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Abstract  

The use of protein-protein interaction networks has become crucial due to 
the emergence of systems biology. The completeness and quality of 
networks, crucial to understand the biochemical mechanisms underlying a 
system such as a cell, are still challenging the scientific community. This 
thesis focuses on the data completeness challenge by the development of 
flexible tools for biological data management. It presents a database 
framework, BIANA, in which the integrated access to several information 
sources tackles this problem by unraveling hidden biological associations. 
BIANA is used to develop protein-protein interaction inference tools 
based on sequence similarity and protein-protein interactions. I have 
applied the approach on Salmonella-host infection, a case study where 
experimental data is scarce. Finally, I have focused on the integration 
problem of protein sequence annotation, also addressing the prediction of 
protein-protein interaction interfaces. I have developed a new evaluation 
measure to compare the predictive power of interface inference 
approaches. 

 

Resum 

Les xarxes d'interacció proteïna-proteïna han esdevingut crucials des del 
naixement de la biologia de sistemes. La integritat i qualitat de les xarxes, 
que són essencials per entendre els mecanismes subjacents a un sistema 
com la cèl·lula, segueixen desafiant a la comunitat científica. Aquesta tesi 
se centra en el repte de la integritat de les dades mitjançant el 
desenvolupament d'eines flexibles per a la gestió de dades biològiques. 
Presento BIANA, un paquet informàtic que enfoca aquest problema 
facilitant l'accés integrat a diverses fonts d'informació. BIANA ha servit 
per desenvolupar eines de predicció d'interaccions proteïna-proteïna 
combinant les xarxes amb similitud entre seqüències. He aplicat aquest 
mètode sobre la infecció per Salmonella-hoste, un cas en el qual les dades 
experimentals són escasses. Finalment, m'he centrat en la integració 
associada a l'anotació de seqüències, abordant la predicció d'interfícies 
d'interacció proteïna-proteïna. Una nova mesura d'avaluació m'ha permès 
comparar el poder predictiu de diferents mètodes. 
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Preface  

The passion to understand how life is possible led me to study Biology, 
but was the reading of the book "Reglas y consejos sobre la investigación 
científica", written by Santiago Ramón y Cajal, that aroused in me a deep 
interest in scientific research. A part of the applications of science that 
obviously changed our lives, such as medicine or technology, just the 
challenge to understand our universe is exciting.  

As Ramón y Cajal stated in his book, it is easy to think that our "small" 
research will not change anything. Science is accumulative, past great 
scientists addressed key questions and achieved key inventions. However, 
Ramón y Cajal said that it is a common error to believe that we can only 
provide insignificant improvements, that our research will not make a real 
impact. "Small" improvements that seem "insignificant" can lead to great 
advances, because science is always in continuous evolution. New 
experimental and computational techniques have become increasingly 
available. Scientific theories that seemed robust can change with new 
observations, which can lead to dramatic changes in the way we 
understand reality. And this is a challenge itself. 

Science is huge, there are several highly specialized fields apparently not 
related between them. But to understand reality it is necessary to integrate 
all these fields. The increasingly available information and the need of 
integration makes computational biology research a key area in present 
and future research. 

The junction of my passion for computers, the interest for research and the 
curiosity for biology led me to explore the computational biology research 
area. The lab leaded by Prof. Baldomero Oliva gave me the opportunity to 
realize it by exploring some hypothesis on the usage of protein interaction 
networks.  Initially, testing these hypothesis seemed easy and "small-
scale" projects. But due to issues associated with the nature of the data 
and the difficulty to replicate other project findings made the need of data 
integration the main commitment of this thesis.  

Ramón y Cajal discussed several aspects to consider when doing scientific 
research. Among others, he proposed which moral qualities a researcher 
should have, such as independence of judgment, perseverance in the study 
and taste for originality. I do not really know if I have any of the qualities 
a researcher should have. But I hope to have contributed with "small", but 
not "insignificant" contributions to the advance of science. At the end, I 
am happy to have worked on a subject that I was interested in and I am 
glad  that I have the opportunity to report what I have done during the past 
years in this thesis. I hope you enjoy reading it! 
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1.1.  Introduction overview 

With a brief preface to the scientific method, the first part of this 

introduction focus on the importance of the data in the generation and 

validation of scientific hypothesis. Secondly, the basic concepts of genes, 

proteins and their relations are presented. As this thesis is based on 

specific relations between proteins, the introduction continues with a 

review of the techniques used for generating the data used for studying 

protein-protein interactions. This section is mainly based on the review by 

Garcia-Garcia et al. (1) (Appendix 1). This subsection ends with a brief 

summary to other important networks that conform the signalling 

pathways. Next, problems and challenges are presented, specially those 

focused on the reliability and completeness of the protein-protein 

interaction data and its implications in the development of inference 

methods.  Finally, the motivation of this thesis is exposed according to 

these problems and challenges. 

1.2.  Scientific method, observations and 

measurements. 

The objective of science is to understand reality. Its advance is based on 

the scientific method, which consists on the formulation of an hypothesis 

that must be tested by conducting experiments. The purpose of these 

experiments is to determine if the observations and measurements 

obtained agree or not with the ones expected by the hypothesis. As more 

evidences there are to accept or refuse an hypothesis, a better 

understanding of reality is gained. Successful testable explanations of a 

particular phenomenon is called scientific theory. Scientific theories are 

beneficial for the society, as they can be used to predict aspects of a 

specific area or to accomplish goals such as inventing technology or 
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curing disease. The advance of science is possible thanks to the questions 

that arise when the background knowledge is increased thanks to the 

testing of previous hypothesis (Figure 1.1). 

 

Figure 1.1. Scientific method schema. 

 

A limiting factor to test hypothesis is the ability to produce observations 

and measurements of high quality, which usually requires advanced 

technologies. At the end, scientific advances depend directly on the 

quality of the data, as incorrectly tested hypothesis can lead to generate 

new wrong hypothesis. In the field of biology, the obtention of such data 

is also critical. During last years, several projects have emerged to obtain 

several maps of different species. Although advances in these projects 

have provided to scientists an invaluable material for their research to test 

new hypothesis, the understanding of the cell and living organisms is far 

from complete. 
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1.3.  Genome, proteome, interactome. 

Cells are the basic structural and functional units of life. They are 

composed by several components playing an important role in their 

structure and function, such as genes, RNAs, proteins, lipids or 

metabolites.  

Among all the molecules found in a cell, biopolymers have an special 

importance. The primary structure of a biological macromolecule is the 

sequence, which consists on the one-dimensional ordering of monomers 

covalently linked within a biopolymer. Most relevant sequences in 

biology are nucleotide sequences (DNA and RNA) and aminoacid 

sequences (proteins). The genome is the genetic material (DNA and RNA) 

of an organism, which contains all the information required to build the 

cells and tissues of an organism. Similarly, the set of proteins expressed 

on a cell or organism in a given moment is called the proteome, which is 

responsible for carrying out the most of the functions encoded by the 

genes. 

Cell components are not found in isolation, they share cellular 

compartments with other components. They usually need to establish 

relationships with other components to undertake their biological 

functions. Among all components, proteins are fundamental to carry out 

most of the molecular functions needed by living organisms. Protein-

protein interactions (PPIs) consist of physical contacts between proteins 

that occur in a cell or in a living organism (2). The interactome is the 

complete set of interactions in a living organism. Comprehending the 

interactome is crucial, as biological complexity of organisms correlates 

much better with the size of the interactome than with the size of the 

proteome (3). 
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1.4.  Studying the interactome 

Depending on the research focus, PPIs can be studied at very different 

levels of detail (see Figure 1.2). Studies focused on each of these levels 

have led to new research fields, as for example systems biology by using 

protein complexes and protein-protein interaction networks (4) or drug-

design thanks to the understanding of the molecular mechanisms of the 

interactions by means of the structural details. Having information at 

every level give scientists the opportunity to devise experiments involving 

the proteins of interest and their complexes with a more rational view of 

its design (5). 

 

Figure 1.2. Schema of the levels of detail of study of protein-protein 
interactions. Five levels are defined from less to more detailed knowledge: 1) co-
expression or co-localization; 2) macromolecular complex composition; 3) pairs 
of proteins in physical contact; 4)  interacting region; and 5) structural details. 
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The discovery of PPIs has become a common task in biology, but there 

are still several problems and challenges that need to be solved in the near 

future. This introduction summarizes how PPIs are treated at each level of 

detail and which problems are faced, which constitute the basis of the 

objectives of this thesis.  

1.4.1. Experimental and computational methods.  

Methods for studying PPIs provide different level of details and can be 

divided in different categories. Depending on the scale of the experiment, 

methods are divided in two categories (6): low-throughput methods, in 

which a small and particular set of proteins is investigated, and high-

throughput, in which a huge set of proteins is systematically tested. 

Depending on the nature of the techniques used, methods are considered 

experimental or computational.  

 

Figure 1.3. Knowledge workflow. Data generated by experimental methods is 
the basis for the development of computational inference methods. The quality 
and completeness of the background data is a key factor for the development of 
computational methods. Computational methods generate predictions that must 
be validated using experimental methods. 
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Although experimental methods are timely and economically expensive, 

they provide high quality PPI data, including experiments done in vivo 

(using a living organism) or in vitro (outside their normal biological 

context). On the other hand, computational methods use the background 

knowledge provided by experimental methods to study new PPIs (see 

Figure 1.3). Due to the smaller costs, computational methods have arised 

as a good complement of experimental methods. The conclusions of a 

computational driven experiment rely on the quality of the data being used 

to perform such experiments.  

An exhaustive list of molecular interaction detection methods can be 

browsed from the Open Biological Ontology (OBO) (7). This ontology, 

developed by the HUPO Proteomics Standards Initiative (8), is a 

structured controlled vocabulary for the annotation of experiments of PPIs 

and it includes around 168 different experimental methods. Each 

technique provides information for a specific level of detail. The most 

common experimental and computational methods are listed in Table 1.1 

and Table 1.2, respectively. 

Table 1.1. Experimental methods commonly used to gather information 
related with protein protein interactions. 

Method Class. Specific advantages or drawbacks 

Yeast Two Hybrid (Y2H) 
(Binary interactions) 

PCA. Several variants depending on reporter used 
(such as GAL4-VP16 or LexA-b52). 
Possible to apply in high-throughput experiments. 

Mammalian PPI trap 
(MAPPIT) 
(Binary interactions) 

PCA. Membrane cytokine receptor-based two hybrid 
in mammalian cells. Interactions under physiological 
conditions (post-transcriptional modifications). 

Tox-r dimerization assay 
(TOXCAT) 
(Trans-membrane binary 
interactions) 

PCA. Based on the trans-membrane mediated 
oligomerization of the ToxR cytoplasmic domains. 
Association strength between the transmembrane 
helices in biological membranes. 

Bimolecular Fluorescence 
Complementation (BiFC) 
(Binary interactions) 

PCA. Based on the reconstitution of a Fluorescent 
Protein to become functional. Under physiological 
conditions. Interaction strength based on fluorescence 
intensity. Spatial resolution. Can detect weak and 
transient interactions. 
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Proximity Ligation Assay 
(PLA) 
(Binary interactions) 

PCA. Based on modified antibodies targeted to target 
proteins that emit a signal when they are close in 
proximity. Do not require creating fusion proteins. 

Förster/fluorescence resonance 
energy transfer (FRET) 
(Binary interactions) 

Proximity-based assay. A fluorophore is transferred 
from a donor to an acceptor, which are genetically 
fused to proteins of interest. Two necessary 
conditions limit their sensitivity: the donor and 
acceptor must fall within a specific distance range and 
be found in favorable orientations. 

Bioluminescence Resonance 
Energy Transfer (BRET) 
(Binary interactions) 

Proximity-based assay. Similar to the FRET 
experiment, but the donor is replaced by a luciferase. 
Compared with FRET, BRET do not require an 
excitation light source, avoiding some of the 
problems associated with FRET. Useful in 
photosensitive tissues. 

Protein microarrays 
(Complex/Binary interactions) 

Array technology. Several proteins are printed onto a 
chip and probed with labeled proteins. High-
throughput experiment. 

Surface Plasmon Resonance 
Array (SPR) (Biacore) 
(Complex/Binary interactions) 

Array technology. Based on an optical biosensor that 
measures changes in metal array surface refraction 
index upon protein binding. Not required to label 
proteins. Provides Kinetic data in real-time. 

Tandem Affinity Purification 
(TAP) 
(Complex composition) 

Based on affinity chromatography. 
Selective purification due to two purification steps. 
Possible to apply in high-throughput experiments.  

Domain deletion 
(Interaction domain) 

Deletion derivatives of the interacting proteins are 
generated to identify the minimal fragment, usually a 
domain, that can still maintain the interaction. Detects 
minimal regions necessary for interaction. 

Mutation based experiments 
(alanine-scanning) 
(Interaction interface) 

Residues of interest are sequentially mutated to 
alanine. Mutants are probed in binding assays. Hot 
spots determination. 

Protein footprinting 
(Interaction interface) 

Binding regions of interacting proteins are protected 
from the effect of external agents, such as degradative 
enzymes or oxidative agents. It can be used to detect 
ligand-induced conformational changes.   

Cryo-electron microscopy 
(Low resolution structural 
details) 

Imaging technique. Based on electron microscopy. 
Supra-macromolecular structures.  
Resolution is on average around 10 Angstroms. 

X-ray crystallography 
(High resolution structural 
details) 
 

Biophysical experiment. Based on the diffraction 
patterns generated by a single crystal. Only applicable 
to proteins which can be crystallized. 

Nuclear Magnetic Resonance 
(NMR) 
(High resolution structural 
details) 

Biophysical experiment. Based on the hydrogen 
nuclei relaxation after the application of radio 
frequency pulses of electromagnetic radiation. It 
allows for the detection of multiple conformations. 
Molecules are in solution.  
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1.4.2. Studying Protein-Protein Interactions at different levels 

of detail 

As stated previously, different techniques, both experimental or 

computational, allow to study the interactome and provide information at 

different levels of detail (see Figure 1.4). 

 

Figure 1.4. Levels of detail 
in PPI, from low to higher 
detail (left). Most common 
methods utilized in each 
level (right). 1) proteins 
related by means of co-
expression or co-
localization; 2) proteins that 
belong to the same 
macromolecular complex; 3) 
pairs of proteins in physical 
contact; 4) the determination 
of the interacting region 
between two proteins and 5) 
knowledge of the structural 
details of a PPI (i.e. amino 
acids in the interface and the 
conformational changes 
produced during the 
interaction).  

 

1.4.2.1. Co-expressed and co-localized proteins. 

The first sign that there is an interaction between two or more proteins is 

that they are found in the same space (co-localization) at the same time 

(co-expression) (9). Clearly, although two molecules could interact with 

high affinity in vitro, they need to meet to interact. In this regard, not all 

proteins are expressed in all tissues, potential interactions may not occur 

in a particular tissue due to the lack of one of the interactors. Furthermore, 

cells contain several compartments, due to different cellular organelles 

limited by membrane envelopes or due to the cytoskeleton, which may 
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create regions on the cytoplasm with different relative concentration of 

proteins. The localization, concentration and local environment of proteins 

affect their ability to produce interactions in vivo (10). Although co-

localization and co-expression are not proofs of an interaction, these 

evidences have been exploited to predict functional relationships between 

proteins and to validate experimental results. Therefore, the use of data 

derived from initiatives such as the Human Protein Atlas (11) or stored in 

repositories such as LocBD (12) can be employed in order to remove false 

interactions. 

Most common methods used to determine co-expression are based on 

microarray technologies (13), while co-localization methods are based on 

imaging techniques that use fluorescent probes (14). There are various 

high-throughput experiments able to characterize the protein content of an 

organelle (15). Computational methods prediction tools exploit the 

sequence signatures that indicate the final subcellular localization of a 

protein (16) 

1.4.2.2. Proteins belonging to the same cellular machinery. 

Some cellular machines are composed of several proteins, such as the 

ribosome (17) or the nucleopore complex (18). Two proteins belonging to 

the same complex do not necessarily have a physical interaction between 

them, but it is said they may have indirect interactions. The first level of 

knowledge of PPIs is to recognize a set of proteins in the same 

macromolecular complex. Methods to determine these indirect 

interactions are called co-complex methods. The main procedure to test 

complex co-membership is based on affinity chromatography technology. 

This approach is characterized by the use of affinity resins as tools to 

purify the molecule of interest (bait) and their binding partners (preys). 

The bait protein is tagged such that it is captured by the resin. This allows 

the separation of both the bait and its preys from a molecular mixture or a 
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cell lysate. Binding partners are later purified and identified by mass 

spectrometry. Following this principle, the most widely used method is 

Tandem Affinity Purification (TAP) coupled with mass spectrometry (19), 

because it can be applied to large-scale studies and the use of multiple 

tags allows two purification steps ensuring a highly selective complex 

purification. 

Although this level of detail (complex composition) is useful for different 

purposes, sometimes we need to know the binary interaction pairs (which 

is a higher level of detail). Current PPI database standards (as PSI-MI.v2.5 

(20)) allow users to store complex composition by defining interactions 

with more than two participants, specifying the role of each protein in the 

experiment as bait or prey. There are two basic models for representing 

complexes of unknown topology like putative pair wise interactions: the 

spoke model and the matrix model (21). The spoke model assumes that 

the bait protein interacts directly with the rest of the proteins of the 

complex, excluding the formation of homo-dimers; while the matrix 

model assumes that any two proteins within the population of the complex 

constitute an interacting pair. This model amplifies the number of false 

binary interactions by connecting all proteins to each other. To solve these 

limitations, different approaches have been developed to quantify the 

propensity of proteins to form partnerships. One strategy consists on the 

calculation of socio-affinity indices (22). This index measures the log-

odds ratio of the number of times two proteins are observed together, 

relative to what would be expected from their frequency. It combines both 

the spoke model (including the tendency of proteins to identify each other 

when tagged) and the matrix model (including the tendency to co-purify 

when other proteins are tagged). This strategy was used in the study of M. 

pneumoniae proteome organization (23). In that work, socio-affinity 

indices were improved by integrating other sources of information such as 
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predicted interactions or by using the relative abundance of a given prey 

when associated with different baits. 

1.4.2.3. Binary protein-protein interactions. 

Several methods, both experimental and computational, have been 

developed to study, recognize and predict physical interactions between 

two proteins (binary interactions). Protein Complementation Assays 

(PCA) (24) are among the most common experimental methods. In these 

methods, the proteins of interest (bait and prey) are covalently linked at 

the genetic level to incomplete fragments of a third protein (known as the 

reporter) and are expressed in vivo. The reporter protein activity must be 

observable: if bait and prey proteins interact, the reporter fragments are 

close enough to become functional, and consequently the reporter activity 

is detectable. The most commonly used reporter protein is a transcription 

factor, which enables the expression of a given gene if bait and prey 

interact. This is the case of the Yeast Two-Hybrid method (Y2H), which 

has been widely used in low and high-throughput experiments (25). There 

are other PCA methods that offer additional interesting features. For 

example, MAPPIT (26) is a membrane-based PCA whose protein 

complementation success allows the reconstruction of a membrane STAT 

(Signal Transducer and Activator of Transcription) used in the study of 

modification-dependent PPIs in mammalian cells. TOXCAT (27) is an 

alternative membrane-based PCA that measures the association strength 

between protein transmembrane helices in biological membranes. Other 

PCA methods involve cytoplasmic reporters, such as the Protein Kinase A 

fused with complementary fragments of a bioluminescent reporter (Rluc, 

Renilla luciferase) (28). This later group of methods can be applied to 

investigate dynamic protein complexes (association and dissociation) 

combined with cellular imaging and the localization of protein complexes. 

There are several fluorescence-based methods for detecting weak and 
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transient interactions and their location in living cells. Among them, the 

Green Fluorescence Protein complementation assay (GFP) (29) and the 

Bimolecular Fluorescence Complementation (BiFC) (30) are the most 

popular. BiFC measures the interaction strength based on fluorescence 

intensity. Interestingly, these methods can be applied in high-throughput 

combined with other techniques. In particular, BiFC can be combined in 

high-throughput experiments with flow cytometry, providing a fast and 

highly sensitive method to validate weak protein interactions (31). 

Another widely used proximity-based assay is Förster/fluorescence 

Resonance Energy Transfer (FRET) (32), based on the transfer of energy 

from a donor fluorophore to a close enough (and well oriented) acceptor 

fluorophore. A more sensitive assay is the Bioluminescence Resonance 

Energy Transfer (BRET) (33), in which the donor fluorophore is replaced 

by a luciferase.  

Traditional proximity-based methods like PCAs involve the creation of 

fusion proteins between the targets and a partial reporter, where the 

interaction of the targets reconstructs the original reporter. Consequently, 

the fusion of the target and the partial construct of the reporter may affect 

the binding ability of the targets. In contrast, the in situ Proximity Ligation 

Assay (PLA) detects PPIs without generating fusion proteins with high 

selectivity and sensitivity. PLA is based on two modified antibodies 

ligated against the two target proteins that emit a signal when they are in 

close proximity (34). Moreover, it provides the subcellular localization of 

the PPI in situ at single-molecule resolution.  

Another family of techniques for detecting PPIs is based on the array 

technology. Arrays screen binding abilities of several protein-samples in 

parallel. Several proteins are covalently attached to a planar support.  

Then, their ability to interact specifically with other labeled proteins is 

measured (35). An interesting variation of array-based methods is the 
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Surface Plasmon Resonance array (SPR) (36), such as Flexchip from 

Biacore. In contrast to other array technologies, SPR probes the array with 

non-labeled samples. It consists of an optical biosensor technique that 

measures molecular binding events at a metal surface by detecting 

changes in the local refractive index, providing real-time affinity and 

kinetic data. 

High-throughput methods have produced large amounts of PPI data, but 

their reliability and coverage has been questioned (37,38). In order to 

complement experimental techniques, several computational methods 

have been developed (see Table 1.2). Computational approaches can be 

used to infer new predictions but also to validate, corroborate, or explain 

the experiments. Here, we have grouped these methods according to the 

basic hypothesis used for the prediction: 1) genome based methods, such 

as domain fusion (39), gene neighborhood (40) or phylogenetic profiles 

(41); 2) experimental knowledge-based approaches, such as interologs 

(42), domain profiles (43) or sequence signatures (44); 3) methods based 

in evolution, such as correlated mutations (45) or phylogenetic mirror 

trees (46) (i.e. by comparing the shape between phylogenetic trees); and 

4) structure-based methods, such as the use of docking to infer protein 

partners (47). 

Table 1.2. Computational methods commonly used to determine information 
related with protein-protein interactions. Methods are ordered according to the 
level of detail they provide. 

Method Principle Output 

Phylogenetic 
profiles 

Correlation about the presence and the 
absence of two proteins in different 
genomes. 

Functionally related proteins 

Gene 
neighborhood 

Genomic conservation of topological 
neighborhood is used to infer 
functionally related proteins. 

Functionally related proteins 

Text mining Automated processing of scientific 
literature, on the search of proteins co-
occurring in the same sentence.  

Functionally related proteins, 
Complex and binary 
interactions 
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Interologs 
mapping 

Extension of experimentally detected 
interactions in an organism to other 
organisms assuming that homologue 
proteins maintain their interaction 
properties. 

Complex and binary 
interactions 

Domain fusion Proteins whose homologues in other 
organisms happen to be fused into a 
single protein chain are likely to interact. 

Binary interactions 

Domain 
profile pairs 

The regions or domains involved in the 
interactions of a given organism are 
used to create profiles of interactions. 
The resulting domain profiles are then 
used to screen the proteome of another 
organism and domain-domain 
interactions are inferred.  

Binary interactions 

Interacting region 

Correlated 
mutations and 
conservation 

Proteins having correlated mutations 
during evolution are likely to be 
interacting due to co-adapted evolution 
of their protein interacting interfaces. 

Binary interactions 

Interacting region 

Propensities 
of the 
residues 

The general composition of the residues 
located in the interface of PPIs is 
different from the rest of the protein, 
and this can be used to infer interacting 
regions. 

Interface region 

Computational 
alanine-
scanning 
mutagenesis 

Amino acids are mutated by alanine in 
the protein-protein interface and its 
thermodynamic effect on binding free 
energy is studied in the complex 
structure. 

Interface region 

Docking Looks for best tridimensional structure 
of the two proteins based on shape or 
electrostatic complementarity between 
protein surfaces. It also has been used 
to infer new PPI binary pairs. 

3D Structural model 

Binary interactions 

Comparative 
modeling 

 

Complex structures can be modeled by 
means of similarity with other 
complexes with known structure, 
assuming the same direction of each 
partner of the interaction. It also has 
been used to infer new PPI binary pairs. 

3D structural model  

Binary interactions 

Integrated 
Modeling 
Platform 

Integration of multiple sources of data 
including a wide range of resolutions to 
build complex models. 

3D structural model 
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PPIs can be used to create networks. In a network the interaction between 

two proteins is defined as an edge, while the protein itself is a node. These 

definitions help us to study the topology of the network using graph-

theory algorithms. Several studies based on PPI network topology have 

been undertaken (48). PPI networks have been used widely with different 

purposes, such as inferring protein function annotation in basic 

bioinformatics or prioritizing disease-gene candidates in network 

medicine (49,50). 

1.4.2.4. Protein-protein interaction region or interface. 

The knowledge of the conformation of a binary complex formed by two 

proteins, at least in their interface, is essential to understand the molecular 

mechanisms involved in their docking (51). The first step in determining 

how a PPI is produced is to discover the regions involved in it. The most 

straightforward methods to define the interacting region between two 

proteins are based on the determination of the structure (i.e. X-ray 

crystallography and Nuclear Magnetic Resonance (NMR)). Apart of these 

methods, which provide more detailed information, there are other 

experimental approaches to determine the interaction regions that do not 

require structural knowledge. For example, conducting domain deletion 

experiments or looking for specific mutations that disrupt the interactions 

can determine  the domains involved in the interaction. More accurate 

information can be extracted from the analysis of the free energy upon 

binding by means of alanine-scanning mutations (52). Also, high-

throughput approaches based on variations of the Y2H technique have 

been used to identify interacting domains: Vidal et al. (53) obtained a 

domain-based interactome network for proteins involved in C. elegans 

based on a domain-based Y2H mapping. They identified the minimal 

interacting regions for more than 200 proteins. Another technique is 

protein foot-printing (54), based on the fact that the interface region is not 
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accessible when proteins interact. In this approach, accessible and 

hydroxyl radical-reactive side-chains of residues can be detected thanks to 

the formation of stable side-chain oxidation products after exposing the 

proteins to oxidative stress. The comparison between the chemical 

oxidative behavior of individual proteins and in complex provides 

information about the residues involved in the interface. Interestingly, 

protein foot-printing can also be used to detect interaction-induced 

conformational changes (55). 

Again, several computational methods can be considered to complement 

these experimental methods. These computational methods have been 

split in two groups: 1) methods focused in identifying binding sites of 

individual proteins, regardless of their partners; and 2) methods focused in 

identifying pairs of interacting residues. The identification of binding sites 

(or surface patches) regardless of their partners is possible due to the fact 

that interface regions share specific features that distinguish them from the 

rest of the protein. For example, there is higher conservation of residues in 

interface regions due to evolutionary constraints (56). Lichtarge et al. 

combined sequence conservation patterns in homologous proteins with 

their mapping on protein surfaces to predict binding sites (57). Also the 

physico-chemical properties of PPI interfaces have shown to bear specific 

properties due to different aminoacid composition propensities (58-60). In 

addition, structural features observed in known three-dimensional 

interfaces have been used to infer new binding sites. For example, 

Fernandez-Recio et al. (61) developed a method that calculates Optimal 

Desolvation Area (ODA) based on atomic solvation parameters. This 

method looks for favorable energy changes when residues involved in the 

interface become buried after forming a PPI. Finally, the combination of 

different sources of information has produced several machine-learning 

binding site predictors (62,63). Also, the combination of several 
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prediction methods has driven to the proposal of meta servers, such as 

metaPPI (64). 

Apart from identifying non-specific binding patches (i.e. with 

independence of the partner), other computational methods have been 

used to predict specific residue pairs involved in an interaction. Several 

methods focus on evolutionary constraints analyzing the co-evolving 

behavior of interacting residues (65,66). Also, structural and sequence 

patterns extracted from complexes with known structure have been used 

to predict interaction interfaces (67). Similarly to the experiment of 

alanine scanning, computational alanine-scanning mutagenesis has been 

used. In the computational approach, different types of amino acids are 

mutated by alanine in the protein-protein interface and its thermodynamic 

effect is studied in the complex structure by the theoretical calculation of 

the binding free energy (68). It is noteworthy that not all the residues 

participating in the interaction are equally important. Those residues that 

contribute more significantly to the binding free energy have been defined 

as hot-spots (69). They have peculiar properties in comparison with the 

rest of residues involved in the interaction, like its localization in the 

structure of the interface (70) or its conservation (71). 

Protein interfaces have been associated with different types of hubs 

(proteins participating in a large number of interactions): party and date 

hubs (72). On the one hand, party hubs are proteins with a large number of 

simultaneous interactors. This implies that these proteins have a large 

number of interfaces oriented to permit a non-competitive interaction with 

several partners. These hubs usually participate in permanent protein 

complexes. On the other hand, date hubs have one or a few number of 

binding regions with a large number of competitive partners. This implies 

that either the partners use the same binding region or each interaction is 

able to block other surfaces apart from its own. Date hubs tend to be 
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associated with transient and cycling interactions. Whilst party hubs and 

most of their partners tend to be co-expressed, date hubs are not, as the 

partners will compete against each other (72). Furthermore, party hubs 

have been shown to evolve slower and they are more likely to be essential 

than other proteins of the yeast proteome. The differentiation on the 

number of interfaces of hubs has been exploited in several methods of PPI 

prediction such as the interacting motif protocol (iMotif) (73). iMotifs 

have been used to study the essentiality in yeast of protein hubs  and are 

directly correlated with the number of interfaces. 

1.4.2.5. Structural details of the interaction. 

Once the interacting proteins and the interface region are known, a more 

detailed level of knowledge is obtained by focusing on the structural 

details of the residues forming the interaction. Precise molecular details of 

the protein complexes are available in the Protein Data Bank (PDB) (74) 

or in derived databases, such as PROTCOM (75), 3did (76), iPfam (77) or 

PRISM (78). The most precise methods for obtaining this information are 

X-ray crystallography and NMR. Other lower resolution methods are 

available, such as high-resolution electron microscopy (79). However, 

there is a large gap between the number of protein complexes with known 

structure and the total amount of known interactions and complexes. This 

gap is explained by the difficulties associated with determining high 

resolution atomic structures of protein complexes, while some 

experimental methods can determine the proteins involved in complexes 

or pair-wise interactions in high-throughput. Predictive computational 

methods are key to reduce this gap (51). Several techniques have emerged 

to predict and model the structures of interacting proteins. These 

techniques are divided in two groups: 1) Docking strategies, which 

attempt to find the best matching binary complex on the basis of shape or 

electrostatic complementarity between protein surfaces (80) when the 



1. Introduction 

 21 

high-resolution structures of both proteins is known. This technique is 

computationally expensive and usually requires some information about 

the binding sites (directed docking); and 2) Comparative modeling 

strategies. 

1.4.3. Relationships between levels of detail. 

Despite dividing the description of PPIs into different levels of detail, all 

levels are highly inter-related. Information obtained in one level can be 

used to develop methods on other levels (Figure 1.5). For example, co-

localization or co-expression features (level 1) can be used as a filter to 

remove non-physiological PPI complexes (level 2) and pairs (level 3). 

Conversely, binary PPI data (level 3) can be used either to predict new 

macromolecular complexes or to refine the composition of known ones 

(level 2). Details of the interface region (level 4) can be exploited to direct 

docking using programs such as HADDOCK (81) (level 5). Also, the 

knowledge of interface regions, with or without structural information 

(levels 5 and 4, respectively) can be used to obtain patterns and infer new 

PPIs (level 3) and interface structures (level 4). This data in combination 

with homology modeling may foster the prediction of structural details for 

other PPIs (level 5). The inter-relation between levels have been used to 

predict protein interaction partners in combination with the improvement 

of docking algorithms (47). In summary, increasing our knowledge on 

PPIs increases the possibilities to infer and study new PPIs. Several works 

have been developed combining information from different levels. For 

example, structure similarity and evolutionary conservation of known 

interfaces have been used to predict potential PPIs (82,83) or to evaluate 

them at proteomic scale (84). In another example, the approach named 

InterPreTs (see section 4.2) combines known 3D structures and empirical 

potentials to assess potential interactions between homologs of known 

interacting pairs (85). Thus, the information obtained from different 
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methods at different detail levels can be combined to build models of 

macromolecular assemblies that are consistent with the data collected 

(86). This has been used for example to construct the nucleopore complex 

(18), the ribosome subunits (87) or the proteasome (88). Focused on this 

combination of knowledge of different types of information, Webb et al. 

(89) developed the integrative modeling platform (IMP) to automate the 

integration of several sources of data and model macromolecular complex 

structures. IMP combines all available information (including both low 

and high resolution data), converts it into spatial restraints with a variety 

of optimization procedures and produces models satisfying these 

restraints. In summary, PPI data at different levels can be considered as a 

riddle where single experiments, at any resolution level, provide new 

clues. 

 

Figure 1.5. Inter-relations between the five levels of detail in which PPIs can 
be studied. Circles identify levels of detail. Arrows indicate the possible use of 
the information of one level (origin of the arrow) to infer new information in 
other level (or at the same level of detail). Arrow labels indicate the type of 
method or information being used for the inference. Red arrows are indicated 
when the information is being used to filter the data instead of inferring details. 
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1.5.  Signalling pathways. Phosphorylation. 

Cells need to perceive and respond to their microenvironment status to 

ensure its own survival. The coordination of all the elements conforming 

systems in multicellular organisms, such as tissues, organs or organisms 

requires a complex system of communication. Signalling pathways play a 

central role in it due to their ability of signal amplification and feedback. 

Typically, extracellular signals are detected by cell surface receptors and 

transmitted into the cell. There is a huge body of evidence that many 

elements of signalling pathways communicate signals by physical PPIs 

(90-92). However, the modification of the sequence of a protein can affect 

an interaction either by direct changes in the binding region or through 

allosteric sites.  Post-transcriptional modifications (PTM) play a key role 

on the regulation of cell signalling by transiently changing protein 

interactions with mechanisms of switch-on and switch-off. Nowadays, 

that the first draft of the human proteome has been obtained by means of 

proteomic methods (93), the role of PTMs has become crucial to 

understand the mechanisms of the interactions and regulation of the 

proteins. The combined study of PPI and PTM dynamics has begun to 

reveal conditional rewiring of molecular networks through PTM-mediated 

recognition events (94). 

The transference of a phosphate group from a protein (kinase) to another 

protein (substrate) plays a crucial role. This process is known as 

phosphorylation. Its importance is because the specific phosphorylation of 

aminoacids Tyrosine (Tyr), Serine (Ser) and Threonine (Thr) implies 

dramatic changes on the strength of an interaction or in the conformation 

of a binding site, which conforms a reversible and fast mechanism of 

function modulation.  
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The study of kinase-substrate pairs has several commonalities with the 

study of PPIs. Their study can be focused at different levels of detail: 1) 

What residues of a protein is phosphorylable; 2) What kinase(s) is 

responsible of the phosphorylation of a specific residue. Early in 2007, 

Linding et al. developed an approach that augmented motif-based 

predictions with the network context of kinases and phosphoproteins (95) 

and a global map was obtained for yeast (96). These works used a 

previous database dedicated to phosphorylation (phosphoELM) (97) and 

the prediction of peptides mediating protein-protein interactions (98) to 

pinpoint kinases responsible for specific phosphorylation and to improve 

the accuracy on the construction of phosphorylation networks 

(networKIN) (99).  Since, then, several databases have come to light, as 

the human kinase/substrate network (100,101). Also several 

computational methods were developed to predict specific phosphate 

binding sites and the corresponding kinases yielding the phosphorylation. 

Some methods focus on motifs, represented by position-specific scoring 

matrices, such ScanSite (102) or by profile hidden Markov models, such 

as KinasePhos (103). Others rely on machine learning based approaches, 

as PPSP (104) and iGPS (105). 

The same problems and challenges that suppose the study of PPIs apply to 

the study of kinase/substrate networks. Next section goes in depth with 

these problems and challenges. 
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1.6.  Problems and challenges 

1.6.1. Storing protein-protein interactions information. 

Advances over the past few years have yielded a vast amount of 

knowledge of PPI. This data is spread across multiple publications and 

databases, containing different types of information, nomenclatures and 

requiring different retrieval strategies. Broadly used databases providing 

information on PPIs are summarized in Table 1.3, grouped according to 

the nature of the data. It is a challenging task to obtain a general view of 

all levels of knowledge of PPIs into a single resource. The main difficulty 

to merge the data provided in these databases is that they provide different 

interfaces to access to the data and have different identifiers for equivalent 

biological entities. 

In order to make the combination of data from different datasets and 

software applications possible, substantial effort has been spent. The 

Human Proteome Organization (HUPO) (8) has developed PSI-MI (20) 

towards achieving standard formats to exchange data and well defined 

protocols of PPIs. PSI-MI is an XML-based schema for the representation 

of molecular interactions. This schema represents PPIs and several 

associated attributes, such as their detection method, the role of each 

protein in the experiment, or the stoichiometry of the protein-partners of a 

complex. Data formats favoring interoperability are more common in the 

field of systems biology. For instance, BioPax (106) focuses on biological 

pathways that include PPIs; and Systems Biology Markup Language 

(SBML) (107) is a XML based standard that represents computational 

models of systems biology. 
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Table 1.3. Data repositories about PPI related data. Databases are grouped 
according to the nature of the data thye present. 

Databases Information Level(s) of detail 

STRING  (108) Functional relations between proteins 
inferred using several prediction methods. 
Co-localization and co-expression among 
others. 

1, 2 and 3 

BIND (109), IntAct 
(110), DIP (111), 
BioGRID (112), 
HPRD (113), MINT 
(114), MPact 
(115), MIPS (116), 
HPID (117) 

Complex composition and protein binary 
pairs determined experimentally. 

2 and 3 

PIPs (118), OPHID 
(119), POINT 
(120) 

Predicted PPIs obtained with different 
methods 

2 and 3 

Domine (121), 
PSIbase (122) 

Domain-domain interaction pairs observed in 
PDB database 

3 and 4 

PCRPi-DB (123), 
HotRegion (124), 
HotSprint (125), 
ASEdb (126) 

 

Residues found in the interface region 
accounting for the majority of the binding 
energy, also known as hot spots. ASEdb 
provides also associated binding energy 
observed in alanine scanning mutations. 

4 

iPfam (77), 3DID 
(76), SCOPPI 
(127), SCOWLP 
(128), PIBASE 
(129), InterPare 
(130), PRINT (131) 

Structurally determined domain-domain 
interaction (DDI) interfaces. iPfam and 3DID 
define DDIs using domain definitions from 
Pfam (132). SCOPPI, SCOWLP and 
InterPare are based on SCOP domains 
(133). PIBASE is based relies on SCOP and 
CATH (134) domains. 

4 and 5 

PDBSUM 
(135),PROTCOM 
(75) 

Databases of protein complexes. 5 

Protein-protein 
docking 
benchmark (136) 

High-resolution complex structures that are 
non-redundant at the family-family pair level 
and for which the X-ray or NMR unbound 
structures of the constituent proteins are also 
available. 

5 

InterEvol (137) Evolution of protein complex interfaces. 4 and 5 
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Figure 1.6. Data warehouse system. Several databases are parsed and stored in a 
single database. Equivalent entries are fused and redundancies are eliminated. 
Database access can be done through direct acces to the database, by an 
application or by a web-server. 

Despite the development of such standards, several databases still use 

distinct identifiers of genes (or proteins) encumbering a non-redundant 

unification, i.e. univocally identifying each independent biological unit in 

the PPI network. This challenge has been tackled by different initiatives. 

Some of them have built new datasets by combining and eliminating 

redundancies from several PPI resources, such as APID (138) or 

iRefIndex (139) (Figure 1.6). Most of them provide access to the data as a 

web-service. In addition, developed recently, PSICQUIC (140) is an effort 

to standardize the access to molecular interaction databases 

programmatically by using a query language system. Organizations such 

as EBI offers PSICQUIC access to its PPI databases (141). 

While the integration of PPI complex composition or binary pairs has 

been widely tackled, the integration of data with different detail-levels is 

far for complete. There are several specialized databases with specific PPI 

information. For example, databases containing PPI interaction binding 

constants, hot-spots or structural features of PPI interfaces (see Table 

1.4). Furthermore, there are also organism-specific interaction datasets, as 

for example pathogen-host interactions, such as PHI-Base (142) or 
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VirusMINT (143). Finally, databases that include predicted or inferred 

interactions are also available, such as STRING (108) or  OPHID (119). 

Table 1.4. Data repositories about PPI related data. Databases are grouped 
according to the nature of the data they present. 

Databases Information Level(s) of detail 

STRING  (108) Functional relations between proteins inferred 

using several prediction methods. Co-

localization and co-expression among others. 

1, 2 and 3 

BIND (109), 

IntAct (110), DIP 

(111), BioGRID 

(112), HPRD 

(113), MINT 

(114), MPact 

(115), MIPS 

(116), HPID (117) 

Complex composition and protein binary pairs 

determined experimentally. 

2 and 3 

PIPs (118), 

OPHID (119), 

POINT (120) 

Predicted PPIs obtained with different 

methods 

2 and 3 

Domine (121), 

PSIbase (122) 

Domain-domain interaction pairs observed in 

PDB database 

3 and 4 

PCRPi-DB (123), 

HotRegion (124), 

HotSprint (125), 

ASEdb (126) 

 

Residues found in the interface region 

accounting for the majority of the binding 

energy, also known as hot spots. ASEdb 

provides also associated binding energy 

observed in alanine scanning mutations. 

4 

iPfam (77), 3DID 

(76), SCOPPI 

(127), SCOWLP 

(128), PIBASE 

(129), InterPare 

(130), PRINT 

(131) 

Structurally determined domain-domain 

interaction (DDI) interfaces. iPfam and 3DID 

define DDIs using domain definitions from 

Pfam (132). SCOPPI, SCOWLP and 

InterPare are based on SCOP domains (133). 

PIBASE is based relies on SCOP and CATH 

(134) domains. 

4 and 5 
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PDBSUM 

(135),PROTCOM 

(75) 

Databases of protein complexes. 5 

Protein-protein 

docking 

benchmark (136) 

High-resolution complex structures that are 

non-redundant at the family-family pair level 

and for which the X-ray or NMR unbound 

structures of the constituent proteins are also 

available. 

5 

InterEvol (137) Evolution of protein complex interfaces. 4 and 5 

 

1.6.2. Completeness of the network. 

The availability of data on PPIs is inversely correlated with the level of 

detail (i.e. the more precise the level of detail is, the less amount of data is 

available). This is mainly due to the possibility of using high-throughput 

experiments at higher levels of detail. Additionally, data stored in 

different databases is incomplete and lacks of uniformity. Thus, PPI 

knowledge is far from complete and several studies show the low degree 

of overlap between different PPI repositories (144,145) (see Table 1.5). 

To worsen this problem, several interactions are missed because they are 

spread over multiple manuscripts of specific experiments. Consequently, 

the development of text mining algorithms is highly interesting to grain 

PPI data out of thousands of publications (146). In a recent work on the 

cross-talk between the interactome of Salmonella and its hosts, a low 

overlap between PPIs found by manual literature search and database 

extraction was observed (e.g. only 6 out of 62 interactions were directly 

found on PPI databases) (147). 
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Table 1.5. Pairwise overlaps of protein interactions and proteins for seven 
interaction repostories. For each repository, cells show the overlap with other 
respositories in terms of interactions. In parenthesis, the percentage that the 
overalp represents over the respository from the pair with less interactions or 
proteins is shown. Unique interactions and proteins are those only appearing in 
that repository. This table reflects the overlaps in the interaction network unified 
by NCBI geneID identifiers (145).  

 

Current PPI knowledge completeness is limited by the economic costs and 

the time required in some experimental techniques. Also, some high-

throughput approaches need expensive and specialized equipment. This 

boosts up the investigation of new computational methods as a valuable 

tool to increase the degree of completeness of interactomes.  

1.6.3. Reliability. 

All experimental procedures are subjected to some degree of errors due to 

the design of the experiment or inherent problems of the technique. 

Computational methods again prove handy, since they provide additional 

evidence for an interaction. However, the reliability of these methods has 

to be considered as well. STRING database (108), which combines both 

known protein interactions and interaction predictions, has its own method 

to assess the reliability of an interaction (148). The confidence of the 
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Table 3: Pairwise overlaps of protein interactions and proteins for seven interaction repositories.

 For each repository, cells show the overlap with other repositories in terms of (A) interactions
and (B) proteins. In parenthesis, the percentage that the overlap represents over the repository
from the pair with less interactions or proteins is shown. Unique interactions and proteins are those
only appearing in that repository. This table reflects the overlaps in the interaction network unified
by NCBI geneID identifiers.

Total Unique        

30998 6273 IntAct       

20794 2761 DIP 15297 
(74%) 

     

25993 2008 MINT 21415 
(82%) 

15611 
(75%) 

    

9461 783 HPRD 5445 
(58%) 

834 
(9%) 

783 
(8%) 

   

848 115 MIPS 532 
(63%) 

219 
(26%) 

550 
(65%) 

440 
(52%) 

  

21036 5337 BioGrid 11893 
(57%) 

7862 
(38%) 

11240 
(53%) 

7263 
(77%) 

439 
(52%) 

 

21011 4781 BIND 13849 
(66%) 

12567 
(60%) 

13580 
(65%) 

2507 
(27%) 

411 
(49%) 

8360 
(40%) 

   

Total 
IntAct 
30998 

DIP 
20794 

MINT 
25993 

HPRD 
9461 

MIPS 
848 

BioGrid 
21036 

 

B)

Total Unique        

104339 42284 IntAct       

97377 46115 DIP 36867 
(38%) 

     

77419 16392 MINT 47119 
(61%) 

37210 
(48%) 

    

38372 10978 HPRD 8729 
(23%) 

825 
(2%) 

8925 
(23%) 

   

833 389 MIPS 87 
(10%) 

34 
(4%) 

107 
(13%) 

312 
(38%) 

  

216370 163700 BioGrid 25355 
(22%) 

19870 
(20%) 

24709 
(32%) 

20550 
(54%) 

210 
(25% 

 

62444 24925 BIND 27269 
(44%) 

28143 
(45% 

26406 
(42%) 

2839 
(7%) 

121 
(15%) 

16187 
(26%) 

   

Total 
IntAct 
104339 

DIP 
97377 

MINT 
77419 

HPRD 
38372 

MIPS 
833 

BioGrid 
216370 

 

A)
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interaction increases when several evidences (or approaches) support the 

interaction. In addition to the methods used in STRING other features are 

also used to evaluate the reliability of PPIs (149), such as physico-

chemical properties, the presence of known interacting domains or 

interacting motifs, among others. 

Also, when the structure of a PPI complex can be modeled, one can apply 

methods that use an atomistic description of the PPI in order to assess its 

reliability. InterPreTS (85) is one of these approaches that evaluates the 

reliability of a PPI based on the known structure of a homolog interaction. 

It assesses the goodness of the PPI according to the conservation of 

hydrogen bonds, salt bridges, van der Waals interactions and statistically 

derived potentials of mean-force, using a normalized score. Finally, a 

multiple score is considered in PSISCORE and applied in PSICQUIC. 

PSISCORE (140) gathers all kind of scores for a given PPI network 

without combining them, which is then used to select a consensus of the 

reliability of each interaction. 

1.6.4. Evaluation of inference tools. 

The development of any prediction approach relies on the ability to 

estimate the sensitivity (proportion of positive predictions correctly 

identified) and specificity (proportion of negative predictions correctly 

identified) of a method. Consequently, the completeness and reliability of 

the known data affects directly the assessment of the prediction 

performance of a method. 

In the prediction of PPIs, the sensitivity can be calculated over sets of 

know PPIs, but the specificity requires the knowledge of sets of non-

interacting proteins (150). Due to the small amount of negatives, it has 

been a common practice to create negative sets by using random or rule-

based combination of pairs of proteins. Such approaches rely on the 
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assumption that these combinations are more likely to describe negative 

interactions because the number of expected positive (real) interactions is 

much smaller than the total possible pairs of proteins within a proteome 

(151). However, Yu et al. (152) showed that an incorrect choice of protein 

pairs deemed as non-interactions in the training data has a direct impact 

on the accuracy estimates of the prediction. Yu et al. proposed to address 

this bias by creating balanced negative sets maintaining the degree 

distribution of each protein. 

Recently, some efforts have been devoted to identify pairs of proteins that, 

with very strict confidence, do not interact. These protein pairs are 

assorted in a resource named the negatome database (153). This repository 

is composed of a set of known non-interacting pairs of proteins (NIPPs) 

that can be used as a negative gold standard for the evaluation of PPI 

predictions. The negatome actually comprises several datasets of NIPPs 

with different levels of reliability extracted from many data sources. 

Mainly, one set of data is manually extracted from literature while the 

other is formed by non-interacting proteins found in the same structural 

complex in the PDB (74). It was ensured that the set did not contain 

potential interactions by removing interactions between proteins with 

known interacting domains, as described in iPfam (77), or homologous to 

pairs of interacting partners, as described in the IntAct database (110). 

The same problems arise in the evaluation of inference tools focused on 

other specific details of protein-protein interactions, such as the prediction 

of protein-protein binding sites or the prediction of phosphorylation sites. 

Depending on the nature of the prediction and the gold standard there are 

different metrics to evaluate the performance of a prediction (see Table 

1.6). For binary predictions an instance can be predicted as Positive (P) or 

Negative (N). According to the gold standard evaluation set, it can be 
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considered True (T) if it is a correct prediction or False (F) otherwise. 

Consequently, True Positives (TP) are correctly predicted instances, False 

Positives (FP) refer to incorrectly predicted instances, and similarly for 

True Negatives (TN) and False Negatives (FN). 

 

Table 1.6. Evaluation metrics used to evaluate binary predictions. All metrics 
are affected directly by the completeness and precision of the gold standard set. 

Metric name Formula 
True Positive Rate (TPR) 
Recall 
Sensitivity 

€ 

TPR =
TP

TP + FN
 

How many of the positive cases are correctly 
predicted.  

True Negative Rate 
Specificity 

€ 

Specificity =
TN

FP +TN
 

How many of the negative cases are correctly 
predicted. 

False Positive Rate (FPR) 

€ 

FPR =
FP

FP +TN
=1− specificity  

Positive Predictive Value 
(PPV) 
Precision 

€ 

PPV =
TP

TP + FP
 

Proportion of the predicted as positives are 
correctly predicted 

Accuracy 
Two-state accuracy 

€ 

ACC =
TP +TN( )

TP +TN + FP + FN
 

Proportion of correct predictions 
F1-measure 

€ 

F1 =
2TP

2TP + FP + FN
 

Harmonic mean of precision and recall 
Matthews correlation 
coefficient (MCC) 

€ 

MCC =
TP × TN − FP × FN

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
Balanced measure that considers the unbalance 
between  positives and negatives 

Improvement Ratio (IR) 

€ 

IR =
PPV
P
P + N
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For predictions providing a reliability score, the same metrics can be 

applied after transforming them into binary predictions by using a given 

threshold. Furthermore, additional measures consider the whole set of 

possible thresholds: 

1) Area Under the Curve in a Receiver Operator Characteristic curve 

(AUC-ROC). The ROC curve is created by plotting the fraction of true 

positives out of the total actual positives (TPR) vs. the fraction of false 

positives (FPR) out of  the total actual negatives at various threshold 

settings (see Figure 1.7B). The area defined under this curve is known as 

AUC-ROC. ROC curves are used to illustrate and compare the 

performance of binary classifications depending on the threshold. 

However, this measure can not be informative enough when dealing with 

highly unbalanced datasets. A random prediction AUC-ROC is around 

0.5, and the prediction is better as it is closer to 1.  

2) Area Under the Curve in a Precision-Recall curve (AUC-PR). 

Precision-Recall curve (PR) is created by plotting the precision vs. the 

recall at different threshold values (see Figure 1.7C) . The area under the 

PR curve is known as AUC-PR. AUC-PR gives more importance to the 

top-scored predictions, as precision decreases dramatically as the number 

of incorrect predictions increase. Consequently, AUC-PR depend on the 

balance ratio between positives and negatives. A random prediction has an 

AUC-PR close to the proportion of positives in the dataset. Unlike the 

ROC curves, in PR curves it is not correct to perform a linear interpolation 

of the curve points (154). 

As illustrated in Figure 1.7, the balance ratio between negatives and 

positives determines the interpretation of the evaluation of a method. 

Having a good AUC-ROC does not imply having useful precision values. 
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In contrast, the interpretation of the AUC-PR depends on the knowledge 

of the unbalance ratio in the dataset in which it has been applied. 

 

Figure 1.7. Performance evaluation effect of the balance ratio between 
positives and negatives in the test dataset. Given the predicted scores 
distribution (A) of positive (green) and negative (red) samples, we represent its 
corresponding AUC-ROC curves (B) and AUC-PR curves (C) depending on the 
balance ratio between positive and negative samples: 1:1 (orange), 1:10 (blue) 
and 1:100 (purple). The AUC-ROC value (0.75) is not affected by the unbalance 
ratio. In contrast, the unbalance affects dramatically the AUC-PR values: 0.75 
(1:1) , 0.30 (1:10) and 0.04 (1:100). 
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1.7.  Motivation of this thesis 

Luscombe et al. (155) defined bioinformatics as the conceptualization of 

biology in terms of molecules to apply "informatics" techniques, derived 

from disciplines such as applied math and statistics, to understand and 

organize the information associated with these molecules on a large-scale 

manner. From this definition published in 2001, bioinformatics has been 

in continuous expansion as an interdisciplinary scientific field that 

develops methods and software tools for storing, retrieving, organizing 

and analyzing biological data. The role of bioinformatics has become 

crucial in the era of systems biology (156). One of the outreaching aims is 

to model and discover emergent properties of cells, tissues and organisms 

functioning as a system. These models provide a better understanding of 

the complexity of biology and are the base for the development of 

predictive tools to help experimentalists to focus and direct their research. 

The amount and the quality of the data is crucial to achieve these goals. 

This thesis focuses on the data completeness challenge. The development 

of new flexible tools of biological data management is stimulating due to 

the huge amounts of it produced by experimentalists and its potential use 

in system biology. Automate and facilitate the integrated access to several 

information sources tackles the problem of data completeness by 

unravelling biological associations that may be hidden. At the same time, 

this compilation facilitates the development of new predictive tools. The 

creation of such tools, developed to work in a high-throughput manner, is 

highly motivating. 
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The thesis aims to fulfill the following objectives: 

i) To study the current state of the integration and prediction of 

protein-protein interactions using multiple resources from 

public databases. 

ii) To design and develop an information system to manage and 

integrate different biological databases, specially those 

focused on relations between biological entities such as 

protein-protein interactions. 

iii) To develop computational algorithms to exploit the 

information of several biological databases in high-

throughput manner to predict protein-protein interaction 

networks based on homology. 

iv) To study the binding interface of proteins and to develop 

computational algorithms to infer potentially interesting 

regions in the binding of proteins by exploiting common 

minimal sequence fragments extracted from biological 

databases. 

v) To develop a new statistical approach for the evaluation and 

comparison of binding interface predictive methods. 

The first and second objectives have been accomplished by designing, 

implementing and publicly releasing a software framework called BIANA 

(Biologic Interaction and Network Analysis) (see chapter 3). This 

framework has been proved to be useful in different works (see 

Appendix). The third objective is considered in chapter 4 where the 

prediction of two specific pathogen-host interactomes and the design and 

implementation of the online webserver BIPS (Biana Interolog Prediction 

Server) are presented. The fourth and fifth objectives are tackled in 
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chapter 5 by the development of an information system dealing with 

binding interface predictions and the development of a protein-protein 

interface prediction server (iFrag server).  

In the appendix section, I include some of the works I was involved 

during my doctoral studies as they are related to the main objectives of the 

thesis. 
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3.1.  Introduction 

Motivation	  

The use of PPI, metabolic and cell signalling networks has become crucial 

due to the emergence of systems biology. Consequently, the 

completeness and quality of such networks is a key element in system 

biology approaches. 

Background	  

As stated in section 1.6.1, storing PPI data is a challenge in computational 

biology. At the beginning of this PhD project, we used PIANA to analyze 

and compare the data spread in different repositories (145) (see Appendix 

2). We also used PIANA in different system biology approaches: 1) 

combined with metabolic networks and applied in the specific case of 

Apoptosis (157) (see Appendix 3); and 2) combined with microarray 

expression data to study the mechanisms underlying organ-specific 

metastases of breast cancer (158) (see Appendix 4). Although PIANA 

was shown to be useful in systems biology based approaches, it had 

important features that needed to be improved. First, PIANA only 

considered proteins and protein-protein interactions, while I designed 

BIANA to work with any kind of molecule and their relations. The key 

point that suggested that a new platform was necessary were the lack of 

data source traceability and the inflexibility of the hidden integration 

protocol. The lack of traceability make impossible to be sure if a given 

protein-protein interaction was ever reported in the literature, as PIANA 

reported false positive interactions induced by incorrect cross-references 

found in third-party databases. Consequently, due to these limitations and 

the lack of a similar strategy described in the literature, during the first 

steps of this PhD project I developed BIANA. 
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Manuscripts	  presented	  in	  this	  chapter	  

Garcia-Garcia J, Guney E, Aragues R, Planas-Iglesias J, Oliva B. Biana: a 

software framework for compiling biological interactions and analyzing 

networks.  BMC Bioinformatics. 2010 Jan 27;11:56. doi: 10.1186/1471-2105-

11-56. PubMed PMID: 20105306; PubMed Central PMCID: PMC3098100. 

	  

Research	  Impact	  

 
Figure 3.1. Worldwide BIANA webpage access.  Period August 2013 - August 
2014. Source: Google analytics.  

 

BIANA project webpage access statistics (Figure 3.1) and manuscript 

access statistics (highly accessed) show the interest of the scientific 

community for using a database integration framework such as BIANA. 

The creation of a webserver (Figure 3.2) and a Cytoscape plugin have 

facilitated its usage (Figure 3.3). 
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Figure 3.2. BIANA Webserver screenshot. http://sbi.imim.es/BIANA.php 

Figure 3.3. BIANA Cytoscape plugin. The execution of BIANA using 
Cytoscape allows to access the BIANA functionality through Cytoscape graphical 
interface. 
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During the development of this thesis, the BIANA framework has been 

used in projects requiring PPI networks with a large coverage and 

completeness. Specific PPI-based inference methods are presented in this 

thesis: 1) inference of protein-protein interactions based on interologs 

(chapter 4); and 2) inference of potential protein-protein residue contact 

maps (chapter 5). 

Additionally, BIANA PPI integrated networks have been used in other 

works. For example, BIANA generated networks were used to classify the 

structural features that sustain the binding or non-binding behavior of 

proteins, in which it was concluded that the balance between favoring and 

disfavoring structural features determines if a pair of proteins interacts or 

not (see Appendix 5). This approach was made available to the scientific 

community though a webserver (see Appendix 6). Finally, BIANA PPI 

networks have been useful for the development of network-based 

priorization algorithms, in which the guild-by-association principle is 

applied (see Appendix 8). 
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3.2. Biana: a software framework for compiling 

biological interactions and analyzing networks 

Garcia-Garcia J, Guney E, Aragues R, Planas-Iglesias J, Oliva B. 

Biana: a software framework for compiling biological interactions 

and analyzing networks.  BMC Bioinformatics. 2010 Jan 27;11:56. 

doi: 10.1186/1471-2105-11-56. PubMed PMID: 20105306; PubMed 

Central PMCID: PMC3098100. 

http://www.biomedcentral.com/1471-2105/11/56
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Biana: a software framework for compiling biological 

interactions and analyzing networks 

Javier Garcia-Garcia, Emre Guney, Ramon Aragues, Joan Planas-Iglesias and Baldo Oliva*

Structural Bioinformatics Lab. (GRIB). Universitat Pompeu Fabra-IMIM. Barcelona Research Park of 

Biomedicine (PRBB). 08003-Barcelona, Catalonia, Spain 

3.2.1. Abstract 

Background. The analysis and usage of biological data is hindered by the 

spread of information across multiple repositories and the difficulties 

posed by different nomenclature systems and storage formats. In 

particular, there is an important need for data unification in the study and 

use of protein-protein interactions. Without good integration strategies, it 

is difficult to analyze the whole set of available data and its properties. 

Results. We introduce BIANA (Biologic Interactions and Network 

Analysis), a tool for biological information integration and network 

management. BIANA is a Python framework designed to achieve two 

major goals: i) the integration of multiple sources of biological 

information, including biological entities and their relationships, and ii) 

the management of biological information as a network where entities are 

nodes and relationships are edges. Moreover, BIANA uses properties of 

proteins and genes to infer latent biomolecular relationships by 

transferring edges to entities sharing similar properties. BIANA is also 

provided as a plugin for Cytoscape, which allows users to visualize and 

interactively manage the data. A web interface to BIANA providing basic 

functionalities is also available. The software can be downloaded under 

GNU GPL license from http://sbi.imim.es/web/BIANA.php. 

Conclusions. BIANA’s approach to data unification solves many of the 

nomenclature issues common to systems dealing with biological data. 

BIANA can easily be extended to handle new specific data repositories 
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and new specific data types. The unification protocol allows BIANA to be 

a flexible tool suitable for different user requirements: non-expert users 

can use a suggested unification protocol while expert users can define 

their own specific unification rules. 

3.2.2. Background 

Advances over the past years have yielded a vast amount of experimental 

high-throughput data on relationships between biological entities such as 

proteins and genes [1-3]. This information is spread across multiple 

databases, containing different types of the stored data, accession 

nomenclature and interface (HPRD [4], MINT [5], BioGrid [6], 

IntAct [7], MIPS [8]). The main difficulty to merge the data provided in 

these databases is having distinct identifiers for the same biological 

entity [9]. Therefore a protocol that unifies biological data independently 

of the identifiers used on each data source is required. A number of works 

have addressed the standardization of nomenclature and format of 

biological entities (HGNC [10], HUPO-PSI [11]) while some others have 

tackled the problems of redundant data produced by cross-references 

(IPI[12], PIANA[13], BNDB[14], APID [15], UniHI [16], 

bioDBnet [17], ONDEX [18] and iRefIndex[19]). 

Here we present BIANA, a tool for biological database unification and 

network management that can be used as a standalone application or as a 

plugin for Cytoscape. BIANA uses a generic method to find entries of a 

given molecule that are equivalent across different biological data 

repositories. Moreover, BIANA incorporates and empowers a variety of 

network analysis methods through NetworkX [20]. In addition to unifying 

all major biological repositories, BIANA is easily adaptable to newly 

created data repositories. BIANA is an extension of the Protein Interaction 

and Network Analysis (PIANA) [13], which was focused on protein-
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protein interactions. BIANA bridges the network visualization of 

Cytoscape and the network analysis capabilities of NetworkX and 

Cytoscape with customizable data unification for relationships between 

genes and their products. BIANA addresses the challenge of 

unambiguously gathering available data for biological entities of interest 

and working with networks built with its relationships. BIANA network-

analysis capabilities have been compared with other programs under the 

same set of features as those presented in Cline et al. [21] (see Table 3.1). 

BIANA data integration capabilities have also been compared with up-to-

date software focused on data integration (see Table 3.2). 

3.2.3. Implementation 

3.2.3.1. Software architecture 

BIANA is a Python framework composed of four different modules 

(Figure 3.4): 1) Database Management (handles communication between 

BIANA and MySQL database); 2) Parser Management (imports data into 

BIANA database); 3) Network management (performs networking 

operations using NetworkX package); and 4) Session Management (to 

manage biological data sets and their networks). The Cytoscape Plugin is 

a separate and user friendly interface to BIANA (the plugin communicates 

with BIANA & Cytoscape through a socket). 

3.2.3.2. Data model 

BIANA uses a high level abstraction schema (see Figure 3.5) to handle 

databases providing biological information (i.e. individual entries and 

their relationships). Any data source that contains biologic or chemical 

data parsed by BIANA is defined as an external database. Similarly, 

BIANA adopts the concept of external entity, corresponding to entries in 

external databases, and integrates these external entities coming from 

different external databases. For example, a Uniprot entry (a protein), a  
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Table 3.1. Comparison of network analysis platforms. BIANA has been 
compared with the same programs and using the same set of features as the ones 
presented in [21]. Compared software: CY, Cytoscape [55]; BM, GenMAPP [58]; 
VA, VisAANT [59]; OS, Ospry [60]; CD, CellDesigner [61]; AR, Ariadne 
Genomics Pathway Studio [62]; IN, Ingenuity Pathways Analysis 
(http://www.ingenuity.com); GG, GeneGO (http://www.genego.com); PI, PIANA 
[13]; PR, ProViz [63]; BL, BioLayout [64]; PA, PATIKA [65]; BI, BIANA. 

 

Table 3.2. Biana has been compared with other biological databases integration 
software/webservers. Compared software: PI, PIANA [13]; AP, APID [15], AP2, 
APID2NET [66]; BN, BNDB [14]; UH, UniHI [67]; MI, MIMI [68]; ON, 
ONDEX [18]; iRI, iRefIndex [19]. (1) According to the original manuscript, "The 
installation and use of the data integration methods is staill command line driven 
and requires technical expertise to install, configure and use this component of 
the ONDEX system". 

 

for relationships between genes and their products.
BIANA addresses the challenge of unambiguously gath-
ering available data for biological entities of interest and
working with networks built with its relationships.
BIANA network-analysis capabilities have been com-
pared with other programs under the same set of fea-
tures as those presented in Cline et al. [21] (see Table
1). BIANA data integration capabilities have also been
compared with up-to-date software focused on data
integration (see Table 2).

Implementation
Software architecture
BIANA is a Python framework composed of four differ-
ent modules (Figure 1): 1) Database Management (han-
dles communication between BIANA and MySQL
database); 2) Parser Management (imports data into
BIANA database); 3) Network management (performs
networking operations using NetworkX package); and 4)
Session Management (to manage biological data sets
and their networks). The Cytoscape Plugin is a separate
and user friendly interface to BIANA (the plugin com-
municates with BIANA & Cytoscape through a socket).

Data model
BIANA uses a high level abstraction schema (see Figure 2)
to handle databases providing biological information (i.e.
individual entries and their relationships). Any data source
that contains biologic or chemical data parsed by BIANA
is defined as an external database. Similarly, BIANA

adopts the concept of external entity, corresponding to
entries in external databases, and integrates these external
entities coming from different external databases. For
example, a Uniprot entry (a protein), a GenBank entry (a
gene), an IntAct interaction (a protein-protein physical
interaction), a KEGG pathway (a metabolic relationship)
or a PFAM alignment are all represented as external enti-
ties. In order to achieve data uniformity, the participants
of a partnership and its relationship are considered exter-
nal entities, whereas the relation itself is annotated as
external entity relation which is a subtype of external
entity. External entities are characterized by several attri-
butes, such as database identifiers, sequence, taxonomy,
description or function. Each external entity relation is
further characterized by some attributes (i.e. detection
method or reliability). Alternatively, the participants in
external entity relations can have their particular attributes
(i.e. role or cardinality). BIANA unifies external data
inserted into its database based on a specific protocol.
This protocol, called unification protocol, consists of a set
of rules (unification protocol atom) that determine how
data in various data sources are combined (crossed). Each
rule is composed of attributes crossed and the pair of
external databases used. Two external entities (each com-
ing from one of these external databases) will be consid-
ered “equivalent” provided that they share the same
annotation (value) for the specified attribute(s) in the rule.
The set of external entities that are decided to be equiva-
lent with respect to a given unification protocol is called
user entity (group of biomolecules that are considered

Table 1 Comparison of network analysis platforms.
Feature CY GM VA OS CD AR IN GG PI PR BL PA BI

Free for academic use X X X X X X X X X X

Free for commercial use X X X X X X X X

Open source X X X X X X

Curated pathway/network content X X X X X

Standard file format support X X X X X X X

User-defined networks/pathways X X X X X X X X X X X X X

Functionality to infer new pathways X X X X X X

GO/pathway enrichment analysis X X X X X X

Automated graph layout X X X X X X X X X X X

Complex criteria for visual properties X X X X X X X

Multiple visual styles X X X X X X X

Advanced node selection X X X X X X X X X X X

Customizable gene/protein database X X X X X X

Rich graphical annotation X X X X X X

Statistical network analysis X X X X X X X

Extensible functionality: plugins or API X X X X X X X X

Quantitative pathway simulation X X

BIANA has been compared with the same programs and using the same set of features as the ones presented in [21]. Compared software: CY, Cytoscape [55];
GM, GenMAPP [58]; VA, VisANT [59]; OS, Osprey [60]; CD, CellDesigner [61]; AR, Ariadne Genomics Pathway Studio [62]; IN, Ingenuity Pathways Analysis http://
www.ingenuity.com; GG, GeneGO http://www.genego.com; PI, PIANA [13]; PR, ProViz [63]; BL, BioLayout [64]; PA, PATIKA [65]; BI, BIANA.
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equivalent). User entities inherit all the attributes of their
included external entries. Each external entity can belong
to a single user entity, unless the database is defined as
promiscuous database, where a single external entity can
belong to multiple user entities.

BIANA User Interface
Depending on user background and objectives, BIANA
offers three user interfaces: 1) command line interface
for most advanced users (usually bioinformaticians),
interested in using all BIANA functionalities, network
analysis procedures provided by NetworkX and other
Python modules, and interested in automatic processes
by using scripts; 2) Cytoscape Plugin interface benefits
users interested in the interactivity offered by a graphi-
cal interface without lost of functionality. The plugin
has one main advantage: it provides a command line
terminal to help most advanced users to create scripts
that run in BIANA as a command line application or to
execute other Python or NetworkX commands; and 3)
online interface for non-expert users who prefer using a
web-server that provides only basic functionalities of
BIANA. This is the easiest access and it does not
require installation. The web-server uses a pre-stored
database of interactions with a default unification proto-
col, but prevents benefiting from the user-driven unifi-
cation capabilities.

Results and Discussion
BIANA working procedure has two preliminary steps
(Figure 3): 1) installing BIANA package and Cytoscape
plugin; and 2) populating a BIANA-database store plus

creating one or more unification protocols for this data-
base. After these steps, a working session can be started.

BIANA database creation
After BIANA installation, the next step consists of creating
and populating a BIANA database with desired external
databases. BIANA offers several parsers for most well
known biological databases (Table 3) and includes most
common attributes (identifiers as UniprotAccession, Uni-
protEntry and GeneID, descriptive attributes as description
and function among others). BIANA also offers the possi-
bility to add new parsers for other third-party databases or
to add user provided data using a generic format, as well
as to add new attributes (i.e. new identifier types or new
descriptive types). New parsers for other databases or for
user provided data can be uploaded to our project website
http://sbi.imim.es/web/BIANA.php?page=biana.parsers
and be shared with the rest of BIANA users. For example,
we provide three different datasets used in our group (see
datasets at http://sbi.imim.es/web/BIANA.php: 1) one
dataset contains EC codes (as nodes) and the relationships
between them defined by the compounds involved in their
reactions (as edges), and it includes several new features
such as the number of common metabolites and the direc-
tion of the reaction (Figure 4A); 2) a second set contains
interactions predicted from sequences/structure distant
patterns [22] (Figure 4B); and 3) we have also included a
set of transcription factors and their regulated genes plus
information on their cooperativity [23] (Figure 4C).
Furthermore, we created a BIANA-database for the

convenience of users as an initial starting point to start
using BIANA (either from command line or from

Table 2 Comparison of biological information integration softwares.
Feature BI PI AP AP2 BN UH MI ON iRI

Data types Supports multiple biomolecule types (protein, gene, compound...) X X X X

Supports multiple relation types (interaction, complex, pathway...) X X X X X

Supports multiple data descriptor/identifiers types X X X X X X X X

User extensible to new user defined data types and attributes X

Data Unification User specific data unification X (1)

Standard user can extend to new data repositories X (1)

User Interface Standalone Graphical Interface X X

Scripting/Command line X X X X

Provides a webserver X X X X X X

Provides a plugin for Cytoscape X X X X

Network analysis Adds network analysis methods X X X X

Availability Open Source X X X X

Installation Does not require additional software X X X X X X

Standalone application (runs locally) X X X X

BIANA has been compared with other biological databases integration software/webservers. Compared software: PI, PIANA [13]; AP, APID [15]; AP2, APID2NET
[66]; BN, BNDB [14]; UH, UniHI [67]; MI, MIMI [68], ON, ONDEX [18], iRI, iRefIndex [19]. (1)According to the original manuscript, “The installation and use of the
data integration methods is still command line driven and requires technical expertise to install, configure and use this component of the ONDEX system”.

Garcia-Garcia et al. BMC Bioinformatics 2010, 11:56
http://www.biomedcentral.com/1471-2105/11/56

Page 3 of 12



3. Biological databases integration BIANA BIANA

53 

Figure 3.4. BIANA 
Architecture. BIANA is 
composed of 4 different 
modules: Database Module, 
Parser Module, Network 
Module and Session 
Management Module. 
Database Module handles 
communication between 
BIANA and MySQL 
database. Parser Module 
imports data into BIANA 
database. Network Module 
performs all network 
procedures using NetworkX 
package. Session 
Management Module to 

handle biological data sets and networks. BIANA Cytoscape Plugin is a 
separate interface that communicates Cytoscape with BIANA through a socket. 
BIANA framework can be executed with Python interpreter (as well as 
command line python scripts) or in Cytoscape with a plugin. 

GenBank entry (a gene), an IntAct interaction (a protein-protein physical 

interaction), a KEGG pathway (a metabolic relationship) or a PFAM 

alignment are all represented as external entities. In order to achieve data 

uniformity, the participants of a partnership and its relationship are 

considered external entities, whereas the relation itself is annotated 

as external entity relation which is a subtype of external 

entity. External entities are characterized by several attributes, such as 

database identifiers, sequence, taxonomy, description or function. Each 

external entity relation is further characterized by some attributes (i.e. 

detection method or reliability). Alternatively, the participants in external 

entity relations can have their particular attributes (i.e. role or 

cardinality). BIANA unifies external data inserted into its database based 

on a specific protocol. This protocol, called unification protocol, 

consists of a set of rules (unification protocol atom) that determine how 
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data in various data sources are combined (crossed). Each rule is 

composed of attributes crossed and the pair of external databases used. 

Two external entities (each coming from one of these external 

databases) will be considered “equivalent” provided that they share the 

same annotation (value) for the specified attribute(s) in the rule. The set 

ofexternal entities that are decided to be equivalent with respect to a 

given unification protocol is called user entity (group of biomolecules 

that are considered equivalent). User entities inherit all the attributes of 

their included external entries. Each external entity can belong to a 

single user entity, unless the database is defined as promiscuous 

database, where a single external entity can belong to multiple user 

entities. 

3.2.3.3. BIANA User Interface 

Depending on user background and objectives, BIANA offers three user 

interfaces: 1) command line interface for most advanced users (usually 

bioinformaticians), interested in using all BIANA functionalities, network 

analysis procedures provided by NetworkX and other Python modules, 

and interested in automatic processes by using scripts; 2) Cytoscape 

Plugin interface benefits users interested in the interactivity offered by a 

graphical interface without lost of functionality. The plugin has one main 

advantage: it provides a command line terminal to help most advanced 

users to create scripts that run in BIANA as a command line application or 

to execute other Python or NetworkX commands; and 3) online 

interface for non-expert users who prefer using a web-server that 

provides only basic functionalities of BIANA. This is the easiest access 

and it does not require installation. The web-server uses a pre-stored 

database of interactions with a default unification protocol, but prevents 

benefiting from the user-driven unification capabilities. 
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Figure 3.5. BIANA Data Model. A) BIANA Data Model Diagram. Schematic 
UML (Unified Modeling Language) representation of the data entries and their 
relationships in BIANA. Explanation of each element is given in the text. B) 
BIANA Database Architecture. 

 

3.2.4. Results and Discussion 

BIANA working procedure has two preliminary steps (Figure 3.6): 1) 

installing BIANA package and Cytoscape plugin; and 2) populating a 

BIANA-database store plus creating one or more unification protocols for 

this database. After these steps, a working session can be started. 
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Figure 3.6. BIANA Workflow. BIANA working procedure involves at least 3 
steps: 1) Install BIANA package and Cytoscape plugin if required; 2) Populate 
BIANA database and create unification protocols; and 3) Start a working session. 

 

3.2.4.1. BIANA database creation 

After BIANA installation, the next step consists of creating and 

populating a BIANA database with desired external databases. BIANA 

offers several parsers for most well known biological databases (Table 

3.3) and includes most common attributes (identifiers 

as UniprotAccession, UniprotEntry and GeneID, descriptive attributes 

as description and function among others). BIANA also offers the 

possibility to add new parsers for other third-party databases or to add 

user provided data using a generic format, as well as to add new attributes 

(i.e. new identifier types or new descriptive types). New parsers for other 

databases or for user provided data can be uploaded to our project 

website http://sbi.imim.es/web/BIANA.php?page=biana.parsers and 

be shared with the rest of BIANA users. For example, we provide three 
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different datasets used in our group (see datasets 

at http://sbi.imim.es/web/BIANA.php: 1) one dataset contains EC 

codes (as nodes) and the relationships between them defined by the 

compounds involved in their reactions (as edges), and it includes several 

new features such as the number of common metabolites and the direction 

of the reaction (Figure 3.7A); 2) a second set contains interactions 

predicted from sequences/structure distant patterns [22] (Figure 3.7B); 

and 3) we have also included a set of transcription factors and their 

regulated genes plus information on their cooperativity [23] (Figure 

3.7C). 

Furthermore, we created a BIANA-database for the convenience of users 

as an initial starting point to start using BIANA (either from command 

line or from Cytoscape) whose accessibility information is given on the 

project web page. The online database contains information parsed from 

the following resources (note that BIANA web-server uses a more 

complete database whose details can be found on the project page as 

well): Uniprot Swissprot, Gene Ontology (GO), NCBI Taxonomy 

database, IntAct database, MINT database, PSI-MI ontology, Reactome, 

plus specific tutorial sets for the theoretical example and SBI datasets 

used in previous works [22,23]. 
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Table 3.3. Default external database parsers provided by BIANA. BIANA 
provides the following parsers for common public biologic databases. Updated 
database parsers can be uploaded in the project webpage 
(http://sbi.imim.es/BIANA.php) 

 

Table 3.4. Recommended unification protocols. List of external databases and 
the attributes (identifiers) proposed to be used in a unification protocol. 

 

 

in discovering actors involved in diseases, their relation-
ships and key shared elements on the organism level.
Considering that Alzheimer’s disease (AD) and diabetes
are shown to be coupled, where having diabetes bears
an increased risk for AD [see [29] and [30] for reviews],
as an example of the use of BIANA, we look for pro-
teins playing a role both in Alzheimer’s disease and dia-
betes. BIANA is perfectly suited for pursuing such kind
of tasks where one needs to fetch species-wide sequence
annotation and interaction information spread across
various data resources. For this example we integrated
data from publicly available proteome knowledge bases
such as Uniprot [31], Kegg [32], IPI [12], GO [33],
SCOP* [34], HGNC [10] and major interaction data

resources such as Reactome* [35], IntAct* [7], HPRD*
[36], Biogrid* [6], MINT* [5]. All the databases with a
star (*) are inserted as promiscuous. All of the listed
databases are unified based on Uniprot Accession identi-
fier; sequence in combination with Taxonomy identifier;
and GeneId identifier. In addition to these unification
rules, the data coming from SCOP & Uniprot databases
are further unified using PDB codes. For step-by-step
details of this case study we suggest to follow the chap-
ter 6 of the tutorial and a video summary.
Using BIANA we identified proteins interacting with

an Alzheimer or diabetes associated protein in the
mouse proteome (since mouse is one of the most fre-
quently used model organism in studies focused on AD

Table 3 Default external database parsers provided by BIANA.
External Database
(checked version)

Details

General databases (Sequence, identifiers, and cross-reference databases)

Uniprot [31] (Release 14.1) Protein sequence, identifiers and functional information (domain composition, description,
function...). Both Swiss-prot (manually curated) and TrEMBL (automatically annotated) can be inserted
into BIANA. Protein sequences and multiple attributes are inserted into BIANA.

GenPept from GenBank [69] (FASTA formatted
file) (Release 167)

Protein sequences translated from the GenBank database. GenBank is the NIH genetic sequence
database, a collection of all publicly available DNA. Protein sequences and identifiers are inserted
into BIANA.

Non-redundant Blast Database (FASTA
formatted file) (August 2008)

BLAST Non-redundant database from NCBI. Non-redundant protein sequence database with entries
from GenPept, SwissProt, PIR, PDF, PDB and NCBI RefSeq. Protein sequences and identifiers are
inserted into BIANA.

International Protein Index (IPI) [12]
(September 2008)

Integrated database for proteomics experiments. Protein sequences and identifiers for Human,
Mouse, Rat, Zebrafish, Arabidosis, Chicken and Cow are inserted into BIANA.

HUGO Gene Nomenclature Committee
(HGNC) (September 2008)

Approved unique gene symbols for each human gene. Cross-references are inserted into BIANA.
http://www.genenames.org

Cluster of Orthologous Genes (COGs) [70]
(2003)

Collection of orthologous protein sets for prokaryotes and eukaryotes. Protein identifiers and COG
groups are inserted into BIANA.

Ontologies

Gene Ontology (GO) [33] (version 1.2) The Gene Ontology provides a controlled vocabulary to describe gene and gene product attributes
in any organism. It allows to link in BIANA between GO ID and GO name and type.

PSI-MI obo Controlled vocabulary and ontology for molecular interactions and their detection methods.
Provides the information about and the relation between method ID and method name. http://
psidev.info/MI

NCBI Taxonomy [71] The NCBI taxonomy database contains the names of all organisms that are represented in the
genetic databases. It allows to link between taxonomy ID identifier to Taxonomy name attribute.

Structural Classification of Proteins (SCOP) [34] Manually curated database with a comprehensive description of the structural and evolutionary
relationships between all proteins whose structure is known. It has a hierarchical classification of the
structural domains.

Relation databases

PSI-MI 2.5 Format [11] Data exchange format for molecular interactions. The following protein-protein interaction databases
can be inserted into BIANA: IntAct [7] (September 2008), DIP [72] (2008.07.08), HPRD [36] (Release 7),
BioGrid [6] (v2.0.44), MPACT [73] (April 2007), MINT [5] (2008.05.21)

Biopax Level 2 Format Data exchange format for biological pathway data. The following databases can be inserted into
BIANA: Reactome [35] (September 2008)

iRefIndex [19] A consolidated protein interaction database with provenance. (April 2009)

Kyoto Encyclopedia of Genes and Genomes
(KEGG) [32]

Kegg Ligand (chemical compounds, drugs, glycans and reactions), Kegg genes (genomes, genes and
proteins) and Kegg orthology (ortholog annotation) are inserted into BIANA.

STRING [74] Database of known and predicted protein interactions. Includes direct (physical) and indirect
(functional) associations.

BIANA provides the following parsers for common public biologic databases. Updated database parsers can be uploaded in the project webpage http://sbi.imim.
es/web/BIANA.php.

Garcia-Garcia et al. BMC Bioinformatics 2010, 11:56
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and diabetes). Among the proteins contained in the
intersection of the protein-protein interaction network,
the Mitogen-activated protein kinase (MAPK8; aka
JNK1) interacts both with proteins associated with AD
and diabetes (in particular, the products of APP and
MAPK8IP1 genes, respectively). Strikingly, JNK1 has
been demonstrated to be involved in maintenance of
neuronal mictrotubules [37], in beta-amyloid-mediated
stabilization of p53 [38], and in cell death in the brain
of patients with AD [39], but also in major risk factors
of diabetes type II such as insulin resistance [40,41] and
adiposity [42].
In order to extend our knowledge, we created interac-

tion networks for all proteins stored in BIANA-database
that were associated with AD and diabetes with inde-
pendence of the proteome specie (thus, being not
restricted to mouse). This was possible thanks to the
unification protocol used in BIANA. Next, we filtered
the proteins contained in these two networks, so that
only proteins linked at least to two Alzheimer-associated
proteins or to two diabetes-associated proteins were
taken into account. Then, we extracted the intersection
of these two subsets with BIANA and we selected those
proteins that had not been attributed to any of the
pathologies in the initial sets. Remarkably, we found
direct supporting evidence in the literature that some of
the proteins in this selected set were products of genes
that had been reported to play key roles in both AD and
diabetes (for example, CamKII is related with AD
[43-45] and diabetes [46,47]; and GSK3b is related with
AD [48,49] and diabetes [50,51]).
Finally, we included predicted interactions (i.e. we

transferred interactions from proteins to their homologs

pairs). We defined interaction predictions based on the
transfer of interactions between proteins with at least
90% of sequence similarity and 90% of sequence covered
by the alignment. This increased the initial list of poten-
tial mediators from 51 to 221 (see more details in tutor-
ial example). A visual inspection on the list yielded
some new interesting candidates to be evaluated, such
as calreticulin or drebrin. For example, chaperone calre-
ticulin appeared in the literature related with AD [52]
and also with insulin receptors [53]. We also found
drebrin, which has been related with AD and diabetes in
the literature [54]. Clearly, this example was easily done
thanks to the protocols of unification and network
handling capabilities of BIANA.

Conclusions
We have presented BIANA, a software framework
designed to integrate several sources of biological data,
exploit its relationships and facilitate its analysis. BIANA
introduces an abstract data model to allow user-defined
biological database unification and an easy to use inter-
face for network creation and analysis. In order to make
sure that BIANA would be freely accessible by anybody,
BIANA framework uses either free open-source software
or publicly available free software. For users who want
to skip the software requirements, we provide BIANA
web server at the price of loosing freedom on how to
decide data unification, relinquishing to incorporate
user-defined data and obliging simplified network analy-
sis and visualization protocols.
The main advantage of BIANA against existing soft-

ware is its design, which allows adding user specific data
types and allows the user to handle his own unification

Table 4 Recommended unification protocols.
External Databases Attributes (identifiers)

Uniprot, GeneBank, IPI, KeggGene, COG, String ProteinSequence AND taxID

Uniprot, HGNC, HPRD, DIP, MPACT, Reactome, IPI, BioGrid, MINT, IntAct, String UniprotAccession

Uniprot, String UniprotEntry

Uniprot, HGNC, HPRD, DIP, String GeneID

Uniprot, SCOP(promiscuous) PDB

List of external databases and the attributes (identifiers) proposed to be used in a unification protocol.

Table 5 Comparison of three different networks at level 1.
Disease Keywords Initial Set PPI PPI + inferred interactions

Cancer Cancer, tumor, metastasis 985 (93) 2782 (251) 6272 (489)

Diabetes Diabetes 86 (10) 284 (19) 2121 (54)

Alzheimer Alzheimer 30 (4) 138 (6) 1098 (12)

Comparison of three different networks at level 1 using reported protein-protein interactions vs. using inferred interactions by sequence homology. A BIANA
database has been created using the following databases: Uniprot Swissprot, IntAct, MINT, BioGrid, DIP and HPRD. Three different initial data sets related with
three different pathologies have been created by a keyword search in fields Disease, Keyword, Description and Function. Two networks at level 1 have been
created for each set: 1) using reported protein-protein interactions by third-party databases and 2) using inferred interactions by using sequence similarity (see
text for details). For each network we calculated the number of proteins involved in the pathologies according to HEFalMp [75] with a p < 0.00001 (shown in
parenthesis). By using inferred interactions a higher number of candidates are retrieved.

Garcia-Garcia et al. BMC Bioinformatics 2010, 11:56
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Figure 3.7. BIANA networks created from user provided datasets. BIANA 
Cytoscape plugin has been used to generate the relation networks of three different 
user specific datasets (data is available athttp://sbi.imim.es/web/BIANA.php). 
Represented entities are: Proteins (green nodes), genes (blue nodes), interactions and 
metabolic relations (blue edges) and cooperation (red edges). A) Metabolic network 
reconstruction where a relation is established and scored between each pair of 
possible chained enzymatic reactions. A chained reaction between enzyme 
A and enzyme B is possible when there is at least one chemical compound in the 
intersection, acting at the same time as product of enzyme A and substrate of enzyme 
B. The network has been filtered with score greater than 1.2 (score is based on the 
plausibility of observing chemical compounds in the intersection, according to their 
own frequency and the frequency of other products of enzyme A and other substrates 
of enzyme B that do not take part in chaining reactions). B) Protein-protein interaction 
network predicted from sequences/structure distant patterns as described in Espadaler 
et al. [22]. Only human proteins are shown and interactions coming from set I3 (see a 
detailed explanation in the original work). C) Network representation of cooperative 
transcription factors and their regulated genes described at Aguilar et al. [23]. Only 
transcription factors cooperating with others have been represented. 

 

3.2.4.2. Unification protocols 

Once a database has been loaded in BIANA MySQL server, next step 

consists on the integration of data and its relationships. BIANA utilizes 

user entries defined by a certain unification protocol chosen by the 

user. A recommended unification protocol is also provided for non-

expert users (Table 3.4), but users are free to create their own unification 

protocols according to their needs. As an example, a user may be 

interested in creating a unification protocol defined by crossing entities 

using sequence and taxonomy information between two or more databases 

(similarly to the integration protocol used in PIANA [13] and the 
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Redundant Object Group used in iRefIndex [19]). In another example, the 

user can use sequence and taxonomy as well as Uniprot accession code 

between two or more databases. Different unification protocols applied 

to the same external databases can lead to different outcomes (see Figure 

3.8). The advantages of this unification approach are: 1) BIANA database 

only contains raw data (with exactly the same nomenclature and 

identifiers of the original data source), therefore it does not entail any 

assumption on data integration and it allows the user to specify how the 

integration should be done. 2) Information from a single database or the 

combination of multiple databases can be selected by the user in each 

experiment. And 3) the original data can be easily tracked back with all its 

user interfaces (API, BIANA Cytoscape Plugin and WebServer). 

Table 3.5. Comparison of three different networks at level 1. Comparison of 
three different networks at level 1 using reported protein-protein interactions vs. 
using inferred interactions by sequence homology. A BIANA database has been 
created using the following databases: Uniprot Swissprot, IntAct, MINT, 
BioGrid, DIP and HPRD. Three different initial data sets related with three 
different pathologies have been created by a keyword search in fields Disease, 
Keyword, Description and Function. Two networks at level 1have been created 
for each set: 1) using reported protein-protein interactions by third-party 
databases and 2) using inferred interactions by using sequence similarity (see text 
for details). For each network we calculated the number of proteins involved in 
the pathologies according to HEFalMp [75] with a p<0.00001 (shown in 
parenthesis). By using inferred interactions a higher number of candidates are 
retrieved. 

 

 

 

and diabetes). Among the proteins contained in the
intersection of the protein-protein interaction network,
the Mitogen-activated protein kinase (MAPK8; aka
JNK1) interacts both with proteins associated with AD
and diabetes (in particular, the products of APP and
MAPK8IP1 genes, respectively). Strikingly, JNK1 has
been demonstrated to be involved in maintenance of
neuronal mictrotubules [37], in beta-amyloid-mediated
stabilization of p53 [38], and in cell death in the brain
of patients with AD [39], but also in major risk factors
of diabetes type II such as insulin resistance [40,41] and
adiposity [42].
In order to extend our knowledge, we created interac-

tion networks for all proteins stored in BIANA-database
that were associated with AD and diabetes with inde-
pendence of the proteome specie (thus, being not
restricted to mouse). This was possible thanks to the
unification protocol used in BIANA. Next, we filtered
the proteins contained in these two networks, so that
only proteins linked at least to two Alzheimer-associated
proteins or to two diabetes-associated proteins were
taken into account. Then, we extracted the intersection
of these two subsets with BIANA and we selected those
proteins that had not been attributed to any of the
pathologies in the initial sets. Remarkably, we found
direct supporting evidence in the literature that some of
the proteins in this selected set were products of genes
that had been reported to play key roles in both AD and
diabetes (for example, CamKII is related with AD
[43-45] and diabetes [46,47]; and GSK3b is related with
AD [48,49] and diabetes [50,51]).
Finally, we included predicted interactions (i.e. we

transferred interactions from proteins to their homologs

pairs). We defined interaction predictions based on the
transfer of interactions between proteins with at least
90% of sequence similarity and 90% of sequence covered
by the alignment. This increased the initial list of poten-
tial mediators from 51 to 221 (see more details in tutor-
ial example). A visual inspection on the list yielded
some new interesting candidates to be evaluated, such
as calreticulin or drebrin. For example, chaperone calre-
ticulin appeared in the literature related with AD [52]
and also with insulin receptors [53]. We also found
drebrin, which has been related with AD and diabetes in
the literature [54]. Clearly, this example was easily done
thanks to the protocols of unification and network
handling capabilities of BIANA.

Conclusions
We have presented BIANA, a software framework
designed to integrate several sources of biological data,
exploit its relationships and facilitate its analysis. BIANA
introduces an abstract data model to allow user-defined
biological database unification and an easy to use inter-
face for network creation and analysis. In order to make
sure that BIANA would be freely accessible by anybody,
BIANA framework uses either free open-source software
or publicly available free software. For users who want
to skip the software requirements, we provide BIANA
web server at the price of loosing freedom on how to
decide data unification, relinquishing to incorporate
user-defined data and obliging simplified network analy-
sis and visualization protocols.
The main advantage of BIANA against existing soft-

ware is its design, which allows adding user specific data
types and allows the user to handle his own unification

Table 4 Recommended unification protocols.
External Databases Attributes (identifiers)

Uniprot, GeneBank, IPI, KeggGene, COG, String ProteinSequence AND taxID

Uniprot, HGNC, HPRD, DIP, MPACT, Reactome, IPI, BioGrid, MINT, IntAct, String UniprotAccession

Uniprot, String UniprotEntry

Uniprot, HGNC, HPRD, DIP, String GeneID

Uniprot, SCOP(promiscuous) PDB

List of external databases and the attributes (identifiers) proposed to be used in a unification protocol.

Table 5 Comparison of three different networks at level 1.
Disease Keywords Initial Set PPI PPI + inferred interactions

Cancer Cancer, tumor, metastasis 985 (93) 2782 (251) 6272 (489)

Diabetes Diabetes 86 (10) 284 (19) 2121 (54)

Alzheimer Alzheimer 30 (4) 138 (6) 1098 (12)

Comparison of three different networks at level 1 using reported protein-protein interactions vs. using inferred interactions by sequence homology. A BIANA
database has been created using the following databases: Uniprot Swissprot, IntAct, MINT, BioGrid, DIP and HPRD. Three different initial data sets related with
three different pathologies have been created by a keyword search in fields Disease, Keyword, Description and Function. Two networks at level 1 have been
created for each set: 1) using reported protein-protein interactions by third-party databases and 2) using inferred interactions by using sequence similarity (see
text for details). For each network we calculated the number of proteins involved in the pathologies according to HEFalMp [75] with a p < 0.00001 (shown in
parenthesis). By using inferred interactions a higher number of candidates are retrieved.

Garcia-Garcia et al. BMC Bioinformatics 2010, 11:56
http://www.biomedcentral.com/1471-2105/11/56
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Figure 3.8. BIANA Unification. Example where three different unification 
protocols are applied to three external databases (each external database is 
represented with a different color). BIANA network nodes are individual user 
entities. Each user entity consists of a set of equivalent external entities. 
Each external entity can belong to a single user entity, unless the database is 
defined as promiscuous database, where a single external entity can belong to 
multiple user entities. External entities in promiscuous databases can not form 
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a user entity by themselves. In this theoretical example, in order to show the 
importance of the unification protocol, it can be observed Prot1A is merged 
with Prot1B when unifying by UniprotAccession identifier, while they are not 
merged if unification is done by Sequence andtaxonomyID. However, when 
unified by UniprotAccession or geneSymbol, Prot1A, Prot1B, Prot2A and Prot2B 
are merged. 

The data available on the online BIANA database is unified with respect 

to the following criteria of equivalence: All entries coming from any 

biological data repository are grouped in the same user entity if and only 

if they share UniprotAccession code “or”, both sequence and 

Taxonomy identifier, “or” GeneID. In particular, when BIANA is 

queried for ERF1_YEAST as Uniprot Entry code, it groups all the entries 

coming from Swissprot (P12385), IntAct (EBI-6533), MINT (MINT-

560710) and Reactome (REACT_1034) in one user entity (a node in 

BIANA; since they have been annotated with the same Uniprot Accession 

or sequence and taxonomy or GeneID to that of ERF1_YEAST). 

3.2.4.3. BIANA working-session capabilities 

After creating a BIANA database and creating one or more unification 

protocols, a BIANA working session includes the following capabilities: 

Network creation 

Integrated biological entities consisting of proteins, genes or drugs are 

considered as nodes of a network, while relationships between them such 

as interactions, gene regulation, metabolic reactions or signal transduction 

are edges. The first step to obtain a network is the acquisition of an initial 

set of seed nodes (i.e. the biological entities of interest). Then, BIANA 

creates the network of relationships by retrieving their direct partners 

(nodes interacting with the seeds). The network construction procedure 

can run iteratively, defining successive levels of partnership (seed nodes 
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are in level 0, partners of the seed nodes define the level 1 and nodes 

connected with nodes in level i define the level i+1). Users can create the 

network using various types of relationships and impose restrictions based 

on the attributes of these relationships or their nodes (for example, by 

restricting on the detection method). Networks are widely employed to 

study specific pathologies [24]. 

Analysis of networks 

BIANA grants access to most of existing methods for the analysis of 

networks through NetworkX and Cytoscape: finding shortest paths and 

connected components, calculating node degrees and network 

connectivity, etc. In addition, BIANA includes new methods such as 

network randomization, node and edge tagging, calculation of linker 

degree based on node tags [25], intersection and merging of networks. 

Recently, BIANA has been used in simplifying the improvement of fold 

recognition using protein-protein interactions [26] or in modeling and 

analysis of aneurism-related molecular interactions using text-mining 

seed-nodes [27]. 

Predictions of edges 

BIANA predicts novel relationships by transferring existing edges 

between nodes with common properties. Basically, let x, y, z be biological 

entities obtained with the unification approach. An interaction is predicted 

between x and y if: i) x is observed to interact with z; and ii) y shares 

some attributes (decided by the user, i.e. PFAM domains, SCOP domains, 

or sequence similarity using cut-offs based on e-value or percentage of 

identity) with node z. This is an extension of the definition of 

interologs [28] using other relationships different than orthology. For 

example, we generated protein-protein interaction networks from proteins 
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we compared them with networks of protein-protein interaction 

predictions based on the transfer of interactions between proteins (i.e. y 

and z) whose 90% of its sequence could be aligned with at least 90% of 

sequence similarity (Table 3.5). 

Unification backtracking 

As BIANA database architecture and access is pretended to be transparent 

for users, BIANA offers the possibility of backtrack the results of the 

unification protocol with the information as defined in original sources. 

For example, in the BIANA Cytoscape Plugin, users can check all entries 

from external databases fused into a single node during the unification 

protocol. Users can also check which are the exact relationships defined 

by external databases. These options are explained in the first example of 

the tutorial. In summary, when selecting the option “View set details” the 

user can select one or more nodes in the table and click the button “View 

details”. This option shows in a new table all the original entries fused for 

each node (for example, a BIANA user entity node can contain an entry 

from the Uniprot Database, an entry from IPI database, some nodes from a 

protein-protein interaction database, etc). A similar procedure can be 

applied to show the relationships as defined in the original sources. 

3.2.4.4. Example: Investigating relationships between 

pathologies using BIANA 

We have used the study case of the relationship between the networks of 

genes involved in the pathologies of Alzheimer and diabetes diseases. 

Under the context of systems and network biology, researchers are 

interested in discovering actors involved in diseases, their relationships 

and key shared elements on the organism level. Considering that 

Alzheimer’s disease (AD) and diabetes are shown to be coupled, where 

having diabetes bears an increased risk for AD [see [29] and [30] for 
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reviews], as an example of the use of BIANA, we look for proteins 

playing a role both in Alzheimer’s disease and diabetes. BIANA is 

perfectly suited for pursuing such kind of tasks where one needs to fetch 

species-wide sequence annotation and interaction information spread 

across various data resources. For this example we integrated data from 

publicly available proteome knowledge bases such as Uniprot [31], 

Kegg [32], IPI [12], GO [33], SCOP* [34], HGNC[10] and major 

interaction data resources such as Reactome* [35], IntAct* [7], 

HPRD* [36], Biogrid* [6], MINT* [5]. All the databases with a star (*) 

are inserted as promiscuous. All of the listed databases are unified based 

on Uniprot Accession identifier; sequence in combination with Taxonomy 

identifier; and GeneId identifier. In addition to these unification rules, the 

data coming from SCOP & Uniprot databases are further unified using 

PDB codes. For step-by-step details of this case study we suggest to 

follow the chapter 6 of the tutorial and a video summary. 

Using BIANA we identified proteins interacting with an Alzheimer or 

diabetes associated protein in the mouse proteome (since mouse is one of 

the most frequently used model organism in studies focused on AD and 

diabetes). Among the proteins contained in the intersection of the protein-

protein interaction network, the Mitogen-activated protein kinase 

(MAPK8; aka JNK1) interacts both with proteins associated with AD and 

diabetes (in particular, the products of APP and MAPK8IP1 genes, 

respectively). Strikingly, JNK1 has been demonstrated to be involved in 

maintenance of neuronal mictrotubules [37], in beta-amyloid-mediated 

stabilization of p53 [38], and in cell death in the brain of patients with 

AD [39], but also in major risk factors of diabetes type II such as insulin 

resistance [40,41] and adiposity [42]. 
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In order to extend our knowledge, we created interaction networks for all 

proteins stored in BIANA-database that were associated with AD and 

diabetes with independence of the proteome specie (thus, being not 

restricted to mouse). This was possible thanks to the unification protocol 

used in BIANA. Next, we filtered the proteins contained in these two 

networks, so that only proteins linked at least to two Alzheimer-associated 

proteins or to two diabetes-associated proteins were taken into account. 

Then, we extracted the intersection of these two subsets with BIANA and 

we selected those proteins that had not been attributed to any of the 

pathologies in the initial sets. Remarkably, we found direct supporting 

evidence in the literature that some of the proteins in this selected set were 

products of genes that had been reported to play key roles in both AD and 

diabetes (for example, CamKII is related with AD [43-45] and 

diabetes [46,47]; and GSK3b is related with AD [48,49] and 

diabetes [50,51]). 

Finally, we included predicted interactions (i.e. we transferred interactions 

from proteins to their homologs pairs). We defined interaction predictions 

based on the transfer of interactions between proteins with at least 90% of 

sequence similarity and 90% of sequence covered by the alignment. This 

increased the initial list of potential mediators from 51 to 221 (see more 

details in tutorial example). A visual inspection on the list yielded some 

new interesting candidates to be evaluated, such 

as calreticulin or drebrin. For example,  chaperone calreticulin 

appeared in the literature related with AD [52] and also with insulin 

receptors [53]. We also found drebrin, which has been related with AD 

and diabetes in the literature [54]. Clearly, this example was easily done 

thanks to the protocols of unification and network handling capabilities of 

BIANA. 
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3.2.5. Conclusions 

We have presented BIANA, a software framework designed to integrate 

several sources of biological data, exploit its relationships and facilitate its 

analysis. BIANA introduces an abstract data model to allow user-defined 

biological database unification and an easy to use interface for network 

creation and analysis. In order to make sure that BIANA would be freely 

accessible by anybody, BIANA framework uses either free open-source 

software or publicly available free software. For users who want to skip 

the software requirements, we provide BIANA web server at the price of 

loosing freedom on how to decide data unification, relinquishing to 

incorporate user-defined data and obliging simplified network analysis 

and visualization protocols. 

The main advantage of BIANA against existing software is its design, 

which allows adding user specific data types and allows the user to handle 

his own unification protocol. However, unification is a non-trivial 

problem for non-expert users in bioinformatics. Therefore, we recommend 

a unification protocol for the databases for which we have provided a 

parser in our web page. BIANA website also offers a repository where 

users can download/upload new parsers for other third-party databases 

and make their own parsers available for the scientific community. 

Additionally, BIANA helps to handle the network, to expand with 

predictions or combined resources of information and to extract 

biologically relevant information from the network (as it was shown in the 

case study proposed in the example of AD and diabetes). 

We believe BIANA will be of high interest for users who want to 

incorporate their own data on the analysis with other available biological 

data sources. It is also noteworthy that other software (or repositories) 

integrating several sources of interactions can only distribute data if there 

are no restrictions (or copyright agreements are fulfilled), while in 
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BIANA the user is free to download interactions from official sites and 

freely integrate them. The capability of executing BIANA as a Cytoscape 

plugin allows users to benefit from existing Cytoscape plugins in a 

complementary manner; and the capability of executing BIANA through 

its Python API allows users to write scripts to access and analyze their 

data automatically. 

3.2.6. Availability and requirements 

• Project name: BIANA. Biologic Interactions and Network Analysis.
• Project home page: http://sbi.imim.es/web/BIANA.php
• Operating systems: UNIX based systems, Windows
• Programming language: Python (BIANA), JAVA (Cytoscape plugin)
• Other requirements: In Windows all requirements are embedded in the
software installer. In UNIX based systems it requires g++ compiler, 
Python2.5 and MySQL server 2.52. BIANA Cytoscape Plugin requires 
Cytoscape 2.6.0 [55]. In case one is interested in relations of biological 
data derived from sequence similarity (such as networks based on 
interology), CD-HIT [56] and BLAST [57] are also required. 
• License: GNU GPL (GNU General Public License)
• Restrictions: Not applied
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4.1. Introduction 

Motivation	  

The data produced by experimental procedures leads to the development 

of new hypothesis, which should be validated through new 

experimentation. An objective of bioinformatics is to develop prediction 

models based on prior knowledge. The integration of PPI networks and 

other biological data achieved by BIANA (chapter 3) is a good 

framework to develop an homology-based PPI inference tool.   

Background	  

The inference of PPIs based on homolog protein interacting pairs (also 

known as interologs) was defined by Gerstein et al. (42). This approach 

has been widely applied to specific cases (42,159-161). However, the 

performance and usage of inference methods rely on several aspects, 

including: 1) the completeness of the background data they are based on; 

and 2) the accessibility to use it. The completeness of the background data 

provided by BIANA and the fast accessibility to the method provided by a 

webserver would make the usage of the interolog based approach easily 

accessible to the scientific community. 

Manuscripts	  presented	  in	  this	  chapter	  

In this chapter I present two articles. The first one consists on a specific 

application of the interolog approach to the specific case of Salmonella-

host infection, in which the predicted interactomes for Salmonella-Human 

and Salmonella-Arabidopsis are compared. The second manuscript 

corresponds to BIPS, a BIANA based interolog approach implemented 

through a webserver to make the method easily accessible to the scientific 

community. I designed BIPS with two objectives: 1) benefit from the 

completeness data provided by BIANA; and 2) handle not only few 
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protein-protein interaction pairs, but to facilitate the interactions for whole 

proteomes in a reasonable time. 

Schleker, S., Garcia-Garcia, J., Klein-Seetharaman, J. and Oliva, B. 

Prediction and comparison of Salmonella-human and Salmonella-Arabidopsis 

interactomes. Chem & Biodiv. 2012 May. 9(5): 991-1018.  

Garcia-Garcia J, Schleker S, Klein-Seetharaman J, Oliva B. BIPS: BIANA 

Interolog Prediction Server. A tool for protein-protein interaction inference. 

Nucleic Acids Res. 2012 Jul;40(Web Server issue):W147-51 

Research	  Impact	  

BIPS server webpage worlwide access statistics (Figure 4.1) show the 

interest of the scientific community in exploring PPI prediction obtained 

using the interolog approach. 

An example application of BIPS was its usage in the generation of a 

negative set of protein-protein interactions by removing any pair of 

proteins that could be predicted to interact by means of sequence 

similarity (Appendix 5). 

Figure 4.1. Worldwide BIPS webpage access statistics. Period August 2013 - 
August 2014. Source: Google analytics. 
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4.2. Prediction and comparison of Salmonella-human 

and Salmonella-Arabidopsis interactomes. 

Schleker, S., Garcia-Garcia, J., Klein-Seetharaman, J. and Oliva, B. 
Prediction and comparison of Salmonella-human and Salmonella-
Arabidopsis interactomes. Chem & Biodiv. 2012 May. 9(5): 
991-1018. DOI: 10.1002/cbdv.201100392

U16319
Rectángulo

http://onlinelibrary.wiley.com/doi/10.1002/cbdv.201100392/abstract;jsessionid=2A2DA75EA65FB952B24AA796572BA583.f01t03
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Prediction and comparison of Salmonella-human and 

Salmonella-Arabidopsis interactomes  

Sylvia Schlekera), Javier Garcia-Garciab), Judith Klein-Seetharamanab),c), and 

Baldo Olivab)

a) Forschungszentrum Jülich, Institute of Complex Systems (ICS-5), 52425 Jülich, Germany.

b) Structural Bioinformatics Group (GRIB-IMIM). Universitat Pompeu Fabra. Barcelona Reserach

Park of Biomedicine (PRBB), Barcelona. 08003, Catalonia, Spain (phone: +34 933 160 509; fax: +34 

933 160 550  

c) Department of Structural Biology, University of Pittsburgh, Pittsburgh, PA 15260, USA (phone: +1

412 383 7325; fax: +1 412 648 8998 

4.2.1.  Abstract 

Salmonellosis caused by Salmonella bacteria is a food-borne disease and 

worldwide health threat causing millions of infections and thousands of 

deaths every year. This pathogen infects an usually broad range of host 

organisms including human and plants. A better understanding of the 

mechanisms of communication between Salmonella and its hosts requires 

identifying the interactions between Salmonella and host proteins. 

Protein-protein interactions (PPIs) are the fundamental building blocks of 

communication. Here we utilize the prediction platform BIANA to obtain 

the putative Salmonella-human and Salmonella-Arabidopsis interactomes 

based on sequence and domain similarity to known PPIs. A gold standard 

list of Salmonella-host PPIs served to validate the quality of the human 

model. 24,726 and 10,926 PPIs comprising interactions between 38 and 

33 Salmonella effectors and virulence factors with 9,740 human and 4,676 

Arabidopsis proteins, respectively, were predicted. Putative hub proteins 

could be identified and parallels between the two interactomes were 

discovered. This approach can provide insight into possible biological 

functions of so far uncharacterized proteins. The predicted interactions are 

available via a web interface which allows filtering of the database 

according to parameters provided by the user to narrow down the list of 
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suspected interactions. The interactions are available via a web interface 

at http://sbi.imim.es/web/SHIPREC.php  

4.2.2. Introduction 

During infection, Salmonella expresses a variety of virulence factors and 

effectors that are delivered into the host cell triggering cellular responses 

through protein-protein interactions (PPIs) with host cell proteins which 

make the pathogen’s invasion and replication possible. To decipher the 

molecular details of the communication between host and pathogen, it is 

necessary to identify Salmonella-host PPIs as well as their biological 

consequences. Methods to discover and characterize PPIs within an 

organism (“intraspecies”) or between a host and its pathogen 

(“interspecies”) have been applied widely and include small scale 

experiments such as pull-down, co-localization, co-immunoprecipitation 

assays as well as high-throughput experiments such as yeast-2-hybrid, and 

mass spectrometry identification of binding partners. Examples of 

intraspecies interactomes experimentally studied with high-throughput 

approaches include yeast [1], worm [2], Drosophila [3] and Arabidopsis 

[4] and a number of bacteria, such as Mycobacterium tuberculosis [5], 

Escherichia coli [6], Helicobacter pylori [7], Staphylococcus aureus [8] 

and Campylobacter jejuni [9]. Less high-throughput experimental data 

exists regarding interspecies interactomes, so far only for Bacillus 

anthracis-human, Francisella tularensis-human, and Yersinia pestis-

human [10]. To fill this gap, numerous computational approaches have 

been developed to predict pathogen-host interactions, most prominently 

between HIV and human [11], and other virus-host or bacteria-host 

interactions [12][13]. Computational methods can also greatly help in 

interpreting the data with respect to comparing networks and finding 

general strategies of pathogens [9][14].  
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Towards identifying Salmonella-host interactions, in a recent survey of 

the literature and databases, we obtained a small gold standard dataset of 

62 Salmonella-host interactions, involving interactions of Salmonella 

proteins with mostly human host proteins [15]. This gold standard can be 

used to develop and validate predictions for Salmonella-host interactions. 

Here we present a computational model to predict PPIs between 

Salmonella and human and validate the model with the gold standard. We 

then expanded the model towards predicting PPIs between Salmonella and 

Arabidopsis as a representative of the plant kingdom to exemplify the 

most extreme in difference between Salmonella’s hosts. While we include 

all Salmonella proteins in both models, their in-depth analysis focuses on 

subnetworks of the interactomes that include known Salmonella effectors 

and virulence factors and the comparison of the two host systems. The 

work described here is the first effort to predict Salmonella-Arabidopsis 

PPIs and compare Salmonella’s interactions with host organisms as 

extreme as animal and plant kingdoms. 

4.2.3. Results and discussion 

4.2.3.1. Salmonella-human interactome and overlap with 

gold standard 

First, we predicted the set of Salmonella-human interactions based on 

sequence identity or domain assignments using iPfam and 3DID databases 

and compared the model’s predictions with the set of known Salmonella-

host interactions. Since the gold standard dataset contains a small number 

of non-human host proteins, we retrieved the respective human 

homologues for these proteins to allow direct comparison. For the 

recovery analysis 59 interactions of the gold standard dataset were used, 

excluding the three clearly indirect ones.  
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A plot showing the number of gold standard pairs retrieved as a function 

of sequence coverage and sequence identity is shown in Figure 4.2. The 

maximum retrieval of known interactions was 48 of the 59 gold standard 

interactions with the lowest sequence identity and coverage requirement. 

This is because the gold standard contains interactions that are not present 

in any database yet. If we increase the stringency on the sequence identity 

and coverage, with a sequence identity cut-off of 60 % and a sequence 

coverage greater than 70%, six PPIs are predicted. Lowering the sequence 

identity and coverage both to 21 %, 29 out of 59 gold standard PPIs are 

retrieved.  

Figure 4.2. Recovery of known Salmonella-host interactions using the model 
based on sequence identity. 
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Using the domain-based prediction feature, nine of the gold standard 

interactions are predicted. These nine interactions are also part of the set 

of 29 PPIs that can be predicted by the model using a sequence-based 

query. Furthermore, there are six PPIs that are listed in PPI databases and 

would thus be retrieved by our model as known interactions.  

Thus, our model proved to be a valuable source for predicting Salmonella-

host PPIs as 49% of the gold standard interactions can be predicted by the 

model using a sequence and coverage cut-off of 21%.  

4.2.3.2. Predicted Salmonella-human interactome 

The total number of predicted Salmonella-human PPIs based on all 

interolog evidence [16], i.e. sequence identity (e-value 10−3, sequence 

identity 60%, sequence coverage 70%) and domain (iPfam and/or 3DID) 

identity for all Salmonella species and all proteins is ~44,8 million (Table 

4.1). This list of interactions contains a lot of redundancy because it treats 

each Salmonella species separately. This has an advantage, if one is 

interested in the interaction specific to a given Salmonella species, strain 

or serovar. More commonly, the results would be clustered by the 

sequence of Salmonella proteins so that only one pair of protein is 

predicted for any Salmonella species. Using a sequence identity of 95%, 

and sequence coverage of 90% or using the Salmonella gene symbol 

directly, grouping of the results leads to reduction of the predicted pairs. 

For simplicity, we here only consider this reduced set of interactions. The 

results are listed in Table 4.1. Since we are primarily interested in 

putative interactions involving known Salmonella effectors, in the 

following we restrict our analysis to this subnetwork. The predicted 

number of PPIs for Salmonella effectors is 46,200 when grouping by 

Salmonella protein sequence and 26,592 when grouping by Salmonella 

gene symbol. Analysis of these PPIs as described in the experimental part 

revealed a dataset of 24,726 interactions that were analyzed in detail 
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(Table 4.2). There are 38 of the 108 known Salmonella effectors (Table 

S3) in the set of predicted PPIs.  

The basis for most of the PPIs predictions is the domain similarity. Only 

less than 1%, namely 155, of the predicted pairs are based on sequence 

identity. The overlap between the two predictions is low: the number of 

PPIs predicted by both, sequence (e-value 10−3, sequence identity 60%, 

sequence coverage 70%) and domain (iPfam and/or 3DID) identity is only 

67. 

4.2.3.3. Predicted Salmonella-Arabidopsis interactome 

The total number of predicted PPIs based on all interolog evidence is 

~15,9 million for Arabidopsis (Table 4.1). The total number of predicted 

PPIs involving Salmonella effectors only in the ungrouped mode is 

107,127 which decreases to 10,926 when grouping by Salmonella gene 

symbol and analyzing as described above which corresponds to ~10.2% of 

the ungrouped pairs. As with human, the majority of the predictions is 

based on domain (iPfam and/or 3DID) evidence. The number of PPIs 

predicted based on sequence alone is 52. The intersection is 25. There are 

33 of the 108 known Salmonella effectors (Table S3) in the set of 

predicted PPIs.  
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Table 4.1. Total numbers of predicted PPIs of all Salmonella proteins with 
human and Arabidopsis proteins (Left). 

Table 4.2. Total number of predicted PPIs of Salmonella effectors and virulence 
factors with human and Arabidopsis proteins. (Right) 

 

 

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript

Schleker et al. Page 22
Ta

bl
e 

1

To
ta

l n
um

be
rs

 o
f p

re
di

ct
ed

 P
PI

s o
f a

ll 
Sa

lm
on

el
la

 p
ro

te
in

s w
ith

 h
um

an
 a

nd
 A

ra
bi

do
ps

is
 p

ro
te

in
s.

U
ng

ro
up

ed
G

ro
up

ed
 b

y 
se

qu
en

ce
G

ro
up

ed
 b

y 
ge

ne
 sy

m
bo

l

U
ni

on
 o

f
se

qu
en

ce
an

d 
PF

A
M

ba
se

d

In
te

rs
ec

tio
n

of
 se

qu
en

ce
an

d 
PF

A
M

ba
se

d

Se
qu

en
ce

ba
se

d 
on

ly
PF

A
M

ba
se

d 
on

ly
U

ni
on

 o
f

se
qu

en
ce

an
d 

PF
A

M
ba

se
d

In
te

rs
ec

tio
n

of
 se

qu
en

ce
an

d 
PF

A
M

ba
se

d

Se
qu

en
ce

ba
se

d 
on

ly
PF

A
M

ba
se

d 
on

ly
U

ni
on

 o
f

se
qu

en
ce

an
d 

PF
A

M
ba

se
d

In
te

rs
ec

tio
n

of
 se

qu
en

ce
an

d 
PF

A
M

ba
se

d

Se
qu

en
ce

ba
se

d 
on

ly
PF

A
M

ba
se

d 
on

ly

H
um

an
A

ll 
sp

ec
ie

s (
Ta

xo
no

m
y 

ID
: 5

92
01

)
44

,7
94

,2
81

19
0,

60
9

4,
03

4,
63

9
40

95
02

51
1,

61
0,

53
8

4,
60

6
79

,8
33

1,
53

5,
31

1
98

8,
96

1
3,

36
4

77
,1

14
91

,5
21

1

H
um

an
S.

 en
te

ric
a

43
,2

26
,8

93
18

7,
08

3
3,

77
5,

39
0

39
,6

38
,5

86
1,

46
2,

79
5

4,
52

3
74

,7
12

1,
39

2,
60

6
96

7,
90

1
3,

34
7

76
,8

69
89

4,
37

9

H
um

an
S.

 ty
ph

i
72

7,
04

7
3,

03
0

56
,6

71
67

3,
40

6
69

4,
06

9
3,

00
9

56
,2

20
64

0,
85

8
55

2,
26

2
3,

02
9

53
,5

33
50

1,
75

8

H
um

an
S.

 ty
ph

im
ur

iu
m

4,
15

8,
23

9
18

,2
33

36
2,

19
7

3,
81

4,
27

5
80

3,
04

2
3,

07
1

60
,6

84
74

5,
42

9
76

9,
91

1
3,

27
6

66
,8

34
70

6,
35

3

H
um

an
S.

 p
ar

at
yp

hi
 B

15
3,

60
7

1,
48

7
22

,3
13

13
2,

78
1

15
2,

93
9

1,
48

7
22

,3
13

13
2,

11
3

15
9,

83
0

1,
51

9
22

,4
66

13
8,

88
3

H
um

an
S.

 p
ar

at
yp

hi
 A

1,
25

7,
71

4
6,

07
2

11
0,

83
9

1,
15

2,
94

7
64

5,
53

5
3,

04
9

56
,8

68
59

1,
71

6
57

5,
35

1
3,

10
0

58
,3

21
52

0,
13

0

A
ra

bi
do

ps
is

A
ll 

sp
ec

ie
s

15
,9

32
,3

56
7,

79
1

70
2,

73
8

15
,2

37
,4

09
57

3,
74

6
17

8
14

,3
06

55
9,

61
8

34
2,

61
1

26
8

14
,5

82
32

8,
29

7

A
ra

bi
do

ps
is

S.
 en

te
ric

a
15

,3
89

,5
12

7,
29

8
66

8,
22

8
14

,7
28

,5
82

50
5,

29
0

16
5

13
,1

30
49

2,
32

5
33

4,
54

5
25

5
14

,3
09

32
0,

49
1

A
ra

bi
do

ps
is

S.
 ty

ph
i

25
6,

52
3

11
9

10
,1

11
24

6,
53

1
24

3,
67

7
11

7
9,

92
6

23
3,

86
8

18
7,

47
5

12
6

9,
53

4
17

8,
06

7

A
ra

bi
do

ps
is

S.
 ty

ph
im

ur
iu

m
1,

44
3,

99
8

75
7

64
,0

31
1,

38
0,

72
4

27
8,

58
1

13
9

10
,8

99
26

7,
82

1
26

9,
38

4
21

5
12

,7
05

25
6,

89
4

A
ra

bi
do

ps
is

S.
 p

ar
at

yp
hi

 B
44

,1
49

70
3,

87
7

40
,3

42
43

,4
41

70
3,

87
7

39
,6

34
43

,6
84

86
4,

00
1

39
,7

69

A
ra

bi
do

ps
is

S.
 p

ar
at

yp
hi

 A
44

5,
18

2
24

0
20

,4
99

42
4,

92
3

22
6,

64
9

12
0

10
,3

36
21

6,
43

3
20

3,
54

0
15

2
10

,5
51

19
3,

14
1

Chem Biodivers. Author manuscript; available in PMC 2013 May 01.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript

Schleker et al. Page 23

Ta
bl

e 
2

To
ta

l n
um

be
r o

f p
re

di
ct

ed
 P

PI
s o

f S
al

m
on

el
la

 e
ff

ec
to

rs
 a

nd
 v

iru
le

nc
e 

fa
ct

or
s w

ith
 h

um
an

 a
nd

 A
ra

bi
do

ps
is

 p
ro

te
in

s.

un
gr

ou
pe

d
G

ro
up

ed
 b

y 
se

qu
en

ce
G

ro
up

ed
 b

y 
ge

ne
 sy

m
bo

l

U
ni

on
 o

f
se

qu
en

ce
an

d 
PF

A
M

ba
se

d

In
te

rs
ec

tio
n

of
 se

qu
en

ce
an

d 
PF

A
M

ba
se

d

Se
qu

en
ce

ba
se

d 
on

ly
PF

A
M

ba
se

d 
on

ly
U

ni
on

 o
f

se
qu

en
ce

an
d 

PF
A

M
ba

se
d

In
te

rs
ec

tio
n

of
 se

qu
en

ce
an

d 
PF

A
M

ba
se

d

Se
qu

en
ce

ba
se

d 
on

ly
PF

A
M

ba
se

d 
on

ly
U

ni
on

 o
f

se
qu

en
ce

an
d 

PF
A

M
ba

se
d

In
te

rs
ec

tio
n

of
 se

qu
en

ce
an

d 
PF

A
M

ba
se

d

Se
qu

en
ce

ba
se

d 
on

ly
PF

A
M

ba
se

d 
on

ly

H
um

an
A

ll 
sp

ec
ie

s (
Ta

xo
no

m
y 

ID
: 5

92
01

)
29

3,
81

1
80

0
3,

20
8

29
1,

40
3

46
,2

00
11

8
21

3
46

,1
05

26
,5

92
67

16
1

26
,4

98

H
um

an
S.

 en
te

ric
a

26
9,

16
8

68
4

3,
00

6
26

6,
84

6
41

,2
23

94
18

9
41

,1
28

26
,5

92
67

16
1

26
,4

98

H
um

an
S.

 ty
ph

i
14

,6
09

32
86

14
,5

55
14

,2
42

32
86

14
,1

88
14

,6
09

32
32

14
,5

55

H
um

an
S.

 ty
ph

im
ur

iu
m

84
,0

03
22

9
48

6
83

,7
46

24
,7

65
67

14
7

24
,6

85
26

,5
77

67
14

6
26

,4
98

H
um

an
S.

 p
ar

at
yp

hi
 B

0
0

0
0

0
0

0
0

0
0

0
0

H
um

an
S.

 p
ar

at
yp

hi
 A

10
,6

08
46

10
0

10
,5

54
10

,6
08

46
10

0
10

,5
54

10
,6

08
46

10
0

10
,5

54

A
ra

bi
do

ps
is

A
ll 

sp
ec

ie
s

10
7,

12
7

27
6

1,
11

4
10

6,
28

9
18

,7
32

37
70

18
,6

99
10

,9
66

25
52

10
,9

39

A
ra

bi
do

ps
is

S.
 en

te
ric

a
99

,4
91

23
8

1,
04

9
98

,6
80

18
,0

92
37

70
18

,0
59

10
,9

66
25

52
10

,9
39

A
ra

bi
do

ps
is

S.
 ty

ph
i

6,
64

1
12

33
6,

62
0

6,
30

3
12

33
6,

28
2

6,
64

1
12

33
6,

62
0

A
ra

bi
do

ps
is

S.
 ty

ph
im

ur
iu

m
35

,4
76

88
18

6
35

,3
78

10
,9

03
25

58
10

,8
70

10
,9

66
25

52
10

,9
39

A
ra

bi
do

ps
is

S.
 p

ar
at

yp
hi

 B
0

0
0

0
0

0
0

0
0

0
0

0

A
ra

bi
do

ps
is

S.
 p

ar
at

yp
hi

 A
4,

43
2

12
33

4,
41

1
4,

43
2

12
33

4,
41

1
4,

43
2

12
33

4,
41

1

Chem Biodivers. Author manuscript; available in PMC 2013 May 01.



4. Prediction of Protein-Protein Interactions Salmonella-host 

86 

4.2.3.4. Comparison of Salmonella effectors and their 

binding partners 

Based on the above considerations, the two predicted interactomes that 

will be compared in the following comprise 24,726 and 10,926 edges 

between human and Salmonella proteins and between Arabidopsis and 

Salmonella proteins, respectively. Within these, 38 Salmonella effectors 

interact with 9,740 human proteins and 33 Salmonella effectors interact 

with 4,676 Arabidopsis proteins. For ease of identification, we use gene 

symbols to represent Salmonella proteins and uniprot entry names for host 

proteins.  

30 Salmonella effectors are common for both networks, while the rest is 

unique for each predicted interactome (see Table 4.3). In Table 4.3, the 

number of predicted interactions is given for each Salmonella effector 

based on sequence and/or domain based predictions or the intersection of 

the two. Despite most predictions being domain-based, the predictions for 

SipB and SpvC with human proteins are inferred from sequence identity 

only. Unlike in the Salmonella-human network, within the Salmonella-

Arabidopsis interactions there is no Salmonella effector having PPIs 

predicted based on sequence identity only.  

Analogous to SipB and SpvC being present only in the sequence-based 

predictions with one organism, there are many other such examples, when 

looking at the domain-based predictions. Unique to Arabidopsis are HilC, 

HilD and SirC. Unique to human are InvB, InvG, Orf48, SipA, SpaK, and 

SpiA.  
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Table 4.3. Number of predicted interactions specified for each Salmonella 
effector involved in the Salmonella-human and Salmonella-Arabidopsis 
interactome divided into sequence and domain based predictions. 
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Table 4.3. [continues] 
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4.2.3.5. Predicted effector hubs 

The effectors of Salmonella with the highest number of edges (hubs) are 

SspH1, SspH2, SlrP and SptP with more than 2,500 PPIs in the 

Salmonella-human interactome and more than 1,500 PPIs in the 

Salmonella-Arabidopsis interactome, respectively. Although not as 

extreme, there are also several effectors with more than 500 predicted 

PPIs. These effectors are InvG, Orf48, SipA, SseJ, SifB, SscB, SifA and 

SpvB for the Salmonella-human network and SscB for the Salmonella-

Arabidopsis network. In contrast to these hub proteins, several effectors 

are predicted to interact with very few proteins, namely InvB, HilC, HilD, 

SirC, PipB, PipB2, SipA, SipB, SpaK and SpvC, which are all predicted 

to interact with 6 or less host proteins.  

4.2.3.6. Predicted central role of SptP 

The Salmonella effector that seems to play a central role is SptP, 

especially when considering the domain-based predictions. On the one 

hand this effector is predicted to interact with 2,560 and 1,561 unique 

human and Arabidopsis proteins, respectively. Furthermore, SptP has 

common binding partners with 23 Salmonella effectors in the Salmonella-

human and 15 Salmonella effectors the Salmonella-Arabidopsis network 

thereby sharing ~25% of its interaction partners in both interactomes 

(Supplementary Table S1).  

4.2.3.7. Comparison of human and Arabidopsis proteins that 

are predicted to interact with the same Salmonella effector  

Next, we focused on the homologous proteins shared between Arabidopsis 

and human hosts and their interaction with the same Salmonella 

effector(s) by applying a sequence identity and coverage cut-off of 50 %. 

2,416 human proteins were similar to 1,507 Arabidopsis proteins. Table 

4.4 summarizes the Salmonella effectors that are involved in both 
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interactomes as well as the numbers of similar human and Arabidopsis 

proteins. Almost all Salmonella effector proteins share at least one 

homologue binding partner in human and Arabidopsis. The only effectors 

that are predicted to interact only with host binding partners that do not 

reveal any sequence similarity between human and Arabidopsis proteins 

are PipB, PipB2 and SifA. Figure 4.3 visualizes the intersection of the 

Salmonella-human and the Salmonella-Arabidopsis predicted 

interactomes. It involves 27 Salmonella effector proteins. Human and 

Arabidopsis proteins are clustered into the same node according to their 

sequence similarity. This illustration shows the many indirect connections 

between the Salmonella proteins. Furthermore, SptP, SspH1, SspH2 and 

SlrP are hub proteins each with more than 300 interacting host proteins. 

Finally, SscB is a central protein in the intersected network, predicted to 

be engaged in interactions with more than 300 host proteins. Examples of 

human and Arabidopsis proteins that share sequence similarity are given 

in Table S4.  

 

Figure 4.3. Intersection network of Salmonella effector proteins interacting with 
similar human and Arabidopsis proteins. 
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Table 4.4. Similarity between Human and Arabidopsis proteins based on 
sequence identity. 

Similar to the sequence-based comparison of the host proteins, we 

analyzed the human and Arabidopsis proteins that are predicted to interact 

with the same Salmonella effector by means of domains composition. For 

each human-Arabidopsis PPI comparison, the percentage of shared Pfam 

domains was calculated in relation to the total number of domains of the 

human protein or the Arabidopsis protein, respectively (Fig. 3). 4,919 

human proteins predicted to interact with Salmonella effectors share all 

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript

Schleker et al. Page 27

Table 4

Similarity between human and Arabidopsis proteins based on sequence identity.

Salmonella effector A B C D

BarA 41 20 340 321

HilA 2 1 102 69

InvC 16 16 15 17

Orf408 4 5 13 35

PipB 0 0 1 5

PipB2 0 0 1 5

SifA 0 0 631 27

SifB 190 104 890 49

SirA 9 9 177 248

SlrP 222 154 2,630 1,519

SopA 13 14 6 17

SopB 10 5 30 37

SopE 190 104 265 22

SopE2 190 104 265 22

SpaL 16 16 15 17

SpiR 38 19 329 319

SptP 312 200 2,248 1361

SpvB 241 136 396 32

SsaN 16 16 15 17

SscB 248 148 832 373

SseA 6 2 153 106

SseJ 73 51 1,427 446

SspA 12 11 121 156

SspH1 222 154 2,630 1,519

SspH2 222 154 2,630 1,519

SsrA 38 19 329 319

SsrB 4 3 161 230

TtrB 43 23 82 115

TtrR 4 3 161 246

TtrS 34 16 176 248
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their domains with Arabidopsis proteins that are predicted to interact with 

the same Salmonella proteins. There are 3,313 Arabidopsis proteins 

sharing all their domains with human proteins. Interestingly, 2,559 human 

proteins did not share any of their domains with Arabidopsis proteins, 

while only 120 Arabidopsis proteins did not share any of their domains 

with human proteins. This difference could be explained by the nature of 

the data: most of the predictions are obtained based on domain 

interactions reported between domains in high-resolution three 

dimensional structures. As the Protein Data Bank [17] contains more 

domain structures related to human and other mammalian proteins than 

for plant proteins, using this inference method a higher number of 

predictions is retrieved for human than for Arabidopsis. Furthermore, 

there are more human-specific domains than there are for Arabidopsis.  

Currently, more than 60 % of the Arabidopsis thaliana protein-coding 

genes are uncharacterized [4]. Thus, the comparison approach utilized 

here may contribute to elucidating possible functions of Arabidopsis 

proteins for which direct functional information is lacking.  

Figure 4.4. Similarity between human and Arabidopsis proteins based on domain 
composition. 
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4.2.3.8. Identification of proteins involved in pathogenicity 

using GUILD  

Network biology recently proved its use in identifying candidate genes 

associated with a disease based on the observation that proteins translated 

by phenotypically related genes tend to interact, the so called guilt-by-

association principle [18]. GUILD [submitted] is a network-based 

prioritization framework of methods that was used here to unveil genes 

associated with the infection of hosts by Salmonella. Using GUILD to 

obtain Salmonella and host proteins that may be important during 

Salmonella infection and host response is one possibility to filter the 

predicted subnetworks between Salmonella effectors and host proteins on 

the one hand and all possible interactions between Salmonella and its host 

on the other hand to identify interesting and so far undiscovered target 

candidates in pathogenicity. Four examples of host proteins with high 

GUILD-rankings that are predicted to interact with Salmonella effector 

proteins are described below. The top GUILD-ranked Salmonella and host 

proteins are listed in Table 4.5 and examples are discussed below in 

subsections (a)–(d).  

(a) BarA may interact with human Synaptotagmin-like protein 3—

One of the predicted interactions that is ranked highly by GUILD is 

between the Salmonella protein BarA and the human Synaptotagmin-like 

protein 3. Synaptotagmin-like proteins 1, 2 and 3 (SYTL1-3) have been 

identified as a specific and direct binding partners of the GTP-bound form 

of Rab27A in vitro and in vivo [19]. Rab27A has been reported to be 

essential for exocytosis of granules from polymorphonuclear leukocytes 

[19]. Rab27A-deficiency leads to diminished secrection of 

myeloperoxidase in mice and it was proposed that SYTL1 and Rab27A 

are necessary for release of this enzyme [20]. Myeloperoxidase produces 

e.g. HOCl, a bactericidal oxidant [21]. Thus, it might be that Salmonella 
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impairs vesicle trafficking and release of cytotoxic components by 

interacting with SYTL3.  

(b) Salmonella dampens immune response by blocking IL18R1—

The Secretin_N domain of Salmonella proteins InvG, Orf48 and SipA is 

predicted to interact with the immunoglobulin-like domain (V-set) of 

Interleukin-18 receptor 1 (IL18R1). IL18R1 belongs to the Interleukin-1 

Receptor/Toll-Like Receptor Superfamily. This receptor has been shown 

to be expressed on intestinal epithelial cells. Studies with 

Cryptosporidium parvum, a parasitic protozoan, revealed that expression 

of antimicrobial peptides due to signaling through this receptor upon 

response to IL18 may contribute to innate defense against this pathogen 

[22]. Secondly, IL18 is known to stimulate IFNgamma production in T 

cells and natural killer cells which contributes to innate and adaptive 

immune responses. Moreover stimulation of IL18R1 leads to NF-kB 

activation [23]. Thus, the predicted interaction of the Salmonella proteins 

InvG, Orf48 and SipA with IL18R1 may block signaling through this 

receptor, thereby preventing an immune response. This is in line with the 

observation that Salmonella effector proteins AvrA, SseI, SseL and SspH1 

are said to dampen the immune response by inhibiting activation of NF-

kB [24–26].  

(c) Salmonella invasion of the host cell—Salmonella proteins SopE, 

SopE2 and SptP are predicted to interact with Arabidopsis Rac-like GTP-

binding proteins. This is in line with the findings that the same Salmonella 

effectors interact with human GTPase Rac1. Interaction of the guanine 

nucleotide exchange factor (GEF) SopE with human Rac1 leads to 

activation of this small GTPase, resulting in the stimulation of actin 

polymerization [27]. This along with other processes contributes to actin 

modification and membrane ruffling promoting the internalization of the 

bacteria into the host cell. Once Salmonella has been taken up by the cell, 
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the process of actin remodeling is reversed by SptP. SptP inactivates Rac1 

and down-regulates signaling through this GTPase [28]. To our 

knowledge, it is not known if the activation or down-regulation of Rac-

like GTP-binding proteins is important for the response of Arabidopsis or 

other plants to pathogen infection.  

(d) Interaction of SpvB with Arabidopsis actin proteins—It is known 

that SpvB interacts with mouse G-actin [29]. This interaction leads to the 

inhibition of actin polymerization based on the ADP-ribosyltransferase 

activity of SpvB. This is thought to result in reduced vacuole-associated 

actin polymerizations around the Salmonella-containing vacuole as well 

as disruption of the host cells’ cytoskeleton and induction of apoptosis 

[29]. To our knowledge, a similar mechanism of bacteria infecting plants 

is not known. However, targeting of plant actin by effector proteins of 

other phytopathogenic bacteria as well as actins playing a role in defense 

against pathogens is well established. The Pseudomonas syringae effector 

AvrPphB is believed to target the plant actin cytoskeleton in order to 

inhibit cellular trafficking processes [30]. The Arabidopsis protein that 

appears to respond to the effector is the Actin-Depolymerizing Factor 

(ADF), AtADF4. AtADF4 binds to G-actin and thereby prevents actin 

polymerization but also binds F-actin promoting depolymerization, 

believed to be one line of host defense against Pseudomonas syringae 

[31].  
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Table 4.5. High GUILD-ranked Salmonella and host proteins. 

 

 

 

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript

Schleker et al. Page 30

Ta
bl

e 
6

H
ig

h 
G

U
IL

D
-r

an
ke

d 
Sa

lm
on

el
la

 a
nd

 h
os

t p
ro

te
in

s.

H
ig

h 
G

U
IL

D
-r

an
ke

d 
pr

ot
ei

ns
 in

 th
e 
Sa
lm
on
el
la

-h
um

an
 p

re
di

ct
ed

 in
te

ra
ct

om
e

H
ig

h 
G

U
IL

D
-r

an
ke

d 
pr

ot
ei

ns
 in

 th
e 
Sa
lm
on
el
la

-A
ra
bi
do
ps
is

 p
re

di
ct

ed
 in

te
ra

ct
om

e

H
um

an
 u

ni
pr

ot
 e

nt
ry

sc
or

e
Sa
lm
on
el
la

 g
en

e 
na

m
e

sc
or

e
A
ra
bi
do
ps
is

 u
ni

pr
ot

 e
nt

ry
sc

or
e

Sa
lm
on
el
la

 g
en

e 
na

m
e

sc
or

e

EH
M

T1
0.

13
9

ip
gD

0.
58

9
PP

2A
5

0.
09

6
pi

pC
0.

12
9

A
H

C
Y

L1
0.

13
9

si
gE

0.
39

0
PP

2A
3

0.
09

5
si

gE
0.

12
9

PE
C

I
0.

13
9

pi
pC

0.
39

0
PP

2A
4

0.
09

5
si

cP
0.

07
8

A
H

C
Y

L2
0.

13
9

yo
pH

0.
34

4
PP

2A
1

0.
09

5
yc

gB
0.

06
4

ER
P2

9
0.

13
9

st
pA

0.
34

4
PP

2A
2

0.
09

5
ch

eB
0.

05
8

SY
TL

3
0.

12
7

si
cP

0.
22

9
PP

X
2

0.
09

0
m

od
B

0.
04

4

C
A

R
D

17
0.

10
2

ip
aB

0.
17

4
PP

X
1

0.
09

0
co

rC
0.

03
4

C
A

SP
1

0.
07

0
yc

gB
0.

07
7

R
PS

27
A

A
0.

03
2

yb
eX

0.
03

4

EC
I2

0.
05

8
ch

eB
0.

07
2

U
B

Q
12

0.
03

2
sg

aB
0.

03
0

N
A

0.
05

6
m

od
B

0.
05

4
U

B
Q

13
0.

03
2

ul
aB

0.
03

0

C
A

R
D

16
0.

04
9

yb
eX

0.
04

2
A

t5
g2

06
20

0.
03

2
eu

tM
0.

02
6

C
O

P
0.

04
7

co
rC

0.
04

2
U

B
Q

8
0.

03
2

yq
iB

0.
02

5

IL
18

0.
04

3
sg

aB
0.

03
8

U
B

Q
9

0.
03

2
hh

a
0.

02
4

C
A

R
D

18
0.

03
7

ul
aB

0.
03

8
F1

5I
1.

4
0.

03
2

m
fd

0.
02

1

IL
1F

7
0.

03
6

eu
tM

0.
03

4
R

U
B

1
0.

03
2

di
aA

0.
01

8

IL
37

0.
03

6
yq

iB
0.

03
2

R
U

B
2

0.
03

2
yr

aO
0.

01
8

C
A

SP
5

0.
03

5
hh

a
0.

03
0

R
PS

27
A

B
0.

03
2

rlm
H

0.
01

7

ER
P2

9
0.

03
5

yf
jD

0.
02

9
R

PS
27

A
C

0.
03

2
yb

eA
0.

01
7

A
H

C
Y

L1
0.

03
0

co
rB

0.
02

9
U

B
Q

13
0.

03
0

fli
G

0.
01

6

Chem Biodivers. Author manuscript; available in PMC 2013 May 01.



4. Prediction of Protein-Protein Interactions Salmonella-host 

 98 

Table 4.5. [continues] 
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4.2.3.9. Putative roles of Salmonella effectors in suppressing 

host defense response based on predicted interactions  
A number of key observations are outlined in sections (a)–(d), below.  

(a) SptP may target the JAK/STAT signaling pathway—The model 

predicts the interaction of SptP with JAK1 (JAK1_HUMAN, 

Q4LDX3_HUMAN), JAK2 (JAK2_HUMAN, Q506Q0_HUMAN, 

Q8IXP2_HUMAN) and JAK3 (JAK3_HUMAN, Q8N1E8_HUMAN). 

These predictions are based on the contact between the Y_phosphatase 

domain of SptP and the Pkinase_Tyr domain of JAK proteins and 

additionally the SH2 domain of JAK2 (iPfam and 3DID). Moreover, the 

interaction of SptP with human STAT proteins (STAT1_HUMAN, 

STAT2_HUMAN, Q6LD48_HUMAN, STAT3_HUMAN, 

B5BTZ6_HUMAN, STAT4_HUMAN, E7EWJ5_HUMAN, 

Q53S87_HUMAN, STA5A_HUMAN, Q8WWS9_HUMAN, 

STA5B_HUMAN, STAT6_HUMAN) based on the interaction of the 

Y_phosphatase domain with the SH2 domain is predicted.  

JAK proteins associate with cytokine receptors and mediate signal 

transduction by phosphorylation and thereby activation of STAT proteins 

which are transcription factors that regulate the transcription of selected 

genes in the cell nucleus. Rodig et al. demonstrated that JAK1 is essential 

for mediating biological responses induced by certain cytokine receptors 

[32]. For example, JAK1 deficient mice do not respond to INFalpha, 

IFNgamma and IL-10 [33]. This would indicate the possibility that 

Salmonella may interfere with the ability of the host cell to respond to 

cytokine signaling. Indeed, this was found to be the case in macrophages 

[34].  

(b) SlrP, SspH1 and SspH2 are predicted to interact with Toll-like 

receptors (TLRs)—The Salmonella effectors SlrP, SspH1 and SspH2 are 



4. Prediction of Protein-Protein Interactions Salmonella-host 

 102 

predicted to interact with human TLR1 to 10 (TLR1_HUMAN, 

TLR2_HUMAN, ..., TLR10_HUMAN). The prediction is based on the 

interaction of the LRR_1 domains of both binding partners (iPfam). TLRs 

are involved in mediating immune responses to bacteria, NFKB 

activation, cytokine secretion and inflammatory responses. TLRs 

recognize a variety of microbial components, e.g TLR4 – 

lipopolysaccharides, TLR5 – flagellin, and thereby trigger antimicrobial 

responses of immune cells. Several TLR have been shown to be 

responsible for recognition of Salmonella. Salmonella enterica 

Choleraesuis is recognized by pig TLR5 and TLR1/2 [35]. TLR5-

mediated recognition of Salmonella plays a role in many host species. 

Recent findings demonstrated that single amino acid exchanges in 

Salmonella flagellin alter species-specific host response (human, mouse, 

chicken) [36] as well as the occurrence of SNPs in TLR5 and TLR2 of 

different pig populations [35]. Beside those receptors TLR4, TLR9 

(and/or TLR3) are involved in Salmonella enterica Typhimurium 

recognition [37]. On the other hand Salmonella requires TLRs for its 

virulence as bacteria cannot replicate in the absence of TLR2, 4 and 9. 

There is evidence that TLR-mediated acidification is necessary to induce 

SPI-2 encoded genes [37]. Flagellin also triggers defense signaling in 

plants, indicating that these effectors may play a similar role in plants. 

Domain- based comparison of TLR5_HUMAN with all Arabidopsis 

proteins that are predicted to interact with the same Salmonella proteins as 

TLR5 revealed that human TLR5 shares all its domains with 56 

Arabidopsis proteins. The shared domains are the TIR-domain (PF01582), 

the LRR_1-domain (PF00560) and the LRR_4-domain (PF12799) which 

overlaps with the LRR_1-domain. These Arabidopsis proteins mainly 

comprise putative or uncharacterized disease resistance proteins (Table 

4.6). Further implications of TLRs are discussed below.  



4. Prediction of Protein-Protein Interactions Salmonella-host 

 103 

Table 4.6. Arabidopsis proteins that share domains with human TLR5. 
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Table 5

Arabidopsis proteins that share domains with human TLR5.

Uniprot entry name Protein name Gene name

Q9SZ66_ARATH Putative disease resistance protein (TMV N-like) F16J13.80

Q9FKR7_ARATH Disease resistance protein-like

Q9FKB9_ARATH Disease resistance protein

Q9FGW1_ARATH Disease resistance protein-like

Q9SSP0_ARATH Similar to downy mildew resistance protein RPP5 F3N23.6

Q9ZVX6_ARATH Disease resistance protein (TIR-NBS-LRR class), putative

A7LKN2_ARATH TAO1

Q9LSV1_ARATH Disease resistance protein RPP1-WsB

O04264_ARATH Downy mildew resistance protein RPP5 RPP5

B7U887_ARATH Disease resistance protein RPP1-like protein R7

B7U885_ARATH Disease resistance protein RPP1-like protein R5

B7U884_ARATH Disease resistance protein RPP1-like protein R4

B7U888_ARATH Disease resistance protein RPP1-like protein R8

Q9M285_ARATH Disease resistence-like protein T22K7_80

Q9M1N7_ARATH Disease resistance protein homlog T18B22.70

O49470_ARATH Resistance protein RPP5-like F24J7.80

Q9SCZ3_ARATH Disease resistance-like protein F26O13.200

Q9FI14_ARATH Disease resistance protein-like TAO1

Q9ZSN4_ARATH Disease resistance protein RPP1-WsC

Q9ZSN5_ARATH Disease resistance protein RPP1-WsB

Q9ZSN6_ARATH Disease resistance protein RPP1-WsA

Q0WQ93_ARATH Putative uncharacterized protein At1g72840

Q9FMB7_ARATH Disease resistance protein-like

A7LKN1_ARATH TAO1

Q9FTA6_ARATH T7N9.23

Q0WVG8_ARATH Disease resistance like protein

Q9SUK3_ARATH Disease resistance RPP5 like protein dl4500c

Q9CAE0_ARATH Putative disease resistance protein; 17840-13447 F24D7.6

Q9CAD8_ARATH Putative disease resistance protein; 27010-23648 F24D7.8

Q9FKN9_ARATH Disease resistance protein

O49468_ARATH Resistence protein-like F24J7.60

Q9FHF0_ARATH Disease resistance protein-like

Q9FTA5_ARATH T7N9.24

Q8S8G3_ARATH Disease resistance protein (TIR-NBS-LRR class), putative

Q9SW60_ARATH Putative uncharacterized protein AT4g08450 C18G5.30

Q8GUQ4_ARATH TIR-NBS-LRR SSI4

Q9FGT2_ARATH Disease resistance protein-like

Chem Biodivers. Author manuscript; available in PMC 2013 May 01.
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Table 4.6. [continues] 

 

(c) SlrP, SspH1, SspH2 and SptP are predicted to interact with the 

Arabidopsis protein with EFR—The LRR_1 domain of SlrP, SspH1 and 

SspH2 may interact with the LRR_1 and/or the LRRNT_2 domain 

(iPfam) of EFR (EFR_ARATH, LRR receptor-like serine/threonine-

protein kinase EFR or Elongation factor Tu receptor) whereas the 

Y_phosphatase domain of SptP is predicted to interact with the 

Pkinase_Tyr domain of this Arabidopsis protein (iPfam and 3DID). EFR 

is a plant pathogen recognition receptor (PRR) that binds the PAMP 

(pathogen associated molecular pattern) elf18 peptide of elongation factor 

EF-Tu and thereby triggers the host defense [38]. The Pseudomonas 

syringae effector AvrPto is known to bind EFR which inhibits PAMP-
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Uniprot entry name Protein name Gene name

Q9FH20_ARATH Disease resistance protein-like

Q9CAK1_ARATH Putative disease resistance protein; 24665-28198 T12P18.10

Q9FNJ2_ARATH Disease resistance protein-like

Q9CAK0_ARATH Putative disease resistance protein; 28811-33581 T12P18.11

Q9FKE2_ARATH Disease resistance protein RPS4

Q9FFS5_ARATH Disease resistance protein-like

B7U882_ARATH Disease resistance protein RPP1-like protein R2

B7U883_ARATH Disease resistance protein RPP1-like protein R3

B7U881_ARATH Disease resistance protein RPP1-like protein R1

Q7FKS0_ARATH Putative disease resistance protein At1g63880/T12P18_10

O48573_ARATH Disease resistance protein-like T19K24.2

Q0WNV7_ARATH Resistence protein-like

Q9M1P1_ARATH Disease resistance protein homolog T18B22.30

O23536_ARATH Disease resistance RPP5 like protein dl4510c

C0KJS9_ARATH Disease resistance protein (TIR-NBS-LRR class)

Q9FN83_ARATH Disease resistance protein-like

Q56YL9_ARATH Disease resistance-like protein At3g44400

Q9FKE5_ARATH Disease resistance protein RPS4

Q9M8X8_ARATH Putative disease resistance protein T6K12.16

Chem Biodivers. Author manuscript; available in PMC 2013 May 01.
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triggered immunity and thereby promotes virulence [39]. It is possible that 

a similar mechanism is used by Salmonella.  

(d) Interaction of Salmonella effectors with Arabidopsis disease 

resistance proteins—Another PPI that may be based on the contact 

between two LRR_1 domains is the interaction of SlrP, SspH1 and SspH2 

with RPS2 (RPS2_ARATH, Disease resistance protein RPS2 or 

Resistance to Pseudomonas syringae protein 2). Based on the same 

domain interaction and additionally on the interaction between LRR_1 

(SlrP, SspH1, SspH2) and LRRNT_2 (RPP27) these Salmonella effectors 

are also predicted to interact with other Arabidopsis disease resistance 

proteins. These are RPP1 (D9IW02_ARATH, Recognition of Peronospora 

parasitica 1), RPP4 (Q8S4Q0_ARATH, Disease resistance protein RPP4), 

RPP5 (O04264_ARATH, Downy mildew resistance protein RPP5) and 

RPP27 (Q70CT4_ARATH, RPP27 protein). Plant disease resistance 

proteins specifically recognize pathogenic avirulence proteins (Avr) and 

share high structural and functional similarity with mammalian TLRs 

[40]. Arabidopsis RPS2 recognizes Pseudomonas syringae AvrRpt2 and 

thereby triggers a defense response. A homologue with 58 % identity in 

the functional domain, AvrRpt2EA, is present in Erwinia amylovora and 

has been shown to contribute to virulence [41]. RPP1, RPP4, RPP5 and 

RPP27 are known to contribute to disease resistance against the 

Peronospora parasitica, the causal agent of downy mildew, and recognize 

a variety of avirulence proteins (ATR Arabidopsis thaliana recognized 

proteins) resulting in host resistance (for details see [42]).  

 

4.2.3.10. Topological network analysis  

The network topology of the different predicted Salmonella-host networks 

was analyzed by in-depth analysis of its components and clusters. 
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Components refer to sub-networks in which any two nodes are connected 

to each other by paths. Clusters are groups of nodes in the network having 

a high connectivity between them. We measured different parameters 

relating the properties of these bipartite graphs (Table 7). Pathogen-host 

PPI networks are bipartite graphs because they are composed of two 

independent sets of proteins (namely from two different species) having 

edges (predicted interactions) between them. There are no predicted 

interactions between proteins within the same species, which makes these 

networks different from intraspecies interactomes. The following 

parameters are listed in Table 7: 1) number of connected; 2) number of 

and average clustering coefficient applied to bipartite graphs, split into 

Salmonella and host proteins; 3) network density coefficients, split also by 

pathogen and host proteins; 4) scale-free network properties, based on 

number of predictions for each protein (node degree).  

All predicted networks contained few components and clusters containing 

a large number of proteins and several components and cluster with few 

proteins. Predictions based only on domain composition produced more 

unconnected networks (i.e. having more components), while sequence-

based predictions produced a more connected network. The number of 

components containing known Salmonella effectors is low, indicating that 

effectors are found in a small number of groups. The same pattern was 

observed when clustering. Clustering coefficients and network densities 

were very similar when comparing the human and Arabidopsis networks, 

as well as when comparing sequence and domain based inference 

methods. In contrast, these parameters change when applied to the 

intersection network (Table 4.7), probably due to the smaller size of this 

network.  

PPI network topologies are generally characterized by a low number of 

highly connected hubs, and a large number of proteins with few 
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connections, referred to as a scale-free network topology [43]. A power-

law distribution of the number of PPIs is a characteristic of a scale-free 

network. This distribution was indeed observed here with statistical 

significance (P < 0.01), except the prediction based on the intersection of 

sequence-based and domain- based methods. In this case, a power-law 

distribution was fit with a value of P < 0.05. Probably this difference is 

due to the small size of the network.  

Table 4.7. Network topology. 

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript

Schleker et al. Page 34

Ta
bl

e 
7

N
et

w
or

k 
to

po
lo

gy
.

N
et

w
or

k
Is

 sc
al

e-
fr

ee
?

P<
0.

01

N
um

be
r 

of
cl

us
te

rs
(I

 =
 1

.7
)

N
um

be
r 

of
cl

us
te

rs
w

ith
 k

no
w

n
ef

fe
ct

or
s

N
um

be
r 

of
co

m
po

ne
nt

s
N

um
be

r 
of

co
m

po
ne

nt
s

w
ith

 k
no

w
n

ef
fe

ct
or

s

A
ve

ra
ge

cl
us

te
ri

ng
A

ve
ra

ge
ho

st
cl

us
te

ri
ng

A
ve

ra
ge

Sa
lm
on
el
la

cl
us

te
ri

ng

H
os

t
de

ns
ity

Sa
lm
on
el
la

de
ns

ity

H
um

an
_u

ni
on

Y
es

37
2

13
35

2
0.

29
0.

21
0.

3
0.

00
6

0.
00

6

H
um

an
_i

nt
er

se
ct

io
n

Y
es

28
4

26
4

0.
94

0.
95

0.
66

0.
03

3
0.

03
3

H
um

an
_s

eq
ue

nc
e-

ba
se

d
Y

es
29

2
6

49
3

0.
38

0.
38

0.
33

0.
00

3
0.

00
3

H
um

an
_d

om
ai

n-
ba

se
d

Y
es

31
1

12
14

8
1

0.
4

0.
4

0.
38

0.
00

7
0.

00
7

A
ra

bi
do

ps
is_

un
io

n
Y

es
31

9
9

61
1

0.
38

0.
4

0.
25

0.
00

6
0.

00
6

A
ra

bi
do

ps
is_

in
te

rs
ec

tio
n

N
o 

(P
 =

 0
.0

11
6)

22
2

17
2

0.
76

0.
84

0.
56

0.
03

7
0.

03
7

A
ra

bi
do

ps
is_

se
qu

en
ce

-b
as

ed
Y

es
13

2
3

1
0.

39
0.

41
0.

38
0.

00
8

0.
00

8

A
ra

bi
do

ps
is_

do
m

ai
n-

ba
se

d
Y

es
34

2
9

17
3

2
0.

45
0.

47
0.

38
0.

00
7

0.
00

7

Chem Biodivers. Author manuscript; available in PMC 2013 May 01.



4. Prediction of Protein-Protein Interactions Salmonella-host 

108 

4.2.3.11. Functional enrichment analysis 

Interacting proteins are likely to share biological processes or share 

similar locations compared to non-interacting proteins [44]. The results 

are shown in Table S5. Three clusters of the Salmonella-human sequence-

based predicted network are significantly enriched with GO-terms. Two 

human proteins of cluster40, SAHH2 and SAHH3, are annotated with the 

GO-terms “adenosylhomocysteinase activity” and “trialkylsulfonium 

hydrolase activity”. The GO-term “interleukin-8 binding” is significant 

for cluster2 and associated with the human proteins CXCR1 and CXCR2. 

Proteins in cluster0 are annotated with 36 unique GO- terms which allow 

the proteins to function e.g. in antigen processing and presentation, the 

MHC complex, translation and protein disassembly (Table S5).  

Eight of the 13 Salmonella effector-containing clusters in the Salmonella-

human network are significantly enriched with 329 unique GO-terms. 

When building logical and functional related groups of the most 

prominent GO-terms enriched within one cluster, the results can  

be summarized as follows: Cluster0 harbors proteins that play a role in the 

MHC protein complex, small GTPase mediated signaling and protein 

kinase activity. Proteins in cluster1 dominantly play a role in processes 

and molecules related to gene expression and cellular component 

disassembly. The five human protein of cluster186 for which GO-terms 

are enriched are UBC, UBB, UB2L3, RL40 and RS27. These proteins 

function in cell cycle regulation, ubiquitination, antigen processing and 

presentation, TLR signaling as well as kinase and ligase activity. Many 

proteins of cluster3 are associated with proteolysis, peptidase and serine 

hydrolase activity. Cluster38 comprises protein related to transferase 

activity and several metabolic processes. In cluster5 e.g. the GO-term 

“actin binding” as well as those pointing at phosphatase activity are 

enriched. Proteins in cluster7 predominantly are associated with cell 
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adhesion. 665 proteins of cluster8 are integral membrane proteins of 

which many are annotated to have receptor activity (Table S6).  

Finally, we calculated the functional enrichment in the GUILD dataset. To 

this end, the union networks of sequence- and domain-based predictions, 

was subjected to GUILD analysis (see above). Those host proteins with 

the top 100 GUILD-netscores were selected. In the case of the human 

proteins, the highly ranked GUILD proteins function in cell death and 

apoptosis as well as immune response, cytokine production and secretion, 

protein secretion, transport and localization, peptidase activity and kinase 

cascades (Table S7). Annotations for the top 100 GUILD-scored 

Arabidopsis proteins are quite different from those for the human ones. 

When analyzing the over-representation of GO-terms related to biological 

processes only, only 19 of the top-scored proteins reveal a GO-term 

annotation. These are “protein tetramerization”, “ATP hydrolysis coupled 

proton transport”, “energy coupled proton transport, against 

electrochemical gradient” and “small GTPase mediated signal 

transduction” (Table S8a). Because of this low number of process terms 

presumably due to the lesser annotation of Arabiopsis proteins as 

compared to human proteins, we subsequently included all GO-terms in 

the analysis. This resulted in enrichment of Arabidopsis proteins with GO 

function annotations, such as “GTP binding”, “phosphatase activity” and 

ATPase activity (Table S8b).  

4.2.4. Conclusions  

The present work demonstrates that retrieval of putative interactions based 

on sequence and domain similarity to known interactions are valuable in 

predicting host-pathogen interactions. First, the model presented 

successfully predicted a set of gold standard Salmonella-host PPIs. 

Furthermore, so far undiscovered interactions between Salmonella 

effector proteins and host targets were predicted and used successfully to 



4. Prediction of Protein-Protein Interactions Salmonella-host 

110 

formulate biological hypotheses. These include helping identify conserved 

or distinguishing mechanisms used by Salmonella when infecting and 

proliferating in humans and plants. We specifically suggested a number of 

putative mechanisms by which Salmonella proteins may suppress the 

immune response elicited by the host, for both, plant and human hosts. 

Finally, this approach may also be useful to predict the function of so far 

uncharacterized proteins.  

Interolog information has been used previously to predict PPIs, both for 

intraspecies and interspecies predictions [16][45]. With particular 

relevance to this work, Krishnadev et al. [13] obtained a list of predicted 

interactions between human host and Salmonella using a conceptually 

similar approach. However, there are a number of differences that should 

be highlighted. Numerous publications show that there is low overlap in 

public PPI repositories [46]. As a consequence, by using a single database 

of PPIs chosen by Krishnadev et al. as opposed to a database in which 

several resources are integrated as is done in the BIANA framework [47] 

employed here, one would expect to obtain a larger number of predicted 

pairs. More specifically, in the work of Krishnadev et al. DIP was used as 

the source for protein pairs and iPfam was used to identify homologues. In 

contrast, we have integrated  

interactions from 10 different resources instead of just DIP, and 

furthermore included domain relationships from 3DiD, where interactions 

can be structurally modeled. Finally, Krishnadev et al. used only 

Salmonella enterica Typhimurium, while we applied it to different 

Salmonella species and two different hosts (human and Arabidopsis). This 

enables the user with the flexibility of searching for interactions for a 

specific Salmonella species. Since the approach is general, this work can 

easily be extended to comparison of other hosts.  
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While a number of interesting biological hypotheses were derived from 

the predictions, these have to be seen with caution as they are only based 

on sequence and domain similarity. Although similar proteins often can 

interact with the same or similar proteins, there a many examples where it 

has been shown that very similar proteins do not interact with the same 

target protein. In the specific case of Salmonella-host interactions, for 

example, SspH1 is known to bind to PKN1 but as shown by 

immunoprecipitation, SspH2 and SlrP do not interact with this protein 

[26]. Vice versa SspH2 binds Filamin A and Profilin-1 whereas these 

interactions could not be shown for SspH1 and SlrP in a yeast-2-hybrid 

experiment [48]. One more example is the interaction between PipB2 and 

KLC which could not be detected for PipB using co-immunoprecipitation 

[49].  

The quality of the putative interactomes could further be improved by 

combining this method with other computational approaches and by 

including other biological data sources, e.g. transcriptomic other -omics or 

localization data, in the predictions. This would reduce the number of 

false positive predictions. In any case, predicted interactions require 

experimental validation.  

To enable other users to benefit from the models developed and stimulate 

experimentalists to inspect and validate the predicted interactions, a web 

interface is available at http:// sbi.imim.es/web/SHIPREC.php.  

4.2.5. Experimental Part 

4.2.5.1. Prediction of interactions based on homology 

detection and domain assignment  
Salmonella-Host (Salmonella-human and Salmonella-Arabidopsis) 

interacting proteins have been predicted using the interologs approach 

[16]. The hypothesis of this approach is that two proteins (A and B) 
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interact if it exists a known interaction between two proteins (A′ and B′) 

such that A is similar to A′ and B similar to B′. Proteins A and B are 

named target proteins and A′ and B′ template proteins. The basis of the 

hypothesis is to assume the similar behavior of homolog proteins. 

However, other approaches have only required the similarity of the 

residues of interface of the interaction [50], which means that non- 

homologous proteins can also reproduce the same interaction. Therefore, 

we have used two different criteria to measure this similarity. The first 

approach uses sequence similarity between proteins based on the sequence 

alignment. We align the sequences of two proteins to measure their 

similarity as a function of the percentage of identical residues and the 

percentage of their sequence being aligned (i.e. using 60 % identity and 70 

% of the total length of the target protein and 90 % of the template). In the 

second approach we measure the similarity of the target sequences (A and 

B) with PFAM domains as a function of the e- value calculated with the 

package HMMER [51]. This results in the assignation of one or several 

PFAM domains to the target sequences. Then, we use the database of 

iPfam and 3DiD to check for domain-domain interactions. We 

hypothesize that A interacts with B if a domain A′ can be assigned to A 

and a domain B′ to B such that A′ and B′ are interacting domains in iPfam 

or 3DiD. Furthermore, it has been shown that the specificity of some 

interactions depends on a set of interacting domains [52]. Therefore, the 

most restrictive set of predictions will be those for which both criteria of 

similarity are required, using stringent values of sequence identity, 

coverage and domain assignation (Figure 4.5).  
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Figure 4.5. Schematic representation of the prediction model and database 
availability via web interface. 

 

The last step to generate the network of interactions between proteins of 

Salmonella and human and between Salmonella and Arabidopsis is a 

clustering of similar pairs. Pairs of interactions can be grouped by gene 

symbol or by sequence similarity. Grouping by gene symbol is obtained 

by joining all PPIs containing Salmonella proteins that correspond to the 

same gene symbol (see the correspondence between gene symbols and 

Uniprot entry name in Table S2). Grouping by sequence similarity is 

obtained by joining all pairs of PPIs for which the similarity of their 

sequences is calculated with an alignment and this shows more than 95 % 

identical residues and for more than 90 % of the sequence length.  

4.2.5.2. Database sources  
Protein sequences of Salmonella, Human and Arabidopsis were extracted from 

the Uniprot Knowledgebase [53]. In order to avoid missing proteins annotated 

only in one or few subspecies of Salmonella, we considered all proteins 

Fig. 4.
Schematic representation of the prediction model and database availability via web
interface.
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belonging to a taxon inside the Salmonella genus (taxonomy ID 590) to generate 

a virtual Salmonella proteome. For Human and Arabidopsis proteomes we took 

all proteins of the taxon 9,606 and 3,702, respectively.  

PPIs used as templates for the prediction were extracted using BIANA framework 

[47] that integrates 10 different databases: DIP [54], HPRD [55], IntAct [56], 

MINT [57], MPact [58], PHI_base [59], PIG [60], BioGRID [61], BIND [62] and 

VirusMINT [63]. Using the integration of multiple sources instead of a single 

source allows a more comprehensive view of interactions and enlarges the set of 

predictions (as it is known different databases contain a high number of non-

overlapping PPIs [46] [http://www.omicsonline.com/Archive/ 

HTMLJuly2008/JPB1.166.html].  

Domain-domain interactions used as templates were extracted from the union of 

the 3DID [64] and iPfam [65] databases. Both databases define interactions 

between Pfam domains for which high-resolution three-dimensional structures are 

known. Also, the use of more than a single source allowed a more comprehensive 

view of known domain-domain interactions.  

4.2.5.3. Gold standard 
A dataset of known Salmonella-host protein-protein interactions (PPIs) was 

obtained by intensive literature and database search screening more than 2,200 

journal articles and over 100 databases [15]. This yielded a set of 59 direct and 

three indirect Salmonella-host PPIs involving 22 Salmonella effectors and 50 host 

proteins. Of those 62 PPIs 38 have been reviewed before (Haraga et al. 2008 [66], 

McGhie et al. 2009 [67], Heffron et al. 2011 [25]) but only 16 can be found in 

databases including only 6 that are listed in the databases DIP, IntAct, PIG and/or 

BIND whereas the others are found in the descriptions of the uniprot database 

(www.uniprot.org). This dataset only contains interactions that have been verified 

by us based of the reliability of the experiments described in the journal article(s). 

Thus, this dataset of Salmonella-host PPIs represents the most complete 

Salmonella-host interactome available to date [15].  
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4.2.5.4. Parameters used for homology detection and domain 

assignment 
PPI inference between Salmonella and host proteins has been done by sequence 

similarity with known interacting pairs as follows: Alignments were done using 

PSI-BLAST with an e-value cutoff threshold of 10−3. 90 % of the template 

sequence and 20 % of the target were aligned, and the alignment had a minimum 

of 20 % of identical residues. For assigning Pfam domains we used an E-value 

cutoff of 10−5 obtained with HMMER 3.0 [51] and the Pfam A database [68].  

4.2.5.5. Selected sub-networks 
The full predicted network of interactions of proteins from Salmonella interacting 

with proteins of the host (human or Arabidopsis) is very large. To ease 

interpretation of the predictions, we have designed several filters to select specific 

sub-networks of interest, and these subnetworks are referred to specifically in the 

text: a) subnetwork containing interactions with known effectors of Salmonella 

invasion; b) subnetwork containing interactions with transmembrane proteins 

(likely involved in the pathogen invasion of the host cell); c) subnetwork of 

interacting pairs sharing similar functions; and d) subnetwork containing 

interactions with known and predicted effectors and relevant proteins for 

Salmonella invasion.  

4.2.5.6. Subnetwork of known Salmonella effectors 
The most interesting predicted interactions are those in which known Salmonella 

effectors are involved, as these proteins are known to enhance pathogen virulence 

and to alter functions in the host. A list of 59 known Salmonella effectors has 

been used to filter the prediction set.  

4.2.5.7. Subnetwork of transmembrane proteins 
The recognition between pathogens and hosts is mostly due to surface structures 

[69]. Consequently, in order to select interactions that could be involved in the 

Salmonella-human and Salmonella-Arabidopsis recognition, we applied the 

TMHMM software [70] to predict transmembrane proteins and to select the 

subnetwork containing these proteins.  
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4.2.5.8. Subnetwork with functional annotation 
Predicted Salmonella-host interactions were filtered if the involved proteins 

shared similar GO terms. A GO term is considered similar if they are equal or if 

there is a parenthood relation in the GO ontology hierarchy.  

4.2.5.9. Subnetwork with relevant proteins of Salmonella 

invasion 
The GUILD method [submitted] was used to identify genes associated with the 

infection of hosts by Salmonella. The GUILD framework has been applied to the 

predicted networks of Human and Salmonella obtained with the union of 

sequence and domain based prediction methods, in which gold standard 

Salmonella-host interactions found by literature search and known interactomes 

of host and Salmonella were added (both reported in source databases described 

above). The method requires a set of proteins (or genes) known to be associated 

with a phenotype. We have used the list of known effectors of Salmonella to infer 

new putative effectors or proteins of the host that are relevant for the invasion 

based on ranked GUILD scored.  

4.2.5.10. Network topology analysis 
To calculate topological parameters of the network, we have used the 

networkx.bipartite module of Python [71]. To study possible topological modules 

in the network, we have divided the network in connected components and 

clusters. Components consist on subnetworks in which every node is connected to 

the other nodes of the subnetwork by a path (i.e. there does not exist a path 

between two nodes from different components). Topological clusters consist of 

groups of nodes of the network being highly connected between them. We have 

clustered the networks by using the MCL algorithm, using a granularity 

coefficient of 1.7 [72]. Scale-freeness of the networks has been calculated as 

described by Khanin et al. [43].  
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4.2.5.11. Functional enrichment analysis 
Functional relations in the network modules were analyzed by using the 

functional enrichment algorithm, FuncAssociate 2.0 [73], applied to the clusters 

containing known Salmonella effectors and the top scoring GUILD proteins.  

4.2.5.12. Browser of the dataset of predicted cross-talk 

between Salmonella and hosts (human, Arabidopsis) 
The predictions are available at http://sbi.imim.es/web/SHIPREC.php. Users can 

browse them with the ability to filter the data:  

Salmonella and host proteins. It is possible to filter transmembrane predicted 

proteins or specific groups of proteins (identified or excluded by gene symbol or 

uniprot accession identifiers, having a specific annotated functionality, domain or 

keyword). For Salmonella proteins, it is also possible to show only known 

effectors or virulence factors, and to select which Salmonella subspecies to use. 

For host proteins, the user has to select which host to use (human or Arabidopsis). 

Also, Salmonella and host proteins can be selected according to top ranked 

GUILD scores. PPIs can be grouped in sets of proteins of each partner of the 

interaction with similar sequence (using 95 % sequence identity and 90 % 

sequence length) or by gene symbol.  

Prediction conditions. It is possible to select the prediction method (based on 

sequence similarity or based on known interacting domains) and the conditions 

used to obtain them. The user can combine results from both methods by union or 

intersection.  

Predicted interactions. Predicted interaction pairs can be filtered according to 

GO annotation terms of involved proteins (biological process, cellular component 

or molecular function).  

Output. The result of the applied filter and selection criteria entered by the user, 

is a table with the details of each prediction, and the details of the PPI template 

used for inference.  
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4.2.5.13. Interactome prediction and analysis 
The Salmonella-host interactomes described and analyzed here in detail have 

been obtained by applying the following parameters using the web interface: 

union of sequence identity (e- value 10−3, sequence identity 60 %, sequence 

coverage 70 %) and domain (iPfam and/or 3DID) identity for all Salmonella 

species; restrict to only Salmonella effectors and virulence factors; group 

Salmonella proteins by gene symbol. The received PPI dataset has been edited by 

deleting gene symbol duplicates. This was necessary as some Salmonella 

effectors had two or more gene symbols which were ordered in different ways 

depending on the Salmonella serovar. E.g. the three gene symbols of SpvC 

(SpvC, MkaD, MkfA) were ordered in five different ways which resulted in 

duplications of PPIs. All these different entries were substituted by SpvC. The 

final step was the analysis and visualization of the obtained datasets with 

Cytoscape 2.8. [74].  

4.2.6. Supplementary Material 
Refer to Web version on PubMed Central for supplementary material. 
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4.3.1. Abstract 

Protein-protein interactions (PPIs) play a crucial role in biology and high-

throughput experiments have greatly increased the coverage of known 

interactions. Still, identification of complete inter- and intraspecies 

interactomes is far from being complete. Experimental data can be 

complemented by the prediction of PPIs within an organism or between 

two organisms based on the known interactions of the orthologous genes 

of other organisms (interologs). Here, we present the BIANA Interolog 

Prediction Server (BIPS), which offers a web-based interface to facilitate 

PPI predictions based on interolog information. BIPS benefits from the 

capabilities of the framework BIANA to integrate the several PPI–related 

databases. Additional meta-data can be used to improve the reliability of 

the predicted interactions. Sensitivity and specificity of the server have 

been calculated using known PPIs from different interactomes using a 

leave-one-out approach. The specificity is between 72% and 98%, while 

sensitivity varies between 1% and 59%, depending on the sequence 

identity cut-off used to calculate similarities between sequences. BIPS is 

freely accessible at http://sbi.imim.es/BIPS.php. 
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4.3.2. Introduction 

The number of protein-protein interactions (PPIs) experimentally obtained 

for proteomes of entire species is smaller than the number of expected 

PPIs (1). Even the number of interactions between proteins in yeast, one 

of the most studied organisms, is still believed to be underestimated (2). In 

order to complement experimental data, several computational methods 

have been developed to predict PPIs (3,4). One example is the use of 

experimentally identified interactions in one organism to predict the 

interactions in other organisms assuming that homolog proteins preserve 

their ability to interact (5,6). The basis of this hypothesis is to assume that 

homologs have similar functional behaviour, therefore they preserve the 

same PPIs. The prediction of the interaction between the homologs of two 

interacting proteins is defined as interolog (conservation of PPIs). Several 

works have used interologs to extend our knowledge about interactomes 

(7,8) or to predict pathogen/host cross-species PPIs (9,10). Up to now, 

most predictions based on interologs are restricted to few species or a 

limited set of template interactions. For example, Yu et al. (5) transferred 

the known interactions of yeast to four different species. Similarly, Wiles 

et al. (11) developed InterologFinder, a tool to map the interactions 

integrated in MiMi (12) to five species. Interestingly, PPISearch (13) 

implements the interolog approach providing different scoring functions, 

but is restricted to the analysis of a single protein pair at any submission 

instance. Recently, Gallone et al. (14) developed a Perl module to 

automate predictions based on interologs, using optional meta-data to rank 

the interactions. However, this still requires programming skills. The 

current limitations stem from the fact that information of known PPIs is 

spread among several repositories and sets of PPIs from different 

databases show a low intersection (15,16). This challenge has led to the 

development of data integration strategies, such as BIANA (17). BIANA 
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is a program framework used in the integration of biological databases 

mostly focused on PPI databases. 

Here we present the BIANA Interolog Prediction Server (BIPS). BIPS 

offers a web interface to facilitate the prediction of PPIs based on 

interologs for a set of proteins provided by the user as input, including 

entire proteomes. The server benefits from the integration capabilities of 

BIANA to use a large dataset of experimentally identified PPIs. BIANA 

also offers additional information such as GO terms, clusters of 

orthologous genes, and many other attributes such as predicted number of 

transmembrane helices, which gives the user the freedom to restrict the 

predictions according to selected features. 

4.3.3. Material and methods 

The interolog hypothesis implies that two proteins (A and B) are predicted 

to interact if a known interaction between two proteins (A’ and B’) exists, 

such that A is similar to A’ and B similar to B’. The interaction between 

the proteins A and B is called target interaction (with A and B being 

defined as protein targets), while the interaction between proteins A’ and 

B’ is called template interaction (with A’ and B’ being defined as 

templates). In the BIPS server, protein A is the query protein submitted by 

the user and protein B is the predicted partner. This broad definition of 

interologs implies that the hypothesis works not only for orthologs but 

also for paralogs of the same species. 

Sequence similarity measure. Sequence similarity between proteins relies 

on BLAST alignments (18). Query protein sequences are aligned against 

all sequences with known interactions stored in the BIANA MySQL 

database (17). The alignments provide a similarity measure based on the 

percentage of identical residues aligned and the percentage of the 

sequence length of the queries and templates covered by the alignment 
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(query and template coverage, respectively). We use a threshold of 90% 

of template coverage to ensure that the prediction is not inferred from 

local regions of the template interaction. The geometric mean of 

individual identities (joint identities) and the geometric mean of individual 

BLAST E-values (joint E-value) are also considered, as proposed by Yu et 

al.(5). The BIPS server uses a local database of stored similarity measures 

to avoid unnecessary repeat BLAST searches. This speeds up the server, 

allowing users to obtain predictions of interactions of full proteomes in 

manageable time. In this manner, only entirely new sequences consume 

extra time in the first run. 

Domain interactions. We hypothesize that protein A interacts with protein 

B if a domain A’ can be assigned to A and a domain B’ to B, such that A’ 

and B’ are interacting domains in the iPfam (19) or the 3DiD (20) 

database. We measure the similarity of the target sequences (A and B) 

with Pfam domains as a function of the E-value calculated with the 

package HMMER 3.0 (21). We assign Pfam domains using an E-value 

cut-off of 10-5 in the Pfam A database. 

Source databases. Template interactions were extracted using the BIANA 

framework (17) integrating the following 10 databases: DIP (22), HPRD 

(23), IntAct (24), MINT (25), MPact (26), PHI_base (27), PIG (28), 

BioGRID (29), BIND (30) and VirusMINT (31). It has been noted that 

PPI databases share very little overlap (16). Therefore, using the 

integration of multiple sources instead of a single source greatly enlarges 

the set of predictions. Furthermore, we have used BIANA to include 

information from other databases such as Uniprot (32) and GO (33). This 

additional information can be used to interpret the prediction results and 

select predicted interactions deemed interesting e.g. for experimental 

validation. Finally, sources of domain-domain interactions are also 

included, using iPfam (19) and 3DID (20). 
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Functional annotation. Interacting proteins likely share biological 

processes or share similar locations compared to non-interacting proteins 

(4). Thus, we can use the number of similar functional annotations 

between each pair of proteins predicted to interact to rank the predictions. 

BIPS uses GO annotations to select the most probable prediction for a 

query protein by selecting those partners that share similar GO terms. The 

similarity between GO terms implies that either they are equal or there is a 

parenthood relationship between them. In addition, GO term semantic 

similarity and the functional similarity of genes are computed using the 

method proposed by Wang et al. (34) 

Clusters of orthologous genes. Two proteins are considered orthologous if 

they are included in the same cluster of orthologous genes. Ortholog 

definitions between proteins are extracted from eggNOG (35) and 

Ensembl Compara (36) databases. Our predictions can be filtered 

assuming the traditional definition of interologs: two target proteins are 

supposed to interact if they are orthologous to two known interaction 

partners. 

4.3.4. Description of the WebServer 

Input. Proteins for which the user wants to predict putative binding 

partners can be uploaded as a list of sequences in FASTA format or a list 

of protein identifiers (i.e. UniProt Accession, Uniprot Entry, Gene 

Symbol, etc.). 

Output. The output is a list of predictions that can be viewed or 

downloaded. The user can browse the data associated with the predicted 

partners. Some details of the template interaction, such as the source 

database of the interaction and the method of detection are provided. The 

user can select several parameters helping estimate the reliability of the 

predictions: 1) sequence similarity measures; 2) checking domain-domain 
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interactions (either using domains from 3DiD or iPfam); 3) checking 

common GO terms between the predicted partners of an interaction; and 

4) using clusters of orthologous genes for the prediction.

Additionally, template interactions can be restricted to a subset of proteins 

in order to improve the reliability of the predictions. For example, the user 

can select interactions based on the experimental methods by which the 

template interactions were observed, or the number of experiments 

confirming the template interaction, or the number of species in which the 

interaction between homolog pairs of the template was observed. 

Finally, the user can restrict the list of predictions, reducing the number of 

predictions to a manageable size. The user can select specific partners:1) 

those with specific keywords in their descriptive attributes; 2) those 

associated with a certain pathology; 3) those belonging to a specific taxon, 

including the case in which query proteins are from a particular pathogen 

and the predicted partners are from selected hosts; 4) those belonging to a 

subset of proteins uploaded by the user; and 5) those with transmembrane 

predicted regions (calculated with TMHMM (37)).  

4.3.4.1. Benchmarck 

We have checked the validity of our predictions by two approaches. In the 

first approach, specific known interactomes reported in BIANA were 

predicted using the leave-one-out strategy. For each interaction being 

tested, all interactions reported in BIANA were used as templates 

including the interactions of the same organism, but excluding the 

interaction being tested. Several organisms covering different taxonomy 

groups were considered (see Table 4.8). Sensitivity was calculated by 

testing the percentage of known interactions correctly predicted over the 

total of known interactions. Between 1% and 59% of known interactions 

were predicted by using a sequence identity cut-off ranging from 30% to 
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90%. In a complementary approach, we used the negatome database (38) 

as a source for non-interactions to calculate specificity. Specificity was 

calculated as the percentage of correctly predicted negative interactions 

(true negatives) out of 1291 non-interacting pairs. The specificity ranged 

between 72% and 98%. However, the study of specificity is not enough to 

quantify false positive predictions in the PPI context, because the number 

of non-interacting protein pairs is larger than the number of interacting 

pairs. Indeed, a high specificity does not necessarily mean that a large 

proportion of the predicted interactions is correct (i.e. positive predictive 

value, PPV). We selected the Arabidopsis interactome (39) to estimate an 

example of the Positive Predictive Value (PPV) of our predictions (see 

Table 4.8). This is one of the newest datasets of PPIs available and we 

have to note that its authors estimated that their experiment had already a 

precision of 80% and a sensitivity of 16%. A more detailed comparison 

with a previous interolog approach is shown in Table 4.9. 

Table 4.8 Sensitivity (a), specificity (b) and PPV (c) of the prediction of different 
datasets by varying the filtering conditions. The percentage indicates sensitivity 
(a), specificity (b) or PPV (c). (d) Main screen dataset from the Arabidopsis 
interactome map for 8,596 Arabidopsis proteins, with a precision of 80% and a 
sensitivity of 16% (162). All. All predictions without applying any restriction. 
Dom. Predictions filtered by known interacting domains reported in 3DID or 
iPfam. GO. Predictions filtered by GO term similarity (biological process or 
cellular compartment). COG. Predictions filtered by known interacting proteins in 
the same clusters of orthologous groups. Clusters of orthologous genes were as 
defined in the eggNOG database excluding non-supervised clusters. 

based on the experimental methods by which the template
interactions were observed, the number of experiments
confirming the template interaction or the number of
species in which the interaction between homolog pairs
of the template was observed.

Finally, the user can restrict the list of predictions,
reducing the number of predictions to a manageable
size. The user can select specific partners: (i) those with
specific keywords in their descriptive attributes, (ii) those
associated with a certain pathology, (iii) those belonging
to a specific taxon, including the case in which query
proteins are from a particular pathogen, and the predicted
partners are from selected hosts, (iv) those belonging to
a subset of proteins uploaded by the user and (v) those
with transmembrane predicted regions [calculated with
TMHMM (37)].

BENCHMARK

We have checked the validity of our predictions by two
approaches. In the first approach, specific known
interactomes reported in BIANA were predicted using
the leave-one-out strategy. For each interaction being
tested, all interactions reported in BIANA were used as
templates including the interactions of the same organism,
but excluding the interaction being tested. Several organ-
isms covering different taxonomy groups were considered
(see Table 1). Sensitivity was calculated by testing the
percentage of known interactions correctly predicted
over the total of known interactions. Between 1 and
59% of known interactions were predicted by using a
sequence identity cut-off ranging from 30 to 90%. In
a complementary approach, we used the negatome
database (38) as a source for non-interactions to calculate
specificity. Specificity was calculated as the percentage of
correctly predicted negative interactions (true negatives)
out of 1291 non-interacting pairs. The specificity ranged
between 72 and 98%. However, the study of specificity is
not enough to quantify false positive predictions in the
PPI context because the number of non-interacting
protein pairs is larger than the number of interacting
pairs. Indeed, a high specificity does not necessarily

mean that a large proportion of the predicted interactions
is correct [i.e. positive predictive value (PPV)]. We selected
the Arabidopsis interactome (39) to estimate an example of
the PPV of our predictions (see Table 1). This is one of the
newest data sets of PPIs available, and we have to note
that its authors estimated that their experiment had
already a precision of 80% and a sensitivity of 16%. A
more detailed comparison with a previous interolog
approach is shown in Supplementary Table S1.

DISCUSSION

We have presented a PPI prediction server, BIPS, which is
based on the similarity between protein sequences and
PPIs reported in several biological databases integrated
using the BIANA framework. BIPS benefits from the
large amount of information deposited in these databases.
By increasing the number of template interactions,
coverage of the predictions is greatly improved.
Traditionally, the interolog approach has been defined
as the transference of interactions between orthologs
from different species. However, the distinction between
orthologs (gene pairs that trace back to speciation) and
paralogs (gene pairs resulting from duplication events) is
not always clear, as it depends on the last common
ancestor applied. BIPS makes no distinction between
orthologs and paralogs. In contrast, BIPS relies directly
on pair-to-pair similarities to perform its inferences.
Comparison of predictions based only on groups of
orthologous genes show comparable results when
applying a pair-to-pair sequence similarity cut-off
between 30 and 70% identity (see Table 1). The main
advantages of BIPS over other servers are the capability
to predict interactions on a large scale such as for whole
proteomes, in a reasonable time, the use of up-to-date
database information and the option for the user to
select several filters to improve confidence in the results.
The latter is based on the notion that using additional
information about the protein targets and template inter-
actions increases the reliability of the predictions. The
most trustable predictions are observed when the
sequence similarity measure is restrictive and some filters

Table 1. Sensitivity (a), specificity (b) and PPV (c) of the prediction of different data sets by varying the filtering conditions

Data set 90% identity 70% identity 30% identity eggNOG

All Dom GO COG All Dom GO COG All Dom GO COG All

Arabidopsis (a) 17% 3% 8% 7% 31% 5% 16% 13% 53% 8% 25% 21% 32%
Yeast (a) 13% 0% 4% 6% 17% 0% 5% 6% 30% 1% 10% 14% 33%
Human (a) 11% 1% 5% 4% 23% 2% 10% 8% 42% 4% 17% 15% 28%
Mouse (a) 17% 1% 6% 8% 36% 2% 12% 14% 59% 3% 18% 20% 27%
Drosophila (a) 4% 0% 1% 0% 5% 0% 1% 1% 10% 1% 2% 2% 8%
Worm (a) 1% 0% 0% 0% 4% 1% 2% 1% 12% 2% 6% 4% 11%
Negatome (b) 92% 98% 95% 97% 88% 97% 91% 96% 72% 92% 78% 97% 77%
Arabidopsis (c)(d) 1.27% 4.92% 2.33% 1.67% 0.56% 4% 1.23% 0.63% 0.07% 0.56% 0.17% 0.06% 0.03%

The percentage indicates sensitivity (a), specificity (b) or PPV (c). (d) Main screen data set from the Arabidopsis interactome map for 8 596
Arabidopsis proteins, with a precision of 80% and a sensitivity of 16% (38). All, all predictions without applying any restriction; Dom, predictions
filtered by known interacting domains reported in 3DID or iPfam; GO, predictions filtered by GO term similarity (biological process or cellular
compartment); COG, predictions filtered by known interacting proteins in the same clusters of orthologous groups. Clusters of orthologous genes
were as defined in the eggNOG database excluding non-supervised clusters.

Nucleic Acids Research, 2012, Vol. 40, Web Server issue W149
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Table 4.9. Prediction of intraspecies Arabidopsis thaliana PPIs using 
interologs. The dataset contains 8,596 Arabidopsis proteins and 5,664 binary 
interactions obtained by yeast-two-hybrid (the estimated precision of the 
experiment is about 80% and sensitivity is about 16%). All predictions were 
restricted to a joint e-value smaller than 1e-80. All known interactions from 
Arabidopsis were not excluded and thus not used as templates. The coverage 
threshold of the template sequence length was lowered to 80% as these are the 
conditions used by Yu et al. and thus allows a comparison (5). The columns 
display the PPV (Positive Predictive Value), recall and improvement ratio of PPV 
(defined as the ratio between the calculated PPV and the random PPV, which is 
0.015%) for the predictions of Yu et al. (5) and several experiments using BIPS: 
a) using all interactions (including a matrix model of pull down methods) ; b) as
(a) and filtering predictions by PFAM domain-domain interactions ; c) as (b) and 
filtering by common GO terms between protein interacting partners; and d) 
excluding templates obtained with pull down methods. 

Prediction method PPV Recall Improvement Ratio 

BIPS (a) 0.17% 0.83% 10.62 

BIPS (b). 3.33% 0.69% 204.87 

BIPS (c) 4.48% 0.69% 278.25 

BIPS (d) 0.40% 0.28% 24.56 

Yu et al. (5) 0.37% 0.38% 23.25 

4.3.5. Discussion 

We have presented a PPI prediction server, BIPS, which is based on the 

similarity between protein sequences and PPIs reported in several 

biological databases integrated using the BIANA framework. BIPS 

benefits from the large amount of information deposited in these 

databases: By increasing the number of template interactions, coverage of 

the predictions is greatly improved. Traditionally, the interolog approach 

has been defined as the transference of interactions between orthologs 

from different species. However, the distinction between orthologs (gene 

pairs that trace back to speciation) and paralogs (gene pairs resulting from 

duplication events) is not always clear, as it depends on the last common 

ancestor applied. BIPS makes no distinction between orthologs and 

paralogs. In contrast, BIPS relies directly on pair-to-pair similarities to 

perform its inferences. Comparison of predictions based only on groups of 
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orthologous genes show comparable results when applying a pair-to-pair 

sequence similarity cut-off between 30% and 70% identity (see Table 

4.8). The main advantages of BIPS over other servers are the capability to 

predict interactions on a large scale such as for whole proteomes, in a 

reasonable time, the use of up-to-date database information and the option 

for the user to select several filters to improve confidence in the results. 

The latter is based on the notion that using additional information about 

the protein targets and template interactions increases the reliability of the 

predictions. The most trustable predictions are observed when the 

sequence similarity measure is restrictive and some filters are applied (see 

sensitivity and specificity values in Table 4.8). All these capabilities 

provide the user with a useful tool to select predictions and focus on a 

specific research area. 
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5.1. Introduction 

Overview	  

As stated in the introduction (section 1.4.2.4), the prediction of protein 

binding sites is a challenge that has been tackled from different 

perspectives due to its relevance. The use of standardized conditions is 

needed to compare systematically the different methodological options. 

Consequently, the development of a framework to manage different 

prediction formats and evaluation protocols is needed. First, I present the 

PRA-Tool, a framework designed to automatically manage sequence 

feature annotations of proteins (section 5.2). Next, this framework is 

applied on the comparison of protein-protein contact map prediction 

methods based only on their sequences (section 5.3). In this comparison I 

present a new statistical approach for the evaluation. Additionally I 

propose iFrag (section 5.4), a contact map inference online tool based on 

known protein-protein interactions. iFrag exploits known complex 

structures and benefits from the integrated PPI network provided by 

BIANA (section 3.2). 

  

Manuscripts	  presented	  in	  this	  chapter	  

Garcia-Garcia J, Oliva B.  PRA-Tool: Protein Residue Annotation Tool. To be 

submitted. 

Garcia-Garcia J, Oliva B. Evaluating sequence-based protein-protein contact 

map predictions: Area Under the Probability Curve. To be submitted. 

Garcia-Garcia J, Oliva B.  iFrag: a protein-protein contact map prediction 

server based on common minimal sequence fragments. To be submitted. 
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5.2.  PRA-Tool: Protein Residue Annotation Tool. 

5.2.1. Introduction 

The most basic knowledge of a protein consists on deciphering its 

sequence, known as primary structure. The advent of new experimental 

sequencing techniques (163,164) have allowed to decipher complete 

genomes (165) and proteomes (93). The knowledge of the specific 

sequence of a gene or a protein is important to understand its functions, as 

there is a relationship between sequence, structure and function (166). 

However, not all monomers in a sequence play the same role. The 

characterization of the role of each monomer in a sequence is called 

sequence annotation. Depending on the polymer, there are several 

features that can be annotated on sequences, such as their structural role or 

functional importance. The sequence features used in biological sequence 

annotations are indexed and described in the collaborative ontology 

project Sequence Ontology (SO) (167). 

Focusing on protein sequence annotation, there are several experimental 

techniques to determine the functional role of their residues (168). 

However, experimental techniques are usually costly and time-consuming. 

Consequently, computational predictive models have been developed to 

infer different types of sequence annotation. Sequence annotation include 

features that depend exclusively on the properties of the protein itself, 

such as solvent exposure or structural function, or features that arise when 

the residue is considered in the context of other proteins, such as active 

sites or binding sites. As an example of services integrating several of 

these sequence annotation methods, the PredictProtein server (169) is a 

meta-service that offers predicting structural and functional features such 

as transmembrane helices with TMSEG (169), functional regions with 
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ConSurf (170) or protein-protein binding site residues with ISIS2 (169), 

among others. 

Each time a new annotation inference tool is presented, its performance 

has to be evaluated and compared with previous tools. This evaluation can 

vary significantly depending on essential variables such as the benchmark 

and the definition of the gold standard. For this reason, the direct 

comparison of the performance reported in original reports cannot be 

used. Consequently, it is reasonable to develop standard benchmarks and 

protocols of evaluation for the comparison of methods. An example of 

data benchmark is the Docking Benchmark (136) designed to evaluate and 

compare docking algorithms. 

Specific residue annotations of a sequence can be of different nature 

depending on the feature assigned to the residues and each residue can be 

annotated by more than one feature. For example, a residue can be 

described by a conservation score derived from multiple sequence 

alignments of its protein family; by its inclusion in a given domain; or by 

having an active role in the protein function, such as being in the active 

site. In addition, a residue can be annotated also in the context of another 

residue, such as the case interface regions in protein-protein interactions. 

The comparison or combination of different methods is hampered by 

sequence variations that arise when dealing with data obtained from 

different sources. For example, the same protein entry in a database such 

as Uniprot can have aminoacid differences upon different database 

versions. Furthermore, the aminoacid composition discrepancies are 

increased when data is collected from different repositories. In an extreme 

case, some repositories do not contain the full protein sequence, but only 

one or more fragments, such as proteins represented in a crystal structure 

in the PDB. Furthermore, different fragments of the same protein can be 
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represented in different crystal structures stored with different codes in the 

PDB. This example is specially important in the evaluation of methods 

predicting the binding regions of a protein: A protein can have different 

binding sites for different interacting partners. When evaluating a method 

of prediction of binding sites all possible binding sites should be 

considered. 

We have developed a framework for the characterization and evaluation 

of protein residue annotations named PRA-Tool (Protein Residue 

Annotation Tool). PRA-Tool is a Python framework designed to achieve 

two major goals: i) the automatic integration of several sources of 

sequence information, including isolated sequence annotations such as 

conservation scores, and paired annotations, such as protein-protein 

binding site annotations, and ii) the evaluation of sequence annotation 

tools with standard evaluation metrics. PRA-Tool is designed to manage 

automatically sequence discrepancies between different sources, at the 

same time it manages different sequence annotation features. The software 

can be downloaded under GNU GPL license from 

http://sbi.imim.es/web/PRA-Tool.php. An specific online implementation 

of PRA-Tool can be used directly through: http://sbi.imim.es/ 

5.2.2. Implementation 

5.2.2.1. Software architecture 

PRA-Tool is a Python framework composed of three different modules: 1) 

Database Management (handles communication between PRA-Tool and 

MySQL database); 2) Parser Management (imports data into PRA-Tool 

database); 3) Session Management (to manage protein paired data sets and 

their annotated features).  
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5.2.2.2. Data model 

PRA-Tool is a formal system that uses a high level abstraction schema 

(see Figure 5.1) to handle residue annotations of different nature and 

different sources. 

Entities. Three entities form the core of PRA-Tool: 1) Protein, defined by 

a name and a specific sequence of aminoacids; 2) A pair of Proteins 

defines an Interaction; and 3) Feature, any of the controlled 

characteristics that can be annotated to specific positions in the Protein 

sequences. A specific collection of protein sequences, interactions and 

annotated features in PRA-Tool is defined as a Dataset. 

 

Figure 5.1. PRA-Tool Data Model. A) PRA-Tool Data Model Diagram using 
Schematic UML (Unified Modeling Language) representation of the data entries 
and their relationships in PRA-Tool. Explanation of each element is given in the 
text.  

Features are identified by their name and they are divided in different 

categories or subclasses. If a Feature depends only on the properties of a 

given Protein, regardless of its interacting partner, it is classified as 
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Feature1D. Some examples are sequence conservation scores, active sites 

or secondary structure annotation, among others. Otherwise, if it depends 

on the interaction with a partner we classify it as Feature2D, as for 

example protein-protein contacting residues.  

Features are divided in three subclasses depending on the distribution of 

their values: 1) BinaryFeature: if a given residue satisfies a given 

condition or not. For example, a residue is the active site of a kinase or a 

residue is located inside a transmembrane region. Using this subclass, if a 

feature in the sequence involves consecutive residues, it is considered a 

RegionFeature (such as the transmembrane region). In contrast, if it 

involves isolated residues, it is considered a SiteFeature; 2) 

ScoredFeature: all residues (or residue pairs) in the sequence have an 

associated score. ScoredFeatures are restricted to a range of values that 

depend on the characteristics of the Feature. Several inference methods 

consist on ScoredFeatures, in which a confidence score is assigned to 

each aminoacid; and 3) CategoricalFeatures: a label of a defined universe 

is assigned to each residue. This is the case of secondary structure, in 

which a residue can be assigned to a helix, a strand, etc. Features1D and 

Features2D can be of any category, which result in 8 possible Feature 

subclasses: SiteFeature1D, RegionFeature1D, ScoredFeature1D, 

CategoricalFeature1D, SiteFeature2D, RegionFeature2D, 

ScoredFeature2D and CategoricalFeature2D.  

Operations. The Feature subclasses define the operations allowed 

between them. Two or more BinaryFeatures can be combined using set 

operations, such as union or intersection. ScoredFeatures can be 

combined between them using addition or substraction operations. 

Additionally, some Features can be converted from one subclass to 

another. A ScoredFeature can be transformed into a BinaryFeature by 
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using a given threshold. Similarly, several BinaryFeatures can be 

combined to create a new ScoredFeature using a summation. 

Evaluation. The evaluation of a Feature consists on the comparison of a 

Feature, named predictedFeature, with another Feature defined as 

referenceFeature. The Feature subclasses defines how they can be 

compared, which determines the evaluation metrics applicable. Table 5.1 

shows the evaluation measures that can be used depending on the 

predictedFeature and referenceFeature subclasses. 

Sequence inconsistencies. Sequence inconsistencies between Proteins 

and Features are managed automatically by the use of sequence alignment 

tools: bl2seq (171) and clustalw (172). 

Table 5.1. Evaluation measures depending on the prediction subclass (see 
definition of evaluation measures 

   reference Feature 

    BinaryFeature ScoredFeature Categorical
Feature 

Binary 
Feature 

True Positives, True 
Negatives, False 
Positives, False 
Negatives, Positive 
Predictive Value, 
Sensitivity 

- - 

Scored 
Feature 

AUROC, AUPR, 
AUPC (see section 0) 

Pearson 
correlation, 
Spearman 
correlation 

AUROC, 
AUPR 

Fe
at

ur
e 

to
 e

va
lu

at
e 

Categorical
Feature - - 

Percentage 
of 
coincidence 
Percentage 
of similarity 
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5.2.2.3. PRA-Tool User Interface 

Depending on user background and objectives, PRA-Tool offers two 

interfaces to the user: 1) use of the PRA-Tool API: for most advanced 

users (i.e. bioinformaticians), interested in using all PRA-Tool 

functionalities and interested in automatic processes; and 2) online 

interface for non-expert users who prefer using a web-server that 

provides basic functionalities of PRA-Tool. This is the easiest access and 

it does not require installation. The web-server uses a pre-stored database 

of sequence annotations (see Table 5.2).  

 

Table 5.2. Available datasets in PRA-Tool Server. 

Dataset Name Features 
Uniprot (173) Transmembrane: RegionFeature1D. 

Active Site: SiteFeature1D. 
Binding Regions: SiteFeature1D. 
Chain: RegionFeature1D. 
Disulfid: SiteFeature1D. 
Metal: SiteFeature1D. 
PhosphoSite: SiteFeature1D. 
Signal: RegionFeature1D. 
Secondary Structure: CategoricalFeature1D. 

HSSP (174) Conservation score: ScoredFeature1D. 
Entropy: ScoredFeature1D. 
Solvent exposure: ScoredFeature1D. 
Variability: ScoredFeature1D. 

PDB (74) Contact: SiteFeature2D. Residue interfaces between all 
residue pairs having a Cb distance lower or equal to 8, 10 
and 12A. 

DOMINO (175) DOMINO: RegionFeature2D. 
PFAM (176) Pfam: RegionFeature1D. 
3DID (177) and 
iPfam (77) 

Pfam2D: RegionFeature2D. 
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5.2.2.4. PRA-Tool Online interface 

Options available in PRA-Tool online interface: 

1) Create new datasets and submit protein sequences. 

2) Explore and download previously defined dataset Proteins and 

sequences. 

3) Create and submit new predictions to previously defined datasets. 

4) Evaluate submitted predictions with reference predictions. 

5) Compare different predictions. 

 

5.2.3. Example of use: the case of protein binding site 

prediction. 

A protein can interact with more than a single protein partner using 

similar or different interfaces. When developing a method that predicts 

binding-sites of a protein regardless of its interacting partners, the 

evaluation result will depend on how the gold standard benchmark is 

defined. In addition, B. Rost et al. showed that there are many alternative 

protein-protein interfaces (178). Consequently, some predicted binding 

sites could be considered false positives incorrectly (see Figure 5.2A). On 

the other hand, some protein-protein interactions have multiple interfaces 

that are described in different complex structures, such as the interaction 

between Retinoblastoma and transcription factor E2F1 (see Figure 5.2B).  

PRA-Tool allows to integrate several sources of data to facilitate this 

comparison. The protocol and the comparison of different contact map 

prediction methods is presented in next section (see section 5.3). PRA-

Tool has been used also in the development of the iFrag server (see 

section 5.4). 
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Figure 5.2. A. Integrin-linked protein kinase (ILK_HUMAN) has different 
binding regions depending on the interaction partner. Solid dark line representes 
the whole sequence of the protein, while thiner lines represent the subsequence 
found in the crystal structures in the PDB. The interaction region is defined by a 
blue line. LIMS1 and LIMS2 compete for the same binding sites (PDB: 3F6Q, 
4HI8, 4HI9, 3IXE), while the binding site for PARVA (PDB: 3KMU, 3KMW 
and 3REP) is found in other region. The complete binding sites of ILK_HUMAN 
is composed by the union of all partner-specific binding sites. B. The interaction 
between Retinoblastma (RB_HUMAN) and Transcription factore E2F1 
(E2F1_HUMAN) is produced by different interfaces. The contact map between 
them is represented in a grid. Gray areas show the protein regions found in the 
PDB structures. Blue area show specific residue-residue contacts. The complete 
contact map between these two proteins is composed by the union of all interface 
regions. 

 

5.2.4. Conclusions 

We have presented PRA-Tool, a data framework designed to handle 

sequence annotation information. The focus of PRA-Tool is to be useful 

in the comparison of different annotation tools, at the same time it offers 

an interface to combine and merge features coming from several sources. 

The definition and storage of datasets in the PRA-Tool server can be 

useful for the comparison of different inference methods for two reasons. 

Firstly, when comparing different approaches it is important to know 

exactly which data was used for training and which data was used for 

testing. If the benchmark composition is not known, some training 

instances could be used during the comparison protocol between different 
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methods, which would lead to incorrect comparisons. For this reason, the 

definition and storage of well defined gold-standard datasets to compare 

different methods is crucial. PRA-Tool server offers a service to store 

different datasets and predicted features associated to them. Secondly, the 

use of exactly the same evaluation metrics is critical to decide which 

method has a better performance. 

5.2.5. Availability and requirements 

• Project name: PRA-Tool. Protein-Protein Residue Contacts. 
• Project home page: http://sbi.imim.es/PRA-Tool.php 
• Operating systems: UNIX based systems 
• Programming language: Python 
• Other requirements: BLAST (171), CLUSTALW (172), MySQL 
server 2.52. 
• License: GNU GPL (GNU General Public License) 
• Restrictions: Not applied. 
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5.3.  Evaluating sequence-based protein-protein 

contact map predictions: Area Under the 

Probability Curve.  

5.3.1. Introduction 

The characterization of protein pairs and their interaction sites is 

necessary to understand the molecular details of cellular activities. Their 

knowledge is essential for therapeutic and biotechnological interventions, 

because it allows to do a rational design of drugs targeting specific 

protein-protein interactions. 

A part from experimental methods designed to detect binding sites (see 

section 1.4.2.4), there are "radically" different computational approaches.  

Most of them focus on the prediction of binding sites regardless of their 

binding partners. Jones and Thornton (58) pioneered this work by 

proposing in 1997 a combined score based on solvation potential, residue 

interface propensity, hydrophobicity, planarity, protusion and accessible 

surface area. Since then, many groups have developed various algorithmic 

approaches, such as ISIS (62), PINUP (179), ProMate (180) or Meta-

PPISP (181). Other methods focus on the prediction of interacting regions 

between two proteins, ranging from specific residue-residue pair contacts 

to the prediction of domain-domain interactions. Halperin et al. (66) 

showed that correlated mutations were not suitable for large-scale 

intermolecular contact prediction as their usage was only successful in 

few families. HOMCOS server (182) infers protein-protein contacts by 

searching template complex structures in the PDB (74) and scoring them 

with knowledge-based contact potentials. DOMINE (121) focus on 

domain-domain interaction predictions by scoring a comprehensive 

collection of known and predicted domain-domain interactions (DDIs). 
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Since Aragues et al. (73) suggested the use of protein-protein interaction 

(PPI) networks to infer interacting motifs and characterize hub properties, 

this concept has been explored by different groups. PIPE-Sites (183) and 

SLIDER (184) infer potential interfaces by detecting re-occurring 

polypeptide sequences or overrepresented pairs of patterns in sequences of 

interacting proteins.   

The different outcome produced by these methods varies from specific 

residue-residue pairs to regions of different size. They also use different 

training and testing datasets. These differences hinder the comparison 

between them. It has been demonstrated that the intrinsic properties of a 

dataset may influence directly a method evaluation: Yu et al. (152) 

showed how the bias in the selection of negative samples determined the 

outcome of prediction methods of protein-protein interactions. Similarly, 

Martin (185) has recently studied the effect of protein size in the 

evaluation of binding site predictions.  

Using the PRA-Tool (see section 5.2), we analyze the predictive power of 

sequence-based predictors of protein-protein interfaces. We propose a 

new metric named ∆AUPC that provides a quantitative comparison 

between methods, regardless of their prediction outcome. The proposed 

metric considers the distribution of values of each individual prediction 

and provides a global score for the method based on the probability of 

obtaining an equivalent set of predictions.  

5.3.2. Methods 

5.3.2.1. Definitions 

Given two residues of two proteins, we define that they are in contact if 

the distance between their Cb atoms is shorter than 12 Angstroms. We 

define the interface of the interaction as the set of contacting residues and 

the binding sites of each protein as their specific set of residues in the 
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interface. The contact map of an interaction between two proteins is the 

binary two-dimensional representation of their interface along their 

sequences. If we consider two proteins of length M and N respectively, the 

contacts between their residues is a partition of the 2-dimensional interval 

defined by the Cartesian product of the intervals [1,M] and [1,N] (see 

Figure 5.3). 

 

 

Figure 5.3. Contact map definition. The interaction interface between two 
proteins is obtained from its three-dimensional structure (A), that can be 
represented in a bi-dimensional space as a contact map (B). The set of contacts 
between two proteins (CMAB) is a partition of the two-dimensional interval of 
IAxIB. 

 

5.3.2.2. Types of contact maps 

Contact maps derived from complex structures are real contact maps, 

while those inferred by computational methods are named predicted 

contact maps. The distribution of spots in a contact map have different 
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shapes depending if they are spread along the contact map or if they form 

one or more clusters forming a shape. A shape (S) is defined as: 

  

€ 

S = Ii
2

i{ }
  

where  

€ 

Ii
2 = (x,y) / x ∈ ak,ak+1[ ],y ∈ b j ,b j+1[ ]{ } , 

where 

€ 

ak{ } is a partition of 

€ 
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Besides, contacts can be colored depending on a score. The probability of 

a residue-residue pair to be found in the interface depends on its neighbor 

residues. Consequently, contacts in both real and predicted contact maps 

tend to form clusters, i.e. if a residue is in the interface its neghbors in 

sequence increase their probability to be too.  illustrates different contact 

map shapes. 

5.3.2.3. Gold Standard Datasets. 

Docking Benchmark dataset 4.0 (DBD4.0) (136). This dataset consists on 

a set of non-redundant protein-protein high-resolution complex structures. 

After excluding all antibody/antigen complexes, the set provides 151 

cases. We considered the use of this benchmark as it is commonly used 

for protein-protein docking method development and assessment.  

Human non-redundant PDB dataset (HumanContactNr40). We have 

created a non-redundant dataset (less than 40% of sequence identity) of 

proteins extracted from Uniprot database (186) that are found in a 

complex structure in the PDB (74) filtered to Human. To avoid the 

possible bias produced by hub proteins (152), redundancy removal was 

done at the protein level, so that no protein in the dataset has more than 
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40% sequence identity with any other in the dataset. In this dataset, we 

use the whole sequence of the protein as defined in Uniprot. We 

considered only the biological assembly of structures obtained from the 

PDB database, to exclude crystal contacts and non-biologically relevant 

complexes. One protein complex can be represented by more than one 

structure. See Figure 5.5 for details on dataset construction using the 

PRA-Tool (chapter 5.2). 

 

Figure 5.4. Predicted contact map shapes. Examples of predicted contact map 
shapes between protein 1 and protein 2 produced by different inference methods. 
A. Several small clusters. B. Scored contact map prediction. C. Domain-domain 
interaction prediction. D. Motif-motif interaction predictions; E. Scored contact 
map between motifs and domains. 
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Figure 5.5. PRA-Tool steps used to build and evaluate the gold standard 
datasets. See nomenclature details in PRA-Tool section (5.2.2.2). The steps 
followed using the PRA-Tool are: 1) We have created a Dataset called 
PDBContact. In this Dataset, each Protein consists on the sequence of a PDB 
chain, identified by the PDB code and the chain. We define a SiteFeature2D 
called Contact12Cb, which are the pairs of residues having a Cβ distance lower 
or equal to 12Å in the complex structure.  An Interaction between two PDB 
chains is defined only if they have at least 5 contacting residue pairs. We 
considered only the biological assembly structures obtained from the PDB 
database, to exclude crystal contacts and non-biologically relevant complexes. 
Resulting dataset contains 201,879 protein sequences and 232,444 interactions. 2) 
We have created a Dataset called UniprotSwissprot (173). In this Dataset, each 
Protein consists on the sequence of a Uniprot swissprot entry. UniprotSwissprot 
dataset contains 546,000 protein sequences. 3) We have created a Dataset called 
SwissprotContacts, in which we combined the protein pairs found in the 
UniprotSwissprot dataset having contacts defined in the PDBContact dataset. The 
mapping from Uniprot identifiers to PDB identifiers have been extracted from 
SIFTS (187). PDBContact sequences and UniprotSwissprot sequences are 
aligned automatically by the PRA-Tool using local BLAST alignments. Resulting 
dataset contains 13,008 protein sequences and 15,812 interactions. 4) We have 
created a non-redundant dataset of interacting human protein (40% of sequence 
homology) of proteins extracted from SwissprotContacts database.  This dataset 
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is called HumanContactNr40. 5) We have executed different methods of binding-
site predictions to this non-redundant dataset. Execution details are provided in 
section 5.3.2.4. Prediction results have been added to the HumanContactNr40 
dataset. 6) We have evaluated the predictions obtained with these methods 
considering the contact map predictions as predictedFeatures, and the real 
contact maps (Contact12Cb) as referenceFeature (see section 5.2.2.2). Standard 
evaluation measures have been used (see section 1.6.4). Furthermore, a new 
evaluation measure named ∆AUPC has been used (see section 5.3.2.6). Green 
columns represent different datasets defined using the PRA-Tool. Red lines 
indicate prediction cross-references between different datasets. SwissprotContacts 
protein pairs point to predictions stored in PDBContact and UniprotSwissprot 
datasets. HumanContactNr40 dataset points to contact maps stored in 
PDBContact and SwissprotContacts throught SwissprotContacts dataset. 

 

5.3.2.4. Contact map prediction methods. 

We have used the following contact map prediction methods that only 

require the primary structure of the query proteins.  

PIPE-Sites (183). The method pairs protein sub-sequences at various 

window sizes and scans a database of known protein-protein interactions 

to detect their co-occurrence. It detects relatively large interacting regions. 

The method has been executed through its webserver, using the default 

values for the human network (cutoff value of 0.04 and a peak height of 

50%). We only applied it in the HumanContactNr40 dataset because 

PIPE-Sites is species-specific. Furthermore, the use of captchas limited its 

usage. 

PPIPP (188). This approach is based on a two-stage neural network 

trained with known interacting residue pairs from the Docking Benchmark 

4.0. We obtained the predictions by submitting our interacting protein 

pairs to their webserver. 

SLIDER (184). The method applies a metaheuristic approach to detect 

correlated motifs in sequences of interacting proteins. We executed the 

standalone version of the program to obtain the set of correlated motif-
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motif pairs using two different networks: 1) the human network the 

authors provided within their program distribution; and 2) the human 

protein-protein interaction network provided by BIANA, excluding 

protein-protein interactions detected by co-complex methods (189). Used 

protein-protein interaction databases were: IntAct (110), DIP [REF], 

BioGRID (112), HPRD (113), MINT (114) and MPact (115)). We 

executed the SEQ-SLIDER algorithm (parameters: l=8, d=3) taking about 

75 minutes requesting 10,000 result motif pairs. For each protein-protein 

interaction, we searched for interacting motifs in the motif-motif list 

provided by SEQ-SLIDER. If the two interacting proteins match with two 

correlated motifs, we considered the region covered by these motifs as the 

predicted contact map. 

DOMINE (121). DOMINE is a database of known and predicted Pfam 

(176) domain-domain interactions, gathered from 15 different sources.    

DOMINE scores the domain-domain interaction predictions in three 

categories of confidence using a prediction overlap index. We used these 

scores to infer interacting domains in our test datasets. For each protein-

protein interaction, we searched for Pfam domains in their sequences by 

using HMMER3 (190) at a pvalue threshold of 10-5 against the PfamA 

database (176). If the two query proteins have Pfam domains being 

predicted to interact by DOMINE, we considered the whole region 

covered by these Pfam domains as the predicted contact map. 

5.3.2.5. Newly implemented contact map prediction methods 

Additionally, we have implemented two methods based on common 

minimal sequence fragments with known interacting proteins. These 

approaches are accessible through a webserver (see section 5.4) 

blastPDB. Similarly to the HOMCOS server (182), we assigned residue-

residue contacts to query proteins based on homology to known structure 
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complexes. This is the strategy used in homology modeling of protein 

complexes. Query sequences were aligned using BLAST (171) with 

proteins from the SwissprotContacts dataset (see Figure 5.5). In case 

there is a match between two template sequences having contacting 

residue pairs, these contacts were transferred to the query proteins using 

their pair-wise alignment. Three different sequence identity thresholds 

(30%, 70% and 90%) were applied to remove close homolog templates by 

excluding those matches having a sequence identity percentage higher 

than the threshold (sets named blastPDB_max90, blastPDB_max70 and 

blastPDB_max30). The objective of these sets was to evaluate the results 

when complex structures of close homologs are not available. The same 

thresholds were applied to remove remote homolog templates by 

excluding those matches having a sequence identity lower to the given 

threshold (blastPDB_min90, blastPDB_min70 and blastPDB_min30). 

iFrag. Similarly to PIPE-Sites (183) and SLIDER (184), we tested an 

approach using protein-protein interaction networks to infer potential 

contacting regions. Query proteins were searched using BLAST against 

all sequences with known interactions in the BIANA database (189) (see 

integrated protein-protein databases above). Only binary protein-protein 

interactions were used as templates (i.e. co-complex derived interactions 

were excluded). We used an e-value threshold of 0.01 to allow the 

retrieval of very short fragment alignments. Matched protein fragments 

for query sequences were ordered so that each pair of fragments belong to 

a known interacting protein pair in the BIANA database. To avoid having 

redundancy in template protein-protein interactions, we only considered a 

subset of the template interacting proteins so that any pair has more than 

40% of sequence identity with any other pair in the set (obtained with CD-

HIT (191)). Protein residue pairs between the two query proteins were 

weighted according to the proportion of paired blast matches covering that 
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pair of residues over the total number of interacting protein pairs retrieved 

(see example in Figure 5.6). 

 

 

Figure 5.6. iFrag example. A. Two query proteins are blasted against sequences 
known to have reported interactions. Matches are aligned so that paired sequence 
fragments belong to known interacting proteins (template interactions). The set of 
template interactions is reduced so that it does not contain any pair of template 
proteins with more than 40% of sequence identity. In this example, the total 
number of template interacting proteins is 4. B. The iFrag score is calculated as 
the proportion of BLAST matches covering two residues, one in each protein, 
over the total number of known interactions.  

  

5.3.2.6. Evaluation metrics. Area under the probability 

curve (AUPC) 

The probability of a residue to be involved in the interface depends on the 

probability that its neighbors are involved too. Also, the probability of a 

residue to be predicted in the binding site is not independent of the 

prediction of its neighbors for most methods. In addition, there is an 

unbalance between the number of interface and non-interface residues.  

Standard statistical metrics such as accuracy, PPV, MCC, F1, AUC-ROC 

or AUC-PR are used commonly in classification problems as a measure of 

the quality of the prediction (see section 1.6.4 for details in their 
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calculation). However, these metrics could lead to incorrect interpretation 

of the results when applied to contact map predictions because they 

assume that individual predictions (residue-residue pairs) are independent. 

However, we know this is not true. Once a residue-residue contact is 

predicted, its neighbor increases the probability to be predicted too. In 

addition, the chances of obtaining a correct prediction just by random are 

lower in large proteins and viceversa, and this is not considered by these 

measures (185).  

We propose an evaluation method to analyze quantitatively the probability 

of obtaining a set of binding site predictions by random. It analyzes each 

protein-protein interaction individually to take into account the protein 

sizes and the shape of predicted contact maps. The steps to compute it are 

shown in Figure 5.5:  

1) The predicted contact map is slided along all the residues in the 

sequences while maintaining the known contact map static. Considering a 

protein-protein interaction between two proteins of M and N residues 

respectively, this involves MxN iterations. We applied a similar approach 

to periodic boundary conditions for all iterations to maintain the same 

number of contacts (see Figure 5.7). 

 

Figure 5.7. Sliding contact map. 
Black spots represent contacts in real 
contact map (black lined squares). The 
original predicted contacts are 
represented as gray spots.This figure 
shows the results of one iteration of the 
predicted contact map (yellow) moving 
a slide window along the residues in 
the sequence. The evaluation is done 
over the contact map in the center of 
the image, highlighted in bold. 

 

 



5. Protein-Protein Binding Site Predictions. Evaluation 

 160 

2) In each iteration, "i", the PPV of the new contact map (PPVi) is 

compared with the original prediction PPV. If the PPVi is equal or greater 

to the original PPV, it is included in a set named {PPV}B.  

3) For each predicted contact map, the probability of obtaining a better 

contact map is calculated as the size of the set {PPV}B  (

€ 

C
B{PPV} ) 

over the total number of iterations: 

   

€ 

PB =
C{PPV }B
N × M

 

4) The collection of probabilities of a dataset of protein-protein 

interactions yields a specific distribution. There we calculate the 

cumulative distribution function of this collection. The area defined under 

the probability curve is named AUPC.  

5) Similarly, the background AUPC is calculated by using the same 

approach but randomly selecting several contact maps from the set of 

iterations performed in step 2 and using them as the predicted contact 

map. Obviously, this contact map has the same shape properties as the 

original prediction. We use the same number of random contact maps for 

each protein-protein interaction (10,000). 

6) The difference between AUPC and the background AUPC (ΔAUPC) 

defines the performance of the method: random predictions have values 

close to 0, while perfect methods have values close to 1. 

It has to be noted that this metric is only applicable to binary predictions. 

Scored contact maps can be transformed to binary by applying a given 

threshold. The ΔAUPC for a method that generates scored predictions is 

obtained by selecting its maximum value after applying it to all possible 

score thresholds. 
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Figure 5.8. Protocol to calculate the ΔAUPC. A. Given a predicted (orange)  
and real (blue) contact map, the predicted contact map is slided across all 
prediction space. PPVi is computed and compared with the original PPV. B. 
Distribution of probabilities in all the dataset. C. Area Under the Probability 
Curve (AUPC) obtained from the cumulative distribution of probabilities . D. The 
difference between observed AUPC and background AUPC defines the quality of 
the method (ΔAUPC). 
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5.3.2.7. ∆AUPC evaluation 

We have constructed a model to test the approach and compare it with 

standard evaluation measures: AUC-ROC, AUC-PR, PPV, MCC and F1. 

We have selected randomly 100 real contact maps from the dataset 

HumanContactNr40. For each interaction, we predicted contact maps 

controlling two variables: 1) a single interval 2D (I2) contact map 

prediction. This is a square with size varying between 1 (single residue-

residue pair prediction) to 100 residues (a square involving 100x100 

contacts); and 2) fixing the percentage of protein-protein interactions, 

from 10 to 100 in intervals of 10, in which the interval I2 is placed in the 

contact map such that at least one contact is true (this is named percentage 

of success predictions). Finally, we compared with this model the 

different metrics. 

The expected outcome of ∆AUPC is that their value should be higher as 

higher is the percentage of success predictions, which also means higher 

precision (PPV). The decrease of its value should be correlated with the 

increase of prediction sizes (see Figure 5.9).  
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Figure 5.9. Expected distribution of ∆AUPC values depending on two 
variables: 1) ) size of the prediction, modelled by an interval in 2D (X-axis); and 
2) Percentage of success predictions, i.e., percentage of predicted contact maps
containing at least one true contact. 

5.3.3. Results 

1.1.1.1 Comparison of ∆AUPC with other metrics. 

Figure 5.10 and Figure 5.11 heat maps illustrate the values of PPV, 

Recall, MCC, F1, AUC-ROC, AUC-PR and ΔAUPC obtained for the 

different variables imposed in the predicted contact maps. X-axis indicates 

the variable "size interval" and Y-axis indicates the percentage of protein-

protein interactions in which the predicted contact map contains at least 

one correct contact (percentage of success predictions). As residue-residue 

contacts in real contact maps are usually clustered, the larger prediction 

interval sizes imply greater recall (percentage of real contacts predicted) 

(see Figure 5.11). 
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Figure 5.10. Heat map representations of the standard metric values obtained 
for different combinations of the variables: prediction size (X-axis) and 
percentage of protein-protein interactions in which the prediction contains correct 
contacts (Y-axis). 
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Figure 5.11 Heat map representation of the ∆AUPC values obtained for 
different combinations of prediction size and percentage of protein-protein 
interaction instances in which the predicted contact map contains at least a correct 
contact. 

 

PPV is very sensitive to the prediction interval size and its value decreases 

dramatically as the number of incorrect contact predictions increase. In 

contrast, AUC-ROC is totally correlated with the recall. AUC-PR, MCC 

and F1 present a similar pattern between them. However, their values drop 

for very low recall even for high PPV. ∆AUPC is strongly correlated with: 

AUC-PR (pearson correlation 0.92, p-value<10-16), MCC (pearson 

correlation 0.86, p-value<10-16) and F1 (pearson correlation 0.67, p-
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value<10-15). Interestingly, compared with AUC-PR, MCC and F1, 

∆AUPC is not penalized when the recall is low and PPV is high. This 

feature is remarkably useful for contact map predictions, because by 

predicting few correct contacts they can be used for directed docking 

approaches. Although PPV is useful to evaluate such cases (few 

predictions with high precision), PPV is not useful for larger predicted 

interval sizes as its value drops brusquely. Predictions covering relatively 

small regions (for example, interval sizes of 20 residues) can achieve 

significant improvements that are detected by ∆AUPC but not by PPV.   

By definition, AUC-PR and F1 scores range between 0 (worst score) and 

1 (best score), and MCC can range between -1 to 1. However, the 

practical range of values obtained in this test is very narrow: AUC-PR 

scores ranged between 0 and 0.012, F1 scores between 0 and 0.1 and 

MCC between 0 and 0.1 This is caused by the large unbalance between 

the number of contacting and non-contacting residue pairs. Such slim 

intervals hamper the comparison of metrics, being difficult to determine 

the relevance of small differences (for example, between 0.01 and 0.015). 

Similarly, the AUC-ROC scores observed in this test have spread between 

0.5 (random prediction) and 0.7. The perfect AUC-ROC (1) was not 

achieved because none of the predictions achieved the maximum 

precision and recall. 

Interestingly, ∆AUPC scores span along its whole accessible interval 

(from 0 to 1). ∆AUPC scores maximum (1) when the method achieves 

higher PPVs in a larger number of complexes, regardless of their recall. 

∆AUPC score decreases with the decrease of PPV, but contrary to PPV, it 

moderates its contraction thanks to the increase of recall. Again, this 

feature is interesting in the challenge of contact map prediction, as 

delimiting the interface region to small intervals (motifs or domains) 

would be enough to design focused experiments. 
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The selection of the best standard metric depends on the shape of the 

predicted contact maps. PPV is useful when the prediction size is small. 

AUC-ROC is useful for approaches covering a large number of contacts 

regardless their precision. Due to their complementarities, both PPV and 

AUC-ROC have been commonly used to evaluate such kind of 

predictions(181,182)). AUC-PR, MCC and F1 are not informative 

because of their meager score range and its huge penalty obtained with 

low recalls. ΔAUPC provides an informative score to be used 

independently of the shape of the predicted contact map, as it has been 

shown to be useful for small and large prediction sizes. 

The ΔAUPC graphical representation obtained using the same variables as 

above (interval size and percentage of success predictions) (Figure 5.12) 

shows different patterns depending on the shape of the prediction. The 

larger is the area under the background probability curve, the larger is the 

size of the prediction (larger number of residues of one or both proteins). 

This indicates that a prediction involving of large number of residues of 

one or both proteins increases the probabilities to obtain similar or better 

predictions by chance. Consequently, the visual inspection of the ΔAUPC 

would allow us to infer the shape of the contact map prediction.  
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Figure 5.12. ΔAUPC representations depending on two variables: prediction 
interval size and percentage of protein-protein interactions in which the predicted 
contact map contains at least one correct contact. Green area corresponds to the 
ΔAUPC value. 

 

1.1.1.2 Evaluation of contact map prediction methods 

Table 5.3 shows the evaluation summary for the contact map predictions 

obtained with different methods in DBD4.0 and HumanContactNr40. 

Indubitably,  the best method is blastPDB when stringent conditions of 

sequence identity threshold are applied (blastPDB_min90 and 

blastPDB_min70). The reason is that blastPDB is based on template 

interactions with resolved three-dimensional structures, which provides 

accurate predictions at the level of residue-residue contacts (not large 
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regions). This leads to metrics such as PPV or AUR-PR to surpass by far 

the rest of methods. Nevertheless, their applicability (number of protein 

interactions in which there is at least one contact prediction) is very low 

(4% for blastPDB_min90 and 19% for blastPDB_min70). To increase 

blastPDB applicability it is necessary to relax the sequence identity 

threshold to lower values (blastPDB_min30, blastPDB_max90, 

blastPDB_max70 and blastPDB_max30) to achieve applicabilities around 

80%. This implies a high drop in most of the evaluation metrics, specially 

in PPV and AUC-PR. As discussed in previous section, PPV and AUC-

PR decrease dramatically when the number of incorrect predictions 

increase. Interestingly, the values of ΔAUPC are not affected in the same 

magnitude, which indicates that the chances of obtaining just by random 

an equivalent set of predictions is similar. 

If we consider AUC-ROC, iFrag is found in the rank between 

blastPDB_min70 and blastPDB_min90, followed by domain-domain 

predictions provided by DOMINE. The reason is that iFrag and DOMINE 

tend to predict large regions, so favoring higher AUC-ROC values due to 

higher achieved recall. As discussed in previous section, the comparison 

of methods using AUC-PR, MCC, F1 and PPV is difficult due to their 

narrow distribution values. Ignoring this limitation, ranking by AUC-PR 

the best method is still blastPDB, but interestingly PPIPP, iFrag and 

PIPE-Sites are better than DOMINE inference.  

If we only consider the approaches that do not use structural templates 

(i.e. excluding blastPDB), top ranking methods would be DOMINE and 

iFrag according to AUC-ROC, PPIPP and iFrag according to AUC-PR 

and PPIPP according to PPV. Then again, these metrics depend on the 

size of the prediction and small differences between these metrics difficult 

the comparison. In contrast, if we use ΔAUPC there are clear differences 

between methods: The most different to random would be blastPDB, 
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followed by domain-domain predictions based on DOMINE. Next, iFrag 

and PPIPP would be similar, but clearly better than PIPE-Sites and 

SLIDER. PIPE-Sites and SLIDER have ΔAUPC values close to 0, which 

means that, using predictions of the same shapes produced by random, we 

would obtain similar results. The visual inspection of the ΔAUPC  

(difference between AUPC and background AUPC) is shown in Figure 

5.13. 

The different results obtained for PPIPP (188) in the two datasets may be 

due to over-fitting, as PPIPP was trained with the Docking Benchmark 4.0 

dataset.  

 

Figure 5.13. ΔAUPC graphical representation obtained for each one of the 
evaluated methods in the HumanContactNr40 dataset. 
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Table 5.3. Comparison of sequence-based contact map prediction methods. 
DOMINE: predicted contact map between the intervals defined by interacting 
domains with High Confidence (DOMINE_HC), Medium Confidence 
(DOMINE_MC) and Low Confidence (DOMINE_LC) in the DOMINE database. 
blastPDB: blastPDB method restricting the maximum percentage of sequence 
identity between query and template sequences (blastPDB_max90, 
blastPDB_max70 and blastPDB_max30) and the minimum percentage of 
sequence identity (blastPDB_min90, blastPDB_min70 and blastPDB_min30).The 
applicability is calculated as the percentage of protein pairs in the test set in 
which the method is able to create predictions.  

Data 
set   AUC 

ROC 
AUC 
PR MCC F1 PPV AUPC 

Applica-
bility 
(%) 

DOMINE_HC 0.61 0.00165 0.0157 0.0035 0.0017 0.2 19 

DOMINE_MC 0.62 0.00177 0.0175 0.0037 0.0019 0.23 23 

DOMINE_LC 0.61 0.00179 0.0161 0.0038 0.0019 0.16 32 

blastPDB_max90 0.58 0.03979 0.1923 0.192 0.2184 0.37 78 

blastPDB_max70 0.57 0.03142 0.1697 0.1682 0.2022 0.35 69 

blastPDB_max30 0.52 0.00386 0.0494 0.0462 0.0753 0.15 68 

blastPDB_min90  0.89 0.75 0.8706 0.8673 0.9592 0.83 1 

blastPDB_min70 0.87 0.65 0.8099 0.8079 0.8789 0.76 3 

blastPDB_min30 0.60 0.07740 0.2734 0.2639 0.3614 0.38 40 

PPIPP 0.61 0.00811 0.0257 0.0211 0.0111 0.26 100 

DBD 
4.0 

iFrag 0.7 0.00219 0.0158 0.0037  0.0019 0.16 53 
                 
                 

DOMINE_HC 0.66 0.00141 0.0192 0.0032 0.0016 0.24 47 

DOMINE_MC 0.66 0.00147 0.0198 0.0033 0.0017 0.23 52 

DOMINE_LC 0.66 0.00146 0.0195 0.0033 0.0016 0.24 56 

blastPDB_max90  0.67 0.03260 0.1748 0.1418 0.0886 0.66 84 

blastPDB_max70 0.65 0.02560 0.1538 0.1258 0.0793 0.66 84 

blastPDB_max30 0.57 0.0101 0.0922 0.0861 0.062 0.36 75 

blastPDB_min90  0.80 0.46 0.6767 0.6737 0.7492 0.60 4 

blastPDB_min70 0.72 0.27 0.5161 0.5106 0.6022 0.45 19 

blastPDB_min30 0.67 0.05150 0.2222 0.0204 0.1422 0.44 78 

PIPE-Sites 0.55 0.00158 0.0204 0.0101 0.005 0.05 70  

PPIPP 0.53 0.00680 0.0105 0.0165 0.0087 0.17 100 

SLIDER 0.50 0.00057 0.0028 0.0034 0.0025 0.01 6 

SLIDER_BIANA 0.49 0.00061 0 0 0 0.0005 2 

Human 
Contact  

Nr40 

iFrag 0.74 0.00241  0.0107 0.0023 0.0011  0.15 52 

 

. 
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5.3.4. Discussion 

The contact map prediction between two proteins can be done at different 

levels of details, ranging from large sized predictions such as domain-

domain interactions (low resolution predictions), medium sized 

predictions such as motif-motif contacts (medium resolution predictions) 

to residue-residue contacts (high resolution predictions). In this work we 

have reviewed the assessment of predicted contact maps of different 

shapes by analyzing the outcome of different evaluation measures. Some 

metrics are more appropriate for small sized predictions, such as PPV, 

which is highly penalized by false positives predictions. In contrast, other 

metrics such as AUC-ROC are preferred for bigger sized predictions 

because they cover a larger recall. Consequently, any of the traditional 

metrics is not suitable to be used to compare methods producing different 

contact map shapes. Here we have proposed a new measure named 

∆AUPC that presents the benefits of the standard measures while avoiding 

their disadvantages. ∆AUPC is useful to quantify the improvement gained 

with the predictions, independently of the size of the proteins and the 

shape of the predictions, including those involving a small number of 

predicted residue pairs but also those with a large coverage of interface 

(not specific for one or the other, but a balance of both).  

The goal of contact map predictions is to devise new experiments that 

could be relevant for a particular interaction, such as disrupting an 

interaction or increasing its binding affinity. The prediction of few 

contacts with a high precision would be enough to be useful in directed 

docking approaches. However, the prediction of larger motifs or domains 

responsible for the interaction could also be interesting to limit the protein 

region responsible for the interaction. Consequently, having an evaluation 

measure that allows to compare predictive methods regardless of their 

prediction shape and size is very useful.  
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Current computational approaches to detect contacting regions in proteins 

are far from perfect. According to ΔAUPC, the most accurate method is 

blastPDB, due to its small sized predictions and their high PPV in most of 

the interactions.  

When focusing on methods based exclusively on sequence (i.e. excluding 

blastPDB) we observe low ΔAUPC values. This poses the question if the 

signals provided by sequence alone are enough to predict with high 

precision their contacting residues. The same question was considered in 

the inference of protein-protein interactions using only sequence. Yu et al. 

(152) showed that many sequence-based kernels were not able to predict 

protein-protein interactions, but that only protein domain-based features 

had some predictive power. The fact that low resolution methods (such as 

DOMINE or iFrag) provide better ΔAUPC values than those predicting 

shorter regions (PIPE-Sites or SLIDER) also highlights this question. The 

answer maybe be in the funnel-like intermolecular energy landscape. If 

the molecular association between two proteins is the result of quasi-

infinite series of elastic collisions with a unique successful final pose, the 

formation of complexes would require an unaffordable time-scale as in 

Levinthal's paradox (192,193). The proposed solution is that interacting 

proteins are able to form intermediate complexes without using their best 

docking interface. This "stickiness" between interacting proteins would 

allow the formation of the intermediate complexes until the final complex 

pose is found. Consequently, two interacting proteins may have multiple 

intermediate interfaces, whose signal is found in their sequence. However, 

only the final pose is found in the crystal structure, and only those are 

evaluated. Large region predictions such as DOMINE or iFrag include 

large regions of the protein, usually domains. Such protein regions may 

contain all the signals for forming the intermediate and final complexes. 
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It is noteworthy that from methods exploiting protein-protein interaction 

networks to infer protein-protein interacting regions (PIPE-Sites, SLIDER 

and iFrag), an strategy like iFrag produces better results than PIPE-Sites 

or SLIDER. A part of the explanation provided by the funnel-like theory, 

some other differences could explain such differences. These methods 

could be too sensitive to the noise produced by the large percentage of 

false positives and false negatives present in the protein-protein 

interaction networks. Models based or trained using noisy data may alter 

their performance. Also, iFrag makes use of BIANA, which provides a 

more comprehensive dataset of template interactions due to the integration 

of several sources. 

 

5.3.5. Further directions 

We have validated the ΔAUPC measure in a computational model 

considering two variables and we have applied it to the evaluation of 

contact maps predicted with sequence-based inference methods. Once this 

metric has been defined, this study could be easily extended by 

incorporating other families of methods, such as those based on correlated 

mutations (45). Furthermore, ΔAUPC could be used to rank methods 

predicting contact maps based on structural features and compare their 

predictive power with sequence-based strategies. This would be an 

interesting scenario because crystallized complex structures usually 

contain only a fraction of the protein sequence, thus having a higher ratio 

between positive and negative residue-residue pairs. This higher 

proportion will affect the distribution of background AUPC, consequently 

will affect the ΔAUPC. 

We have applied ΔAUPC to quantify the predictive power of contact map 

predictions between two proteins, which is a bidimensional scenario. 
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Theoretically the same approach could be extended to analyze protein 

binding site predictions, i.e. methods predicting single residues being 

involved in an interaction, regardless of their interacting partner. In this 

later case, sequence-based and structure-based methods could also be 

compared and ranked. 
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5.4.  The iFrag server: a protein-protein contact map 

prediction tool 

The blastPDB and iFrag approaches (see section 5.3.2.5) have been made 

available to the scientific community through a webserver. The server 

exploits known 3D complexes (blastPDB) and PPI networks (iFrag) with 

minimal sequence similarity searches to predict possible binding regions 

between two proteins. The server is available at: http://sbi.imim.es/iFrag/ 

Input. The input consists on the two sequences of the pair of proteins. The 

sequence similarity search conditions can be modified by the user 

(BLAST e-value and percentage of sequence identity). 

Output. There are two outputs: 1) iFrag output: predicted scored contact 

map (represented as a heat-map image) using the iFrag approach (see 

section 5.3.2.5). Common fragments are searched against known 

interacting sequences in public repository databases integrated with 

BIANA (section 3.2). Predicted interacting regions can range from short 

fragments composed by few residues to complete domains or proteins, 

depending on available information on PPIs in each specific case. 

Interestingly, the server does not make any assumption about protein 

domain composition; and 2) blastPDB output: specific residue-residue 

contacts inferred by blastPDB.  

The output is complemented with sequence feature annotations described 

in Uniprot database (194) and matches with PFAM domains (195), which 

could help the user to easily identify or discard regions of interest for the 

design of their experiments. 
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5.4.1. iFrag server interface 

iFrag server provides a user-friendly interface and a comprehensive 

results-page (Figure 5.14). Traceability of sequence alignments with 

known 3D structures and known PPIs allows the user to comprehend the 

results and devise new experiments that could be relevant for a particular 

interaction. 

 

Figure 5.14. iFrag server screenshot. The results page is divided in three 
sections: 1) Submitted sequences; 2) Heat-map prediction and options; and 3) 
BLAST results. The session shows the iFrag heat-map prediction for the 
interaction between RING2_HUMAN and BMI_HUMAN. White spots indicate 
the real contacts between the two proteins. In the heat-map, blue indicates low 
iFrag scores while red indicates high scores. The heat-map is interactive: if the 
user navigates over the heat-map, the corresponding protein sequence positions 
are highlighted. BLAST results section is also interactive: the user can check the 
template interaction and the sequence alignments.  
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5.4.2. iFrag server outcome examples 

Figure 5.15 shows two success examples on the usage of the iFrag server. 

The sequence similarity search conditions were: 1) e-value lower or equal 

to 0.01; 2) no restrictions on sequence identity; and 3) template protein-

protein interactions detected by co-complex methods were excluded. 

Figure 5.15A shows the scores of the predicted contact map for the 

interaction between RING2_HUMAN and BMI1_HUMAN. In this case, 

the same contacting region could have been delimited by the inference 

based on interacting PFAM domains (not shown). Interestingly, in the 

example of the homo-dimerization of NPM2_HUMAN (Figure 5.15B), 

the iFrag server predicts a smaller region than the region provided by the 

domain-domain prediction (green area) inferred by DOMINE. 

 

Figure 5.15. iFrag server heat-map output examples.  A. The interaction 
between RING2_HUMAN with BMI1_HUMAN. Blue indicates low iFrag score, 
while red indicates maximum score. B. The homo-dimerization of 
NPM2_HUMAN is done throught its nucloplasmin domain (Pfam PF03066). Red 
indicates high iFrag score. Green indicates prediction based on domain-domain 
interaction provided by DOMINE. 
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6 Discussion 
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6.1.  Overview 

This thesis is focused in the study of protein-protein interactions from a 

bioinformatics perspective. The introduction noticed the different levels in 

which PPIs can be studied and the links between them. The accumulation 

of data and the explosion of computational based inference tools present 

interesting challenges that must be addressed. 

First, I have presented BIANA (chapter 3.2), a software framework 

designed to integrate several sources of biological data, exploit its 

relationships and facilitate its analysis. As stated in the introduction, one 

of the main problems in systems biology, also when studying protein-

protein interactions, is the completeness of the data (section 1.6.2). This 

fact is worsen by the fact that data is usually spread in multiple different 

repositories (section 1.6.1). This fact was studied in a preliminary study 

using PIANA (Appendix 1). Although this is not a new tackled problem in 

computational biology, existing approaches were limited in some points 

such as traceability or flexibility. BIANA has been designed to be 

flexible, allowing user specific data types and allowing users to handle 

user-specific integration rules with their own or with third-party 

databases. An example of its application in the generation of hypothesis 

for the Alzheimer and diabetes disease has been shown. The capability of 

executing BIANA through its Python API, using a webserver or as a 

Cytoscape plugin allows users to benefit from multiple execution 

platforms. Finally, the usage of BIANA has been shown to be useful in 

multiple other projects (Appendices 5, 6 and 8 and chapters 4 and 5). 

Second, I have presented the application of the BIANA integrated 

network for the prediction of interactions between Salmonella and host 

proteins (chapter 4.2).  In this work, I used the platform BIANA to obtain 
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the putative Salmonella-human and Salmonella-Arabidopsis interactomes 

based on sequence and domain similarity to known PPIs, in which a gold 

standard list of Salmonella-host PPIs served to validate the quality of the 

model. This approach provided insight into possible biological functions 

of so far uncharacterized proteins. As stated in the introduction, the data 

obtained with experiments is the base for the generation of new 

hypothesis, that must be validated through new experimentation (section 

1.2). This is an example on how the compilation of data provided by 

BIANA can be used as a platform for the generation of new hypothesis to 

be tested. A generalization of this approach has been made available to the 

scientific community through its implementation in a webserver called 

BIPS (chapter 4.3). The capability of BIPS to predict interactions on a 

large scale such as for whole proteomes in a reasonable time and the 

option for the user to select several filters to improve confidence in the 

results is presented as a useful tool for the generation of hypothesis to 

guide research experiments. 

The application of BIANA integrated network in the prediction of putative 

protein-protein binding regions has been explored. During this, the need 

of evaluation gold standards including datasets and evaluation metrics 

arised. This led to show that when using an integrated approach to manage 

different sources of predictions (see PRA-Tool in chapter 5.2), sequence-

based approaches have showed only limited success (see section 5.3). I 

proposed an evaluation measure that considered the heterogeneity of 

contact map shapes, both real and predicted contact maps. For any 

prediction method, the proposed metric considers the  probability of 

obtaining by chance a given set of predictions (see section 5.3.2.6). 
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Finally, I presented a tool (iFrag, chapter 5.4) for inferring protein-protein 

binding regions based on common minimal sequence fragments using the 

integrated networks provided by BIANA and the annotation management 

provided by the PRA-Tool (section 5.2). iFrag has a similar performance 

compared with other methods. However, the traceability provided by the 

predictions allows the researcher to explore the template interactions that 

generated such inferences. This traceability allow the scientist to decide in 

a more rational way if the time and economic costs of testing an 

hypothesis worth it.  

6.2.  Inference method comparisons: need of 

standards 

During the realization of this thesis, I used several third-party inference 

tools, either for protein-protein interaction, gene-priorization (see 

Appendix 8) or binding-site predictions. The contribution of a new 

computational approach is determined by its performance comparison 

with previously existing tools. The systematic comparison of equivalent 

tools under standardized conditions is crucial to determine the state of the 

art in a specific research area (196-198). The resulting comparisons are 

used to rank the methods or to detect their complementarities. The use of 

original reported performances is not possible due to the usage of different 

benchmarks and evaluation measures. The specific details of each dataset 

may influence in the result and may benefit a subset of approaches in 

detriment of others. Consequently, the researcher is forced to obtain the 

results of third-party tools for its own dataset.   

In the best scenario case, the executable or source code of third-party tools 

is available (189,199,200). In the second better scenario the approach is 

available through a webserver prepared to run a batch of queries or 
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providing an API to allow its automatic execution (201,202). An API 

accessing a webserver avoids execution problems  due to hardware or 

software compatibilities. Unluckily, most servers only allow the 

submission of single queries using a web browser, one by one. In such 

cases, the researcher needs to prepare a robot to automate it unless he 

wants to submit all instances of his benchmark one by one. Finally, there 

are situations in which submissions are limited by a captcha (183) or 

restricted to the lenght of the query (188). Furthermore, as the journal 

instructions for authors only require the resource is maintained from 2 to 5 

years, in some cases the source webpage is no longer available (179). 

These factors undoubtedly slow down the advance of science by 

hampering comparisons and high-throughput executions in different 

datasets. 

Community experiments, also called competitions, are particularly well-

suited for comparing different algorithms, as usually they provide 

systematic blind-tests to evaluate their performance. Blind-tests are 

important to avoid any type of bias or over-fitting to test datasets. CAPRI 

(203) is a community wide experiment on the comparative evaluation of 

protein-protein docking for structure predictions, that has announced 30 

rounds since 2002. Similarly, CASP (204) focus on protein structure 

prediction since 1994. System biology competitions are currently 

organized by DREAM initiative (205), such as the HPN-DREAM breast 

cancer network inference challenge (see Appendix 10).  DREAM results 

for a diverse set of challenges have recurrently demonstrated the "wisdom 

of crowds" phenomenon, where the aggregation of participant's results has 

proven to give robust and top performing results.  

However, the organization of such competitions is costly in terms of time 

and money. There are too many specific fields and it is not possible to 

create competitions for each specific area. Standard benchmarks widely 
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accepted by the scientific community appear as an interesting option, 

although they do not avoid the problem of over-fitting. The Docking 

Benchmark (136) or the negatome (153) are widely used samples, 

although new proposals are published continuously. Recently, Schomburg 

et al. proposed two new benchmarks for structured-based target prediction 

(206).  

Excluding the potential effect of dataset over-fitting, standard benchmarks 

would allow a direct comparison of new approaches with previous ones. If 

during the development of an inference method, the researcher has not 

used accepted and published standard benchmarks, journals should force 

authors to submit jointly with their manuscripts the complete training and 

testing datasets and the source code that generated such results. The 

access to such material is crucial to ensure replicability and to detect 

possible biases and evaluation flaws. Undoubtedly this would represent an 

extra effort for publishing, but it would speed up research. Nowadays, 

each research group protects their own data, tools and results, which ends 

up with enormous duplication of effort and missed opportunities. The 

proposal presented in chapter 4 is focused in that direction. 

At the end, we go back to the beginning. Advance in science is possible 

thanks to the testing of hypothesis that arise from the current knowledge. 

This knowledge is composed by collections of data and many hypothesis 

are generated from the inference provided by computational methods 

based on these collections. The ability to generate correct hypothesis to 

test will determine the speed of the research progress. Testing wrong 

hypothesis based on biased or incorrectly evaluated methods will slow 

down science, while increasing the credulity of computed inferred 

knowledge will accelerate it.  
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6.3.  Further directions 

Our view of PPIs is limited in terms of time and space. In fact, a single 

organism may have different interactomes depending on the set of 

proteins expressed in each cell type and in each cell cycle phase. Although 

for the moment the information on PPIs have been mainly considered in 

static pictures, scientists still have to work to obtain a complete dynamic 

map. Furthermore, PPI networks constitute only a part of a complex 

system involving other several inter-related networks such as metabolic 

networks, signaling pathways or gene regulatory networks. In the same 

way PPI data at different levels is like a puzzle, where single experiments 

provide new pieces that complete the picture of the interactome, different 

kind of networks provide new pieces to resolve the puzzle of the cell. In 

this context, data exchangeability and integration plays a very relevant 

role. Data integration strategies must take into account multiple sources of 

information, including different types of networks as well as dynamic and 

spatial restraints. But this integration should focus also in the integration 

of inferred data and critical evaluations of it. Obtaining, integrating and 

managing all this data is the present and future objective of the 

“integromic” approaches in life-sciences. 
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This section describes in short the main achievements of the work 

presented in this thesis. 

i) A new software framework for integrating, managing and

analyzing biological entity relations has been created. This

software, BIANA, solved traceability and flexibility flaws

present in other third-party tools.

ii) BIANA has been used to unify public repositories of

biological entities and their relations, including protein and

annotations and their interactions.

iii) BIANA integrated network has been used to infer and

compare potential protein-protein interaction networks

between Salmonella and two different hosts: Human and

Arabidopsis. Different filters have been implemented to

improve the confidence in these predictions,  which generate

new hypothesis that can direct future experiments.

iv) BIANA integrated network has been used to create an online

tool, BIPS, available through a web server. BIPS infers

interactions based on sequence homology in a large scale

manner.

v) A new framework, called PRA-Tool, for managing sequence

annotations obtained or predicted from different sources has

been created. PRA-Tool considers sequence annotation for

single proteins or protein-protein pairs, such as protein-

protein contact maps.

vi) A new evaluation measure for evaluating protein-protein

contact map predictions. This metric, called ΔAUPC, is based

on the random probability of obtaining a given set of
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predictions considering the shapes of predicted and real 

contact maps. 

vii) An online tool, iFrag, for inferring protein-protein binding

regions based on common minimal sequence fragments in

known interacting protein pairs was developed and compared

with other stat-of-art methods..
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Appendix 

In addition to the publications presented in previous chapters in this thesis, 

I participated in other research projects. Most of these collaborations 

consisted on direct application of the tools presented in this thesis. In such 

cases, they have been referenced in the corresponding chapters. This 

section includes a preview of all the rest of publications in which I was 

involved. 
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Appendix 1. Networks of Protein-Protein Interactions: From 

Uncertainty to Molecular Details 

Javier Garcia-Garcia, Jaume Bonet, Emre Guney, Oriol Fornes, Joan Planas 
and Baldo Oliva. Networks of Protein-Protein Interactions: from Uncertainty 
to Molecular Details. Molecular Informatics. 2012 May. 
31(5):342-362. DOI: 10.1002/minf.201200005

http://onlinelibrary.wiley.com/doi/10.1002/minf.201200005/abstract
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Appendix 2. Integration and prediction of PPI using multiple 

resources from public databases. 

Aragüés R, Garcia-Garcia J, Oliva B. Integration and prediction of PPI 
using multiple resources from public databases. J Proteomics and 
Bioinformatics. 2008. 166-187. 

http://omicsonline.com/Archive/HTMLJuly2008/JPB1.166.html
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Appendix 3. Extending Signaling Pathways with Protein-

Interaction Networks. Application to Apoptosis. 

Planas-Iglesias J, Guney E, García-García J, Robertson KA, Raza S, 
Freeman TC, Ghazal P, Oliva B. Extending Signaling Pathways with 
Protein-Interaction Networks. Application to Apoptosis. OMICS. 2012 
May;16(5):245-56.  doi:10.1089/omi.2011.0130

http://online.liebertpub.com/doi/abs/10.1089/omi.2011.0130
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Appendix 4. A taxonomy of organ-specific breast cancer 

metastases based on a protein-protein interaction network. 

R. Sanz-Pamplona, J. García-García, S. Franco, X. Massagué, K. Driouch, 
B. Oliva and A. Sierra. A taxonomy of organ-specific breast cancer 
metastases based on a protein-protein interaction network. 
M o l e c u l a r  BioSystems. 2012 Aug. 8(8):2085-96. 
DOI: 10.1039/C2MB25104C

http://pubs.rsc.org/en/Content/ArticleLanding/2012/MB/c2mb25104c#!divAbstract
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Appendix 5. Understanding protein-protein interactions using 

local structural features. 

Planas-Iglesias J, Bonet J, García-García J, Marín-López MA, Feliu E, 
Oliva B. Understanding protein-protein interactions using local 
structural features. J Mol Biol. 2013 Apr 12;425(7):1210-24. 
doi:10.1016/j.jmb.2013.01.014

http://www.sciencedirect.com/science/article/pii/S0022283613000302
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Appendix 6. iLoops:  a protein-protein interaction prediction 

server based on structural features. 

Planas-Iglesias J, Marin-Lopez MA, Bonet J, Garcia-Garcia J, Oliva B. 
iLoops:  a protein-protein interaction prediction server b a s e d  o n
structural features. Bioinformatics. 2013 Sep 15;29(18):2360-2. 
doi: 10.1093/bioinformatics/btt401

http://bioinformatics.oxfordjournals.org/content/29/18/2360.long
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Appendix 7. Protein kinase CK2-dependent phosphorylation 

of the human Regulators of Calcineurin reveals a novel 

mechanism regulating the calcineurin-NFATc signaling 

pathway. 

Martínez-Høyer S, A r a n g u r e n -Ibáñez A, García-García J, Serrano-Candelas 
E, Vilardell J, Nunes V, Aguado F, Oliva B, Itarte E, Pérez-Riba M. Protein 
kinase CK2-dependent phosphorylation of the human Regulators of Calcineurin 
reveals a novel mechanism regulating the calcineurin-NFATc signaling pathway. 
Biochim Biophys Acta. 2013 Oct;1833(10):2311-21. 
doi:10.1016/j.bbamcr.2013.05.021

http://www.sciencedirect.com/science/article/pii/S0167488913002115
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Appendix 8. GUILDify: A web server for phenotypic 

characterization of genes through biological data 

integration and network-based prioritization algorithms. 

Emre Guney, Garcia-Garcia J, Oliva B. GUILDify: A web server for phenotypic 
characterization of genes through biological data integration and network-based 
prioritization algorithms. Bioinformatics. 2014 Mar 4. PubMed PMID: 
24532728. doi: 10.1093/bioinformatics/btu092

http://bioinformatics.oxfordjournals.org/content/30/12/1789.long
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Appendix 9. ArchDB 2014: structural classification of loops in 

proteins. 

Bonet, Jaume; Planas-Iglesias, Joan; Garcia-Garcia, Javier; Marin-López, 
Manuel; Fernandez-Fuentes, Narcis; Oliva, Baldomero. ArchDB 2014: structural 
classification of loops in proteins. Nucleic  Acids Res. 2014 Jan;42(Database 
issue):D315-9. doi: 10.1093/nar/gkt1189. Epub 2013 Nov 21. PubMed PMID: 
24265221. 

http://nar.oxfordjournals.org/content/42/D1/D315.long
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Appendix 10. On the use of knowledge-based potentials for the 

evaluation of models of protein-protein, protein-DNA and 

protein-RNA interactions. 

Fornes O, Garcia-Garcia J, Bonet J, Oliva B. On the U s e  o f  K n o w l e d g e -
Based Potentials for the Evaluation of Models of Protein-Protein, Protein-DNA, 
and Protein-RNA Interactions. A d v  P r o t e i n  C h e m  S t r u c t  
B i o l .  2 0 1 4 ; 9 4 : 7 7 -120. PubMed PMID: 24629186.
doi:10.1016/B978-0-12-800168-4.00004-4

http://www.sciencedirect.com/science/article/pii/B9780128001684000044


Appendix  

 207 

Appendix 11. Participation in the DREAM8.5 Challenge 

Introduction	  

The comparison of tools or methods under standardized conditions is 

crucial to compare systematically the different methodological options. 

Community experiments, also called competitions, are particularly well-

suited for comparing different algorithms, as usually they provide a 

systematic blind-tests to evaluate the performance of different algorithms. 

For this reason, we participated in the HPN-Dream Challenge1 to test the 

use of machine learning algorithms using multiple source of data-

association evidences, including the use of protein-protein interaction 

networks and the prediction of kinase/substrate relations. 

As described in the challenge summary2, participants in this Challenge 

were provided with an extensive proteomics time-course dataset on four 

breast cancer cell lines and tasked with analyzing these data to solve the 

following 3 sub-challenges: 1) build network models that represent the 

active cell signaling pathways in breast cancer, 2) predict the dynamic 

response of various phospho-proteins to drug perturbations, and 3) 

propose novel strategies to visualize these high dimensional data. 279 

participants registered for the Challenge: 139 final entries were received 

and scored for sub-challenge 1 (network inference), 25 entries for sub-

challenge 2 (timecourse prediction), and 14 entries for sub-challenge 3 

(visualization). Nature Methods  agreed to consider for publication the 

submission of an overview paper describing the results and insights that 

arise from the HPN-DREAM Breast Cancer Network Inference 

1.1.1.1                                                 

1 https://www.synapse.org/#%21Synapse:syn1720047 
2 https://www.synapse.org/#!Wiki:syn1929437/ENTITY/63075 



Appendix  

 208 

Challenge. The challenge organizers have invited the HPN-DREAM 

consortium participants co-author the paper.  

Here it is exposed the method we applied. 

Random	  forest	  approach	  with	  multiple	  sources	  of	  data-‐association	  

evidences.	  

Authors. Javier Garcia-Garcia, Joan Planas-Iglesias, Daniel Poglayen, Bernat 
Anton, Jaume Bonet, Baldo Oliva. Structural Bioinformatics Group 
(GRIB/IMIM). Departament de Ciències Experimentals i de la Salut, Universitat 
Pompeu Fabra. c/Dr. Aiguader 88, 08003 Barcelona, Catalonia, Spain. 

 

Introduction	  

Our approach combines experimental measurements of protein levels 

(EXP) with literature derived attributes (LD) and knowledge-based 

inferred functional relations and signalling networks (KBi). Random 

forest (RF) classifiers were trained using a defined gold standard (GS). 

These classifiers were used to infer the causal networks proposed in the 

challenge. 

Methods	  

We built a GS to train RF classifiers using several attributes for each pair 

of phospho-proteins in subchallenges 1A and 1B (from now on referred as 

“proteins”). 

Gold Standard. We built a GS network, formed by 33 proteins and 38 

edges, searching information for the 48 protein states of the sub-challenge 

1A. 

Definition of the RF attributes. We built an array of scores describing the 

potential causality between each pair of proteins. Scores are derived from 

three sources: EXP, LD and KBi. For sub-challenge 1B, we could only 

use EXP scores. They were used as attributes for the RF classifiers. 
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1) EXP attributes. We used protein levels reported in sub-challenges 1A 

and 1B. All data reported in the sub-challenges for each “conditional 

network” (cell line, stimulus and inhibitor) were used to compute the 

scores. First, measurements were normalized using the mean and standard 

deviation of protein levels at time 0 for each inhibitor conditions without 

stimuli. We calculated the basal levels of each protein and the dispersion 

of the measurements (by noise and cell culture variability).  EXP 

attributes can be divided into two categories: (1a) continuous functions, 

and (1b) discrete scores. In the 1a category we used different correlation 

functions (Pearson, Spearman, and cross-correlation using Fast Fourier 

Transform and Wiener filtering of noise) and either normalized protein 

levels at the same time point or consecutive time points. In the category 

1b we transformed the normalized protein levels for each time point and 

experimental condition into binary values (0 or 1) using different 

thresholds (from 0.5 to 3.5, increasing by 0.5). Then, for each protein we 

constructed a vector with the dimension of time-points and experiments 

filled with 0 and 1. Pairs of proteins were scored using several statistical 

measures for the comparison of their vectors: Probability of being related 

according to a Chi-squared test; Ratio between equal and different values 

in the vector; Mutual Information; and Direct information (207). 

2) LD attributes: 2a) Known protein-protein interactions. We used 

BIANA (189) (http://sbi.imim.es/BIANA.php) to build a protein-protein 

interaction network with the proteins of the sub-challenge. We computed 

scores describing if there are known direct and/or indirect interactions 

between two proteins reported by any experimental method. 2b) 

Functional relations. We built a network as before, but we used the 

combined score provided by the database of STRING. 

3) KBi attributes: Three approaches were used to predict a relationship 

between any pair of proteins in the sub-challenge: 3a) iLoops predictions. 
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Prediction of protein-protein interactions based on local structural features 

(208) (http://sbi.imim.es/iLoopsServer/). 3b) Functional similarity. We 

computed the putative functional relationship based on GO as described 

by Wang et al. (209). 3c) Phosphorylation event predictions. We used the 

iGPS software to predict potential kinase-substrate pairs (199). The three 

approaches predicted a relationship with some score of reliability. We 

used this score as attribute. 

Random Forest. The attributes were used to train RF classifiers with 

WEKA (http://www.cs.waikato.ac.nz/ml/weka/). The GS was used as a 

positive training class while a negative set of the same size was built with 

random connections (excluding those in the GS) between protein pairs. To 

avoid biases in the negative sample selection, 500 different RF classifiers 

were trained. We used 10-fold cross-validation to validate the RF 

classifiers. Redundant pairs with identical attributes in test and training 

sets were not found. Edge scores between all protein pairs were obtained 

by computing the mean of all RF classifiers. For the subchallenge 1A, in 

each experimental condition, a penalization score was applied to remove 

irrelevant edges. Such penalty score, ranging from 1.0 to 0.5, was 

proportional to the level variation of both proteins forming the edge.  

Edge directionality. In order to distinguish AB from BA, thus to infer 

the direction of causal relationships, additional RF classifiers (RFD) were 

trained using only EXP attributes. 10-fold cross-validation was then 

applied to a dataset consisting of GS correctly directed pairs as positives 

and the GS pairs with inverted direction as negatives. Edge scores with 

predicted wrong direction were penalized by 0.75. 

Results	  and	  discussion	  

We proposed an approach that combines the data from different 

conditional networks with knowledge-based and computational inferences 
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to reproduce a static prediction of the causal network. Our method lacks a 

validation approach to transform the predicted static network in the 32 

specific sub-networks required by sub-challenge 1A. Furthermore, the 

lack of a negative causality standard (i.e. negative feed-back loops) 

hampered our ability to set a correct direction for edges in some strong bi-

directional cliques present in our models. Final ranking is shown in 

Figure 8.1. 

Figure 8.1. Final ranking for the HPN-DREAM breast cancer network inference 
challenge (https://www.synapse.org/#!Synapse:syn1720047/wiki/60530) 

Authors	  Statement	  
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