC) and DDI (0.620 AUC) returned the lowest 

individual AUC, mainly due to the low coverage of their features. Despite that, 

they benefit from a considerably high precision that contributes positively to the 

final classifier. This is especially true for the COGs which, when removed, cause 

the greatest impact in precision. 
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Table 4.1. Analysis of the prediction performance of individual features. 

Feature AUC CA F1-score Precision Recall 

Literature 0.781 0.722 0.723 0.721 0.726 

Sequence 0.877 0.784 0.790 0.768 0.813 

GO 0.817 0.742 0.748 0.735 0.760 

COGs 0.663 0.652 0.537 0.806 0.402 

DDIs 0.620 0.617 0.424 0.861 0.281 

Final Model 0.926 0.850 0.851 0.848 0.854 

 

For each line, the metrics are obtained by considering that cluster of features on the classifier individually. 

 

 

Table 4.2. Analysis of the contribution to the overall performance of individual cluster of features. 

Feature AUC CA F1-score Precision Recall 

Literature 0.919 0.841 0.841 0.841 0.841 

Sequence 0.891 0.794 0.774 0.855 0.708 

GO 0.916 0.838 0.839 0.835 0.842 

COGs 0.923 0.846 0.847 0.842 0.852 

DDIs 0.911 0.831 0.834 0.819 0.850 

Final Model 0.926 0.850 0.851 0.848 0.854 

 

For each line, the metrics are obtained by removing that cluster of features from the classifier. 

 

 

While not exceling in any particular metric, the Literature and the GO features 

perform consistently on almost all metrics. Still, removal of the Literature feature 

causes an AUC drop to 0.919, and removal of the GO feature results in an AUC 

decrease to 0.916. 

4.3.2 Characterization of the human-microbial interactome  

The classifier returned a set of 1.9 million possible interactions with a 

probability higher than 0.5. This corresponds to an average degree of 404 

interactions per protein, which is much above the range of 3 to 30 documented in 

previous studies [340]. Additionally, there are reports of yeast two-hybrid 

screenings, the most commonly used high-throughput experimental method, 

reaching false-positive rates of 70% [341]. 

Considering this, and to minimize the presence of false positives in our 

predicted interactome, we filtered our prediction results to consider only very high 

confidence PPIs (probability ≥ 1-10−7). We neglected the recall for the sake of 

precision. As shown in Figure 4.3, the cutoff of 1-10−7 is the lowest probability 

value where an increment does not imply a decrease in the number of interactions. 
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This cut-off resulted in 46,579 PPIs, with 37,407 being between human proteins, 

6,394 between human and microbial proteins, and 2,778 between microbial 

proteins. The average number of protein interactions per protein after the cutoff 

was 8. 

A visual representation of the interactions between the various organisms 

found in the oral cavity and the human host is presented in Figure 4.4. Intra-

species interactions are not shown. The thickness of the ribbons between each 

organism is correlated with the number of PPIs between both organisms, meaning 

that the organisms sharing highest number of PPIs with the human are Rothia 

mucilaginosa, Leptotrichia buccalis, and Actinomyces odontolyticus. 

With the exception of Homo sapiens with 3,030 proteins, the most represented 

organisms in the human oral cavity are Rothia mucilaginosa (strain DY-18) 

(Stomatococcus mucilaginosus), Actinomyces odontolyticus (strain ATCC 17982), 

and Streptococcus salivarius (strain SK126), with 68, 54, and 26 proteins, 

respectively. These organisms are opportunistic pathogens known to be associated 

with periodontitis [342] and caries [343]. 

The most frequent GO biological processes identified are related to host-

microbial interactions: GO:0044281 (small molecule metabolic process) involved 

in 173 PPIs; GO:0019048 (viral interaction with host) involved in 161 PPIs; and 

GO:0045087 (innate immune response) involved in 145 PPIs. We also identified 

the top three human hub-proteins present in our data: epidermal growth factor 

receptor (EGFR) (UniProt accession P00533) involved in 3247 PPIs; fibronectin 

(UniProt accession P02751) involved in 3143 PPIs; and cullin-associated 

NEDD8-dissociated protein 1 (CAND1) (UniProt accession Q86VP6) involved in 

2911 PPIs. 

In terms of microbial hub-proteins, the most common are a serine/threonine 

protein kinase from Leptotrichia buccalis (UniProt accession C7NEK0) involved 

in 258 PPIs, a kinase domain protein from Parviromonas micra ATCC 33270 

(UniProt accession A8SM03) involved in 194 PPIs, and Ras-related protein SEC4 

from Saccharomyces cerevisiae (UniProt accession P07560) involved in 163 

PPIs. 
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Figure 4.3. Plot with the relation of the number of interactions (y-axis) by classifier probability (x-axis). 

 

 

Figure 4.4. Representation of the Human-microbial inter-species protein interactions. 

Each section represents an organism. The ribbons connecting any two sections symbolize the PPIs between 

two organisms. The thickness of each ribbon correlates with the number of PPIs between both organisms. 
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4.3.3 Functional analysis of the human-microbial interactome 

The most frequent GO biological processes in our final PPI dataset are 

associated with host-pathogen interactions. The predominance of innate immune 

response and viral interaction with host as the most frequent biological processes 

are self-explanatory. However, the association between small molecule 

metabolism and host-microbial interactions is not so logical. 

When faced with an infection, the body will respond by initiating two major 

cellular signaling pathways with opposing functions: the nuclear factor (NF)-kB 

and glucocorticoid-mediated signal transduction cascades. While the NF-kB 

pathway promotes the immune response and inflammation, the glucocorticoid-

mediated signal transduction cascade suppresses it. In order to explain the 

association between small molecule metabolism and host-pathogen interactions 

we must focus on the NF-kB cascade, as it is known to mediate the transcriptional 

activation of several cytokines (cell-signaling molecules) involved in immunity 

[344]. Tumor necrosis factor (TNF)-α and TNF-β, two of these cytokines, play 

key roles in immune regulation and inflammation [345]. However, these 

cytokines are mainly responsible for the metabolic instabilities that occur during 

the infection, as they increase the metabolism of triglycerides inducing 

hyperlipidemia (escalation of blood lipid levels), stimulate lipolysis (degradation 

of lipids), accelerate glycogen breakdown and glucose consumption and uptake, 

and increase the serum levels of hormones that regulate glucose metabolism. 

These metabolic changes possibly explain the great number of “small molecule 

metabolic process” biological processes. 

4.3.4 Analysis of hub proteins 

The top three hub proteins identified share a common trait: these are exploited 

by pathogens in an attempt to gain entry to the host and survive inside it. EGFR is 

a transmembrane protein mainly produced in the salivary glands and the kidneys 

[346]. Its association with microbial invasion has already been reported for 

Salmonella typhimurium [347], Candida albicans [348], Reovirus [349], and 

Vaccinia virus [350]. Apparently, all these pathogens initiate cellular invasion, at 

least to some extent, by binding to EGFR. This suggests the possibility that 

several other pathogens are using the EGFR to start host colonization, as 

supported by Buret et al. [351]. 

Similarly to EGFR, fibronectin appears to also play the role of a “microbial-

anchor”. This glycoprotein is found bound to the β1 integrins in the cell surface, 
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and is generally seen as a key protein for bacterial adhesion within the oral cavity 

[352, 353]. 

The CAND1 protein, formerly TIP120A, was found to interact with most of 

the proteins in the Cullin family [354]. The Cullin protein family plays a key role 

in the ubiquitination of cellular proteins, i.e. performing a post-translational 

modification in order to label the target protein with ubiquitin molecules. This 

labeling frequently results in the commitment of the ubiquitin-linked protein to 

proteasomal degradation [355]. Consequently, CAND1 was suggested to function 

as a global regulator of cullin-containing ubiquitin ligases [354, 356]. Being one 

of the top hub-proteins, we investigated the relationship between the 

ubiquitination pathway and pathogen colonization of the host cells. As expected, 

we found that certain bacteria corrupt the ubiquitination machinery as a means of 

regulating their virulence factors, or to trigger internalization of bacteria into host 

cells [357]. Such a mechanism improves the survival and replication chances of 

bacteria inside the host. 

4.3.5 Study of the microbiome role in periodontitis 

When focusing data analysis on periodontal disease, we found that Rothia 

mucilaginosa, a microorganism present in the normal human oral microbiome but 

considered an opportunistic pathogen [358], is the species with the most 

interactions. In addition, previously unknown interactions between periodonto-

pathogens and the host were predicted, as well as interactions between different 

periodonto-pathogens, most likely explaining a synergistic course of action, as 

previously proposed [359]. 

The analysis of the sub-network pertaining to Rothia mucilaginosa shares the 

characteristics previously described for the hub proteins with 37 out of 638 

interactions with the EFGR protein, 40 interactions with fibronectin and 34 

interactions with CAND1. Furthermore, this sub-network presents two predicted 

interactions which have not been described before: R. mucilaginosa proteins 

D2NSF5 and C6R5R8, which are predicted to interact with human 

immunoglobulin chains (UniProt accessions P01719 and P01781), and could be 

related to the immune response specific for this species, explaining why these 

interactions are worth investigating. 

If we consider the bacteria most associated with periodontal disease, our model 

predicts few interactions between A. actinomycemcomitans, P. gingivalis, and the 

host proteins. As mentioned before, this is due to the fact that these organisms are 
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not well represented in the original protein data set. However, besides the 

interactions predicted between these bacteria and the human hub proteins 

described above, in the case of Porphyromonas gingivalis it is possible to identify 

at least two potentially interesting new types of interactions between bacterial 

ribosomal proteins and a major histocompatibility complex protein (UniProt 

accession P30461). Furthermore, we also identified a possible interaction between 

the bacterial enolase (UniProt accession Q7MTV8) and a host aquaporin which 

could interfere with the homeostasis mechanisms of the host. Additionally, when 

we consider the interactions of P. gingivalis with other bacteria, we find that the 

same enolase might interact with outer membrane proteins of Haemophilus 

influenza and Pasteurella multocida. The role of bacterial enolase as a multitask 

protein involved not only in carbohydrate metabolism but also in virulence has 

been recognized recently [360]. This suggests that previously unknown and 

important PPIs for oral colonization and biofilm formation may be present in this 

dataset. Finally the fact there are possible interactions between P.gingivalis 

proteases and those of other periodonto-pathogens such as Kingella oralis and 

Treponema denticola is interesting. This may even shed some light on the 

synergistic aspects of oral biofilm development in periodontal disease.  

4.4 Final considerations 

The continuous yield of large-scale data mainly from microarrays and yeast 

two-hybrid studies has made the study of PPIs very appealing. The main issue 

associated in predicting new PPIs from known data is the quality of the 

experimental PPI data, which in some situations may not be optimal due to the 

inclusion of false positives. Being the only “reliable” source of PPIs, inaccurate 

experimental PPI data will contaminate training datasets and therefore 

compromise the performance of computational PPI prediction methods. For this 

reason, we believe that an improvement in the quality of experimental PPI data 

will greatly impact the performance of new computational PPI prediction 

approaches. While this is not the case at present, we must consider how to avoid 

the effects of false positives in the final PPI prediction model. 

In this chapter we proposed a probabilistic Bayesian-based method to integrate 

several data sources, to obtain more robust and reliable PPI predictions. By 

applying naïve Bayes, we automatically up-weigh the most informative features 

and down-weigh the less informative ones, allowing for automatic error-

correction. 
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Our individual feature analysis results show a great relevance of the selected 

features. When applied on a naïve Bayes classifier, the individual features 

synergize, boosting the AUC up to 0.926. This suggests that the reliability of 

prediction improves with the increase of significant features, meaning that the 

integrative final model actually reduces the disadvantages of the individual 

methods. 

Cytoscape was successfully used to validate the network when tested with real 

pathway examples, discovering new potentially interesting interactions in oral 

biology, both between the host and the periodontal pathogens and between 

different periodontal pathogens. 

We believe this work may be applied in several scientific areas, and even in 

other PPI related studies. An example is biomedical PPI screening, to assess if 

interactions of particular interest might occur and what the related interaction 

probability is. Another example is pharmacologic research, as a well-established 

PPI network can provide insights on potential drug targets, but also new uses for 

existent in-market drugs. Finally, and based on the fact that protein interaction 

networks are dynamic [361], this work can support researchers in identifying 

evolutionary patterns. 

  



 76 

  



 77 

 

5 Computational inference of microbial 
impact in human biological events 

The human body is a complex ecosystem, harboring hundreds of different 

microbial species. Microbial communities thrive in close association with both 

themselves and the host, establishing protein interactions with the latter and thus, 

being able to benefit (positively impact) or disturb (negatively impact) biological 

events in the host. Therefore, collaborative efforts to sequence the human 

microbiome were put in motion. 

For this reason, in this chapter we aimed to study the impact of 24 microbial 

phyla over different cellular events, within ten different human body regions1. To 

this end, we developed an algorithm to predict the impact of microbial proteins in 

human pathways. This knowledge will prove essential in understanding bacterial 

pathogenesis, in how to counter bacterial colonization and infection, and in the 

identification of therapies to revert states of bacterial imbalance. 

5.1 Background 

The human organism can be considered a very complex ecosystem. If we only 

take into account the size of the Human genome, 20,000 to 25,000 protein-coding 

genes [362] seem like a rather low number for such a complex organism. 

However, this does not exactly mean that the human proteome will only be 

composed of approximately 25,000 proteins. The transcriptome has an estimated 

size of 100,000 transcripts, which can be due transcription initiation at alternative 

promoters, alternative splicing, or other mRNA revising events [363]. When 

taking into account post-translational modifications, the size of the proteome is 

estimated to reach 1,000,000 proteins [364]. However, this is still not the full 

extent of all the proteins within the human body. If we consider the entirety of the 

human ecosystem, this number increases exponentially [45], posing a problem: 

                                                      
1 This chapter was largely based on the paper Coelho ED, Santiago AM, Arrais JP, Oliveira JL (2015) 

Computational methodology for predicting the landscape of the human–microbial interactome region level 

influence. Journal of Bioinformatics and Computational Biology 13: 1550023. 
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evidence of association between changes in the composition of microbial 

communities with health and disease states in human.  

The Human Microbiome Project (HMP), an extension of the Human Genome 

Project, was created hoping to identify new methodologies to determine health 

and predisposition to diseases, as well as to define the characteristics required to 

optimize the microbiota of an individual in the context of the physiology of the 

individual. One of the main objectives of the HMP was to characterize the 

microbiome and the factors that influence the distribution and evolution of our 

microbiota. Besides enlightening about the range of human genetic and 

physiological diversity, it might also provide an assessment on contemporary 

human evolution. However, this can only be done after a “reference microbiota” 

is established. This reference microbiota will most likely be a list of the 

microorganism species that can be present in the various human regions (e.g., 

skin, oral cavity) and their abundance range. In addition, ethnic, geographic, or 

individual differences must also be taken into account when defining the reference 

microbiota. For instance, it is clear that the gut microbiota is shaped according to 

our diet [52], which implies that the gut microbiota of a vegetarian will be 

different than that of someone who eats meat. This suggests that a diet change 

might restructure our gut microbiota, which could be useful to ultimately avoid 

using antibiotics in the treatment of certain diseases. One example is the work of 

Cani et al. [365], in which antibiotics were administered to provoke changes in 

the gut microbiota of mice and as a result, metabolic endotoxemia, inflammation, 

and associated disorders were successfully controlled. In parallel to this, it is 

important to identify the proteins expressed by each microorganism species and 

determine all the potential PPIs that can be established with the human host. This 

will require solved genomic sequences of all the microorganism species able to 

colonize humans, which is being done with the support of the metagenomics field. 

Metagenomics involves sequencing of the genomes within humans, 

characterization of their messenger RNAs, as well as their gene and metabolic 

products. It provides a system-level view of microbial communities. Instead of 

studying single organisms or single functions it analyses the collective genome of 

the community, enabling construction of a scaffold of genes and functions on 

which to build principles about community structure and function. The creation of 

huge data sets of microbial genes, proteins and pathways in different body regions 

is the main result of the appearance of metagenomics, allowing to correlate the 

contributions of the microbiome to the bodily region. Ultimately, it will be 
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possible to link differences in the microbiome with health and disease states in 

different body regions [366], as long as there is an established “healthy 

microbiome baseline”. Indeed, the HMP Consortium has already shed light in the 

matter, attempting to define the healthy Western microbiome [367]. To assess 

diversity within and across microbiomes, they calculated the alpha- and beta-

diversities for each microbiome [368]. 

In this chapter, we explore the global landscape of possible inter-species 

protein interactions within different human microbiomes, and estimate the impact 

of those interactions in human cellular pathways. Therefore, we designed an 

algorithm to perform these estimations. The word “impact” in this chapter 

presupposes a consequence for a certain event, allowing the positive and negative 

impact duality. For instance, a certain interaction may reveal a great impact level 

to a specific cellular event. However, this impact can be positive if said 

interaction activates a chain reaction beneficial to the host.  

5.2 Construction of the human body region-specific microbiomes 

5.2.1 Data collection and body location matching 

The data used to develop and train our algorithm was downloaded in June 

2014. The list of human genes was retrieved from The Human Protein Atlas 

(HPA) database [369], together with their respective qualitative expression level 

for each location in the human body (Figure 5.1, Panel A). This database is a 

collective effort to construct a comprehensive database of the human proteome 

using antibody-based proteomics, containing expression and localization profiles 

for 44 different human tissues. The database contains four subparts: the 

subcellular atlas, the cell line atlas, the cancer atlas, and the normal tissues atlas. 

We used the latter throughout this methodology. From the list of human genes 

annotated with the expression and location profiles, we generated several human 

protein data sets using UniProt, one for each location in the human body. These 

locations include only proteins which expression level was identified as high by 

the HPA. For the purpose of this work we only considered locations exposed to 

microbial organisms. A list of non-human proteins was obtained from the Human 

Microbiome Genes of Interest data section from the HMP. Moreover, we 

collected the respective abundance scores for each sample and for each human 

body location described.  
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Protein abundance scores for each human body location between all the 

samples were then averaged. This resulted in a list of non-human UniProt 

identifiers for each human body location described, together with their respective 

abundance scores (Figure 5.1, Panel A). Following this, we matched the human 

body locations described in The Human Protein Atlas with those in the Human 

Microbiome Project, the former providing more general locations while the latter 

provided locations that were more specifically related to the oral cavity. Table 5.1 

illustrates how the correspondence was performed. For the remainder of the 

procedures, we made use of the categories provided by The Human Protein Atlas. 

We then sorted all the proteins in our data set by the different regions they 

belong to, as shown in Table 5.2, resulting in ten different microbiomes (Figure 

5.1, Panel B). After successful identification of the proteins potentially present in 

each microbiome, we proceeded to determine possible interactions between them. 

To do this, we developed a sequence-based methodology to predict protein 

interactions. 

 

 

Figure 5.1. Summary of the workflow followed to estimate microbial impact.  

Panel A: data set collection from HMP and HPA: MG – microbial gene; MP – microbial protein; HG – 

human gene; HP – human protein. Panel B: list of the ten microbiomes assessed. Panel C: sequence-based 

prediction of inter-species protein interactions. DCT – discrete cosine transform; SVM – support vector 

machine. Panel D: binning process of microbial proteins into their respective phyla. HP – human protein; MP 

– microbial protein. Panel E: estimation of microbial impact in human pathways using the proposed 

algorithm. 
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Table 5.1. Correspondence between body regions from the Human Protein Atlas and the HMP. 

 
Body Region Human Microbiome Project 

Human Protein Atlas AN BM HP KG RC Va. PT PF Sa. St. GP Th. TD 

Appendix          X    

Cervix        X      

Colon          X    

Esophagus         X   X  

Nasopharynx       X  X   X  

Oral Mucosa  X X X     X  X  X 

Rectum          X    

Skin X    X         

Small Intestine          X    

Vagina      X        

 

AN – anterior nares; BM – buccal mucosa; HP – hard palate; KG – keratinized gingiva; RC – retroauricular 

creases (left and right); Va. – vagina (comprises mid vagina and the vaginal introitus); PT – palate tonsils; PF 

– posterior fornix; Sa. – saliva; St. – stool; GP – gingival plaque (comprises both subgingival and 

supragingival plaques); Th. – throat; TD – tongue dorsum. 

 
Table 5.2. Summary of protein distribution for each body region in our data set. 

 
Region # of human proteins # of microbial proteins # of microbial species 

Appendix 16,952 174,295 2,047 

Cervix 12,568 159,056 3,848 

Colon 26,505 174,329 4,469 

Esophagus 12,692 158,126 3,773 

Nasopharynx 18,272 159,802 2,333 

Oral mucosa 9,003 180,071 5,007 

Rectum 22,916 174,329 4,469 

Skin 10,858 176,186 4,742 

Small intestine 24,082 174,329 4,469 

Vagina 8,372 96,583 2,612 

 

5.3 Sequence-based interactome prediction 

We predicted the PPIs in our dataset by applying an adaptation of the method 

previously presented in Chapter 4. Originally, the method consisted of five 

different clusters of features. However, most of the chosen features had little to no 

information regarding the less studied organisms, meaning our predictive strategy 

could not be used systematically. The exception was the protein primary structure 

feature cluster, which covered 100% of the examples in our dataset. Thus, in this 

work we solely focus on protein sequence data for feature extraction to guarantee 

the full coverage of all proteins in the dataset. The schematic representation of the 

PPI prediction methodology used is shown in Figure 5.2. 

5.3.1 Feature extraction 

At the primary level, proteins are linear chains of 21 distinct amino acids. 

Mostly due to the high but inconsistent length of each protein, several strategies 

have been explored to extract descriptors from the protein primary sequence.  
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Figure 5.2. Diagram of the methodology used for PPI prediction. 

Here, we adopted the discrete cosine transform (DCT) to represent protein 

features. The DCT is used to describe the protein sequence taking in consideration 

the physical properties of each amino acid. In addition, we also use it to represent 

proteins with different lengths with the same number of features, ignoring high 

frequencies. The DCT is well known for its practical applications in codecs such 

as MP3 or JPEG, allowing compression by discarding the higher frequencies. 

Since DCT represents a finite sequence of data points as a sum of cosine functions 

with different frequencies, it will be able to represent each protein sequence as a 

signal that modulates amino-acid variations along the amino-acid chain. After 

applying the DCT to a signal that modulates the variations of amino acids along 

the sequence, our features will represent the long range variations of amino-acid 

properties along the protein (low frequencies) in expense of the small and rapid 

variations of the same type (high frequencies). For a given protein sequence the 

DCT signal is obtained by the following formulation: 

 

𝑦(𝑘) = 𝑤(𝑘)∑𝑥(𝑛)

𝑁
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and its inverse, for the purpose of signal reconstruction, is: 

 

𝑥(𝑛) = ∑𝑤(𝑘)𝑦(𝑘)

𝑁

𝑘=1

cos (
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) , 
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𝑤(𝑘) =

{
 
 

 
 
1

√𝑁
, 𝑘 = 1

√
2

𝑁
, 2 ≤ 𝑘 ≤ 𝑁 .

 

 

Note that N is the length of x. The series is indexed from n = 1 and k = 1. An 

arbitrary number of frequencies (F) can be used to represent a protein. If the 

protein is bigger than F, the first F frequencies are selected. If smaller, zeros are 

padded until the number of desired features is archived. After calculating the 

frequencies that describe the signal, the inverse formula is used to reconstruct the 

original signal and to apply a standard normalization. Since high frequencies are 

ignored the new signal has less noise.In addition, protein length is normalized 

across all the proteins in the dataset, easing the classification problem. This 

strategy allows the representation of each protein in our dataset as a whole. 

Since the existent amino acids have close physicochemical similarities, Shen et 

al. [370] proposed the categorization of amino acids to reduce the vector space 

dimensionality. He suggested that all amino acids could be binned in 7 different 

categories, since amino acids within the same category most likely involve 

synonymous mutations due to their physiochemical similarities. The substitution 

table used by Shen et al. [370] is shown in Table 5.3. 

The interactions between proteins are mainly established via electrostatic and 

hydrophobic interactions. In turn, these are predominantly influenced by the 

volumes of the side chains and dipoles of the amino acids. Accordingly, the 

substitutions in Table 5.3 take this information into account. Considering this, we 

integrated their substitution table in our predictive methodology. 
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Table 5.3. Amino acid substitution table. 

Category Set of amino acids 

1 Alanine (A), Glycine (G), Valine (V) 

2 Isoleucine (I), Leucine (L), Phenylalanine (F), Proline (P) 

3 Tyrosine (Y), Methionine (M), Threonine (T), Serine (S) 

4 Histidine (H), Asparagine (N), Glutamine (Q), Tryptophan (W) 

5 Arginine (R), Lysine (K) 

6 Aspartic acid (D), Glutamic acid (E) 

7 Cysteine (C) 

 

We filtered the proteins and their interactions in our dataset in accordance to 

the work by Yu et al. [371], as follows: protein associations between more than 

two proteins were removed, as it is difficult to discern which of these proteins 

interact individually. In addition, proteins containing the amino acid 

selenocysteine were also removed. The procedure used for protein feature 

extraction involved collecting the primary sequence of each the protein in the 

dataset. Then, the protein sequence is converted into a vector of physicochemical 

properties using the substitution table (Table 5.3). 

Finally, we apply the DCT to the created vectors, allowing signal 

reconstruction depending on the number of features and concatenation with other 

signals to represent protein associations. 

5.3.2 Finding optimal parameters and model evaluation 

To select the optimal number of features in the DCT formulation we performed 

an iterative search followed by 5-fold cross-validation, using three different 

strategies (Figure 5.3). The first strategy consisted of using the raw frequencies 

extracted from the protein features (yellow line). The second strategy involved 

amino acid chain reconstruction, but without using the amino acid substitution 

table (red line). Lastly, in the third strategy we used the amino acid substitution 

table followed by signal reconstruction (blue line). These strategies were 

evaluated using a gold standard dataset, combining 6,484 negative PPIs from a 

pool of 3,351 unique proteins present in the Negatome [372] database, and the 

same number of positive interactions retrieved from the BioGRID [140] database, 

by using the same 3,351 unique proteins in the negative set as starting point. 

We verified that the third strategy achieved the best accuracy score (0.825) 

while using 600 frequencies, and thus, all PPI predictions were carried out after 

performing amino acid substitution followed by signal reconstruction. 
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Figure 5.3. Accuracy as function of the number of features for the three strategies. 

 

Since we use SVM with a RBF kernel, we used a grid-search approach 

followed by cross-validation with 5 folds to identify the best parameters for 

gamma and C (Figure 5.4). The parameter ranges for the gamma and C 

parameters were 10-9 to 100 and 0.01 to 1x106, respectively. The grid-search 

approach showed that the optimal parameters were C = 100 and gamma = 0.001, 

achieving 0.827 accuracy, 0.817 precision, and 0.843 recall. 

To compare our strategy with the state of the art methodologies [197, 370], we 

tested the three approaches against the gold standard dataset. These results are 

presented in Table 5.4, showing that our approach outperforms both methods. 

5.3.3 Interactome identification 

The dataset used for training and validation encompasses 20,000 positive 

human intra-species PPIs downloaded from the BioGRID database in May 2015 

(BioGRID version 3.4.125). The number of unique proteins in the positive dataset 

was 14,470. The negative dataset was generated from a random combination of 

these 14,470 unique proteins, following the methodology proposed by Ben-Hur et 

al. [325] to obtain 20,000 negative interactions. Feature extraction was performed 

using the amino acid substitution table followed by signal reconstruction using the 

DCT, as it was shown to improve prediction accuracy with 600 features. RBF 

parameters were set to the best values identified by grid-search. The results 

observed for putative PPI validation were consistent with those presented in the 

original work [10]. Finally, we applied this methodology to predict the 

interactomes specific for each body location. 
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Figure 5.4. Identification of the best C and gamma parameters through a grid-search approach. 

 

 
Table 5.4. Performance comparison of the three PPI prediction methodologies. 

 Guo et al. Shen et al. DCT + SVM-RBF 

Accuracy 0.804 0.803 0.827 

Precision 0.769 0.797 0.817 

Recall 0.861 0.812 0.843 

 

5.3.4 Organism categorization 

All the organisms present in each region were binned by their respective 

kingdoms and phyla, to investigate which phylum impacts each region the most. 

Our analysis was performed at the phylum level since we are considering ten 

different human microbiomes. For example, according to the collected data for the 

cervix/uterine microbiome, we identified proteins pertaining 28 different phyla. 

Increasing the taxonomic resolution from order to species would result in a data 

increment by a factor of 2.4 to 13.7, respectively, and this is only for one of the 

ten human microbiomes. 

Proteins pertaining the Animalia kingdom were removed, as many of the 

present proteins could be considered contaminants (avian, bovine, and porcine 

proteins were identified). A normalized table listing the used bins is shown in 

Table 5.5. This allows us to estimate the impact of each phyla in all the pathways 

of a given region, thus being able to comparatively determine which phylum has 

the greater positive or negative impact in each region, and which pathways are 

perturbed the most. 

 

 



 87 

Before assessing the latter, we had to extract the list of human proteins that 

participated in each major event. We retrieved this information and collected 

pathway data for all the proteins in the list from Reactome [373]. Table 5.6 

presents the list of pathways assessed during this study. 

We then cross-linked these proteins with the human proteins that were 

expressed in each location. This resulted in a list that correlated each event to the 

human proteins that were expressed in each location, together with total number 

of proteins that participated in each event. This was the final group of data 

required for the analysis of the level of disturbance induced by the entirety of the 

microbial proteins to each specified event. 

 

Table 5.5. List of the phyla assessed in this work. 

 

ID Kingdom Phylum 

 
Archaea 

 
1 

 
Crenarchaeota 

2  Euryarchaeota 

 Bacteria  

3 
 

Actinobacteria 

4 
 

Aquificae 

5 
 

Bacteroidetes 

6 
 

Chlamydiae 

7 
 

Chlorobi 

8 
 

Chloroflexi 

9 
 

Cyanobacteria 

10 
 

Deinococcus-Thermus 

11 
 

Dictyoglomi 

12 
 

Elusimicrobia 

13 
 

Fibrobacteres 

14 
 

Firmicutes 

15 
 

Fusobacteria 

16 
 

Planctomycetes 

17 
 

Proteobacteria 

18 
 

Spirochaetes 

19 
 

Tenericutes 

20 
 

Thermotogae 

21 
 

Verrucomicrobia 

22 
 

environmental samples 

 Viruses  

23 
 

dsDNA viruses, no RNA stage 

24 
 

ssDNA viruses 

 

The numbers in the ID column are the numbers used in the columns of Figure 5.5. 
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Table 5.6. List of biological events assessed in this work. 

 

ID Event 

E1 Apoptosis 

E2 Binding and uptake of ligands by scavenger receptors 

E3 Cell cell communication 

E4 Cell cycle 

E5 Cellular responses to stress 

E6 Chromatin organization 

E7 Circadian clock 

E8 Developmental biology 

E9 Disease 

E10 Dna repair 

E11 Dna replication 

E12 Extracellular matrix organization 

E13 Gene expression 

E14 Hemostasis 

E15 Immune system 

E16 Membrane trafficking 

E17 Metabolism 

E18 Metabolism of proteins 

E19 Muscle contraction 

E20 Neuronal system 

E21 Organelle biogenesis and maintenance 

E22 Reproduction 

E23 Signal transduction 

E24 Transmembrane transport of small molecules 

 

The numbers in the ID column are the numbers used in the in the rows of Figure 5.5. 

 

5.3.5 Estimation of microbial impact 

The next step involved estimating quantitatively the impact of each phylum for 

each event in the human host. The formula developed to estimate the microbial 

impact θ induced to each event e is, 

 

𝜃𝑒 =
∑

∑ 𝜔𝑗
𝑚𝑖
𝑗

𝑚𝑖

ℎ𝑒
𝑖

𝐻𝑒
 . 

 

To analyze θe, we averaged the sum of the abundance ωj of each microbial 

protein j by the total number of microbial proteins mi, which interact positively 

with each human protein i. 

The value of mi represents the amount of most abundant microbial proteins, 

that interact with each human protein i of the total number of affected human 
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proteins he. This value is then weighted by the total number of human proteins He 

that participated in the event e. All of the events we considered in this review are 

discriminated in Table 5.6. 

5.4 Results and discussion 

After the impact estimation algorithm was executed for the ten regions, we 

created heat maps to better represent the output data (Figure 5.5). The legend of 

this figure is shown in Table 5.5 and Table 5.6, the former pertaining to the 

columns, and the latter regarding the rows in each panel. We could clearly 

identify the regions with higher microbial abundances, as these show heavier 

impact values (oral mucosa, colon, small intestine, rectum, and the appendix). 

These also present higher species diversity, as a few phyla can be identified as 

perturbing cellular pathways in said body regions. The other five locations show 

lower impact values, but also less phyla inducing perturbation in the human host. 

Obviously, these results depend on the current knowledge of microbial proteomes. 

This means that complete identification of microbial genomes and proteomes 

will provide more reliable protein interaction predictions and impact estimations. 

All results will be briefly analyzed in the next section. Heat maps for the 

esophagus, cervical region and skin will be comprehensively assessed to validate 

our data. We selected these three locations as they seemed to be the most 

challenging microbiomes to analyze. We did not analyze all microbiomes 

comprehensively since the data were highly consistent and to avoid redundancy. 



 90 

 

Figure 5.5. Heat maps for the ten regions assessed in this work. 

The columns are labelled in Table 5.3 and the rows are labelled in Table 5.4. Av: average. 
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5.4.1 Exploring tissue and organ-specific impact maps  

The labels for the columns and rows in Figure 5.4 are present in Table 5.5 and 

Table 5.6, respectively. Estimated impact values for the colon, rectum, and small 

intestine microbiomes resulted in very similar heat map layouts: Bacteroidetes; 

Proteobacteria; Firmicutes; and to less extent Actinobacteria, are the phyla that 

most impact these microbiomes, in this order. These results are consistent with the 

literature, which reports that these phyla make up for almost all of the species in 

the gut microbiota [374, 375]. In terms of abundance distribution, Firmicutes to 

Bacteroidetes ratios are known to change during life phases (0.4 for infants, 10.9 

for adults, and 0.6 for elder individuals) [376]. Furthermore, our microbial data 

was obtained from the HMP, whose samples were collected from healthy 

American individuals between 18 and 40 years old. This mean that for these age 

ranges the most likely scenario would be a dominance of the Firmicutes phylum, 

immediately followed by Bacteroidetes, and then Proteobacteria and 

Actinobacteria [374], which does not seem consistent with our results. After 

further investigation we identified that the gut microbiota is heavily diet-

dependent. Also, the fact that microbiomes evolve over time at different rates for 

different people, ethnicities and even geographic location, may explain the 

observed results [377]. For example, a study comparing the gut microbiomes of 

Chinese people with Chron’s Disease and a healthy control group revealed that 

less microbial diversity and an increase of Proteobacteria in the gut was 

associated with Chron’s Disease. In contrast, the gut microbiome of healthy 

Chinese subjects was dominated by Bacteroidetes, followed by the Firmicutes 

phylum [378]. Furthermore, there is evidence correlating increases in the 

Firmicutes:Bacteroidetes ratio with increased caloric intake and obesity. Indeed, 

an increase in energy harvest by approximately 150 kcal was found to be enough 

to increase Firmicutes by 20%, while decreasing Bacteroidetes in the same 

proportion [379]. These findings reveal the possibility of healthy people having 

different gut microbiomes, which will difficult the identification of baseline 

microbiomes. 

Another important fact is the clear correlation of metabolic disturbances with 

the gut microbiota. Examples of these disturbances are obesity, outflow during 

energy production, and even regulation of host genes that control metabolic 

processes [380-382].  

At first glance, the esophagus heat map shows an expected pattern: the heavier 

impact is caused by Proteobacteria, Firmicutes, and Bacteroidetes. Such pattern 
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was expected since it was already reported that the esophagus of an average 

person is colonized by Proteobacteria (49%), Firmicutes (40%), Bacteroidetes 

(8%), and Actinobacteria (3%) [383]. 

The most affected pathways are those related with Metabolism, DNA 

Replication, and DNA Repair. Although this may seem surprising, most of the 

times, the activation of DNA damage repair mechanisms used by bacterial species 

to survive within the human host result in DNA damage and incite DNA repair in 

the latter [384]. For instance, Helicobacter pylori (Proteobacteria) infection has 

the ability to induce direct changes on the host DNA, such as oxidative damage, 

methylation, chromosomal and microsatellite instability, and even mutations. In 

case of chronic infection, H. pillory can down-regulate major DNA repair 

pathways of the host [385]. Another example of DNA damaging Proteobacteria is 

Salmonella typhi, as it has been reported to be associated with an increase of 

hepatobiliary diseases [386], and more importantly, hepatobiliary cancers [387, 

388]. Bacteroides fragilis (Bacteroidete), was documented to be potentially 

related to colorectal cancer. That ability is most likely associated with the 

production of fragilysin, an enterotoxin. Therefore, only fragilysin-producing B. 

fragilis strains seem to be able to induce cancer in mammals [reviewed in 389]. 

Finally, Enterococcus faecalis (Firmicutes) metabolism results in the production 

of reactive oxygen species that have been shown to inflict DNA damage in 

colonic epithelial cells (in vitro and in vivo) [390, 391]. 

Heat map distribution for the uterine and vaginal regions was also expected as 

Lactobacilli, a species under the Firmicutes phylum, makes up the vast majority 

of these regions [50]. The identified most perturbed biological events were cell 

cycle, metabolism and DNA repair. A recent study conducted by Vielfort et al. 

[392], who studied three different species of Lactobacilli, reports that there are 

Lactobacillus species possessing anti-proliferative effects. This was evidenced in 

their study as deceleration of cell cycle progression of the cervical epithelium 

occurred. In contrast, another Lactobacillus species was found to transiently 

accelerate cell division of the host cells, suggesting that Lactobacilli play a role in 

the regulation of the uterine and cervical epithelium. Some authors believed it 

could be connected to the acidic pH in the uterine region due to lactic acid-

producing Lactobacilli, and to some extent this was verified [393, 394]. However, 

these data provide a more specific explanation to why the cell cycle is so heavily 

perturbed by Firmicutes in this region. 



 93 

It is common knowledge that digestion starts in the oral cavity, mainly due to 

the bacteria present within that region. However, digestion is not exclusive to the 

gut. One of the objectives of Cantarel et al. [395] was to determine the sugar 

degradation and utilization capabilities of various microbiomes. Interestingly, 

while the highest potential for total sugar degradation was found to be in the 

gastrointestinal tract, dextran and peptidoglycan degradation were highest in the 

oral and vaginal regions, respectively. Responsibility for this phenomenon is 

given to the presence of enzymes that cleave complex carbohydrates (CAZymes) 

in the oral and vaginal microbiomes. 

While we were unable to find a direct relationship between Firmicutes and 

DNA repair, a study reports that an oral preparation of Lactobacillus casei 

showed positive prophylactic effects when used to prevent the recurrence of 

superficial bladder cancer [394]. Also, another experiment involving dietary 

supplements of Lactobacillus acidophilus suggested that this species increases the 

latency or induction time for experimental colon cancer in rats [396]. These 

experiments suggest some kind of underlying DNA protective effect of 

Lactobacilli that to our best knowledge, is yet to be described.  

The skin microbiome is dominated by Actinobacteria and at a lesser extent, by 

Firmicutes and Proteobacteria, which is in accord with the obtained heat map for 

this region [397, 398]. Indeed, in another study it was reported that these three 

phyla make up 94% of the skin microbiota [399]. However, given the size of the 

skin and the great differences between its areas (sebaceous, dry, or moist), sub-

microbiomes are likely to exist. Unfortunately, the Human Microbiome Project 

(HMP) sample collection protocol for the skin only considers samples from the 

left and right antecubital fossa and the left and right retroauricular crease (inner 

elbow and posterior ear, respectively). The antecubital fossa is considered moist 

and the retroauricular crease sebaceous [400], which means that no dry skin 

region was sampled. This could mean that the HMP skin microbiome might have 

deficient microbial representation. 

In average, the biological events we found to be most perturbed in the skin 

were cell cycle, DNA repair, and metabolism. Recent evidence [401] reports the 

presence of bacterial DNA in the human dermis, which may contribute to these 

factors. While not being conclusive regarding the viability of bacterial cells within 

the dermis, it is known that microorganisms do not necessarily need to remain 

viable to induce effects in the host immune system [402-407]. Still, their results 

were highly suggestive that microbial cells could actually colonize the dermis. For 
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instance, lipoteichoic acid producing Staphylococcus epidermidis inhibits 

cytokine production from basal keratinocytes induced by RNA released by 

damaged cells, but generally, S. epidermidis increases expression of β-defensins 

in human keratinocytes [404]. Bacterial colonization of the human dermis could 

explain how the skin microbiome is able to exert such effects on the host. 

5.4.2 Review of pathological region specific microbiomes 

Bacterial species communicate with each other and determine the presence of 

other microbial species using quorum sensing [408]. This type of communication 

induces group-specific behavior, resulting in bacterial gene expression changes. 

These can be beneficial or harmful to the host [409, 410]. 

For instance, oral cavity colonization implicates a sequence of events starting 

with the colonization of the dental surface (primary colonization), then to the 

development of microbial biofilm (creation of an anaerobic environment), and 

finally, secondary colonization by other microbial species [411]. Most primary 

colonizers are aerobic [412], thus being able to survive in oxygen-rich 

environments. Multiplication of primary colonizers enables further adhesion of 

microorganisms. Generally, secondary colonizers cannot adhere to the dental 

surface themselves, but they can easily attach to other bacteria [411]. Successive 

attachment of microbes will lead to the creation of microbial layers, ensuing the 

formation of nutritional and atmospheric gradients. The result is a decrease in 

oxygen levels between layers, allowing the thriving of anaerobic organisms [316, 

317]. However, microbiomes are not universal. 

A comparative study of the microbiota of healthy and diseased oral cavities of 

Chinese and American children revealed differences in the abundance of 

microbial species between the two groups, suggesting an explanation to dental 

caries susceptibility [413]. Other studies report the compromise of cell cycle-

progression pathways by Porphyromonas gingivalis and Aggregatibacter 

actinomycetemcomitans species, resulting in the downregulation of host genes 

involved in cell-cycle regulation [414, 415]. Furthermore, a study to determine the 

gingival crevice microbiomes of 49 healthy or diseased individuals revealed that 

several oral Streptococci species, and Veillonella parvula, were most likely 

indicative of healthy states. However, there was no direct association found 

between changes in the global abundance of microbial species in the oral 

microbiome and disease states, which may suggest that these ratio shifts occur at 

specific sites, such as oral injuries. 
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Studies of the esophageal region showed two common but different 

microbiomes in the lower esophagus. The majority of species within the first 

microbiome was under the Streptococcus genus, and was associated with a 

healthy esophagus. The second microbiome was not dominated by any genus, 

resulting in greater microbial diversity. It was suggested that the second 

microbiome was observed in cases of esophagitis and Barret’s esophagus [416]. 

The idea of baseline microbiomes and how shifts in the community harmony 

correlate with specific disease states is rather interesting, but its application to real 

situations is still unviable. However, the situation in the stomach is slightly 

different. Helicobacter pylori positive stomach is characterized by the dominance 

of Helicobacter pylori in this microbiome. Colonization by this species induces a 

persistent inflammatory response, as the pathogen can evade human defense 

mechanisms [reviewed in 417]. So far, H. pylori has been associated with atrophic 

gastritis, peptic ulcer disease, and predispositions to mucosa-associated lymphoid 

tissue lymphoma and gastric adenocarcinoma [366, 418]. Still, H. pylori negative 

stomach was associated with an increased risk of Barret’s esophagus and 

esophageal adenocarcinoma in some communities [419]. This suggests that 

removing H. pylori from the gastric microbiome can lead to similar disease states 

in the esophageal microbiome. 

The same phenomenon can be observed in the vaginal, cervical and urethral 

microbiomes. The Lactobacillus genus dominates these microbiomes in healthy 

women and it is believed that this microbial flora plays a role in the prevention of 

genital and urinary tract infections [420]. However, a comparative study between 

the vaginal microbiomes of healthy white and black North American women 

showed that although being common in white women, Lactobacillus-dominated 

microbiomes are rare in black women. This suggested an apparent role of 

microbial community resilience on the susceptibility to bacterial vaginosis and 

sexually transmitted diseases (STDs) in women [421]. Furthermore, increased 

diversity of the vaginal microbiome is associated with bacterial vaginosis, 

especially species from the Actinobacteria and Bacteroidetes phyla [422]. 

Similarly to what was described for the oral and esophageal regions, it is 

suggested that some vaginal microbiome types are not resilient enough to defend 

against further microbial colonization, leading to greater microbial diversity and, 

ultimately, to bacterial vaginosis and STDs. 

Nonetheless, greater microbial diversity due to the inability of the original 

microbiome to prevent further colonization seems to be very common, and can be 
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attributed to many factors. External factors such as ethnicity, geography, 

occupation, hygiene, and the shape of the microbiome, and even internal factors, 

as physiology, genotype or disease state can shape or disrupt human microbiomes 

[400]. This is especially true for the microbiomes of the skin, oropharynx and 

anterior nares, which are shaped as early as during birth. Depending on the 

delivery method used, the newborn microbiomes can resemble the vaginal and 

cervical microbiomes if delivered traditionally, or be similar to the skin 

microbiome when delivery is performed by Cesarean section [423]. These 

differences may be related to early life susceptibility to disease [reviewed in 366]. 

Since the skin is our outer and widest organ, it is only natural to be colonized 

by a diverse range of microbiota. Furthermore, the presence of various niches 

associated with specific pH, temperature, and moisture ranges, sebaceous, eccrine, 

and apocrine gland distribution, and the presence or absence of hair follicles, 

allows the existence of the concept “sub-microbiomes” [398]. For instance, 

sebaceous gland-rich areas are commonly dominated by Actinobacteria, in 

contrast to drier regions, in which Proteobacteria are prevalent. Nevertheless, 

many of the colonizers of the human skin are involved in noninfectious skin 

diseases, such as atopic dermatitis, rosacea, psoriasis, and acne [398, 424-427]. 

Moreover, skin colonizers may become pathogenic if the opportunity is provided 

[428]. Still, some lines of evidence show a mutualistic relationship between the 

skin microbiome and the human host. An example of this are diabetic wounds. It 

was reported that microbial communities of the skin may have an impact on 

wound healing and skin re-epithelialization. Still, the mechanisms involved in this 

phenomenon are unknown [429]. 

In general, Staphylococcus epidermidis is the most common species in the skin 

and mucosa, and is believed to make up more than 90% of the aerobic resident 

flora. Therefore, this species can rapidly become systemic after the use of 

catheters or implantation surgeries. However, some authors defend that S. 

epidermidis can play the role of a mutualistic organism, as many strains are able 

to produce lantibiotics (bacteriocins). Other anti-competition mechanisms include 

the production of antimicrobial peptides, which were found to be toxic to 

Staphylococcus aureus and Streptococcus pyogenes. The host immune system 

allows the growth of S. epidermidis as it provides extraordinary protections 

against a specific range of pathogens, contributing to a mutualistic host-

microbiome relationship. In addition, S. epidermidis also induces the innate 
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immune response of keratinocytes via the Toll-like receptor signaling pathway 

[reviewed in 430]. 

The fact that S. epidermidis is able to shape the skin microbiome is exciting, as 

it could be included in a new therapeutic approach for reducing the abundance of 

drug-resistant bacteria. For instance, Staphylococcus aureus is found in the nares 

of half of healthy adult population, while half is rarely or never colonized by this 

pathogen. Moreover, methicillin-resistant S. aureus is common within hospital 

environments, with a prevalence ranging from 1% to 24% in European healthcare 

facilities [431]. Nonetheless, it was found that S. aureus colonization was 

negatively correlated with the presence of S. epidermidis, supporting its efficacy 

for therapeutic use [432]. 

These observations emphasize the need of a proper characterization of human 

microbiomes to determine their roles in bacterial pathogenesis and its prevention, 

and hopefully, to identify new therapies to counter dysbiosis and bacterial 

diseases. 

5.5 Final considerations 

In this Chapter we explore the overall impact of microbial species in human 

cellular events. Processed data for several body regions were used to construct 

heat maps containing information concerning the impact of certain phyla on 

cellular pathways of the human host. We found that the phyla impacting the 

appendix, colon, rectum and small intestine the most were Bacteroidetes, 

Firmicutes, and Proteobacteria. These were also the regions that showed greater 

impact. The oral mucosa also possessed great microbial diversity, being impacted 

the most by Proteobacteria, followed by Firmicutes, Bacteroidetes, and 

Actinobacteria. The heat maps for the vaginal and cervical regions also show very 

a similar pattern, except for the impact level, which is greater in the cervix. 

Nonetheless, both regions were dominated by Firmicutes and to a lesser extent, 

Actinobacteria. The esophagus and nasopharynx also presented similar patterns, 

being mostly impacted by species under the Proteobacteria, Firmicutes, and 

Actinobacteria phyla. Lastly, the skin microbiome presents a challenge due to its 

wide area and possible sub-microbiomes, as some regions can be moist, dry or 

sebaceous. Still, our findings showed that Actinobacteria, Firmicutes and 

Proteobacteria were the phyla with most impact on the skin cellular events, which 

is consistent with the literature. 
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The paradigm has changed: one cannot only consider human cells when it 

comes to systems biology, as we are clearly an amalgam of mammalian and 

bacterial cells, strictly organized into tissues, organs and microbial communities. 

These “super-organisms” are evolving, and various intrinsic (e.g., genetics, 

ethnicity, age) and extrinsic factors (e.g., diet, routines, physical activity practice) 

contribute to the development and adaption of the microbiomes of each 

individual. Also, healthy microbiomes for the same regions are not universal and 

can be disparate, increasing the difficulty associated with baseline microbiome 

establishment. Finally, knowing which host proteins of a cellular pathway are 

targeted and impacted by microbial proteins may provide insight about yet 

undescribed pathogenesis mechanisms. Therefore, such knowledge could also be 

applied in the pharmacological and clinical research areas for the development of 

new drugs and diagnostic methods.  
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6 Computer-based drug repositioning for 
infectious diseases 

The emergence of multi-resistant bacterial strains and the existing void in the 

discovery and development of new classes of antibiotics is a growing concern. 

Indeed, some bacterial strains are now resistant to last-line antibiotics and 

considered untreatable. In addition, the traditionally used de novo experimental 

drug discovery is an expensive and time-consuming task. 

Traditional drug design involves the identification of drug-target interactions 

(DTI) towards targets of biological interest, either to inhibit or enhance a specific 

molecular function. Dedicated computational models for protein simulation and 

DTI prediction are crucial for speed and to reduce the costs associated with DTI 

identification. Thus, drug repositioning has been the suggested strategy identify 

and deliver new drugs to the market in a timelier manner. 

In this Chapter we present a computational pipeline that enables the discovery 

of putative leads for drug repositioning that can be applied to any microbial 

proteome, as long as the interactome of interest is at least partially known1. 

6.1 Background 

Antibacterial resistance is becoming more frequent and is a growing  concern, 

as bacterial resistance to last-line antibiotics has been steadily increasing and is 

already high globally [433, 434]. Development of antibacterial resistance is the 

result of a cascade of events triggered by continued selective pressure of routinely 

used antibiotics, constituting a major medical and pharmaceutical challenge. In 

response to continued selective pressure the bacterial genome undergoes rapid 

evolution, which in turn is accelerated by the heavy focus on the same microbial 

pathways (protein synthesis, nucleic acid synthesis, cell wall synthesis and folate 

synthesis) [435, 436]. Today, more than ever, new antibiotics or prodrugs able to 

neutralize antimicrobial resistant pathogens are necessary. 

                                                      
1  This chapter is largely based on the paper Coelho ED, Arrais JP, Oliveira JL (2016) Computational 

Discovery of Putative Leads for Drug Repositioning through Drug-Target Interaction Prediction. PLOS 

Computational Biology 12: e1005219. 
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A growing strategy in drug screening for the past decade is drug repositioning, 

or repurposing. By focusing on one of the undesired effects of an already 

commercialized drug in an attempt to make it the main effect, it is possible to 

reposition that drug for new uses [437]. This strategy can greatly reduce the cost 

of lead screening and the time required for a drug to reach the market [438, 439]. 

Some examples of successfully repositioned drugs for uses different from their 

original indications include bupropion, fluoxetine, thalidomide and sildenafil 

[440, 441]. Sildenafil is probably the most popular example, which was initially 

used to treat hypertension, then angina, and currently for erectile dysfunction 

[442]. However, the repurposing of thalidomide should not be taken lightly, as it 

is an example of a withdrawn drug that could be reintroduced in the market [443].  

From another perspective, neglected and rare diseases are also becoming 

increasingly attractive for pharmaceutical companies, which can be partially 

attributed to the smaller initial investment necessary to repurpose drugs for such 

diseases [441]. 

Cheng et al. [444] and Yang et al. [445] proposed computational 

methodologies to speed and enhance the process of drug repurposing. Yang et al. 

[445] developed the conditional random field (CRF) method, which integrates 

genomic, chemical, functional and pharmacological data, in addition to the 

topology of DTI networks. They apply a stochastic gradient ascent approach and 

the contrastive divergence algorithm to train their model and to identify the 

hidden associations between drugs and targets [445]. While this methodology may 

have the potential to be applied to reposition certain drugs, the use of functional 

similarity dismisses its use for the drug repositioning in infectious diseases. The 

most likely result of using functional similarity for this purpose would be the 

prediction of an antibacterial drug that would continue the selective pressure in 

the target microorganism, perpetuating antibacterial resistance. 

The work by Cheng et al. [444] consisted in the construction of a bipartite 

graph of drugs linked by binary associations to their respective protein targets to 

infer DTI. Their proposed method, network-based inference (NBI), uses known 

drug-target bipartite network topology similarity to predict unknown DTI. NBI 

considers transition processes over the bipartite graph, and thus, if a drug and a 

protein target interact, it is possible to compute the predictive score. The 

predictive score is calculated based on the number of drugs associated with each 

target, and on the degree of these drugs. Some of their predictions were validated 

by in vitro assays, confirming that five drugs had pharmacological effects on 
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alternative targets [444]. While these results are very promising for drug 

repurposing, we believe their proposed methodology could not be used to solve 

the problem presented here. Considering that Cheng et al. [444] used a DTI 

network composed of human protein targets and their respective drugs to 

construct their inference model, if they used a DTI network of a bacterial species 

of interest and the drugs targeting it (i.e., antibiotic drugs), the selective pressure 

problem would persist and result in antibacterial resistance. 

Drug repositioning is especially challenging in infectious diseases for a number 

of reasons. First, most antibiotics were originally isolated by screening soil-

derived Actinomycetes between 1940 and 1960 [446]. Shortly after, the 

productivity of this antibiotic discovery strategy started decaying rapidly, 

becoming obsolete. Second, the antibacterial “spectrum expansion” methodology, 

which consists of testing a drug able to suppress one bacterium species against 

other species [447], is too expensive and time-consuming. In addition, despite 

high-throughput screening against defined targets and rational drug design 

yielding several compounds, the compounds identified were not effective at 

penetrating bacterial cells [446]. Nonetheless, efforts to reposition drugs for 

infectious diseases are becoming increasingly attractive, especially those using 

computational methodologies [448, 449]. Computational methodologies allow 

rapid and inexpensive screening of a broad spectrum of drugs and targets, either 

by screening ligands for a certain drug-target, or screening potential drug-targets 

for a specific ligand. 

Nzila et al. [447] reviewed several strategies used to reposition drugs for the 

treatment of multi- and drug-resistant malaria and tuberculosis. They presented 

five different strategies for drug repositioning: 1) assess similarity in cell biology 

and biological processes, using compounds that target pathways that also exist in 

the microorganisms responsible for malaria and tuberculosis; 2) explore the 

microorganism genome information, aiming to identify putative drug targets 

already validated in another organism; 3) revisit data from failed drug reposition 

attempts, as inherent variables (e.g., animal model chosen, toxicity) could be 

poorly chosen or dealt with; 4) observe co-infection drug treatment efficacy 

thoroughly, as many diseases occur as co-infections with malaria and 

tuberculosis; and 5) screen old and existing drugs. Indeed, in a recent approach 

Iwata et al. [448] proposed a statistical model to infer new drug-disease 

associations based on known drug-disease interaction knowledge. In their 

approach, each drug-disease pair was defined a descriptor based on the 
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phenotypic effects of drugs (e.g., main effect and side effects) and with various 

molecular features of diseases (e.g., disease-causing genes, diagnostic markers, 

disease-related pathways, and environmental factors). Berenstein et al. [449] took 

advantage of extensively studied organisms to develop an integrative network 

model for the identification of bioactive drug-like molecules and candidate drug 

targets in neglected pathogen proteomes. More recently, Savoia [450] reviewed 

several promising experimental studies on drug repurposing of existing drugs for 

infectious diseases, most of them identified serendipitously or by exploring the 

side-effects of the drugs. 

As expected, computational drug repurposing approaches invariably make use 

of previously known drug-target associations. Finding alternative targets for 

known drugs has the added benefit of advancing into clinical trials sooner, as their 

pharmacokinetics and safety profiles are known by the regulatory authorities 

[451]. 

In this Chapter, we propose a methodology for screening putative DTIs for 

drug repositioning. The proposed pipeline allows the identification of potential 

drug-targets in any bacterial species of interest, and the prediction of putative 

DTIs between the identified drug-targets and already commercialized drugs. The 

newly identified DTIs can provide key leads for drug repurposing towards 

problematic pathogens, being a time and cost-effective strategy to support the 

development of new antibacterials. 

6.2 Commonly used network metrics to characterize biological 

networks 

Network centrality metrics make assumptions about how information flows 

through a network, based on an evaluation of its topology. Several measures have 

been developed, and include degree centrality, closeness, betweenness, 

eigenvector centrality, information centrality, flow betweenness, the rush index, 

among others [452]. Centrality metrics have several applications in a wide variety 

of research areas, including sociology, biology and computer science [453]. These 

are relevant because centrality is associated with key positions in the network, 

relating to leadership or popularity [454]. 

As thoroughly described in Section 3.4, biological networks can be 

conveniently represented as graphs. In particular, drug-target networks can be 

modelled as bipartite graphs, linking drugs and protein targets in binary 

associations. Aiming to understand drug targets in the context of cellular and 
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disease networks, Yildirim et al. [266] constructed a graph of the drugs approved 

by the United States Food and Drug Administration associated with their protein 

targets. By combining network measures with information about the drugs and 

their respective targets, they expected to be able to analyse the properties of drug-

target networks in the context of the cell, allowing further characterization and 

quantification of drugs, drug-targets, and the associations between drug-targets 

and disease-gene products. 

The most commonly used network centrality measures are degree, closeness, 

betweenness [455], and eigenvector [456]. Degree is the simplest of the centrality 

measures, as it only takes into account the number links to other nodes a given 

node has. Let A be an adjacency matrix, where 𝐴𝑖𝑗 = 1 if there is an edge between 

nodes i and j. Thus, the degree 𝑘𝑖 of node i is given by 

 

𝑘𝑖 =∑𝐴𝑖𝑗

𝑛

𝑗=1

 . 

 

Being a measure of the extent of influence of a node, the greater the degree, the 

more important the node is. Unlike eigenvector centrality, degree centrality 

assumes that each linked node contributes equally to the centrality of a given 

node, but this is not true for many situations. For instance, in social networks, the 

influence of a person is not only dependent on their number of connections, but 

also by the number of connections their acquaintances have. This means that a 

node in a given network is considered more central if it is connected to many 

central nodes [457]. Therefore, the centrality 𝑥𝑖 of a node i is proportional to the 

sum of the centralities of its neighboring nodes [458], which can be represented 

by 

 

𝑥𝑖 = 𝜆−1∑𝐴𝑖𝑗𝑥𝑗

𝑛

𝑗=1

 . 

 

If the centralities of the nodes are represented in the form of a vector  𝑥 =

(𝑥1, 𝑥2, … , 𝑥𝑛), the centrality 𝑥𝑖  of a node i in matrix form can be defined as 

 

𝜆𝑥 = 𝐴𝑥, 
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where 𝑥  is an eigenvector of 𝐴  with eigenvalue 𝜆 . The Perron-Frobenius 

theorem states that there is only one eigenvector with strictly-positive values, 

which corresponds to the unique largest real eigenvalue. Hence, eigenvector 

centrality provides more information than degree centrality, as it does not only 

rely on the number of connections a node has, but also on their qualities [reviewed 

in 457]. 

To define closeness centrality it is necessary to understand the concept of 

distance in a graph. The distance between any two nodes in a network is given by 

the number of links of the shortest path between them. Thus, the closeness 

centrality of a node is defined by the sum of the distances from all other nodes 

[455]. This means that nodes with low raw closeness scores have short distances 

from neighboring nodes and high closeness. 

Typically, closeness is associated with efficiency and independence, as nodes 

with higher closeness are able to transmit information without depending on many 

peripheral nodes [454, 459]. Closeness centrality is computed by inverting the 

sum of the distances from it to the other nodes in network [455]. 

Betweenness centrality is another frequently used network centrality measure, 

and corresponds to the number of times that a node i needs a node k to reach a 

node j by taking the shortest path [460]. In this definition, the node whose 

centrality is being calculated is the node k. The betweenness centrality for k is 

given by calculating the sum of all the paths passing through k, divided by the 

number of shortest paths between pairs of nodes [457]. A node with high 

betweenness centrality can be compared to a bridge as other nodes depend heavily 

on it. This means that nodes with high betweenness centrality are able to influence 

the spread of information through the network [458]. 

The information obtained by these measures can be used to find the patterns 

that define a good drug target, aiding in the formulation of criteria to identify 

novel drug targets in the network. 

6.3 Predicting drug-target interactions 

6.3.1 Pipeline overview 

The proposed approach is schematized in Figure 6.1. Known DTI data were 

collected from publicly available databases. From the ligand’s simplified 

molecular-input line-entry system (SMILE) representation of a ligand the 

chemical structure data and physicochemical descriptors are retrieved and 
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encoded. Similarly, from the primary sequence of a protein a variety of 

physicochemical descriptors are retrieved. These descriptors are used to generate 

the feature vectors that represent DTI pairs. The proposed classification model 

uses random forest (RF) [166], as these run efficiently on large data sets, provide 

accurate estimates, are able to estimate the most important features in the 

classification task, and are less prone to overfitting. Classifier validation includes 

internal (five-fold cross-validation) and external validation on an independent data 

set. The classification model is then used to predict putative DTIs between the 

estimated crucial drug-targets in the methicillin-resistant Staphylococcus aureus 

(strain COL – UniProt taxonomy ID: 93062) and all the drugs in our training and 

test data sets. The most essential drug-targets were estimated by a combination of 

subgraph centrality (SC) and the betweenness centrality (BC) of each protein in 

the bacterial interactome, as SC is highly correlated with the lethality of 

individual proteins removed from the proteome, and BC is likely to be associated 

with protein essentiality [461, 462]. The methicillin-resistant S. aureus COL 

(MRSA) interactome was used to test and validate the proposed pipeline. Finally, 

we use the SwissDock server and AutoDock4 to perform docking simulations for 

the best scoring predicted DTIs. The docking process for SwissDock was set to 

“Accurate” and the region of interest was set to default, as this docking is flexible. 

 

 

Figure 6.1. Diagram of the proposed pipeline. 
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For AutoDock4, the search parameters were set to long (25,000,000 

evaluations) and carried out by a Genetic Algorithm. The docking process was 

performed using a Lamarckian Genetic Algorithm. Hydrogen was added to each 

protein undergoing docking testing and Gasteiger charges were assigned. The 

spacing between grid points used was the default value (0.375 Å). Additional 

docking simulations between the same ligands and their original drug-targets are 

performed to establish benchmarks for comparison. 

SwissDock is based in the EADock DSS engine [463, 464]. In this engine, 

binding models are generated and scored using a simple fitness function, 

minimized, and then clustered and evaluated according to their full fitness [464]. 

The most stable DTI complexes are those with the lowest docking score values. 

Since the SwissDock server [463] allows the direct upload of PDB codes (for 

target selection) and ZINC database accession identifiers (for ligand selection), 

pre-processing of the structures for the docking experiments by us was not 

required. Instead, this process is automatically performed in the SwissDock 

server, where the input molecules are converted to the CHARMM [465] format. 

This is the selected format since docking assays are performed in the 

CHARMM22/27 all-hydrogen force field. Protein target and ligand setup are 

thoroughly described in [463]. The EADock DSS engine generates between 5,000 

and 15,000 binding models near the target cavities of the entire protein surface 

and simultaneously estimates their CHARMM energies on a grid. Binding models 

with the most favorable energies are then ranked, considering the solvent effect 

using the FACTS implicit solvation model [466]. The most favorable binding 

model clusters are then presented in the results file. 

6.3.2 Dataset construction 

We collected positive DTI data from two different sources: (1) DrugBank 

[467] and (2) from a previous DTI prediction study by Yamanishi et al. [468]. The 

DrugBank database freely provides high-quality curated data regarding drugs and 

drug-targets for conducting in silico bio and chemoinformatics studies. DrugBank 

DTI data was downloaded on October 4 2015 (version 4.3). All DTIs were 

conveniently represented as a list of pairs, along with protein sequence 

information for each target, and SMILE format for each drug. Any drug or drug 

target without a valid SMILE or protein sequence, respectively, was removed 

from our data set. The latter source [468] comprises DTI data from KEGG BRITE 

[469, 470], BRENDA [471], SuperTarget [472] and DrugBank [467] from 
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November 2007 and has been used as a gold standard in several DTI prediction 

studies [444, 473-476]. Since these data contain positive instances from 

DrugBank, all duplicated entries between the two data sets were removed (Figure 

6.2). In this study we disregarded the specific classes of protein targets (i.e., 

enzymes, G-protein coupled receptors, ion channels, and nuclear receptors) and 

excluded proteins with unreviewed status in the UniProt Knowledgebase [477] 

(i.e., proteins automatically annotated in TrEMBL). The number of unique drugs 

in our positive data sets is 2,118, comprising 1,328 from DrugBank and 790 from 

Yamanishi’s data [468]. In the same data, the number of unique drug-targets is 

2,077 (706 from DrugBank and 1,371 from Yamanishi [468]). Finally, the number 

of known DTIs between the drugs and targets in the positive data is 10,736 (3,530 

from DrugBank and 7,206 from Yamanishi [468]). Ideally, the negative data set 

should also exclusively comprise experimentally determined non-DTIs. However, 

very few authors publish non-interacting protein data, as these are generally 

associated with failed hypothesis. To collect experimental negative data we 

screened the BindingDB [478] and BioLip [479] databases for DTI pairs with 

experimental bioactivity values greater than 10 μM (Figure 6.2). 

 

 

Figure 6.2. Schematic representation of the construction of the data sets used in this work. 
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The same strategy was previously applied to compile negative examples in 

another DTI prediction methodology [480], since DTIs with bioactivity values 

above this threshold are considered to possess weak binding activity. BindingDB 

data was downloaded in December 2015, and BioLip data was downloaded in 

April 2016. The number of unique DTIs with experimental bioctivity values 

greater than 10 μM in BindingDB and BioLip is 14,985 and 1,223, respectively. 

In the former, the number of unique drugs and drug-targets is 12,454 and 404, 

respectively. The latter comprises 894 unique drugs and 636 unique drug-targets. 

To ensure the discriminative power of the proposed approach, we used 

OpenBabel [481] to extract the molecular fingerprints of the drugs in our data sets 

and to compare their chemical similarity. We have found that within each data set 

(DrugBank, Yamanishi [468], BindingDB and BioLip) and across all data sets, 

less than 1% of all possible drug pairs had a sequence similarity score greater than 

0.85. Then, we combined the described positive and negative data to construct the 

data sets for classification model training and external validation (Figure 6.2). The 

negative data collected from BindingDB and BioLip was merged and duplicated 

instances were removed, resulting in 16,209 unique negative DTIs. Each instance 

of these data was randomly selected and appended to one of the positive data sets 

(first to the Yamanishi [468] data set and then to the DrugBank data set) until all 

instances were exhausted, while maintaining a similar negative to positive ratio 

(approximately 1.5). Whenever a negative instance was randomly selected from 

the negative data to be appended in either positive data set, that instance was 

removed from the negative data set to ensure the absence of duplicated entries. 

This resulted in 18,118 instances in the training data set, consisting of 7,206 

positive instances from the Yamanishi [468] data and 10,912 randomly selected 

negative instances. The external validation data set comprised 3,530 positive 

examples from DrugBank data and 5,297 randomly selected negative examples, 

totaling 8,827 DTIs. 

6.3.3 Calculation of the bacterial interactome network centrality measures 

The interactome of the methicillin-resistant S. aureus (strain COL – MRSA 

COL) was downloaded from the STRING database [482] in January 2016. The 

300,477 PPIs downloaded included 36,230 unique proteins, comprised of 9,875 

active proteins and 26,355 obsolete in UniProt. From the active proteins, only 

1,074 were reviewed and manually annotated in Swiss-Prot [477]. To avoid the 

presence of false-positive proteins in our experiments, we only considered 
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reviewed proteins in this study. As a result, the MRSA COL interactome filtered 

for reviewed proteins comprised 93,952 PPIs. To calculate the SC and BC of each 

protein in the MRSA COL interactome we used NetworkX 

(https://networkx.github.io/), a Python software package for the creation and 

study of complex networks. 

The SC metric can be calculated from the spectra of the adjacency matrix of 

the network and was found to be better at discriminating the nodes of a network 

than alternative measures (e.g., degree, closeness). In addition, it was shown that 

SC is more highly correlated with the lethality of individual proteins removed 

from the proteome, compared with the number of links per node [461, 483]. For a 

given node u the SC is given by, 

 

𝑆𝐶(𝑢) =∑(𝑣𝑗
𝑢)2𝑒𝜆𝑗

𝑁

𝑗=1

 , 

 

where 𝑣𝑗  is an eigenvector of the adjacency matrix A, corresponding to the 

eigenvalue 𝜆𝑗 obtained from the graph. 

Bottlenecks in protein networks can be predicted by calculating the 

betweenness centrality, BC, with greater values suggesting a higher “bottleneck-

ness”. These are networks nodes that have many shortest paths passing through 

them, making them key connector proteins. In comparison with degree centrality 

(i.e., “hub-ness”), bottlenecks are significantly better associated with essentiality 

[462]. For a node v, the BC is given by, 

 

𝐵𝐶(𝑣) = ∑
𝜎(𝑠, 𝑡|𝑣)

𝜎(𝑠, 𝑡)
𝑠,𝑡∈𝑉

 , 

 

where V is the set of nodes, the denominator is the number of shortest paths in 

the network, and the numerator the number of those that pass through v. 

6.3.4 Computation of drug and protein descriptors 

Drug and protein descriptors were computed using PyDPI, a python package 

for chemogenomics studies [471]. PyDPI calculates the most frequently used 

structural and physicochemical properties of a protein given its amino acid 
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sequence, molecular descriptors of a drug from its smile representation, PPI 

descriptors, and DTI descriptors. 

Using PyDPI we calculated 755 descriptors for each DTI – 432 protein 

descriptors and 323 drug descriptors. The 432 protein descriptors are divided as 

follows: 20 amino acid composition descriptors; 240 Moran autocorrelation 

descriptors, and; 147 CTD (21 Composition, 21 Transition, and 105 Distribution) 

physicochemical descriptors. The amino acid composition group of descriptors 

represents the fraction of each amino acid type in the sequence. Autocorrelation 

descriptors express the level of correlation between two proteins regarding 

specific structural or physicochemical properties. The CTD descriptors group 

represent the amino acid distribution pattern of specific structural or 

physicochemical properties along the primary structure of a protein, including 

hydrophobicity, polarity, charge, polarizability, normalized van der Waals 

volume, secondary structures and solvent accessibility. Drug features comprise 30 

molecular constitutional descriptors, 23 molecular connectivity indices, six 

molecular property descriptors, seven kappa shape descriptors, 12 charge 

descriptors, 166 Molecular Access System (MACCS) keys, and 79 E-state 

fingerprints. Constitutional descriptors characterize the chemical element and 

chemical bond type, path length, hydrogen bond and hydrogen acceptor, while 

molecular and valence connectivity are described with the connectivity indices. 

For instance, Kappa indices reflect shape attributes of the molecule, and charge 

descriptors express electronic features of the whole molecule and of particular 

regions (atoms, bonds, and molecular fragments). Molecular fingerprints encode 

chemical structures which consist of bins, with each bin being a substructure 

descriptor associated with a specific molecular feature. A detailed explanation of 

these and other descriptor groups is given in the original publication of the PyDPI 

package [471]. 

6.3.5 Predictive model construction and validation 

The predictive model used in this study was implemented using scikit-learn, a 

Python package to perform data mining, data analysis and machine learning tasks 

[165]. To predict DTIs we implemented a classification model based on random 

forests of decision trees [166], which has been shown [484-486] as the best 

approach to solve complex classification problems in large data sets with a 

significant number of features. A random forest is an ensemble of many classifiers 

of the same base type (e.g., decision trees) which returns the class that is the mode 
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of the classes across the output of the individual trees in the forest [166]. Each 

tree is fully constructed from a bootstrap sample drawn from the training set, by 

recursively splitting an upstream node. When splitting a node in the tree, the 

chosen split is only the best split among a random subset of features to prevent 

correlation between trees. This results in a split that is not the best split among all 

features, adding some randomness to the model and slightly increasing the forest 

bias. However, due to averaging between trees, the variance of the forest will also 

decrease, more than compensating the increase in bias and resulting in an overall 

better model.  The trees are grown until a node cannot be split further. Conversely 

to the original model [166], where each tree votes for a single class, prediction of 

the class of input samples in the scikit-learn implementation is performed by 

averaging their probabilistic predictions. The number of trees (n_estimators) and 

the number of features to consider when looking for the best split (max_features) 

are important parameters when building an RF model. To define these parameters 

we used the grid search method and then adopted the parameters of the model 

with best mean accuracy after five-fold cross-validation. Thus, the parameters 

used were 150 n_estimators and 100 max_features. Since we only consider 100 

features at each split, over-parameterization is not likely to occur. 

The pipeline for the construction of our classification model is very 

straightforward: (1) train the RF; (2) assess internal classifier performance by 

five-fold cross-validation; (3) classify the external validation data set to evaluate 

classifier performance on out-of-sampling data, and; (4) classify the test data. 

While a performance comparison with the method proposed by Cheng et al. 

[444] would be ideal to ascertain how this approach compares with the state-of-

the-art, the links to their data sets are unavailable. Thus, to estimate the 

classification accuracy of the implemented predictive models we used internal and 

external validation. Internal validation was performed using five-fold cross 

validation, which consists of splitting the training set in five subsets, using four 

subsets to train the model, and testing on the remaining subset. This is done 

consecutively until every subset is used as the test set. External validation was 

performed by using a data set independent from the training data as test set for the 

classification model. This strategy is fundamental to better estimate the 

performance and generalizability of the classifier, as cross-validation estimates are 

usually biased towards over-performance [487, 488]. 
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6.4 Results and discussion 

6.4.1 Assessment of predictive model performance 

We constructed our random forest classification model based on the training 

set, and using the values found by grid search for n_estimators (number of trees in 

the forest, 150) and max_features (number of features to consider when looking 

for the best split, 100). We performed five-fold cross-validation (internal 

validation) and tested the classification model against data sets independent of the 

training data (external validation) to evaluate classification performance. The 

AUCs for five-fold cross-validation and external data set validation were 0.99 and 

0.91, respectively. After classifying the external validation data set we computed 

the confusion matrix for the predicted instances Table 6.1. These results indicate 

that the presented model is valid and able to classify unseen data. 

6.4.1 Analysis of the impact of network metrics 

The network metrics calculated for the proteins in the methicillin-resistant S. 

aureus (strain COL – MRSA COL) interactome were sorted by their BC values in 

descending order and filtered for a SC value greater than 1023 as the best putative 

drug-targets. Table 6.2 lists the ten best scoring proteins according to the 

calculated network metrics. The prokaryotic DNA-directed RNA polymerase is an 

enzyme with multiple subunits responsible for transcription in bacteria. It is an 

appealing drug target due to its essentiality for bacterial growth and survival and 

its different features from mammalian counterparts [489, 490]. According to 

DrugBank, Rifabutin targets both the alpha and beta subunits in Escherichia coli 

strain K12, while the beta subunit is targeted by Rifapentine (in Mycobacterium 

tuberculosis), Rifampicin, Rifaximin, and Rifalazil (in E. coli strain K12). 

 

Table 6.1. Confusion matrix of the external validation data set classification. 

 Predicted positive Predicted negative 

Condition positive 2,792 (TP) 542 (FN) 

Condition negative 69 (FP) 5,126 (TN) 

 
TP – true positive; FN – false negative; FP – false positive; TN – true negative 
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Table 6.2. Top ten best putative drug-targets. 

STRING ID UniProt ID Protein name SC BC 

SACOL2213 Q5HDY4 DNA-directed RNA polymerase subunit alpha 1.85E+23 0.0329 

SACOL0591 Q5HID0 30S ribosomal protein S12 2.76E+23 0.0198 

SACOL0588 Q5HID3 DNA-directed RNA polymerase subunit beta 1.17E+23 0.0178 

SACOL2675 Q5HCP4 Accessory Sec system protein translocase subunit SecY2 1.01E+23 0.0128 

SACOL1292 Q5HGF8 30S ribosomal protein S15 2.65E+23 0.0112 

SACOL0593 Q5HIC8 Elongation factor G 2.82E+23 0.0093 

SACOL2234 Q5HDW3 50S ribosomal protein L22 3.29E+23 0.0049 

SACOL2233 Q5HDW4 30S ribosomal protein S3 3.11E+23 0.0047 

SACOL2207 Q5HDZ0 50S ribosomal protein L13 2.94E+23 0.0046 

SACOL0545 Q5HIH4 50S ribosomal protein L25 1.06E+23 0.0045 

 

SC – Subgraph centrality; BC – Betweenness centrality. 

 

The ribosome is responsible for protein synthesis in the cell and is composed of 

two subunits, the 50S (larger) and 30S (smaller). Drugs that target ribosomal 

proteins to inhibit bacterial protein synthesis are either 50S inhibitors 

(chloramphenicol, clindamycin, macrolides, and pleuromutilins) or 30S inhibitors 

(tetracycline and aminoglycosides) [491-493]. 

The movement of tRNA and mRNA through the ribosome at the end of each 

round of polypeptide elongation is catalyzed by the prokaryotic elongation factor 

G (EF-G) [494]. Fusidic acid inhibits ribosomal peptide elongation (and ribosome 

recycling) by targeting EF-G, forming a strong complex when EF-G is ribosome-

bound [495]. 

Protein secretion is crucial to export virulence factors and thus, to improve 

pathogenic survivability. The accessory Sec system is a specialized export system 

found in mycobacteria and some Gram-positive bacteria, where the common 

element is the accessory SecA protein SecA2. It was reported that in the specific 

case of S. aureus the SecA2/SecY2 system is required for the export of the serine-

rich surface protein adhesion (SraP), an important virulence determinant in 

endovascular infection [496, 497]. Inhibition of SecY2 was found to prevent SraP 

surface expression almost completely [497]. 

These literature findings suggest this heuristic is a good predictor to identify 

putative drug-targets in bacterial species of interest. To generate our test data set 

we combined the best ten proteins with the 3,081 unique ligands in our training 

and test data sets in an all-against-all fashion, resulting in 30,810 DTIs in the test 

set. 
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6.4.2 Exploration of the predicted drug-target interactions  

In our model we opted to predict the probability of each DTI pair to interact, 

i.e., the probability of a given DTI pair to be classified as a positive interaction. 

On a random forest classifier the predicted class probability is computed as the 

mean probability of the predicted class from the trees in the forest, where the 

single tree class probability is the fraction of samples of the same class in a leaf. 

This allowed us to sort DTI pairs by their class probabilities for easier 

identification of the most probable putative DTIs. We selected the five most 

probable DTIs according to our classification model for further analysis (Table 

6.3). According to UniProt, the proteins involved in these DTIs did not have 

solved tertiary structures at the time of writing. Thus, we performed ab initio 

homology modeling following a well-established strategy [498]. First, we used 

the I-TASSER [499-501] online server to predict the tertiary structure of the 

proteins with UniProt IDs Q5HIC8, Q5HID3, and Q5HCP4, using the default 

parameters. The I-TASSER server uses three metrics to measure the confidence of 

each generated model: 1) C-score, which is calculated based on the significance of 

threading template alignments and the convergence parameters of the structure 

assembly simulations; 2) RMSD, which is an average distance of all residue pairs 

in two structures, and; 3) TM-score, which weighs the small distance between all 

residue pairs stronger than the big distance, making the score insensitive to the 

local modeling error (disregarded in RMSD). However, RMSD and TM-score are 

used when the native structure is known, meaning their values in I-TASSER are 

predicted based on the C-score. The C-score, RMSD and TM-score values for 

Q5HIC8 are 1.53, 4.8±3.1Å, and 0.93±0.06, respectively. For Q5HID3 these 

values are 0.19, 8.8±4.6Å, and 0.74±0.11. Lastly, for Q5HCP4, the C-score is 

1.20, RMSD is 4.3±2.9Å, and TM-score is 0.88±0.07. In general, C-score values 

are comprised between -5 and 2, with 2 being a good indicator of model 

confidence. Since the C-score of Q5HID3 fell short of those of Q5HIC8 and 

Q5HCP4 we decided to discard the modeled tertiary structure. 

The accuracy of the generated models was estimated using ProSA-web [502], 

an established tool used for the refinement and validation of experimental protein 

structures and in structure prediction and modeling. 
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Table 6.3. Five best scoring putative drug-target interactions. 

UniProt 

ID 
Protein Name ZINC ID Ligand name 

Class 

probability 

Q5HIC8 Elongation factor G ZINC85537089 Proglumetacin maleate 0.93 

Q5HID3 
DNA-directed RNA polymerase 

subunit beta 
ZINC01550477 Lapatinib 0.93 

Q5HID3 
DNA-directed RNA polymerase 

subunit beta 
ZINC85537027 Tacrolimus 0.92 

Q5HCP4 
Accessory Sec system protein 

translocase subunit SecY2 
ZINC19418959 

Trifluoperazine 

dihydrochloride 
0.92 

Q5HIC8 Elongation factor G ZINC01535101 Rosuvastatin calcium 0.91 

 

This tool parses the coordinates of the structure and evaluates its energy using 

a distance-based pair potential and a potential capable of detecting solvent 

exposed residues. The Z-score, an indicator of overall model quality, is calculated 

using these energies. Specifically, it measures the deviation of the total energy of 

the model’s structure, considering an energy distribution derived from random 

conformations [502]. All possible conformations of a given protein have 

associated energy values. The number of conformations per energy interval, that 

is, the energy density N(E), characterizes the energy distribution of said protein. 

By the law of large numbers one can assume that the energy density follows a 

Gaussian distribution, defined by the average energy Ē, and standard deviation σ. 

Since every distribution has an average and a standard deviation, it is possible to 

normalize energy values, even without knowing the shape of this distribution. 

Thus,  

𝐸 →
(𝐸 − Ē)

𝜎
≈ 𝑧 

 

These normalized values are called z-scores [503]. Lower z-score values are 

correlated with typical native structures of similar size, while z-scores outside the 

characteristic range of the native proteins indicate erroneous structures [502]. Z-

score values for Q5HIC8 and Q5HCP4 were -10.39 and -3.95, respectively, 

suggesting the quality of the modeled tertiary structures (Figure 6.3). 
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Figure 6.3. ProSA-web overall model quality output for Q5HIC8 (left) and Q5HCP4 (right). 

Panels show these proteins are within the range of scores typically found for proteins of similar size. 

 

Following ab initio structural modeling and validation, we performed docking 

experiments between our predicted DTIs to test the theoretical viability of the 

ligands to actually bind the modeled proteins. In addition, we also performed 

docking experiments between these ligands and their real targets to create a 

benchmark. All docking experiments were carried out using the SwissDock web-

server [463] and AutoDock4 [504]. Table 6.4 summarizes the docking 

experiments and benchmarks performed, as well as their results. The results of 

SwissDock docking suggest that the ligands ZINC85537089 and ZINC01535101 

have a greater binding affinity to Q5HIC8 than to the targets they were originally 

synthesized for. Although not possessing the lowest full fitness, the Q5HPC4-

ZINC19418959 DTI pair still has a higher binding affinity than the P26447-

ZINC19418959 pair. Trifluoperazine dihydrochloride was shown to have 

antiplasmid effects on a range of bacterial species [505, 506]. Furthermore, it was 

reported that Prochlorperazine (ZINC19796018), an antipsychotic drug with MCS 

Tanimoto similarity of 0.8276 with Trifluoperazine dihydrochloride 

(ZINC19418959), also possesses antibacterial activity against several species 

[507]. Similar studies show evidence that statins, including Rosuvastatin calcium 

(ZINC01535101), also present activity against a range of bacterial species [508, 

509]. Proglumetacin maleate (ZINC85537089) belongs to the acetic acid 

derivatives and related substances class. While acetic acid has known antibacterial 

properties [510, 511], Proglumetacin maleate does not have any antibacterial 

effects and had been actually labeled as non-antibacterial [512, 513].  
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Table 6.4. Results of the molecular docking experiments performed for predicted (pred.) and real 

(benchmark) DTIs. 

ZINC ID Structure 
UniProt 

ID 

Target 

type 

PDB 

ID 
SD AD4 

85537089 

 

Q5HIC8 Pred. N/A -2.69 -2.03 

P23219 Real 1CQE -2.06 -3.93 

P35354 Real 5F19 -2.29 -3.98 

19418959 

 

Q5HCP4 Pred. N/A -0.89 -5.69 

P63316 Real 1J1D -1.50 -5.28 

P62158 Real 1CLL -1.29 -7.16 

P26447 Real 2Q91 -0.59 -6.83 

P14416 Real 5AER -1.04 -5.56 

01535101 

 

 

Q5HIC8 Pred. N/A -2.90 -1.59 

P04035 Real 1DQ8 -2.20 -2.63 

 

Values are presented in cal/mol.  SD – SwissDock; AD4 – AutoDock4. 

 

The results of AutoDock4 docking were not so optimistic, with only 

ZINC19418959 showing greater binding affinity to the predicted protein Q5HCP4 

than to two of its real targets (P63316 and P14416). Nonetheless, the evidence 

shown here is highly suggestive that the identified compounds are able to bind to 

the predicted drug-targets, attesting the performance of the proposed 

methodology. Indeed, we looked further into the antimicrobial activity of acetic 

acid and found reports of its ability to directly eradicate mature biofilms [514] and 

inhibit oral microorganisms [515]. 
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Experimental testing will be decisive in validating the presented findings. 

Namely, if these DTIs actually occur, the identified ligands may not be able to 

cross the cell wall and cell membrane, which would most likely require lead 

optimization to improve selectivity to the target and efficiency of the ligand. Still, 

the robustness and reliability of the proposed pipeline can be attested, as it 

performed well in both internal validation and external validation data sets. 

Overall, we show that the combined use of network metrics, namely subgraph 

centrality and betweenness centrality, are extremely useful for finding potential 

drug-targets in MRSA. Most of the ten best putative drug targets were part of the 

already heavy focused microbial pathways (protein synthesis, nucleic acid 

synthesis and cell wall synthesis), which demonstrates that this heuristic is able to 

identify essential proteins. Considering this, identification of the accessory Sec 

system protein translocase subunit SecY2 as a putative drug-target seems 

especially relevant, as it is part of a pathway that has not received much attention 

for antibacterial development. Future studies will focus on this and other less 

explored pathways for antimicrobial development. 

Even though we used the MRSA interactome as a case-study, this pipeline was 

developed to be applied to any pathogen species of interest, as long as their 

interactome is at least partially known. By reducing the number of possible drug-

targets it is possible to save time and funds to be directed to investigating the 

shorter drug-target pool. Moreover, DTI prediction further narrows the lead 

screening window, allowing the possibility of drug-repurposing. Finally, since 

these drugs are already commercialized there should be no inherent risks in using 

them as antibacterials. 

6.5 Final considerations 

The emergence of multi-resistant bacterial strains and the existing void in the 

discovery and development of new classes of antibiotics is a growing concern. 

Indeed, some bacterial strains are now resistant to last-line antibiotics and 

considered untreatable. Drug repositioning has been suggested as a strategy to 

minimize time and cost expenses until the drug reaches the market, compared to 

traditional drug design. Drug-target interactions are the basis of rational drug 

design and thus, we proposed a computational approach to predict DTIs solely 

based on the primary sequence of the protein and the SMILE representation of the 

ligand. In addition, network centrality measures, namely subgraph centrality and 

betweenness centrality, are used to identify vital putative drug-targets in bacteria. 
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Two of the identified putative drug targets are the prokaryotic elongation factor G, 

which is essential for protein biosynthesis, and the accessory Sec system protein 

translocase subunit SecY2, which is involved in the transport of proteins to the 

cell wall. In S. aureus, the SecA2/SecY2 system is required for the export of a 

virulent protein responsible for endovascular infections, and its inhibition 

prevents its surface expression almost completely. 

Molecular docking experiments were performed to compare the binding 

affinities between a given ligand and a putative drug-target, as well as with their 

original targets. According to the docking results, the predicted DTIs have similar 

or better binding activities than the ligand and their real target. Our methodology 

suggests that trifluoperazine dihydrochloride may be able to bind to the accessory 

SecY2, and that proglumetacin maleate and rosuvastatin calcium may be able to 

bind to the elongation factor G, even though proglumetacin maleate is considered 

to be a non-antibacterial. Several studies present evidence of the antibacterial 

effects of trifluoperazine dihydrochloride, rosuvastatin calcium, and some related 

compounds, indicating the validity of the proposed model. 
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7 Conclusion and future directions 

7.1 Conclusion 

The identification of protein-protein interactions is at the core of molecular and 

systems biology, considering that the majority of cellular processes are mediated 

by such interactions. Determination of the proteins participating in these 

interactions sheds lights on poorly known molecular mechanisms and propels the 

development of therapeutics. Since experimental approaches to identify such 

interactions are expensive, time-consuming and require expert analysis, 

computational methods have been used to streamline typical pipelines. As such, 

this is a promising research area that creates new challenges on several distinct 

topics of computer science and of biomedical informatics. 

The data being generated in sequencing centres and institutes, as well as in 

pharmaceuticals companies, are increasing at an unprecedented pace. Although 

manual analysis of these data is a strenuous task, is has potential to be used for 

research. Several computational methods have been developed to extract new 

information using these data, such as PPIs, DTIs, drug-disease associations, and 

protein-disease associations. These methods benefit from not requiring an expert 

to perform the tests, are significantly faster and more economically viable than 

experimental methods, and can virtually cover the entire interactomes of multiple 

organisms per run. Indeed, computational methods to predict protein interactions 

will keep improving and becoming more accurate, as long as experimental data 

quality and coverage also increases. Several databases have been created and are 

being maintained by multidisciplinary volunteers from institutes worldwide. 

Besides protein interaction information, these also include gene-gene, gene-

disease, gene-drug, and drug-target associations, among others. Such databases 

allow the indirect collaboration between experimental and computational 

methodologies, resulting in new predictions of molecular associations, which in 

turn can narrow the number of experimental tests to be performed. 

Nevertheless, in order to successfully and accurately predict molecular 

interactions (namely protein interactions and drug-target interactions), several 
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improvements have yet to be made. These issues have been addressed in the 

course of this document, and it was possible to understand that computational 

methods will develop further with increasing experimental data and the 

combination of different data sources and predictive strategies. 

In this doctorate, we proposed a computational method to predict protein-

protein associations between different organisms, created a computational strategy 

to infer systematically the impact of such interactions by bacterial species in 

human, and presented a computational pipeline to infer drug targets in bacterial 

species and to predict drug-target interactions for drug repurposing. 

7.2 Main outcomes 

In the process of creating the proposed computational strategies, we achieved 

several results. We discuss the drawbacks of experimental methods for the 

identification of protein interactions and argue about the benefits of using 

computational strategies to support the screening of putative protein interactions. 

In addition, we review the state-of-the-art on computational prediction of protein 

interactions, identifying the flaws in existing methods and opportunities to 

improve the existing strategies. 

Since the oral cavity is an environment particularly prone to bacterial 

colonization and shifts in the normal composition of this microbiota may result in 

the onset of oral diseases, we aimed to surpass the state-of-the-art by developing a 

computational method for the interactome of the oral ecosystem. Thus, we 

proposed a probabilistic Bayesian-based method integrating different data 

sources, to obtain more robust and reliable PPI predictions. By applying naïve 

Bayes, we automatically up-weigh the most informative features and down-weigh 

the less informative ones, allowing for automatic error-correction. The 

information obtained is not only important to obtain a better understanding of the 

pathways involved in the onset of infectious oral diseases, but also for the 

identification of potential drug-targets and biomarkers. However, the 

identification of host-pathogen interactions is not the only important aspect to 

consider. Understanding how these interactions affect the host is also crucial to 

discern pathogenic from non-pathogenic species, and to detect how the pathogenic 

species exploit the host.  

With this in mind, we decided to explore the overall impact of microbial 

species in human cellular events. To do this, we designed an algorithm to estimate 

quantitatively the impact of each phylum for each event in the human host. Since 
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knowing which host proteins of a cellular pathway are targeted and impacted by 

microbial proteins may provide insight about yet undescribed pathogenesis 

mechanisms, this knowledge could be applied in the pharmacological and clinical 

research areas for the development of new antibacterial drugs. This is especially 

true due to the appearance of multi-resistant pathogenic strains. 

Development of antibacterial resistance is the result of a cascade of events 

triggered by continued selective pressure of routinely used antibiotics, 

constituting a major medical and pharmaceutical challenge. In response to 

continued selective pressure, the bacterial genome undergoes rapid evolution, 

which in turn is accelerated by the heavy focus on the same microbial pathways. 

One of the solutions proposed to this problem was the repositioning of drugs, 

which has not been done for infectious diseases systematically. In this thesis, we 

proposed a computational method that identifies putative drug-targets in microbial 

species of interest and predicts drug-target interactions for drug repositioning. 

In the absence of the means for experimental validation, all the proposed 

solutions were validated by showing extensive literature evidence. 

7.3 Future work 

Computational learning of protein interaction networks and drug-target 

networks is still a popular research topic. Many important questions and ideas can 

be explored in future work, as follows: 

 The integration of other types of biological information to improve the 

predictive capabilities of machine learning algorithms for the prediction of 

protein interactions should be considered. Specifically, subcellular 

localization and Gene Ontology information should be taken into account 

when predicting all the types of protein interactions. 

 Further validation of the relevant findings presented in this thesis, which 

may translate to collaborative studies that include experimental testing, 

should also be pursued. Validation of the proposed methods, protein 

interaction networks and drug-target networks will help to better elucidate 

the biological meaning about these inferred associations. 

 An important addition to the predictive methods would be the incorporation 

of “stacked generalization” for the combination of the outputs of different 

classification models. The effects of this strategy in predictive performance 

should be assessed. 
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