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Resumen 

Las interacciones entre proteínas (PPIs) son esenciales en la mayor parte de los procesos 

celulares y, por ello, su estudio permite mejorar nuestra comprensión de dichos procesos y de 

las enfermedades asociadas. Como consecuencia, se han llevado a cabo estudios para 

identificar redes de PPIs a gran escala. A pesar de la innegable utilidad de la información 

interactómica, para comprender los mecanismos moleculares de las PPIs es necesario disponer 

de información estructural. Desgraciadamente, las técnicas de biología estructural progresan 

más lentamente que la recolección de datos interactómicos y, por ello, la diferencia entre el 

número de PPIs que se conocen y el número de PPIs para los que se dispone de información 

estructural no para de crecer. Con el objetivo de mitigar este problema, el objetivo de esta tesis 

doctoral es el desarrollo de algoritmos que permitan predecir aspectos estructurales de las PPIs. 

La primera herramienta, 3DIANA, es una plataforma web que utiliza como fuente de 

conocimiento las interacciones a nivel de dominio (DDI) ya conocidas. Con ello, 3DIANA 

permite determinar la consistencia de los contactos entre los dominios de un modelo propuesto 

además de facilitar el modelado basado en plantillas o mediante “protein-protein docking”. 

La segunda, BIPSPI, es un predictor de sitios de unión de PPIs basado en aprendizaje 

automático y que considera a las dos proteínas de una PPI particular (“partner-specificity”). 

Con BIPSPI se puede predecir qué residuos forman parte de la interfaz de una PPI y, por ello, 

se pueden emplear para guiar “protein-protein docking”, con lo que se complementan las 

funcionalidades de 3DIANA. Sin embargo, BIPSPI puede usarse en escenarios alejados del 

“docking”, como, por ejemplo, cuando sólo se conocen las secuencias de las proteínas 

implicadas. Gracias a su “partner-specificity”, a las variables seleccionadas y a la potencia de 

su algoritmo de aprendizaje, BIPSPI es hoy uno de los mejores predictores de sitios de unión 

desarrollados hasta la fecha. 

De entre todas las variables que emplea BIPSI, las matrices de puntuación dependientes de 

la posición (PSSMs) sobresalen. Las PSSMs se han empleado en multitud de algoritmos 

bioinformáticos. Sin embargo, debido al coste computacional del cálculo de PSSMs, el 

desarrollo de estos métodos se ve ralentizado, como también los servicios webs que ofrecen 

estos algoritmos. Gracias a 3DCONS-DB hemos aliviado esta situación mediante la 

recopilación de las PSSMs de todas las proteínas incluidas en el Protein Data Bank (PDB), 

teniendo un impacto inmediato sobre BIPSPI. 

Todos estos recursos, juntos, suponen un potente arsenal que puede ser empleado para 

obtener información estructural de PPIs en muy variadas situaciones, como por ejemplo en el 

diseño racional de experimentos o en diversos análisis computacionales a gran escala. 



 

Abstract 

Protein-protein interactions (PPIs) are essential for most cellular processes, and thus, 

unveiling the molecular mechanisms of protein interactions is a crucial question for improving 

our understanding of cellular processes and associated diseases. Many studies have been 

conducted to compile interactomic data and build PPI networks for different organisms. This 

information has proven quite useful in order to grasp protein function and diseases. However, 

PPI networks lack of the needed granularity to explain the molecular underpinnings of 

interactions and thus, structural information becomes extremely valuable. Unfortunately, the 

pace at which interactomic data grows cannot be met by structural biology techniques. As a 

result, there is an increasing gap between the number of known PPIs and the number of 

structurally solved interactions. In an effort to mitigate this problem, this thesis explores the 

development of new computational tools for the structural prediction of PPIs. 

The first implemented tool is 3DIANA, a web platform designed for quaternary modelling 

and evaluation of protein complexes that uses domain-domain interaction (DDIs) data as a 

source of knowledge. 3DIANA can be employed to assess whether contacts between the 

protein domains of a given PPI model are consistent with known DDIs or to build structural 

models of PPIs through template-based domain-domain docking or guided protein-docking. 

The second tool, BIPSPI, is a machine learning-based method developed for the prediction 

of partner-specific binding sites, which performs predictions at residue level by identifying the 

residues that belong to the interface of a given PPI. As a complement to 3DIANA, BIPSPI’s 

predictions can effectively be employed to guide protein docking. However, its scope goes 

beyond docking as it can also be used when only protein sequences are available. Its partner-

specificity, along with a powerful learning algorithm and a carefully selected set of protein 

descriptors make BIPSPI a state-of-the-art prediction method. 

Among all of the protein descriptors used in BIPSPI, Position Specific Scoring Matrices 

(PSSMs), which are ubiquitously found in bioinformatics, stand out. Unfortunately, the 

computational cost of PSSMs calculation represents a hurdle in the development of new 

algorithms and, especially, to provide fast web services. With 3DCONS-DB, we have been 

able to alleviate this situation by pre-computing PSSMs for all proteins included in the PDB 

database. As a result, BIPSPI development and, more importantly, its web server predictions 

have experienced immense acceleration. 

All these methods comprise a powerful toolbox that can be used to obtain structural insights 

of PPIs in a broad range of situations, including experiment designing or computational high-

throughput scenarios.
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Introduction 

1. Overview 

When U.S. president Bill Clinton announced in 2000 that the first draft of the human genome 

was completed, he also stated that “in coming years, doctors increasingly will be able to cure 

diseases like Alzheimer’s, Parkinson’s, diabetes and cancer by attacking their genetic roots.” 

Despite this prediction not having been fulfilled yet, almost 20 years later, the overwhelming 

impact of genomics has revolutionized the field of biology. 

Genomics study the genetic material of an organism, its genome. Although a genome contains 

the whole genetic information of an organism, proteins, not genes, are the main components 

responsible for the execution of the genetic program. Moreover, it is well known that the number 

of genes of an organism does not determine its complexity, as illustrated by the fact that the 

number of genes of human beings is comparable to the number of genes of many other animals 

regarded as “less-complex,” such as roundworms (Milo et al., 2010; The Lancet, 2010). The 

regulation of gene expression and the interactions between the expressed products better explain 

these differences in complexity (Keskin et al., 2016). 

Other “omics” disciplines which focus on different types of cell components, have been 

developed to gain a better view of the whole picture. Similar to genomics, these fields are 

characterized by the simultaneous consideration of all the instances of a type of component that 

are present in an organism. Some of these “omics” fields include transcriptomics, which studies 

the gene expression patterns for different organisms, or proteomics, which studies the proteome 

or, in other words, all the proteins present in an organism (Janjić et al., 2014; Kandpal et al., 

2009). 

Proteomes are much more dynamic than their genomic counterparts, as they change during the 

cell cycle and are different in every tissue. The components of a proteome, proteins, are the main 

actors in the play of cellular life and, as in the theatre, they need to interact with other actors in 

order to fulfil their tasks (von Mering et al., 2002). Protein-Protein Interactions (PPIs) are among 

the most important molecular interaction types in cells. For this reason, there have been massive 

improvements in the study of PPIs, leading to thousands of PPI networks or interactomes for 

different organisms and contexts (Das and Yu, 2012; Orchard et al., 2014; Szklarczyk et al., 

2017). Nevertheless, in order to understand the molecular mechanisms behind cell processes and 

diseases, not only it is important to know which proteins interact but also how they interact. To 

this end, the structural determination of protein complexes becomes essential. 
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Although many experimental techniques can be employed to obtain structural information of 

PPIs, they are time consuming, expensive, and infeasible in some cases. Due to these reasons, it 

has not been possible for structural biology to meet the impressive pace of interactomics and, as 

a consequence, there is currently an increasing gap between the number of known PPIs and the 

number of interactions for which their structures have been experimentally determined. 

Fortunately, many computational tools used to predict structural information of PPIs are more 

accessible and faster than experimental techniques and thereby, they can be employed as a 

complement in order to reduce this increasing gap if some degree of inaccuracy is accepted. 

Following this line, the main goal of this thesis is to explore the development of new 

computational tools with the aim of alleviating our lack of structural knowledge for PPIs. The 

tools presented in this thesis include 3DIANA (Segura et al., 2016), a web platform that brings 

interactomic data to the help of quaternary structure modelling and a partner-specific protein-

protein binding site predictor, BIPSPI (Sanchez-Garcia et al., 2019), which relies, among other 

features, on the sequence profiles compiled in 3DCONS-DB (Sanchez-Garcia et al., 2017). 

2. Protein-protein interactions 

2.1. A biological overview  

Proteins play a pivotal role in virtually every cellular process. Among the broad range of 

functions they perform, proteins are the main structural components of cells, they drive most of 

the biochemical reactions as catalysts and they are also responsible for the signal transduction and 

regulatory mechanisms that control most aspects of cell dynamics (Alberts et al., 2014; Nelson 

and Cox, 2008). In addition to cellular functions, proteins are also involved in many processes at 

organism scale. For example, antibodies and complement system proteins perform immunologic 

tasks (Owen et al., 2013), whereas cell association for the formation of tissues is carried out by 

integrins, selectins and other cell surface proteins that bind to extracellular matrices, which also 

contain proteins such as collagen or fibronectin (González-Amaro and Sánchez-Madrid, 1999). 

Among the vast list of protein functions, virtually no task is performed by a single and isolated 

unit but rather an ensemble of multiple molecules comprised of mostly proteins. Many proteins 

form stable complexes that can function, for instance, as enzymes or biomolecular machines 

(Nelson and Cox, 2008). In addition, transient interactions, which involve complexes that are 

formed and broken easily, are of capital importance for signal transduction and regulatory events 

(Alberts et al., 2014; Jubb et al., 2015). Similarly, there are proteins that tend to interact with a 

limited number of fixed partners whereas others are promiscuous, and, to complicate things more, 

the occurrence of most interactions depend on many circumstances. If we also take into account 

that, on average, each protein interacts with five other proteins (Grigoriev, 2003), the diversity of 
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the universe of the PPIs appears intimidating. Despite this complexity, as most cellular 

mechanisms are carried out by interacting proteins and many diseases are known to be caused by 

alterations in those interactions (Jubb et al., 2015), important efforts have been made to untangle 

this complicate universe. These efforts have led to massive improvements in our understanding 

of cell processes and to practical applications as new pharmaceuticals targets identification (Jubb 

et al., 2015). 

2.2. Experimental approaches for the study of protein-protein interactions 

Given the diversity of the PPI universe, there is no universal approach that studies it completely. 

For this reason, an impressive number of experimental techniques have been developed to study 

the whole PPI universe. Some methods are intended to be applied at cellular scale, aimed at 

identifying most existing PPIs at the cost of detecting many artefacts such as false positives and 

false negatives. On the contrary, some other techniques that can precisely reveal the structural 

details of PPIs are generally time consuming and expensive, and thus not suitable for high 

throughput scenarios. It seems clear that in order to better understand PPIs, both perspectives 

should be jointly considered. Due to the scope of this thesis, the following sections mainly cover 

the experimental techniques employed to gain structural knowledge about PPIs. However, for the 

sake of completeness, some other experimental techniques that are employed to detect whether 

or not a given set of proteins interact are also referenced.  

2.2.1. Methods for the detection of protein-protein interaction 

Many different techniques have been developed with the purpose of detecting PPIs. One of the 

most popular methods is the yeast two-hybrid system (Y2H). This technique is based on the fact 

that some eukaryotic transcription factors are only functional when the DNA binding domain 

(BD) and the transcriptional activation domain (AD) are spatially close. Following this principle, 

each Y2H assay is performed by means of two fusion plasmids, one that contains the BD fused 

with one of the candidate proteins, and other that contains the AD merged with the other protein. 

The two plasmids are then transfected into a host cell that has been engineered so that the 

transcription factor encoded in the plasmids modulates the transcription of a reporter gen. Thus, 

if the candidate proteins interact, the BD and AD of the transcription factor become associated 

and, consequently, the reporter gene is transcribed (Fields and Song, 1989). 

The second branch of popular techniques includes the affinity tag purification (AT) methods. In 

these approaches, the target protein is tagged at its C or N terminus (Puig et al., 2001; Rigaut et 

al., 1999). Then, the cell lysate is introduced into an affinity chromatography column that retains 

the tagged proteins and those associated with them, whereas the rest of proteins are washed away. 

After that, the tagged proteins, together with the associated proteins, are eluted from the column 

and finally identified, being polyacrylamide gel electrophoresis followed by mass spectrometry 
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the most common procedure. A similar approach is co-immunoprecipitation in which the target 

protein is captured through the use of antibodies. Additionally, although less common, other 

techniques include the Fluorescence Resonance Energy Transfer spectroscopy (FRET) (Truong 

and Ikura, 2001) or the phage display system (Hertveldt et al., 2009; Smith, 1985). 

Finally, it is important to note that none of the techniques is perfect and they all produce both 

false positives and false negatives. The former problem can be illustrated with the small 

overlapping degree between the results obtained with different assays (Goll and Uetz, 2006), 

whereas the latter is exemplified by the low coverage of the available interactomes, with figures 

smaller than 50% for even the best one, the yeast interactome (Hart et al., 2006). As a 

consequence, the validation of the detected PPIs using alternative techniques becomes necessary. 

Similarly, computational predictions of PPIs can be of great value for increasing the coverage of 

the available interactomes. 

2.2.2. Structural determination 

The most powerful option for obtaining structural information about PPIs is solving the atomic 

structures of the protein complexes. Traditionally, the most commonly employed approach for 

such a task has been X-ray crystallography (Russell et al., 2004). In X-ray crystallography, 

crystals of the target protein complex are irradiated with an X-ray beam, which is diffracted by 

the crystals. With the information contained in the diffraction pattern, it is possible to obtain an 

electron density map from which an atomic model of the complex can be built (Garman, 2014). 

X-ray crystallography presents some drawbacks that limit its applicability. Thus, it can be argued 

that the structural model of the crystalized complex provides only a static picture of the structure 

and, consequently it does not reflect its dynamical nature. Another common problem is that many 

protein complexes do not crystalize, which makes other techniques necessary. 

For small complexes (<70 kDa) that can be purified in large quantities, the nuclear magnetic 

resonance (NMR) technique NOESY can be used to resolve their structure in solution, reflecting 

their different conformations (van Ingen and Bonvin, 2014). Recently, cryogenic electron 

microscopy (cryo-EM) has also become able to obtain high resolution models of protein 

complexes of weights above 50 kDa, requiring less amounts of purified protein (Egelman, 2016; 

Nogales, 2015). Moreover, and contrary to X-ray crystallography, cryo-EM is also able to resolve 

different conformational states when they are stable enough. 

As none of these techniques is able to provide a universal solution for all protein complex, some 

challenging complexes require integrative modelling (aka hybrid modelling). In this approach, 

the structure of the subunits is typically determined by X-ray crystallography or NMR 

spectroscopy, and the different subunits are then assembled into the native conformation. This 

second step is generally performed using modelling software guided by experimental data such 
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as low resolution cryo-EM maps or distance constraints that can be obtained, for instance, from 

NMR or crosslinking experiments (Rodrigues and Bonvin, 2014; Xu et al., 2015). 

Table 1. Number of protein complexes deposited in PDB structurally solved using different techniques. 

X-Ray crystallography NMR Cryo-EM Other 

87232 1293 3826 198 

Source: Personal compilation from http://www.rcsb.org carried out in November 2019. 

2.2.3. Mutagenesis analysis 

Although most protein interfaces are constituted by protein surfaces that present shape and 

electrostatic complementarity, PPIs are mostly driven by a few amino acids, termed hot-spot 

residues, that greatly contribute to the total free energy (Bogan and Thorn, 1998). Hot-spots can 

be detected by the systematic mutagenesis of every residue of a given protein while measuring at 

the same time free energy changes or if the interaction is blocked. Since, in order to remove their 

side chains, the residues are typically mutated to alanine, this procedure is generally called alanine 

scanning mutagenesis (Morrison and Weiss, 2001). 

One related technique, double mutant saturation mutagenesis, is based on the fact that pairs of 

residues that interact tend to remain conserved throughout evolution. Thus, if one of the residues 

of such a pair mutates, it is highly likely that the second residue also mutates to a complementary 

residue in order to compensate for the mutation. In this technique, residues that are thought to 

belong to the interfaces of both interacting proteins are mutated to all possible residue pairs 

(saturation mutagenesis), and those pairs that reflect the compensatory mutation effect are 

identified as interacting pairs (Gupta and Varadarajan, 2018). 

In both cases, the structural information obtained is limited to the identification of surface 

residues that belong to the binding sites or pairs of residues that are likely in contact. However, 

this information, when combined with other approaches such as protein-protein docking, becomes 

extremely powerful, allowing for the construction of high-quality atomic models (Buonpane et 

al., 2005; Dominguez et al., 2003). 

2.2.4. Cross-linking and mass spectrometry (XL-MS) 

In the context of PPIs, cross-linking refers to the artificial formation of covalent bonds between 

amino acid side chains and some chemical reagents with two functional groups that indirectly 

link the amino acids. Although cross-linking can be employed for many purposes such as transient 

interaction stabilization and PPI detection (Holding, 2015) – as the length of the resulting bridge 

http://www.rcsb.org/
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between the amino acids depends on the reagent – it can be used to obtain structural information 

about proteins and complexes (Merkley et al., 2013). 

In a typical XL-MS (cross-linking and mass spectrometry) experiment, a purified protein 

complex is incubated with some cross-linking reagent until both inter- and intra- chain linkages 

are formed. Then, the complex is digested with a protease to obtain a mixture of peptides that can 

be analyzed by liquid chromatography followed by tandem mass spectrometry. As a result, the 

sequence of the cross-linked peptides is obtained, and thanks to the known size and substrate-

affinity of the cross-linker, it is possible to obtain distance constraints. These  constraints provide 

residue-pair level information of protein complexes that can severely simplify the process of 

hybrid modelling (Merkley et al., 2013). 

Some technical limitations, such as the fact that the inter-protein cross-linked peptides represent 

a tiny fraction of the total amount of peptides (Holding, 2015), have limited XL-MS impact in 

structural biology. Nevertheless, it is currently becoming a successful tool for obtaining many 3D 

models, especially for hybrid models of large complexes that are elaborated combining different 

sources of data such as cryo-EM and X-ray crystallography (Urlaub, 2017). 

2.2.5. Nuclear magnetic resonance spectroscopy 

Besides structural determination, nuclear magnetic resonance spectroscopy (NMR) can be 

employed to obtain lower resolution information about the structure of protein complexes. There 

are many different NMR alternatives for this purpose, each of them aiming to obtain different 

types of information at different resolution levels. Among all of them, the Chemical Shift 

Perturbation (CSP) analysis is probably the most common one (O’Connell et al., 2009). 

CSP, which is based on the heteronuclear single quantum correlation experiments (HSQC) 

(Bodenhausen and Ruben, 1980),  is employed to determine the binding site residues of PPIs. In 

HSQC, the transference of magnetization between a proton and another heteronucleus, typically 

15N, is measured. As a result, a 2D spectrum that contains one pick for each single proton 

bounded to a 15N atom is recorded. As all amino acids except proline contain at least one N-H 

bond and the environments in which they are located are different, all the residues appear as single 

picks, giving rise to the fingerprint of the protein. In CSP analysis, one of the two partners of the 

PPI is isotopically labelled with 15N (the one whose binding site is to be determined). Then, the 

15N-HSQC spectrum of the labelled protein is collected first in the absence of the protein partner 

and later, when the partner is present. The binding of the two proteins changes the chemical shift 

of the residues nucleus that are close to the interface, and thus, from direct comparison of the two 

spectra, it is possible to identify which residues are involved in the interaction. In order to obtain 

the binding site of the other protein, the same experiment can be conducted when the labelling 

pattern is exchanged. Although powerful, CSP analysis presents some drawbacks. For example, 
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it may find false positives due to conformational changes altering chemical shift of far residues. 

Moreover, some residues of the interface do not suffer strong chemical shift variations and thus, 

they are not spotted as binding site residues. Finally, the recovered information does not provide 

any insights into the distances and orientation of the two partners (O’Connell et al., 2009). 

In order to overcome some of these limitations and to obtain complementary information at 

different resolution level, other NMR-based techniques were developed. For example, the cross-

saturation approach can also be employed to determine the binding site residues when 

conformational changes are expected, whereas NOEs and paramagnetic mapping techniques can 

be employed to measure the distance between pairs of atoms (Rodrigues et al., 2015). 

2.3. Computational approaches for the study of protein-protein interactions 

The different limitations of the experimental approaches have fuelled the development of a 

massive number of computational tools that can be used to study PPIs from different perspectives. 

As the main aim of this thesis is the prediction of structural properties of PPIs, the following 

sections mainly focus on some of the most commonly employed approaches for the prediction of 

quaternary structure at different resolution levels. However, for completeness and because 

3DIANA employs DIMERO (Segura et al., 2015) to predict whether two protein domains interact, 

the next section briefly reviews some computational tools used to predict whether or not two 

proteins interact. 

2.3.1.  Methods for the prediction of proteins that interact  

One of the most powerful ideas employed to predict whether or not two proteins interact is the 

search for interologs, conserved pairs of proteins that have interacting homologs in other 

organisms (Matthews et al., 2001; Walhout et al., 2000). Other popular methods are directly based 

on genomic information. For example, gene distance-based methods suppose that genes that are 

close in intergenic distance throughout evolution are functionally related and thus prone to 

interact (Dandekar et al., 1998). Similarly, in the simplest versions of co-occurrence 

(phylogenetic-based) methods, which are founded on the co-evolution principle, proteins are 

predicted to interact when the two partners are jointly present or absent through the evolution tree 

(Marcotte et al., 1999). Finally, in gene fusion-based algorithms (Enright et al., 1999), putative 

interacting proteins are identified from homologous genes that have undergone gene fusion events 

in some other species. 

Besides genomics-based methods, it is possible to identify interacting proteins studying the co-

expression patterns of genes (Ge et al., 2001), using text mining of the literature (Ono et al., 2001) 

or analysing sequence properties of interacting protein such as co-evolution, k-mers composition, 

or codon usage (Guo et al., 2008; Liu et al., 2013; Najafabadi and Salavati, 2008). The latter 
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approaches, sequence-based, usually rely on machine learning algorithms in which sources of 

information of different natures are used to train classifiers on examples of known PPIs (Bock 

and Gough, 2001; Guo et al., 2008; Xia et al., 2010). 

Finally, it is also possible to predict whether two proteins interact through an analysis of the 

topology of known PPI networks. Similar to many real-world networks, PPI networks behave as 

small-world networks (Watts and Strogatz, 1998), which are characterized by the existence of 

hub nodes, nodes that are highly connected to other nodes. In these kinds of networks, it has been 

shown that if two nodes share many neighbors, it is likely that the two nodes are connected. This 

property, which is a consequence of the neighborhood cohesiveness of the graph, can be employed 

to predict if two proteins interact (Goldberg and Roth, 2003) and forms the basis of DIMERO  

(Segura et al., 2015), the tool that 3DIANA (Segura et al., 2016) employs to predict if a pair of 

domains interacts. 

2.3.2.  Ab initio protein-protein docking 

Ab initio protein-protein docking (PP docking) algorithms are a set of computational techniques 

employed to model the 3D quaternary structure of protein complexes given the 3D structures of 

the partners that constitute the complex. Protein-protein docking can be formulated as a search 

problem of the native quaternary structure among all possible solutions (poses) defined by the 

conformation and relative position and orientation of the protein partners. Under this form, 

docking algorithms can be decomposed into two parts: the sampling of the solutions space and 

the scoring of the poses. 

One of the simplest space sampling approaches considers protein partners to be rigid bodies. 

Then, a six-dimensional search is conducted by fixing the position of one of the partners while 

the other is translated and rotated around the three possible axes and three possible directions 

(Levinthal et al., 1975; Wodak and Janin, 1978). As this naïve approach has an 𝑂(𝛼3𝑡3) 

complexity, the number of possibilities explodes even for small levels of discretization. 

Alternatively, different approaches have been proposed to accelerate this search. Some of them 

explore the solutions space heuristically, using strategies such as Monte Carlo searches (Gray et 

al., 2003) or genetic algorithms (Gardiner et al., 2001). Others exploit the convenient Fourier 

space property known as convolution theorem in order to speed up the exhaustive search 

(Katchalski-Katzir et al., 1992). Still, the six-dimensional search space is so large that directly 

predicting a correct pose is not feasible and, instead, a set of hundreds of poses, in which just a 

small fraction is correct, is proposed. Fortunately, if some a priori knowledge about the PPI is 

available, for example, experimentally measured distance restraints between residues, the 

solutions space would be severely reduced, as many possible solutions in the unrestricted space 

can now be directly ruled out, improving both accuracy and speed (Dominguez et al., 2003). 
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These algorithms that employ external data are generally termed “data-driven docking” and are 

among the top-performing algorithms in CAPRI competitions (Janin et al., 2003).  

Regarding the scoring of solutions, many different scoring functions have been proposed. These 

functions, which in some cases are tightly bound to the search strategy (e.g. FFT and correlation), 

usually estimate the shape and physicochemical complementarity of the subunits, though they can 

also consider statistical potentials or biological knowledge (Gromiha et al., 2017). 

In order to obtain more realistic solutions, modern docking algorithms tend to consider the 

flexibility of the proteins. Since including flexibility in the search strategy would be 

computationally infeasible due to the degrees of freedom needed to be considered, a typical 

strategy is to perform Monte Carlo search or molecular dynamics before or after rigid body 

docking in order to find the appropriate configuration of the side chains and the backbone 

(Andrusier et al., 2008). 

Finally, as neither the search process nor the scoring functions used in docking are perfect, the 

list of proposed poses requires re-ranking in order to find the most likely solutions. In order to do 

so, some strategies that may include molecular dynamics-derived scores, machine learning scores 

or clustering of the different poses are commonly employed (Ritchie, 2008). 

2.3.3.  Comparative 3D quaternary modelling:  homology and templates 

The idea behind comparative 3D quaternary modelling (also known as homology-based or 

template-based modelling) is an extension of the search for interologs employed to predict if two 

proteins interact. Basically, it is based on two experimental observations: 1) the different types of 

PPIs at structural level seem to form a limited catalogue of less than 10000 distinct types, and the 

different types of interfaces may be limited to less than 2000 cases (Gao and Skolnick, 2010; 

Garma et al., 2012); 2) homologous pairs of proteins, even distant ones, tend to interact through 

similar interfaces (Aloy et al., 2003). As a consequence, it is generally accepted that if the 

structure of the interaction of a pair of proteins is known, protein pairs with sequence identity 

levels above 30% can be 3D modelled using the known structure as a template (Aloy et al., 2003).  

Based on these principles, many 3D comparative modelling algorithms have been developed. 

What all algorithms share in common is that they first try to identify suitable templates that are 

later used to build the model from the monomers. However, different approaches perform this 

process differently. According to the process used to detect the templates from the query proteins, 

methods can be classified as structure-sequence, sequence-sequence or structure-structure search 

methods (Vakser, 2014). 

In the first type, structure-sequence search, the inputs are the sequences of the complex subunits 

and the models are predicted from the structures of the available templates using dimeric 
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threading (Lu et al., 2002), which also produces the 3D quaternary model. The other cases, 

sometimes termed template-based methods, the inputs are the structures of the subunits and the 

templates are found either by sequence comparison (Aloy and Russell, 2002) or structural 

comparison (Sinha et al., 2010). Once the template is found, the structures of the subunits are 

superposed to the template, obtaining the model. Another strategy that falls in between sequence-

sequence and structure-structure search is Domain-Domain Interactions (DDIs) template-based 

algorithms. As many PPIs are mediated by a limited set of DDIs (Itzhaki et al., 2006; Nye et al., 

2005), these algorithms can be used to successfully model them. In these methods, a sequence 

profile search is performed to find domains in the subunits for which DDIs’ structural templates 

are available. Although the search is not performed at the structural level, as sequence profiles 

represent well-defined domains, it can be considered an indirect structural search. This approach 

is faster than previous ones but better suited for remote homologous cases than sequence search. 

This latter approach, based on DDIs, is included in 3DIANA. 

Comparative modelling can overcome some of the pitfalls that ab initio docking struggles with. 

Thus, they are better suited to model cases where conformational changes are important and they 

can also provide solutions for complexes in which the proteins remain unstructured until complex 

formation (Kundrotas et al., 2008). Moreover, they are computationally light and suitable for 

high-throughput studies and the set of solutions they provide is small compared to ab initio 

docking. Despite its multiple advantages, and contrary to the case of tertiary structure modelling, 

quaternary structure comparative modelling has been less employed than ab initio docking 

(Vakser, 2014). There are some reasons that can explain this tendency. First, although similar 

protein pairs tend to interact in similar poses, it is also true that close homologues can interact 

differently (Aloy et al., 2003).  Secondly, ab initio docking techniques are more mature compared 

to homology-based or template-based 3D quaternary modelling approaches (Vakser, 2014). Last 

but not least, the lack of structural templates for many PPIs prevents the employment of 

comparative modelling (Kundrotas et al., 2008). However, the latter may no longer be true as the 

number of protein complexes solved is growing each year and, as some studies have already 

pointed out, the number of already available templates allows for the modelling of most of the 

known PPIs when the structure of both partners of the complex are known (Vakser, 2014). 

2.3.4.  Binding site prediction 

The residues that are present at the interface of PPIs exhibit some characteristics that 

differentiates them from the rest of the residues, and thus, make it possible to predict, to a certain 

extent, whether or not a residue belongs to a protein binding site. Thus, for example, it has been 

observed that the interfaces are enriched in hydrophobic residues when compared to the rest of 

the surface residues (Glaser et al., 2001; Yan et al., 2008) and it is also known that charged 

residues play an important role in PPIs (Zhao et al., 2011). The fact that interface residues 
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generally exhibit higher solvent accessibilities is widely employed to predict interface residues 

(Jones and Thornton, 1997). Another useful property is sequence conservation, which tends to be 

higher for residues in the interface than for non-interface surface residues (Choi et al., 2009; 

Lichtarge et al., 1996; Lichtarge and Sowa, 2002; Xue et al., 2011; Yan et al., 2008), although 

this tendency has been questioned in other studies (Caffrey et al., 2004; Reddy and Kaznessis, 

2005). In spite of these disagreements, the fact that many biding site prediction methods are based 

on conservation implies that this feature must contain information about protein interfaces despite 

the general trend cannot be easily described. 

The properties summarized above and many others can be used, separately or jointly, to predict 

the binding site of a given protein, defined as the residues of that protein that are in contact with 

other proteins. As many proteins have several different interacting partners (Grigoriev, 2003) and 

their interfaces can be completely different, two types of binding site predictors can be considered 

according to their partner or non-partner-specificity (Ahmad and Mizuguchi, 2011; Xue et al., 

2011). Partner-specific binding site predictors aim to predict the interface residues that are 

involved in a particular PPI, whereas non-partner-specific approaches pursue the identification of 

the residues of the protein that can interact with any other partner. Most available binding site 

predictors are non-partner-specific, however, partner-specific predictors tend to outperform their 

non-partner specific counterparts. As a result, most future interface predictor will probably adopt 

this perspective (Xue et al., 2015). 

Protein binding site prediction methods can be classified in multiple ways. Depending on the 

input type, there are three different classes: first, methods that employ as input sequences; second, 

approaches that require structures; and third, methods that employ both. In addition, binding site 

prediction methods can be classified according to algorithmic principles, including the following 

strategies: template-based, structural mapping-based, and machine-learning-based. The latter 

criterion is employed in this section. 

First, in template-based predictors, which are founded on the same principles that were described 

in the previous section, the binding site of a protein is derived from structural templates. In the 

selected templates, one of the partners is similar to the query protein and the other can be either 

any protein that interacts (non-partner-specific) or just those proteins that are similar to a 

particular one (partner-specific). Examples of this approach are PredUs (Jordan et al., 2012) and 

T-PIP (Esmaielbeiki and Nebel, 2014), which employ structural comparisons for similarity 

measurement or HomPPI (Xue et al., 2011), which employs sequence comparisons. Similarly, in 

3DIANA, we included a template-based binding site predictor that works at the DDI level. 

In structural mapping-based approaches, certain properties derived from the sequence of the 

query protein, especially sequence conservation, are mapped onto its 3D structure. Then, selected 
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features are combined using a scoring function so that patches of contiguous residues are 

predicted as interacting according to the resultant score and some clustering criteria. Examples of 

this approach include WHISCY (de Vries et al., 2006) or ConSurf  (Ashkenazy et al., 2010). 

Finally, machine learning-based methods are the most common approaches. There are a wide 

variety of algorithms that employ very different sets of features and learning algorithms. 

However, what most of them have in common is that they set out the problem of binding site 

prediction as a binary classification problem in which residues (or groups of them such as patches 

or k-mers) collected from the input are predicted as interacting or not interacting. Due to the scope 

of this thesis, these methodologies are discussed in further detail in the last section of the 

introduction. 

2.3.5.  Correlated mutations: co-evolution at the sequence level 

Co-evolution, originally defined as the joint evolution of two species that interact, is a 

phenomenon that not only affects organisms but also occurs at the molecular level (Pazos and 

Valencia, 2008). Residues of a protein that are functionally important or responsible for the 

protein structure tend to co-evolve in order to preserve the function and the structure of the protein 

(Göbel et al., 1994). This idea also applies to interacting proteins, in which important interface 

residues also co-evolve and thus, their mutations are correlated so that mutations in one partner 

are compensated by mutations in the other partner (Pazos et al., 1997). 

Correlated mutations are detected through multiple sequence alignments (MSAs), from which 

the probability of each amino acid type to be found in each column is estimated. However, 

detecting relevant residue pairs is not as easy as finding pairs of amino acid positions in the MSAs 

that are highly correlated mainly because of two problems: phylogenetic bias (the sequences 

contained in the MSA are biased due to the evolution of the organisms) and indirect coupling 

effects (if A interacts with B and B with C, A and C are correlated but not interacting) (Lapedes 

et al., 1999). Fortunately, recent efforts have succeeded in correcting these two sources of noise 

(Adhikari et al., 2018; Dunn et al., 2008; Jones et al., 2012; Weigt et al., 2009). As a result, 

correlated mutations are now commonly employed for the prediction of intra protein contacts, 

improving the performance of tertiary structure modelling algorithms (Simkovic et al., 2017). 

Although the biological fundaments and the mathematical principles are the same, the problem 

of predicting interacting pairs of residues in PPIs is much more challenging because of the 

difficulties of collecting many interacting pairs of sequences in order to build the pairwise MSA. 

Thus, if building the required MSAs of several hundreds of non-redundant sequences (Skwark et 

al., 2014) is possible for many proteins, there are much less examples in which pairwise MSAs 

have been successfully built (Hopf et al., 2014; Ovchinnikov et al., 2014). 
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3. Data science 

Data science is a multidisciplinary field in which different disciplines such as statistics, machine 

learning or computer science are jointly employed in order to “learn from data.” Although some 

statisticians have been working for decades on what today would be called data science, it was 

not until Cleveland’s publication (Cleveland, 2001) that the term acquired its current meaning. 

Under the umbrella of data science, classical statistics leaves room for other tools needed to 

handle and analyze massive amounts of data, going beyond theoretical results and placing a 

special emphasis on tangible results. Given the looseness of this definition, the next sections only 

cover the main data science tools that have been used in the development of this thesis. 

3.1. Graph analysis  

Graphs are data abstractions that can be employed to model many systems. Formally, a graph is 

an ordered pair 𝐺 = (𝑉, 𝐸) composed of a set of vertices or nodes 𝑉 = {𝑣𝑖} and a set of edges 

𝐸 = {𝑒𝑘|𝑒𝑘 = (𝑣𝑖, 𝑣𝑗)}. The degree of a node is the number of edges to which it is connected. If 

the edges are unordered pairs of nodes, the graph is said to be undirected and directed otherwise. 

Many interesting questions about graphs can be laid out. Among others, the problems related with 

path routing, net flux or subgraphs isomorphism are of particular relevance. When one considers 

natural networks, such as those that occur in biology, it is interesting to study the connectivity of 

the associated graph. In order to do so, the average path length or different clustering coefficients 

are commonly used. 

The average path length of a graph is computed as the average minimum distance between all 

possible pairs of nodes of the graph and provides an estimation of how quickly information can 

be propagated through the network. On the other hand, clustering coefficients measure the 

tendency of the vertices of the graph to form clusters. Local clustering coefficients, which 

measure the interconnectivity of the neighborhood of a node, are generally preferred over global 

coefficients as they can be used to identify different types of nodes. Moreover, a global clustering 

measurement can always be obtained from local coefficients taking the average value over 

vertices. For undirected graphs, the local clustering coefficient can be defined as follows: 

𝐶𝑖 =
2𝑛

𝑘𝑖(𝑘𝑖 − 1)
  

where 𝑛 is the number of edges between the neighbours of the 𝑖-th node and 𝑘𝑖 is the degree of 

the 𝑖-th  node (Watts and Strogatz, 1998).  

In this thesis, undirected graphs are used to represent interactomes, which exhibit small-world 

network properties (Watts and Strogatz, 1998). According to this representation, a DDI propensity 

can be obtained based on modified versions of the meet/max coefficient, which is a pair-based 
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clustering coefficient (Ravasz et al., 2002; Segura et al., 2015) that measures neighborhood 

cohesiveness. Let 𝛿𝑛 be a protein domain, 𝑅(𝛿𝑚) the set of proteins that contain domain 𝛿𝑛, and 

𝑁(𝛿𝑛) the set of proteins that interact with a protein containing domain 𝛿𝑛. Then, the interacting 

nodes proportion coefficient for a pair of domains (𝛿𝑛, 𝛿𝑚) is defined as follows: 

𝑐𝐼𝑃(𝛿𝑛, 𝛿𝑚) =  max {
|𝑁(𝛿𝑛)  ∩ 𝑅(𝛿𝑚)|

|𝑁(𝛿𝑛)|
,
|𝑁(𝛿𝑚)  ∩ 𝑅(𝛿𝑛)|

|𝑁(𝛿𝑚)|
}  

and the common neighborhood proportion follows the expression: 

𝑐𝑁𝑃(𝛿𝑛, 𝛿𝑚) =  max {
|𝑁(𝛿𝑛)  ∩ 𝑁(𝛿𝑚)|

|𝑁(𝛿𝑛)|
,
|𝑁(𝛿𝑚)  ∩ 𝑁(𝛿𝑛)|

|𝑁(𝛿𝑚)|
}  

These two metrics were proven capable of determining if a pair of protein domains interact by 

Segura et al. (Segura et al., 2015) and are at the root of 3DIANA functionalities. 

3.2. Machine learning 

The term machine learning, attributed to A. L. Samuel (Samuel, 1959), refers to a subfield of 

artificial intelligence that aims to develop computing systems capable of learning from data 

examples how to perform a task without being explicitly programmed for that task. As the concept 

of learning is rather abstract, in the context of machine learning, it is generally understood as the 

process of improving performance on a given task, according to a defined metric, as the 

experience of the learning system increases (Mitchell, 1997). Based on this definition, the two 

core components of most machine learning systems are: experience, which for practical purposes 

translate to data examples, and performance measurements, generally embodied as cost functions, 

which need to be optimized in order for a system to “learn.” 

Although originally considered an approach to obtain hard artificial intelligence, machine 

learning has now evolved into a toolbox of different algorithms designed to tackle practical 

problems such as image or speech recognition. Most of the problems that can be approached with 

machine learning fit into the categories of regression, classification, or clustering. In regression 

problems, a real value dependent variable associated with a data point is intended to be predicted. 

Similarly, in classification, the aim is to predict the class in which a data point belongs. Finally, 

in clustering, data points are desired to be grouped together according to their similarities. 

Different problems are approached differently, giving rise to two main types of machine learning 

algorithms: supervised and unsupervised. In supervised algorithms, the training examples consist 

of both data points and associated labels that are used to build models to predict the labels of 

unseen data points. As labels can be discrete or continuous values, classification and regression 

problems are generally tackled as supervised problems. On the other hand, clustering problems 

are mostly approached with unsupervised algorithms, which are characterized by the absence of 
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labels associated with the data points and by the employment of some similarity criteria to find 

relationships between points. Independently of the algorithm, what all techniques have in 

common is that they extract knowledge from sets of data points, which are formally represented 

as vectors of features. 

In the works presented in this thesis, only supervised algorithms were employed. Thus, the 

following sections only discuss these algorithms. If curious about unsupervised learning, the 

reader is referred to a review written by Ghahramani (Ghahramani, 2004). 

3.2.1. Supervised machine learning 

Despite the wide variety of mathematical principles that the different supervised machine 

learning algorithms are based on, from a user perspective, they can be viewed as black boxes that 

employ a training data set in order to generate models with the aim of predicting the labels 

associated with the data points. Let  𝑇 = {(𝑋1, 𝐿1), … , (𝑋𝑖 , 𝐿𝑖), (𝑋𝑛, 𝐿𝑛)} a sample of data points taken 

from the set of all possible examples 𝐷, where 𝑋𝑖 ∈ 𝐷 can be described as a vector of m features 

𝑋𝑖 = (𝑥1, … , 𝑥𝑗 , … , 𝑥𝑚) and 𝐿𝑖 is its associated label, which can be a vector of real value numbers 

for regression problems or a vector of categories for classification. Let us also define the mapping 

between the data examples and their labels as the function 𝑀: 𝐷 →  𝐿. Then, the machine learning 

algorithm 𝑚𝐿: 𝑇 →  𝑀′ is a function of the training data 𝑇 that obtains 𝑚𝐿(𝑇) = 𝑀′, 𝑀′: 𝐷 →  𝐿, an 

approximation of 𝑀. The quality of the approximation 𝑀′ depends on the complexity of the learnt 

model with respect to the complexity of the mapping function 𝑀 and on the coverage of the 

training set respect to 𝐷. Thus, when the training set covers all the possible cases (𝐷 = 𝑇), the 

mapping is perfect (𝑀 = 𝑀′) if the model is complex enough to capture the entire variability of 

the data examples. 

These latter considerations bring up the practical problem of the overfitting-underfitting trade-

off, which is related to the ability of the learnt models to both fit the training set well and to 

generalize to unseen examples and it is illustrated in Figure 1. When a model is too simple to 

capture the variability of the data points contained in the data set (left hand side subplot), the 

model suffers from underfitting. On the other end, if the model is too complex (right hand side 

subplot), not only would it fit the variability of the data points but, it would also fit the noise, 

lacking of generalization. Both ends are undesirable as the predicted values would be inaccurate 

and, in this case, as Aristotle once said, "virtue is the happy medium between two extremes." 

Consequently, one of the tasks that machine learning practitioners face daily is the search for this 

middle point in model complexity, which is briefly discussed in the next section. 

3.2.2.  Supervised machine learning workflows 

Machine learning systems undergo two phases (see Figure 2). In the first phase, training phase, 

the training data set is used to train a model. In the second phase, the inference phase, the already 
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trained model is employed to predict the labels of data points that were not used during the training 

phase. The training phase is not a static but rather a cyclical process. Each of the training cycles 

begins with a collection and pre-process of data examples and it is followed by the codification 

of the data points as feature vectors suited for the machine learning algorithm. Then, the encoded 

data is generally split into training and validation subsets. The first one is employed to train the 

machine learning algorithm, whereas the second one is used after training in order to estimate the 

performance of the trained model. The analysis through performance metrics (e.g. accuracy) 

evaluated during training and the performance estimations computed from the validation set are 

used to diagnose if the model suffers from underfitting (large training error) or overfitting (small 

training error but large validation error). Then, corrective measurements for the next training 

cycle can be applied. These corrective measurements include training data set modifications, 

feature engineering, and hyper-parameter (user-set parameters) tuning. After several training 

cycle iterations, when the performance estimations obtained from the validation set are good 

enough, the model is prepared for deployment. However, the performance estimation obtained 

from the validation set is biased, as the user has manually optimized the system to obtain the best 

possible results with respect to the validation data set. Thus, if an unbiased performance 

estimation is desired, an independent data set, termed testing set, is required.  

 

 

Figure 1. Machine learning classification example. The red and green circles represent the two different 

class data points described by variables x1 and x2. The dashed black line represents the classification 

boundary. On the left-hand side graph, the boundary underfits the data points, as it is not capable of 

capturing the more complicated pattern. On the right-hand side plot, the boundary overfits the datapoints 

as it separates all the examples, even those that fall in the other class side and are probably noise. On the 

central plot, the model fits the data well, classifying most of the points correctly but allowing for some 

others to be on the incorrect side of the boundary. 

For the cases in which the total amount of data examples is small, splitting them into training, 

validation, and testing sets is not convenient. In these situations, K-fold cross validations are an 

effective alternative to replace the train-validation split. In K-fold cross validation, all data points 

contained in the dataset are employed for training and validation once the testing set has been put 

aside. In order to do this, the data set is divided into K equally-sized non-overlapping subsets. 
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Then, K training and evaluation runs are carried out, employing, in each of them, K-1 subsets as 

training data and the left-over subset as validation data. Finally, the results obtained in the K 

evaluation runs are merged to obtain the performance estimation. 

It is worth noting that, in order to prevent performance estimations from being overly optimistic, 

some degree of independence should be ensured between the data points contained in the training, 

validation, and testing datasets. Thus, in the case of data derived from proteins, it is common to 

employ sequence or structural similarity cut-offs as independency criteria. 

 

Figure 2. Typical supervised machine learning workflow. 

3.2.3.  Supervised machine learning algorithms 

Due to its multidisciplinary foundations, supervised machine learning comprises an impressive 

number of algorithms based on many different principles. For example, some of them, such as 

inductive logical programming, are based on logical inference rules. Others like support vector 

machines (SVMs) are rooted in optimization theory, and some others, like the many different 

types of linear regression-based algorithms, are derived from statistical principles. Moreover, as 

the “No Free Launch” theorem (Wolpert, 1996; Wolpert and Macready, 1997) states, there is no 

optimal algorithm for every problem, and thus, different methods should be compared when one 

is dealing with a particular problem. Nevertheless, some algorithms have shown good 

performance on many different problems and have thus become more popular. Although it is 

difficult to quantify its popularity, according to KDnuggets (https://www.kdnuggets.com), the 

most commonly employed machine learning techniques include linear-regression-like models, 

tree-based methods, K-nearest neighbors, support vector machines, deep learning and different 

types of ensembles and boosting approaches. In this thesis, several algorithms were tried for the 

problem of binding site prediction, including support vector machines and neural networks. 

However, for the particular problem of binding site prediction, the best results were achieved 
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using tree-based methods, in particular, XGBoost (Chen and Guestrin, 2016), a regularized tree 

gradient boosting algorithm. 

3.2.4.  Tree-based methods 

Decision tree-based methods are among the most popular machine learning techniques. Many 

of them employ Classification And Regression Trees (CARTs) (Breiman et al., 1984), which are 

binary tree models in which each leaf node is associated with an output value, while the rest of 

the nodes contains a variable 𝑋𝑖 and a split point for this variable, 𝑆𝑖. The left child node of a 

parent node corresponds to the data examples where 𝑋𝑖 ≤ 𝑆𝑖 , and the right child node corresponds 

to the data examples where 𝑋𝑖 > 𝑆𝑖. The objective of the CART tree building problem is to find a 

tree that can correctly predict the labels of all the training data points. Unfortunately, this problem 

is intractable, and thus, greedy approaches are used instead. 

In these approaches, CARTs classify the input data by recursively partitioning the features space, 

using in each partition the variable and the associated split point that best separates the data. These 

algorithms start at the root node, where all examples belong, and continue splitting the training 

set until either 1) no more variables can be used to split the data or 2) not a single variable is 

capable of producing a good enough split. As a result, the different training examples are assigned 

to the leaves of the tree and the scores associated with the leaves are derived from the proportion 

and labels of the training examples assigned to the leaves. Regarding the prediction of unseen 

data points labels, they are given the value associated with the leaf to which they are mapped in 

the tree. The main differences between the different algorithms that employ CARTs is the 

definition of split goodness. Thus, in Random Forest (Breiman, 2001) this metric is defined as 

impurity reduction, whereas in other cases, entropy reduction or information gain are used instead. 

3.2.5. Ensembles of trees, gradient boosting and XGBoost 

In machine learning, an ensemble of models is nothing but a set of different models (in these 

cases CARTs) that are jointly considered in order to make predictions. One of the most popular 

and also simplest ensemble methods is Random Forest (Breiman, 2001), the perfect 

representation of the bagging strategy (Breiman and Leo, 1996). In Random Forest, many CARTs 

are trained on different samples (bootstrapping) of both the training data and the variables, 

obtaining different, independent trees. Then, the prediction of the Random Forest is computed as 

the average of the predictions of the individual trees, achieving better results than single CART 

trees. On the contrary, in boosting approaches, the ensemble is built iteratively so that the model 

of the iteration 𝑖 + 1 is intended to work better for the cases in which the 𝑖-th classifier failed. 

More formally, if we define 𝑓𝑡(𝑥𝑖) as the model (CART) trained in iteration 𝑡 and 𝑦𝑡(𝑥𝑖) as the 

ensemble that contains all the previously fitted models until iteration 𝑡, then 𝑦𝑇(𝑥𝑖) =

 ∑ 𝛼𝑡𝑓𝑡(𝑥𝑖) =  𝑦𝑇−1(𝑥𝑖)𝑇
𝑡=1 + 𝛼𝑇𝑓𝑇(𝑥𝑖). Then, one still wonders how to build the model 𝑓𝑇(𝑥𝑖). 
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In gradient boosting algorithms, the 𝑓𝑇(𝑥𝑖) model is built so that when it is added to the 

ensemble, it minimizes a cost function, typically, the mean squared error 𝑀𝑆𝐸 =

1

𝑛
∑ (𝑙𝑖 − 𝑦𝑖)2𝑛

𝑖=1 , where 𝑙𝑖 is the label associated with 𝑖 -th example out of 𝑛 examples and 𝑦𝑖 is 

the prediction for this example. However, defined in such a way, gradient boosting algorithms are 

prone to overfitting as in each iteration, the model tries to reduce the error at no cost.  

In XGBoost (Chen and Guestrin, 2016) approximation, this problem is reduced through the 

addition to the cost function of a regularization term that penalizes too complex trees, defining 

tree complexity as a function of the number of leaves and the score of each of the leaves. 

Moreover, XGBoost also offers additional advantages over traditional gradient boosting 

implementations. Thus, for example, it employs a Taylor approximation for the error function so 

that complex losses such as binary cross-entropy can be used. As a consequence, the gain that 

measures split quality depends only on the first and second derivative of the loss with respect to 

the ensemble prediction in the previous iteration, facilitating loss calculation. Finally, XGBoost 

also overcomes the computing time limitations that the sequential addition of new trees imposes 

through the parallelization of the single-tree building process. Based on all the aforementioned 

reasons and the many data science competitions that have been won using this algorithm 

(Dhaliwal et al., 2018), XGBoost has become one of the most popular machine learning tools. 

4. Data science for the structural prediction of protein-protein interactions 

Due to the broadness of the concept of data science and the different questions that can be 

considered about the structure of PPIs, a whole chapter would be needed to properly discussed 

these topics. Problems such as hot-spot detection (Kenneth Morrow and Zhang, 2012; Liu et al., 

2018), binding affinity prediction (Horton and Lewis, 1992; Xue et al., 2016; Yugandhar and 

Gromiha, 2014) or protein-protein docking scoring (Akbal-Delibas et al., 2015; Esmaielbeiki and 

Nebel, 2014; Fink et al., 2011) would fall under the scope of this section. Similarly, techniques 

such as machine learning, data mining or large-scale statistics should also be considered. 

Nevertheless, according to the number of publications, it is undeniable that one of the most 

common data science application for the structural study of PPIs is binding site prediction based 

on machine learning algorithms. This section briefly reviews different machine learning-based 

methods for binding site prediction from an historical perspective, emphasizing that the 

approaches mainly differ in the selected learning algorithm and features as well as in the datasets 

employed for the training processes. 

One of the first data-driven binding site predictors was developed by Jones and Thornton (Jones 

and Thornton, 1997). In their approach, different patches of surficial residues were described 
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using six features that, when combined through hand-crafted scoring functions, were able to 

predict interacting patches. Although no machine learning was involved in this work, it had a 

deep impact on many posterior works. Soon after, the first machine learning-based methods for 

the prediction of binding sites were developed by Zhou and Shan (Zhou and Shan, 2001) and 

Fariselli et al (Fariselli et al., 2002). Both algorithms employed neural networks trained on 

residues, which were described using structural properties, sequence conservation and structural 

neighbor environments. Following these works, Ofran and Rost (Ofran and Rost, 2003) developed 

a sequence-based binding site predictor that relayed on sequence conservation and sequence 

neighborhood. 

The following publications continued the search for new features and more accurate algorithms. 

For example, in the ProMate method (Neuvirth et al., 2004), a richer set of structural features, 

including secondary structure, propensities or experimental B-factors, were explored whereas in 

the work of Yan et al. (Yan et al., 2004) SVM and Bayesian Network classifiers were used. The 

latter work also introduced a two-step algorithm for prediction refinement. Bradford and 

collaborators (Bradford et al., 2006; Bradford and Westhead, 2005) proposed additional features, 

such as electrostatic potential or patch curvedness. Soon after, the SPPIDER method (Porollo and 

Meller, 2007) proposed the concept of environment-based features and the employment of 

accessibility predictions were introduced for the first time. 

At this point, the interest in binding site prediction substantially raised, and the number of new 

developed methods continued to grow every year. This thesis only comments on the 

methodologies that have had a deep influence on the development of BIPSPI, our binding site 

predictor. First, tree ensembles, particularly Random Forest, were used for the first time in Šikić  

et al. (Šikić et al., 2009). Similarly, additional definitions of environment-based features were 

proposed by Segura et al. (Segura et al., 2011). However, the most influential work for our method 

was the PPiPP algorithm (Ahmad and Mizuguchi, 2011), the first machine learning methodology 

that considered partner-specificity. This algorithm employs an ensemble of neural networks in 

order to predict, from input sequences, interacting pairs of residues described by PSSMs and 

amino acid types. Soon after, the PAIRpred method (Minhas et al., 2014) extended the PPiPP 

concept to structural inputs and used a support vector machine with a pairwise kernel as the 

learning algorithm, improving results considerably. Finally, during the development of this thesis 

two more partner-specific machine learning algorithms were published, the successor of 

PAIRpred, which is based on Graph Convolution Neural Networks (Fout et al., 2017) and 

ECLAIR (Meyer et al., 2018), an ensemble of Random Forests, each trained on different features. 
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Objetivos 

La enorme importancia de las interacciones proteicas (PPIs) en biología justifica los 

considerables esfuerzos científicos que se han realizado para identificar redes de interacciones 

proteicas. Sin embargo, sólo es posible entender los mecanismos moleculares que hay detrás de 

las interacciones proteicas, así como de las funciones asociadas, cuando se dispone de 

información estructural de las mismas. Por desgracia como se expuso en la introducción, el 

número de PPIs para las que se dispone de información estructural es pequeño si se compara con 

el número total de PPIs que se estima que existe. Es por ello que diferentes herramientas 

computacionales se llevan empleando durante décadas con el objetivo de predecir información 

estructural de PPIs. Sin embargo, no son perfectas y su coste computacional, así como su falta de 

precisión dificultan su aplicación. Debido a ello, los trabajos desarrollados en esta tesis se 

encuadran en el desarrollo de herramientas computacionales basadas en conocimiento que, 

conjuntamente con aproximaciones clásicas, sean capaces de proporcionar mejores predicciones 

estructurales en PPIs. 

Concretamente, los principales objetivos que se han planteado en esta tesis pueden concretarse 

en: 

I. Exploración del potencial de los datos interactómicos como fuente de información que 

facilite el modelado estructural de las PPIs. 

II. Desarrollo de una plataforma web que permita simplificar el proceso de elaboración y 

validación de modelos estructurales de PPIs mediante la incorporación de información 

interactómica a los algoritmos de modelado basado en plantillas. 

III. Desarrollo de un algoritmo de aprendizaje automático para la predicción de sitios de 

unión en PPIs teniendo en cuenta los dos miembros de una PPI. Estas predicciones podrán 

ser empleadas para guiar “protein-protein docking”. 

IV. Mejora de los tiempos de desarrollo y ejecución de futuros algoritmos de aprendizaje 

automático en el contexto de la bioinformática estructural. 
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Objectives 

The outstanding importance of Protein-Protein Interactions (PPIs) in biology explains the 

amount of research that have been conducted with the aim of identifying networks of interacting 

proteins. However, in order to understand the molecular mechanisms behind the interactions and 

their associated functions, structural information becomes essential. Unfortunately, as stated 

before, the number of structurally solved PPIs remains small when compared to the total amount 

of interactions that are estimated to occur. Thereby, computational tools used to predict structural 

information of PPIs have been employed for decades. Nevertheless, they are not perfect and their 

computational demands and inaccuracy hamper their applicability. For these reasons, the works 

presented in this thesis focus on the development of knowledge-based computational tools that, 

when combined with classical approaches, can provide more accurate structural predictions for 

PPIs. 

The main objectives pursued in this thesis can be summarized as follows: 

I. Exploration of interactomics data as a source of useful information for the structural 

modelling of PPIs 

II. Development of a web platform that simplifies the processes of 3D model building and 

validation for PPIs by incorporating interactomics information into template-based 

modelling algorithms 

III. Development of a new machine learning-based partner-specific binding site predictor that 

outperforms reported methods and can be employed to guide protein docking 

IV. Acceleration of the development and running times of new machine learning-based tools 

in the context of structural bioinformatics 
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Material and Methods and Result  

1. First article: “3DIANA: 3D Domain Interaction Analysis: A Toolbox for 

Quaternary Structure Modelling” 

The tight relationship that exists between biomolecules structure and function has being a major 

driving force behind the development of structural biology, leading to the experimental 

determination of thousands of protein structures, including protein complexes. Although many 

PPI structures have been successfully determined at atomic resolution using experimental 

techniques such as X-ray crystallography, the process of modelling large complexes is still 

challenging. When the single structures of a complex subunits are known, but the structure of the 

complex itself has not been solved, several techniques can be applied to obtain 3D models of the 

complex. The accuracy of these models depends on several factors, the availability of additional 

experimental data being the most relevant. In order to build quaternary models for large protein 

complexes, low resolution structural information about the PPIs can be helpful for the modelling 

algorithms to succeed. One of such kinds of information is the interaction pattern of the subunits, 

which is often needed when subunits are fitted into medium resolution cryo-EM maps. 

As stated in the introduction, different techniques were designed to predict whether or not two 

proteins interact, and thus to predict a graph of subunits that putatively interact. One of these 

approaches is DIMERO (Segura et al., 2015). The DIMERO method is based on the study of the 

interactome connectivity patterns of many organisms considered at the domain-domain 

interaction level. Derived from neighborhood cohesiveness calculations, DIMERO scores can 

accurately predict whether a pair of protein domains interact. Consequently, these scores can be 

employed to propose not only the connectivity pattern of the subunits of the complex, but also a 

more detailed graph where domains and not subunits represent graph nodes.  

Based on the aforementioned ideas, in this publication we introduced 3DIANA, a web platform 

designed to simplify the process of 3D quaternary modelling by bringing together interactomics 

knowledge and quaternary structure modelling techniques. Although other homology-based and 

template-based algorithms can make use of interactomics information to collect structural 

templates, what distinguishes 3DIANA from them is that the latter employs DIMERO scores as 

an elaborated source of interactomics knowledge. Thus, 3DIANA relies on DIMERO to predict 

the domain-domain interactions that can occur between the proteins of a complex and exploit this 

information in two different manners: model validation and model construction. 

In the first mode, validation, 3DIANA can easily be employed to assess whether the contacts of 

the subunits of a given model are consistent with the available knowledge obtained from 
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interactomes. Similarly, it can also be employed to rescore protein-protein docking poses or cryo-

EM fitting solutions using a combination of the pairwise DIMERO scores. 

In the second mode, 3DIANA is capable of automatically obtaining 3D quaternary models from 

the structures of the protein partners of a complex by means of either DDI template-based 

modelling or data-driven protein docking. Again, in this situation, DIMERO scores can be 

employed to select which pairs of domains are likely to interact and allow for their interactions 

to be modelled. For the selected DDIs, 3DIANA automatically looks for DDI structural templates 

that can be used to build 3D models of the interaction. Additionally, it also collects the binding 

sites of the different DDI templates (both partner-specific or non-partner-specific) and maps them 

to the target proteins so that this binding site information can be employed to guide different data-

driven protein-protein docking algorithms when no reliable templates are available. 

Due to the considerable number of cases for which template-based modelling is not suitable, 

3DIANA also offers the possibility of running an ab initio docking algorithm, PatchDock 

(Duhovny et al., 2002), which is a very fast and efficient method based on geometrical hashing. 

In order to increase the possibilities of succeed, PatchDock can be run in data-driven mode by 

including distance constraints or defining the potential binding sites of the protein partners. This 

latter functionality aligns well with 3DIANA because, as stated before, the binding sites of the 

detected domains can be automatically collected. Nevertheless, in order to get the most of the 

data-driven capability of protein docking algorithms, additional sources of information could be 

explored. With the aim of obtaining one such source, we venture to develop a machine learning-

based binding site predictor algorithm that could be employed in general situations, including 

those in which 3DIANA provides no information. This exploration gave rise to BIPSPI, the 

second publication included in this thesis. 

The author’s main contribution to the 3DIANA publication consisted of the implementation of 

the DDI template-based modelling algorithm. Additionally, the author also participated in the 

testing process of the web service and contributed to the search for illustrative use cases. 
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2. Second article: “BIPSPI: a method for the prediction of partner-specific 

protein–protein interfaces” 

When the structure of a protein complex is unknown, computational models are of great utility. 

In order to obtain better models, additional sources of biochemical information such as 

mutagenesis or cross-linking and mass spectrometry experiments are employed as a complement 

to protein docking algorithms. Nevertheless, as an alternative to experimental data, it is also 

possible to use bioinformatics tools in order to obtain predicted information at negligible cost. 

Binding site predictions are examples of predictions that, as covered in the introduction, have 

been widely employed. In the context of this thesis, binding site predictions are a complementary 

source of information that can enrich the quaternary modelling solutions proposed by 3DIANA. 

Due to the aforementioned reasons, we developed BIPSPI (xgBoost Interface Prediction of 

Specific-Partner Interactions), a machine learning-based method for the prediction of partner-

specific interfaces. Contrary to traditional binding site predictors that aim to predict all the 

residues of a given protein that may interact with any other protein, BIPSPI considers both protein 

partners that are involved in a given PPI in order to achieve partner-specific predictions. This 

difference stems from the fact that a protein can interact with several distinct partners using 

different binding sites and thus, the interfaces of each interaction can be different. So, if the aim 

of the predictions is not to spot residues involved in any possible interaction but to model a 

particular PPI, partner-specificity is desirable. 

The BIPSPI method works as a multi-step algorithm. In the first step, the data points, which are 

pairs of residues – each coming from a distinct protein partner – are codified employing a set of 

structural (accessibility, half-sphere exposure, etc.) and/or sequence-based amino acid features 

(PSSMs, conservation, etc.), and their associated environment-based version. These pairs of 

residues are collected for training purposes, from the protein complexes compiled in the Protein-

Protein Docking Benchmark v 5 (Vreven et al., 2015) and are labeled as interacting pairs if the 

distance between any heavy atom is less than 6 Å. Then, an extreme Gradient Boosting Algorithm 

(Chen and Guestrin, 2016) model is trained on this set of data points using a leave-one-out 

strategy. The outcome of this model is a score related to the likelihood of a given pair of residues 

to interact. In order to obtain binding site predictions, residue pairs scores are converted into 

single residue predictions by means of a novel scoring function that relies on the ranking of all 

residue pairs rather than on their raw value. Sequences or structural models of the protein partners 

of the PPI can be used as inputs in BIPSPI. When sequences are provided as inputs, just sequence-

based features are used. On the other hand, if structures are used, both sequence-based and 

structural features are employed. Additionally, in the case of structures used as input, a second 

Extreme Gradient Boosting model is trained just after the first one, so that the same features that 
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are used to codify the pairs are complemented with the predictions of the first model for the pair. 

This second step is aimed at combining the first step predictions with the neighborhood 

information that is contained in the structural data so that the predictions are smoothed over the 

protein structure. 

With the aim of proving BIPSPI partner-specificity, we conducted a Mann-Whitney U test that, 

for all proteins with several partners included in our benchmark, compared the distribution of a 

particular PPI binding site prediction with the distribution of the rest of the binding sites 

predictions in which the protein can be involved. This test showed that the distributions compared 

were different, with p-values lower than 10-12 and consequently, proved that BIPSI behaves 

partner-specific. Additionally, in order to further characterize BIPSPI, we studied the importance 

of the different types of features, with sequence conservation being the most important in global 

terms and solvent accessibility being the most important in relative terms. 

Finally, we thoroughly evaluated BIPSPI performance by computing multiple statistics for the 

prediction of both residue pairs and binding site predictions using a leave-one-out strategy and 

also several independent testing datasets. For all tests, results achieved mean ROC-AUC values 

of approximately 0.9 for pair predictions and around 0.8 for binding site prediction when 

structures were used as inputs. These results and others trials specifically conducted for direct 

comparison with other methods have shown that BIPSPI outperforms state-of-the-art binding site 

predictors, both partner-independent and partner-specific. 

The author’s contribution to this work included the development and implementation of both the 

algorithm and the web platform as well as the comparison of BIPSPI with other methodologies. 

The author also carried out the performance evaluation and partner-specificity studies. Finally, 

the author was responsible for the composition of the first draft of the paper. 
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3. Third article: “3DCONS-DB: A Database of Position-Specific Scoring Matrices in 

Protein Structures.” 

Position-Specific Scoring Matrices (PSSMs) are numerical summaries (profiles) of MSAs. A 

typical PSSM for a protein sequence is a matrix 𝑀𝑁𝑥𝐴, 𝑁 being the length of the sequence and 𝐴 

the number of different types of amino acids (typically 20). Each entry 𝑀𝑖𝑗, estimated from the 

MSA, represents the log likelihood ratio of the amino acid type 𝑗 to occur at the position 𝑖 of the 

sequence and thus, summarizes the whole MSA. These matrices are employed as descriptors of 

sequence motifs and are at the root of some sequence search tools such as PSI-BLAST (Altschul 

et al., 1997).  

The program PSI-BLAST is a search tool used to query sequence databases for remote 

homologs. In order to do so, PSI-BLAST performs an iterative search in which the first step is a 

regular BLAST execution that retrieves sequences that are similar to the query sequence. Then, 

the retrieved sequences are aligned with the aim of computing an MSA from which a PSSM is 

derived. In the second step, the PSSM, not the input sequence, is used to query the database, using 

a profile-based algorithm. After that, successive iterations, in which the PSSMs are recomputed 

using the new hits, are executed until a stop criterion, generally convergence, is met. 

Position-Specific Scoring Matrices obtained from PSI-BLAST have been found to be useful as 

amino acid descriptors in many machine learning-based methods including BIPSPI, the tool 

presented in the previous section. Indeed, they are so commonly employed that, in the last 10 

years, they have been used in hundreds of publications covering a broad range of topics such as 

protein secondary structure prediction (Ma et al., 2018), residue accessibility prediction 

(Heffernan et al., 2015) or binding site prediction (Savojardo et al., 2017). All these methods 

follow a similar workflow in which first, the sequences of the proteins are annotated with the 

property that is wanted to be predicted. Then, the amino acids of the sequences are codified using 

the information contained in the PSSMs (and possibly other features). Finally, a machine learning 

algorithm is trained using the codified sequences in order to predict the desired property. In most 

of these algorithms, a time-consuming step for both development and execution is the calculation 

of the PSSMs profiles, which on modern day computers can take longer than five minutes for 

each sequence and are thus unsuitable for real-time execution. 

With the aim of accelerating the trial and error processes required for the development of BIPSPI 

and, specially, the BIPSPI web service that compute predictions, we developed 3DCONDS-DB, 

a database that contains the PSSM profiles of all the proteins contained in the PDB database 

(Berman et al., 2000). Additionally, in order to speed up the process of algorithm development, 

we also mapped the residue identification number and the PSSM sequence amino acid index so 

that the structural properties could be mapped directly with the profile. 
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Although there are several resources (e.g. the Conserved Domain Database (Marchler-Bauer et 

al., 2015)) that contain MSAs and PSSMs of many sequences, what distinguishes 3DCONS-DB 

from them is that we have computed the PSSMs for the complete sequences available in the PDB, 

contrary to the other resources that limit to the sequences of protein domains. The question that 

may arise is whether or not such a difference is relevant. It could be argued that the PSSMs profile 

regions outside the domains do not contain useful information because of the worse quality of the 

MSA regions. Thus, we studied the quality and information contained in these regions, showing 

that, although less informative, the regions of the MSAs that are not included in domain parts are 

still highly informative. Similarly, in order to demonstrate that biologically-relevant aspects also 

happen outside domain regions, we studied the occurrence of important properties associated with 

residues, such as post translation-modifications, disease-related genomic variants or short linear 

motifs in both the domain and non-domain regions. Again, the results presented in this work 

support the hypothesis that non-domain regions are biologically relevant and thus, worthwhile to 

study. 

The author’s contributions to this publication included the design and development of the 

database as well as the statistical calculations presented in the manuscript. The author also carried 

out the use cases implementation and evaluation. Finally, the author wrote some sections of the 

manuscript. 
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4. Unpublished results: towards BIPSPI v2 

4.1. Introduction 

Our partner-specific binding site predictor, BIPSPI, exhibits considerably better prediction 

performance than previously published methods. Nevertheless, the performance for the Residue-

Residue Contact Prediction (RRCP) problem is still too poor to be directly employed, for 

example, as distance restraints for protein-protein docking. Consequently, we have continued our 

search for improvement considering the limitations that we faced during the development of the 

first version. Thus, if machine learning development were a three-legged stool, during the original 

BIPSPI project we would have focused mainly on two of its legs, the exploration of different 

machine learning algorithms (neural networks, SVM, Random Forest and XGBoost) and the 

designing of different features (classical features and custom ones, together with environment 

calculations). As a result, our efforts have now shifted to the third leg of the machine learning 

developing stool: the collection of the training dataset. 

Today, it is generally accepted that the availability of larger datasets carefully annotated has 

been a major factor responsible for the current machine learning revolution and, as a result, we 

also expect that better dataset selection could boost the quality of RRCP methods. Surprisingly 

enough, most, and specially the newer partner-specific algorithms, have limited to very small 

training datasets, particularly, the different versions of the Protein Docking Benchmark (Ahmad 

and Mizuguchi, 2011; Fout et al., 2017; Minhas et al., 2014; Savojardo et al., 2017) or custom 

datasets with less than 500 PPIs (Meyer et al., 2018).  

This new work aims to identify the best possible training set given the current state of the PDB. 

Thus, we have explored different subsets of the PDB obtained with several filtering criteria and 

we have evaluated the achieved performance under the different conditions. As a result, we have 

identified a dataset of roughly 2000 PPIs that shows excellent results for heterocomplexes 

predictions. 

The latter findings have driven the development of the second version of BIPSPI, in which we 

have retrained our original model using the new datasets. This newer version outperforms the 

results achieved when trained on Protein-Protein Docking Benchmark v5 (Vreven et al., 2015). 

Additionally, we have classified the interaction types into homo-oligomers and hetero-oligomers 

and trained specific models for each situation, further improving BIPSPI results.  

As an additional development, with the aim of exploiting structural information when only one 

of the partners have known structure, we have also extended BIPSPI so that it can now accept as 

inputs structure/sequence pairs in addition to the structure/structure and sequence/sequence inputs 

that were originally employed. Finally, deep learning solutions, which were initially 
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unsuccessfully explored, are now being reconsidered thanks to the increased training set, showing 

promising preliminary results. 

4.2. Material and methods 

4.2.1.  Datasets compilation 

The PDB database (Berman et al., 2000) was employed as the source of protein complexes for 

the compilation of the different datasets. Independently of the filtering criteria applied in each 

dataset, all the complexes studied in this work shared in common the following properties: (i) 

resolution better than 3.5 Å, (ii) structural coverage of at least 50% of their residues, (iii) protein 

chains with at least 30 residues, and (iv) at least 10 residue-residue contacts, defined using a 

distance threshold of 6 Å between heavy atoms. 

4.2.2.  Redundancy control 

The complexes included in the PDB are highly redundant and many of their classes are 

overrepresented, which can negatively impact the performance of machine learning methods. In 

order to compensate for this potential problem, SCOP (Andreeva et al., 2008) families were used 

as a redundancy criterion. Since many proteins are not associated with any SCOP family, we 

grouped them into a new class, the null family class. Additionally, the chains included in the same 

group were clustered by sequence identity at a 95% threshold, given rise to smaller subdivisions 

of the SCOP families that can be regarded as subfamily levels. The clustering within SCOP 

families, and especially in the null class family, was performed with the aim of reducing the 

number of selected chains for highly overrepresented families while also preserving certain 

diversity. 

The final training set was built ensuring than just one representative member for each the SCOP 

family and sequence identity clustering subfamily of the two interacting chains was included in 

the training set. If more than one pair of interacting chains meets the latter condition, the pair with 

better resolution is preferred. Similarly, under equal resolution, the pair with the higher structural 

coverage is selected. In order to perform benchmarking, SCOP family-only grouping was also 

studied, except for the null class family, which was always considered at the sequence identity 

grouping level because of its massive size. 

4.2.3.  Interactions types 

Three different types of interactions were considered in this work: (i) heterodimeric interactions 

(HE), compiled from PDB biological units containing two chains with different combination of 

SCOP families and UniProt (Bateman et al., 2017) accession, (ii) homodimeric interactions (HO) 

compiled from PDB biological units containing two chains with the same combination of SCOP 

families, and (iii) heterodimeric interactions occurring in multimers (EM) obtained from chain 
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pairs with different combinations of SCOP families and UniProt accession extracted from PDB 

biological units with two or more chains. 

4.2.4. Training sets compilation 

Nine different datasets were built in order to explore the aforementioned aspects: redundancy 

control and interaction type. With regard to redundancy, two types of experiments were 

conducted. First, the impact of the null family on binding site prediction was assessed training the 

method both including and excluding the complexes of the null family. Secondly, the effect of 

SCOP family and clustering subfamily complex sampling was also studied. Finally, the 

interaction type impact was evaluated using the classification presented in Section 4.2.3. 

In order to simplify the results presentation, a six-letter code is assigned to the different datasets. 

The first two letters identify the type of interaction: heterodimeric (HE), homodimeric (HO) and 

heterodimeric in multimers (DM). The next pair of letters indicate the type of redundancy control 

clustering scheme: SCOP families (NC) and clustering subfamilies (CL). Finally, the last two 

letters are employed to specify whether the complexes which some chain belonging to the null 

class are included (NF) or not (NN).  

4.2.5.  Algorithm and evaluation 

In this work, the sequence-based version of BIPSPI (Sanchez-Garcia et al., 2019) was trained 

on the different datasets proposed in the previous section. Evaluation metrics were also computed 

as in BIPSPI original publication using as testing set the BM90C dataset. This dataset is a 

collection of 90 hetero-dimers (Vreven et al., 2015) proposed in ISPRED4 publication (Savojardo 

et al., 2017). Additionally, the top performing dataset for the BM90C experiment are being used 

to train BIPSPI in its three available modes (structure, sequence and mixed inputs) and its 

performance is currently being evaluated on the whole Protein Docking Benchmark v5 (Vreven 

et al., 2015).  

4.3. Preliminary results 

The performance of sequence-based BIPSPI algorithm for the task of heterodimeric binding site 

prediction when trained on the different datasets is presented in Table 2. All of the new datasets 

results, with the exception of HONCNN, outperformed the originally published results. That 

larger datasets usually lead to better performance is something generally accepted in the machine 

learning field. However, it can also be noted that the best performing dataset of this experiment 

is not the larger one, confirming that training set compilation criteria have a strong effect on 

performance. Although the fact that the model trained only on homodimers (HONCNN) performs 

severely worse than the original BIPSPI for the task of heterodimer binding site prediction seems 

reasonable, one of the most interesting conclusions that may be drawn from this experiment is 
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that a mixture of ~50% homodimers and heterodimers performs reasonably well for this task. 

However, this results also suggest that, in order to improve performance, a partition of the input 

space into homo and hetero interactions should be considered. 

Additionally, based on a comparison of the experiments HECLNF, HECLNN,  HENCNF and 

HENCNN, the restriction of the training set diversity to exclusively one representative of each 

SCOP family pair is not the best performing strategy, especially, but not only, because of the 

profound effect of the presence of the null family class in the dataset that should otherwise, be 

ignored to ensure independency. 

 

Table 2. Different dataset performance on BM90C binding site prediction 

Dataset #intera AUC MCC PPV TPR ACC FPR SPC NPV 

HECLNF 2411 0.795 0.395 0.482 0.499 0.839 0.098 0.901 0.907 

HECLNN 875 0.766 0.341 0.459 0.420 0.833 0.091 0.909 0.895 

HENCNF 2069 0.792 0.384 0.506 0.443 0.846 0.079 0.920 0.900 

HENCNN 533 0.765 0.338 0.433 0.454 0.823 0.109 0.891 0.899 

HONCNN 1981 0.660 0.198 0.267 0.504 0.708 0.254 0.746 0.891 

HECLNF + 

HONCNN 
4392 0.787 0.375 0.440 0.524 0.823 0.123 0.877 0.909 

DMNCNN 2614 0.775 0.358 0.470 0.439 0.836 0.091 0.909 0.898 

DMCLNF 6303 0.787 0.372 0.482 0.451 0.840 0.089 0.911 0.900 

DMCLNF+ 
HONCNN 

8284 0.782 0.365 0.451 0.483 0.829 0.108 0.892 0.904 

original 230 0.763 0.297  0.374 0.401 0.810 0.118 0.882 0.893 

Notes: #intera: number of protein complex included in the training set. AUC: Area Under the 

ROC Curve; MCC: Matthews Correlation Coefficient; PPV: positive predictive value; TPR: True 

Positive Rate; ACC: Accuracy; FPR: False Positive Rate. 
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4.4. Future work 

The preliminary results obtained suggest that there is still room for improvement in binding site 

prediction if a careful compilation of the training set is carried out.  However, many additional 

trials have to be conducted before an optimal dataset is compiled. Thus, it is necessary to perform 

further evaluations for cases beyond heterodimeric complexes. Consequently, we are currently 

evaluating the impact of the oligomerization state of the proteins in the training set by training 

our algorithm with datasets of homodimers (HONCNN), heterodimers (HECLNF) and multimers 

(DMCLNF) and evaluating the algorithm’s performance on three testing sets of these same 

categories. What we expect to confirm is that models trained for specific oligomeric-states 

outperform the general ones and thus, better performance could easily be obtained just by means 

of a simple pre-classification of the interaction type.  

So far, we have only considered the sequence-based version of BIPSPI for one simple reason. 

The training sets we have compiled contain proteins in bound state only. Thus, if the structure-

based method is trained on this dataset, it would probably be biased toward bound proteins and 

would not perform well on partners that expereince conformational changes. In order to overcome 

this problem, we are planning to generate poses of the proteins of the training set using normal 

mode analysis with the aim of obtaining artificial putative unbound proteins. 

However, dealing with these datasets is not easy, as they quickly grow in size, thus making the 

training of our gradient-boosting-based algorithm more complicate as it is computationally 

expensive. Fortunately, deep learning algorithms are known to generally outperform classical 

machine learning techniques when the datasets become big enough. As a result, we have decided 

to give them another trial in spite of previous unsuccessful attempts. 
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Discussion 

As the gap between the number of structurally solved Protein-Protein Interactions (PPIs) and the 

number of known PPIs keeps growing, the need for computational approaches to structurally 

model the quaternary structure of PPIs is increasing. However, this tendency should be considered 

a large opportunity rather than a problem, mainly because of the increasing amount of data 

available. With the developments presented in this thesis, we have exemplified how the 

availability of biological data can be employed to empower data-driven approaches in the context 

of structural bioinformatics and the study of PPIs. 

In particular, we have developed a toolbox of computational tools that allows for structural 

quaternary modelling of PPIs in different contexts. Thus, we provide algorithms to build and 

validate structural models of PPIs making use of biological knowledge collected from different 

sources, such as interactomics data at the level of Domain-Domain Interactions (DDIs), structural 

data at the level of both DDIs and PPIs, and sequence-based data derived from multiple sequence 

alignments. Independent of the source of knowledge, what we offer with these tools is an 

integrated platform in which bioinformatics predictions, template-based modelling algorithms, 

and protein-protein docking techniques can be easily combined in order to produce better quality 

3D quaternary models. 

1. 3DIANA: 3D quaternary structure modelling meets interactomics 

When the quaternary structure of large protein complexes is intended to be modelled, in many 

cases the first step of the process is to determine the interactions among the different subunits, 

which can be represented as a graph that compiles the pairwise interactions of the subunits of a 

complex. If there is no experimental data to answer this question, bioinformatics predictions for 

this graph become extremely valuable. Such information is of special importance when 3D 

structures of subunits are fitted into low resolution cyro-EM maps of large complexes. 

In order to predict subunits interactions, 3DIANA makes use of DIMERO (Segura et al., 2015) 

scores, which can accurately predict whether a pair of protein domains are likely to interact. 

Leaving aside the interactions that are not mediated by domains, as proteins are constituted by 

domains, DDI graphs provide better resolution information than the PPIs graphs, and thus a better 

prior knowledge for the model building process. 

DIMERO scores are derived from neighborhood cohesiveness measurements computed on 

different interactomes when the domains of the interacting proteins are taken into account. 

DIMERO predictions exhibit more than 80% precision values when predicting DDIs and it has 

been reported that they are able to increase the number of available DDIs by a factor of about two 
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with respect the number of experimentally reported DDIs, which indicates the usefulness of 

DIMERO as a DDI predictor. As the quality of DIMERO predictions strongly depends on the 

size and the quality of the interactomes from which they are computed, a very positive 

consequence of this is the fact that the discovery of new PPIs, which are further widening the gap 

between structural biology and interactomics, can also contribute to better prediction of DDIs and 

ultimately, facilitate, through 3DIANA, the initial steps of quaternary modelling of complexes, 

bringing us back to the title of this section: “3D quaternary modelling meets interactomics.” 

2. Biological knowledge takes protein-protein docking to the next level 

It is generally accepted in the field of protein-protein docking that comparative modelling 

strategies can achieve better results than ab initio approaches when proper templates are available 

(Vakser, 2014). These comparative modelling techniques could be regarded as extreme cases of 

knowledge-based docking in which the solutions space is restricted to the instances that can be 

modelled employing templates and thus, the source of knowledge is the universe of previously 

3D solved PPIs. Apart from templates, many alternative sources of biological, biochemical, and 

biophysical information can be useful for the improvement of the performance of ab initio protein 

docking algorithms, which gives rise to data-driven docking approaches.  

Data-driven docking methods employ data derived from mutagenesis, cross-linking, or NMR 

experiments, together with bioinformatics predictions (Van Dijk et al., 2005; de Vries et al., 2010) 

to obtain valuable information such as potentially interacting residues and/or residue-residue 

distance constrains. This information, despite being noisy and ambiguous, is then employed to 

either guide the docking search strategy or to improve the scoring of poses process so that better 

results, consistent with external data, can be achieved. 

Data-driven techniques to re-score and filter incompatible docking poses have commonly been 

employed together with many different docking algorithms (Anand et al., 2003; Gaboriaud et al., 

2003; Morelli et al., 2001). However, it is the search process that makes the difference as the 

algorithms only explore solutions compatible with the data. Physicochemical constraints 

accelerate the sampling process, allowing for deeper and more accurate computations in each 

exploration step, which ultimately leads to better docking poses. Guiding strategies, which range 

from simple ideas as orientation sampling restriction to complicated residue upweighting and 

distance constraints terms in energy function (Van Dijk et al., 2005), are at the root of many top-

performing methods, such as HADDOCKv2 (Van Zundert et al., 2016) or ClusPro (Kozakov et 

al., 2017). These methods have demonstrated excellent performance in latest CAPRI competitions 

(Lensink et al., 2017; Lensink and Wodak, 2013). Finally, due to the scope of this thesis, it is 

worth noting that bioinformatics predictions are now commonly employed in the absence of 

experimental data (Rodrigues and Bonvin, 2014; de Vries et al., 2010) and that the general belief 
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in the field is that bioinformatics predictions are going to gain even more importance in the 

coming years (Lensink et al., 2017; Xue et al., 2015). 

3. Improving binding site prediction with BIPSPI 

Encouraged by the increasing importance of bioinformatics predictions for the 3D modelling of 

quaternary structures, we decided to develop BIPSPI. This machine learning-based partner-

specific binding site predictor, as its precursors PPiPP (Ahmad and Mizuguchi, 2011) and 

PAIRpred (Minhas et al., 2014), achieves partner-specificity by considering pairs of residues, 

each coming from a different protein partner, instead of single residues, as it is commonly done 

in many other non-partner-specific algorithms. However, during the development of BIPSPI, new 

improvements were included, boosting the prediction performance in comparison to its 

predecessors. 

First, BIPSPI employs a richer set of residue descriptors. Following this line, BIPSPI also 

extends the concept of environment of a residue, used in PPiPP and PAIRpred, by defining 

environment features computed over a Voronoi neighborhood (Segura et al., 2011). In addition, 

the environment of a pair of residues and its associated features were also defined for the first 

time.  

Another important source of improvement is the machine learning algorithm that BIPSPI 

employs, Extreme Gradient Boosting (XGBoost) (Chen and Guestrin, 2016). This machine 

learning algorithm has proven very effective in many data science competitions (Dhaliwal et al., 

2018), but it has hardly been used in bioinformatics. In BIPSPI publication, we have compared 

the performance of XGBoost against the widely used Random Forest (Breiman, 2001), measuring 

important improvements, and thus, showing that XGBoost is also well suited for bioinformatic 

problems.  

The three-step nature of BIPSPI is also responsible for its better performance. Thus, we have 

proven that the second step model that is trained using the first step predictions and the original 

features contribute to performance improvement at the binding site level. Finally, the scoring 

function that we developed for the third step, where predictions at the pair level are converted 

into single residue scores, has shown outstanding performance. It is worth noting that the scoring 

function applicability is not limited to BIPSPI but can be employed in other predictors that work 

at the residue pair level, as we illustrated with PAIRpred, whose results improved considerably. 

All the aforementioned details have supposed small incremental improvements that, when 

combined, have pushed forward the limits of BIPSPI, leading to an algorithm that outperforms 

state-of-the-art methods. Thus, according to several benchmarks, BIPSPI performs better than all 

previously published partner-specific machine learning-based methods (Ahmad and Mizuguchi, 
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2011; Fout et al., 2017; Meyer et al., 2018; Minhas et al., 2014) and also than all evaluated non-

partner-specific methods (Jordan et al., 2012; Murakami and Mizuguchi, 2010; Porollo and 

Meller, 2007; Savojardo et al., 2017; Segura et al., 2011). Our results, in line with (Ahmad and 

Mizuguchi, 2011; Minhas et al., 2014; Xue et al., 2011), also suggest that partner-specific 

methods tend to outperform non-partner-specific algorithms. 

Besides performance improvements, partner-specificity raises the interesting question of how to 

quantify partner-specificity. It seems clear that when features of the two partners are used to 

compute predictions, the predictions depend on both proteins and are thus partner-specific. 

Nevertheless, in order to quantify partner-specificity, we proposed, for the first time, a protocol 

that compares the predicted scores for residues that can interact with different partners with the 

predicted scores of the subset of them that interact in a given PPI. Based on these measurements, 

we were able to demonstrate that BIPSPI exhibits partner-specificity. 

Finally, I want to stress that although binding site predictions are generally employed as a 

complement to protein-protein docking, there are also multiple examples in which the predictions 

alone have been found to be quite useful (Chen et al., 2014; Li et al., 2015; Xu et al., 2011; 

Yoshimaru et al., 2013, 2017). Indeed, for cases in which one of the partners has unknown 

structure, docking cannot be performed, but sequence-based predictors, like one of the 

alternatives offered in BIPSPI, can still be applied. These alternatives provide valuable 

predictions that, as in the examples cited above, could further be validated in the laboratory. 

4. Accelerating machine-learning in structural bioinformatics with 3DCONS-DB 

The use cases provided in the 3DCONS-DB publication are perfect examples of the development 

process of machine learning-based algorithms for the prediction of structural properties of 

proteins. What most of these methods have in common is that, among the different features that 

can be employed to describe amino acids, PSSMs are recurrently used. Indeed, many algorithms, 

like the ones presented in the use cases, employ PSSMs as their only feature. Similarly, PSSMs 

are, in global terms, the most important features employed in BIPSPI.  

The power of PSSMs as amino acid descriptors, exploited in dozens if not hundreds of works, 

comes at an important cost, in this case, computational resources. The benchmarking results we 

have reported in the 3DCONS-DB publication indicate that, even in modern day computers, 

obtaining PSSMs for a few thousand protein sequences (a reasonable number for machine 

learning studies) requires several days of execution. This, as illustrated in the use cases, supposes 

that, in many cases, researchers spend more time computing PSSMs than training their methods. 

Moreover, there is an additional issue that prevents the development process from employing 

PSSMs directly: the correspondence between the residue identifiers in the PDB files and the 

sequence indexes used in the PSSMs which, due to mismatches and non-solved residues, is not 
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direct. In 3DCONS-DB, we have tackled these two problems by pre-computing the PSSMs for 

all the entries contained in the PDB database and by aligning the sequences so that the residue 

identifiers and the sequence indexes properly match. 

Consequently, 3DCONS-DB has severely accelerated the development of BIPSPI. Even more 

importantly, it has also allowed us to explore many different datasets that, as discussed in the 

unpublished results section, has led to the compilation of new training sets that bring binding site 

prediction performance to higher levels. If 3DCONS-DB were not available, chances are that we 

would not have explored these datasets, as each trial would have lasted many days. Finally, it is 

also worth noting that 3DCONS-DB improves users’ experience when employing web services 

that require PSSM calculations, as waiting times can be reduced from dozens of minutes to only 

a few minutes for many cases, similar to what happens in the BIPSPI web server. 

5. Better data boosts binding site predictions. 

It is generally accepted that more data leads to better performance when using data-driven 

approaches. Indeed, an important part of the ongoing deep learning revolution can be explained 

by the availability of massive public datasets of manually annotated data examples, especially 

images. However, this section highlights that more data is not always better and that a careful 

compilation of datasets, sometimes ignored by many algorithm designers, can have a massive 

impact on the performance of data analysis systems. 

Data analysis algorithms follow the well-known rule “garbage in, garbage out”. If noisy data 

represents a non-negligible fraction of the dataset, results can become severely affected and thus, 

unreliable. This caveat is particularly relevant in the case of biological data, which, per se, tends 

to be extremely noisy. An illustrative example of this behavior is exposed in the unpublished 

results section. 

Thus, when we naively tried to compile a custom training set for BIPSPI, in which we included 

all non-redundant structurally solved PPIs contained in the PDB, independently of their quality, 

size, origin, etc., the achieved performance not only did not improve with respect the original 

training set, but it worsened in spite of being one order of magnitude larger. It was not until a 

carefully selected set of filtering criteria was employed to the crude dataset that the results started 

to improve. These filtering criteria, which included minimum and maximum sequence length, 

structural coverage, redundancy, or oligomeric state, were capable of selecting a few custom 

datasets that severely enhanced the performance of BIPSPI predicting binding sites. Moreover, 

as the custom datasets covered the whole PDB database, we believe that further improvements 

may be expected with the number of structurally solved protein complexes growing each year. 
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Leaving aside the particular lessons obtained from this particular problem, what seems 

undeniable is that spending efforts in compiling and curating training sets should be regarded as 

important as designing novel algorithms due to the current trend in biology toward accumulating 

massive amounts of data. Consequently, the author posits that data science is to become more 

present in the next future and that promising results could be achieved thanks to the improvement 

of both algorithms and datasets. 

6. Combining BIPSPI and 3DIANA as a pipeline for quaternary modelling 

3DIANA was designed as an integrative web platform for the quaternary modelling of protein-

protein interactions. Hence, we saw it as the entry point to our modelling pipeline (see Figure 3) 

where, pre-exploratory visualizations of the 3D structures of the protein partners and their 

domains can be conducted. After that, in a typical modelling workflow, we first aim to identify 

potential DDIs between the protein partners by computing DIMERO scores and searching for 

structural templates in which a domain of each protein partner is involved. This first step is of 

great utility when modelling multimeric complexes so that a graph describing the interactions can 

be proposed. 

Next, in the case where structural templates for some DDI were retrieved, the user could choose 

the one he or she prefers assisted by: 1) the sequence identity of the match; 2) the DIMERO score 

associated to the DDI; and 3) visual inspection of the template. The selected template can be 

employed to model the 3D structure of the PPI, executing a DDI template-based modelling 

algorithm included in 3DIANA. 

For the cases in which template-based modelling is unsuccessful, 3DIANA also permits the 

execution of an ab-initio docking algorithm, PatchDock (Schneidman-Duhovny et al., 2005). 

Nevertheless, the PatchDock algorithm works better when the binding site of the protein partners 

are provided. In order to obtain them, 3DIANA collects potential binding-sites from DDI 

structural templates, which is different from the collection of DDI templates for modelling in the 

sense that domains and not pairs of domains are searched for. Indeed, this functionality exploits 

the fact that the binding sites are conserved more than PPIs and thus, similar binding sites can 

mediate the association of different partners (Keskin and Nussinov, 2007). Consequently, binding 

sites for a non-homologous DDI can also be useful for the modelling of a distinct DDI.  

Alternatively, at this point, we also propose BIPSPI as a source of binding site predictions. 

Hence, the template-based and the machine-learning based biding site predictions can be 

compared and thus, better decision can be made. Moreover, if not even a single-domain template 

is available, BIPSPI predictions could still be obtained and thus, guided docked performed. 
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Finally, when the models for the protein complexes are obtained, the author also recommends 

the employment of 3DBIONOTES (Segura et al., 2017; Tabas-Madrid et al., 2016), another tool 

that we developed during this thesis. This web platform can be used to analyze if the produced 

models are consistent with the annotations that are available in many biological databases. Thus, 

for example, it may be informative to observe whether known post-translational modifications 

that typically happen at the surface of proteins (e.g. glycosylation) fall into the binding site of the 

proposed models so biological criteria can be employed to rule some of them out. 

 

 

Figure 3. The proposed modelling pipeline that involves the different tools developed during this thesis. 

7. Bioinformatics web applications reach a broad audience 

One of the main difficulties faced one employs bioinformatics tools is the installation step, which 

prevents many users from applying them. With the aim of simplifying the use of the tools 

developed during this thesis, we have provided web applications for each resource and thus, no 

installations are required (see Figures 4, 5, 6). Indeed, our web servers do not make use of applets 

or any other requirements so they can be employed in any web browser.  
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User-friendly designed, the web applications come with complete help manuals that guide users 

step-by-step. No prior knowledge of the tools is required to successfully execute them. Finally, 

in order to allow expert users and software developers to programmatically access our services, 

we have also developed some APIs (Application Programing Interfaces) that simplify the 

execution of large-scale experiments. 

Figure 4. BISPI web server. http://bipspi.cnb.csic.es 
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Figure 5. 3DCONS-DB web server. http://3dcons.cnb.csic.es/ 

 

Figure 6. 3DIANA web server. http://3diana.cnb.csic.es 
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8. Future developments and perspectives 

The developments presented in this thesis constitute a toolbox for the structural modelling of 

PPIs. First, with 3DIANA, we provide an integrated environment in which most of the 3D 

quaternary modelling pipeline can be conducted. Nevertheless, there are still some modelling 

stages that are missing. In future versions, we plan to incorporate some of these stages, especially 

refinement algorithms for the generated models so that backbone flexibility or side chains 

relaxation can be considered. Although there are several alternatives to these functionalities, 

FiberDock (Mashiach et al., 2010) is the most likely first choice because of its effective 

interaction with PatchDock (Schneidman-Duhovny et al., 2005), the ab-initio protein-protein 

docking algorithm that is already available in 3DIANA. Furthermore, due to the “protein-domain-

centric” conception of 3DIANA, some alternative tools that can be employed with PPIs that are 

not mediated by protein domains could be integrated as well. 

We have also discussed how to exploit the biological annotations that are available for many 

proteins so that model validation/scoring could benefit from them. Thus, an interesting project 

could revolve around the automatization of the process of annotations consistency verification 

that, as commented in the previous section, can be performed with 3DBIONOTES (Segura et al., 

2017; Tabas-Madrid et al., 2016). By means of artificial intelligence and machine learning 

algorithms, it should be possible to study the co-occurrence of biological annotations and 

structural properties of PPIs so that confidence scores could be assigned to the models according 

biological knowledge. 

Regarding BIPSPI, in spite of the fact that the original version, and especially the one that it is 

being developed, have pushed forward the limits of binding site prediction, there is still room for 

improvement if co-evolution comes into play. Correlated mutations have led to a massive 

improvement in the modelling of the tertiary structure of proteins (Schaarschmidt et al., 2018). 

However, its impact on 3D quaternary structure modelling has had little relevance. Although the 

mathematical principles are the same, what explains this difference is the availability and quality 

of the data. It could be thought that, because of the already impressive (and still growing) size of 

the sequences databases, the compilation of well-suited Multiple Sequence Alignments (MSAs) 

should be a solved problem. However, this is only true when the correlated mutations within a 

single sequence are studied. In the case of quaternary structure modelling, MSAs should be 

constructed employing only interolog. Since building such paired MSAs is still an open problem, 

automatic procedures for computing correlated mutations in PPIs are still unreliable. 

Consequently, a challenging but rewarding approach could consist in the automatic building of 

paired MSAs employing machine learning approaches trained on interactomic data. Nevertheless, 

a more immediate strategy to exploit co-evolution directly combines correlated mutations 
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computations with machine learning methods for the prediction of residue contacts, as it is 

commonly done now for the modelling of tertiary structure (Jing and Dong, 2017; Wang et al., 

2017). Although the correlated mutations derived from bad quality alignments are inherently 

noisy, as they are combined with additional knowledge by the machine learning algorithms, their 

importance for the prediction can be weighted according the quality of the MSAs, positively 

contributing to the performance of binding site predictors. 

Finally, it could also be interesting to employ the tools developed during this thesis to compile 

a structural interactomic database so that precomputed models for all known PPIs were available. 

This would allow for the implementation of large-scale studies with possible implications in 

diseases study and drug designing. 
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Conclusiones 

1. La diferencia entre el número de interacciones proteicas conocidas y el número de 

interacciones proteicas para las que se dispone de información estructural no ha dejado 

de crecer. Por fortuna, esta situación se puede aliviar mediante el uso de predicciones 

estructurales de interacciones proteicas obtenidas con herramientas computacionales. 

2. 3DIANA es una herramienta web diseñada para simplificar el proceso de modelado 

tridimensional de interacciones proteicas. 3DIANA ofrece. en un entorno integrado, 

diferentes herramientas computacionales que pueden ser utilizadas con sencillez y sin 

requisitos de instalación. 

3. Las principales funcionalidades que orece 3DIANA son la predicción de interacciones 

a nivel de Dominio-Dominio mediante el algoritmo DIMERO y la construcción y 

validación de modelos tridimensionales para interacciones proteicas mediante 

algoritmos de modelado basados en plantillas (“template-based”) o mediante “protein-

protein docking”. 

4. Las predicciones de sitios de unión (“binding sites”) tienen por objetivo encontrar los 

residuos de una proteína que interactúan con otra(s) proteína(s). Con ellas se hace 

posible identificar potenciales dianas farmacológicas, diseñar mejores experimentos de 

mutación dirigida o mejorar el rendimiento y calidad de las soluciones de “protein-

protein docking”. 

5. BISPI es un predictor de sitios de unión “partner-specific” basado en aprendizaje 

automático que fue desarrollado como complemento a las funciones de 3DIANA. 

BIPSPI se basa en el algoritmo “Extreme Gradient Boosting” y fue entrenado con un 

conjunto de descriptores de pares de residuos calculados a partir de los complejos 

proteicos incluidos en el “Protein-Protein Docking Benchmark v5”. 

6. Para mejorar las predicciones de sitios de unión, una posibilidad consiste en recolectar 

un conjunto de datos de entrenamiento más grande y de mejor calidad. Este nuevo 

conjunto de datos fue utilizado para reentrenar BIPSPI, consiguiéndose una importante 

mejora en su rendimiento. 

7. BIPSPI, al igual que muchos otros métodos bioinformáticos basados en aprendizaje 

automático, utiliza PSSMs como descriptores de aminoácidos. Dado que el cálculo de 

PSSMs es computacionalmente costoso, en 3DCONS-DB se han pre-calculado las 

PSSMs de todas las proteínas del PDB. Con ello, tanto el desarrollo como la ejecución 

de muchos de estos métodos se ven acelerados. 
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8. Las tres herramientas que se han presentado en esta tesis pueden considerarse como una 

navaja suiza que simplifica el proceso de modelado tridimensional de estructura 

cuaternaria en un entorno web amigable y fácil de utilizar. 
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Conclusions 

1. There is an increasing gap between the number of known protein-protein interactions 

and the number of protein-protein interactions that have been experimentally 

determined. The development of computational approaches for the prediction of 

structural properties of protein-protein interactions can contribute to the reduction of 

this gap. 

2. With the aim of simplifying the process of 3D quaternary modelling, we developed 

3DIANA, a web platform that integrates a rich set of tools that can be used with no 

installation requirements. 

3. 3DIANA’s main functionalities are Domain-Domain Interaction (DDI) prediction via 

DIMERO scores, DDI template-based modelling and ab initio protein-protein docking. 

4. Binding site predictions, which aim to discover which residues of a given protein 

interact with other(s) protein(s), are useful for the identification of potential 

pharmacological targets, the design of site-directed mutagenesis experiments or the 

guidance of protein-protein docking algorithms. 

5.  BIPSPI is a state-of-the-art partner-specific machine learning-based binding site 

predictor that we developed as a complement to 3DIANA. This method employs 

Extreme Gradient Boosting models that were originally trained on a rich set of residue 

pairs features derived from the complexes contained in the Protein-Protein Docking 

Benchmark v5. 

6. Binding site predictors performance can be boosted when a larger and better-quality 

training set is employed. As a result, the performance of BIPSPI predicting binding sites 

has been severely improved. 

7. Similar to many other machine learning-based methods used in bioinformatics, BIPSPI 

employs PSSMs as features, which are computationally expensive. With the 

development of 3DCONS-DB we have accelerated the development and execution of 

many of these methods precomputing PSSMs for all entries contained in the PDB. 

8. The three developments presented in this thesis form a complete toolbox that facilitates 

the whole process of 3D quaternary modelling in a user-friendly web environment. 
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PPENDIX A: Suppleme ntary material 

1. First article supplementary material 

S1 3DIANA web interfaces 

This section presents the different graphical interfaces of the different tools integrated in 

3DIANA web platform (see Section 2.2 in the main manuscript). 

 

Figure S1: 3DIANA ‘Domain-Domain Binding Analysis’ tool. (A) Evaluation of the physical interactions between 

the subunits and domains in the proposed model (see Figure 2A main manuscript). The PPI matrix in the upper left 

corner displays the possible physical interactions between the different subunits, in this case 911 and FEN1, and the 

color indicates the best scored interaction between the domains of the two subunits (orange corresponds to medium 

confidence predictions –MCP-). Interactions between domains are displayed in a table with their corresponding 

DIMERO scores. In this case, the interaction is between the XPG_N domain of FEN1 and Rad1 of 911 and the 

interaction is scored as MCP. (B) Evaluation of a different proposed model for the 911/FEN1 complex (see Figure 2B 

in main text). In this case, the interaction is between the XPG_N domain of FEN1 and hus1 of 911, and the interaction 

is scored as low confidence prediction (LCP); note that this possible interaction between the two subunits is displayed 

in red in the PPI matrix. 



 

 

 

 

Figure S2: 3DIANA ‘Domain-Domain Interacting Analysis’ tool.  3DIANA GUI of the ‘Domain-Domain Interacting Analysis’ tool. (A) Selected pair of subunits in the analysis, in this example 

the 911 and the FEN1 subunits. (B) Graphical schema of the selected domain pairs (Rad1-XPG_N) in their respective sequences. (C) Domain-domain interaction table evaluating the probability 

of interaction between the domain pairs of the selected subunits (911 and FEN1); note that the best scored domain pairs (Rad1-XPG_N and Rad1-XPG_I) are shown within the orange rectangle) 
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Figure S2: 3DIANA GUI of the ‘Domain Binding Sites Analysis’ tool. (A) Clustering of the different binding sites of the XPG_I domain family, the domain sequence is represented with a black 

line and the interacting residues of the binding sites are marked with perpendicular red segments. Each of the clusters is defined by different interactions between XPG_I domains and other domain 

partners. (B) Mapping of the potential interacting residues of XPG_I domain in FEN1 when XPG_I interacts with a PCNA domain, this information is derived from the DDI template contained in 

the PDB structure 1UL1; note that the alignment between both XPG_I (FEN1 and DDI template) domains is also displayed. (C) Structural viewer displaying the selected interactions, in this 

example the interaction between the XPG_I and PCNA domains contained in the PDB structure 1UL1. 

 



APPENDIX A 

 

81 

 

 

Figure S4: Domain-Domain Template Selection Interface. The interface allows to explore the available DDI templates 

for modeling the structure of the domains contained in the selected subunits. A threshold can be set up to filter those 

templates under a certain degree of sequence identity with the domains of interest. 

 



 

 

 

 

Figure S6: Domain-Domain Interaction Interfaces. (A) Templates are organized in clusters according to their interface conformation (see Section 2.1), also the highest sequence identity value of 

the templates compared with the domains of interest is displayed on the right. The interacting residues are represented in green and red segments along the domains sequence. (B,C) Sequence 

alignment of the selected template domains with the domains of interest underlined with a red and green lines. The interacting amino acids are highlighted in red and green colors. (D) 3D 

conformation of the selected DDI template, the interacting residues are mapped in red and green colors. 

 

 

 



 

 

SM2 3DIANA examples using the ‘Domain-Domain Binding Analysis’ tool 

In this section we present different cases of atomic structures solved by means of cryoEM and the corresponding results obtained with the ‘Domain-Domain 

Binding Analysis’ tool. The purpose of these analyses is to show how DIMERO predictions are in agreement with the reported conformations. However, it is 

worth to notice that an exhaustive benchmarking of DIMERO scores predicting DDIs was carried out in the work of (Segura et al., 2015) using atomic structures 

from the PDB (Gutmanas et al., 2014).  

The first analysis was performed on the VP16-Mediator-RNA polymerase II-TFII assembly in human (Bernecky et al., 2011) (EMDB code: EMD-5343). This 

structure (PDB code: 3J0K; see Figure S6A) is comprised by 12 distinct proteins and was used as an example of Scenario 1 (i.e., a hybrid model is proposed, 

and 3DIANA evaluates the likelihood of the proposed domain-domain interactions). From the proposed hybrid model, and in terms of physical binding between 

the protein domains, a total of 41 DDIs were observed. Out of these 41 domain pairs, 18 of them had a High Confidence Prediction level, and 23 had a Medium 

Confidence Prediction level. No proposed physical interaction was found to have a low likelihood. Therefore, this is the case of a proposed hybrid model that is 

very much in agreement with all previous interactomics knowledge as measured by DIMERO. 

In the second example (Figure S7), the ‘Domain-Domain Binding Analysis’ tool was applied to the 40S-elF1A-elF1 complex from yeast (Llácer et al., 2015) 

(EMDB code: EMD-3047). This structure (PDB code: 3JAM) is comprised by 36 different proteins and was also used as an example of Scenario 1. 3DIANA 

reported 49 interactions between the different protein domains where 46 of these domain pairs were classified as High Confidence Prediction (HCP), 2 of the 

binding domains as Medium Confidence Prediction and, finally, only one domain-domain interaction was classified as Not Significant (NS). 

In these previous two examples we have shown how predictions of 3DIANA by means of DIMERO scores agrees with previously reported models. However, 

DIMERO is an statistical approach, and in some cases DIMERO scores may also lead to false predictions. To illustrate this case, we have analyzed the structure 

of the bacterial contractile nanotube present in Pseudomonas aeruginosa (Lin et al., 2012) (EMDB code: EMD-6270), showing the results in Figure S8. The 

atomic structure (PDB code: 3J9Q) is comprised of 48 chains represented by 2 unique proteins. The analysis found a total number of 234 interactions between 

the chains all of them involving a single DDI, thus the total number of DDI was also 234, but all of them were predicted as NS. The reason for this behavior is 

that only two different types of domain bindings were found: interactions between Phage_sheath_1 and Phage_tube domains and interactions between 

Phage_sheath_1 and Phage_sheath_1 domains. Both types of interactions are classified as NS using DIMERO and consequently all DDIs are classified as NS. 



 

 

 

Figure S6: 3DIANA ‘Domain-Domain Binding Analysis’ results of the VP16-Mediator-RNA polymerase II-TFII assembly in human. (A) Atomic structure of the VP16-Mediator-RNA 

polymerase II-TFII complex (EMDB code: EMD-5343; PDB code: 3J0K). The 3D structure is displayed with the Jsmol viewer integrated in the 3DIANA web platform. (B) Protein-Protein 

Interaction Matrix displaying those interactions where at least a domain-domain binding occurs. The color code represents the best scored DDI using DIMERO approach (see Section 2.2 main 

manuscript) (C) Domain-Domain Interaction Table between chain H and chain K, only one DDI involving a RNA_pol_Rpb8 and RNA_pol_L_2 domain was observed between these chains. This 

domain pair was scored as HCP (see Section 2.2 main manuscript). 

 



 

 

 

Figure S7: 3DIANA ‘Domain-Domain Binding Analysis’ results of the 40S-elF1A-elF1 complex in yeast. (A) Protein-Protein Interaction Matrix displaying those interactions where at least a 

domain-domain binding occurs. The color code represents the best scored DDI using DIMERO approach (see Section 2.2 main manuscript). (B) Atomic structure of the 40S-elF1A-elF1 complex 

(EMDB code: EMD-3047; PDB code: 3JAM). The 3D structure is displayed with the Jsmol viewer integrated in the 3DIANA web platform. (C) Domain-Domain Interaction Table between chain 

F and chain H, only one DDI involving a Ribosomal_S4e and Cadherin_C domain was observed between these chains. This domain pair was scored as NS (see Section 2.2 main manuscript). 

 



 

 

 

 

Figure S8: 3DIANA ‘Domain-Domain Binding Analysis’ results of bacterial contractile nanotube. (A) Protein-Protein Interaction Matrix displaying those interactions where at least a domain-

domain binding is predicted to occur. The color code represents the best scored DDI using DIMERO (see Section 2.2 main manuscript). (B) Atomic structure of the bacterial contractile nanotube 

(EMDB code: EMD-6270; PDB code: 3J9Q). The 3D structure is displayed with the Jsmol viewer integrated in the 3DIANA web platform. (C) Domain-Domain Interaction Table between chain 

G and chain N, only one DDI involving two Phage_sheath_1 domains was observed between these chains. This domain pair was scored as NS (see Section 2.2 main manuscript)
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2. Second article supplementary material 

S1. Sequence-based approach 

S1.1. Features and environments 

Sequence binding site approach employs the same sequence-based and environment (sliding 

window) features that structure-based model (see Main Text Section 2.3.2). Additionally, 

input features include the protein sequence length in an attempt to correct the expected total 

number of interface residues, a similar approach was used in other works (Yuan, 2005). 

When only sequence data is used, all structural features are replaced by accessibility and 

secondary structure predictions (three probability values) computed with SPIDER2 

(Heffernan et al., 2015). As no structural data is available, structural environments cannot be 

computed. 

S1.2. Workflow 

Contrary to structure-based method, which employs two XGBoost steps, sequence-based 

version consists of just one classifier followed by the same scoring function that the structure-

based approach employs (see Main Text Section 2.4). As no second step is performed, 

predicted score pairs are not used as features and thus, no pairwise environment is included. 

Figure S1.2.1 shows a comparison of structure-based method and sequence-based method. 

Both approaches start by codifying pairs of amino acids using their features. After that, an 

XGBoost model is trained over these codified pairs. However, in the case of structure-based 

model, a second classifier is trained employing the predictions of the first step together with 

the original features. Predictions obtained by these second classifier will be considered as the 

final pair predictions of structure-based model. Lastly, final predicted score pairs (first step 

classifier for sequence-based model and second step classifier for structure-based model) are 

converted to binding site predictions by means of a scoring function (see Main Text Section 

2.6) which is common to both workflows. 
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Figure S1.2.1. BIPSPI workflow. Algorithm starts at blue ellipse when structures are provided as input whereas 

it begins at orange ellipse when sequences are provided as input. Green part of the diagram shows the shared 

workflow (although XGBoost model is different as features are different). 

 

S2. Detailed description of features 

Table S2.1. Sequence-only method features per residue (total number of features is twice the number of features 

for one residue). 

Name # of features 
Calculation 

procedure 
Description 

One-hot encoded 

amino acid symbol 
22* Custom script 

Each amino acid is codified as a vector of 22 elements in 

which all them are zero except the element that identifies the 

amino acid type. Amino acid types considered are the 20 

standard amino acids, non-standard amino acid and non-

amino acid (for window positions outside the sequence). 

One-hot encoded 

amino acid symbol in 

sliding window 

242 Custom script Window size of 11 amino acids 

PSSM profile 20* PSI-Blast 
Each residue of the sequence is described by a vector of 20 

digits 

PSFM profile 20* PSI-Blast 
Each residue of the sequence is described by a vector of 20 

digits 

Information per 

position 
1* PSI-Blast 

One value per residue in sequence. It is related with column 

entropy in multiple sequence alignment 

weight of gapless 1* PSI-Blast 

One value per residue in sequence. It is related with column 

gaps in multiple sequence alignment and can indicate 

profiles’ local quality 
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MSA conservation 1 

PSI-Blast 

alignments and 

AL2CO 

One value per residue in sequence. AL2CO Processes Psi-

blast retrieved multiple sequence alignment to compensate 

for redundancy and estimates conservation score. 

Sequence profiles 

sliding window 

462 Custom script Window size of 11 amino acids 

Sequence length 1 Custom script 

The sequence length of the chain where the residue belongs 

is included in an attempt to correct for the total expected 

number of interface residues. Similar approach was used in 

Yuan (Yuan, 2005). All residues of the same pdb chain shared 

the same value 

 

Solvent accessibility 

prediction 
1 SPIDER2 One value for each residue 

Secondary structure 

prediction 
3 SPIDER2 Three probability values (0-1 range) for each residue 

 

    Notes: * not used directly for pair codification as they are included in sliding window 

 

Table S2.2. Structure-based method features per residue (total number of features is twice the number of features 

for one residue). 

Name # of features 
Calculation 

procedure 
Description 

One-hot encoded 

amino acid symbol 
22 Custom script 

Each amino acid is codified as a vector of 22 

elements in which all them are zero except the element that 

identifies the amino acid type. 

Amino acid types considered are the 20 standard amino 

acids, non-standard amino acid and non-amino acid 

(for window positions outside the sequence). 

One-hot encoded 

amino acid symbol in 

sliding window 

242 Custom script Window size of 11 amino acids 

One-hot encoded 

amino acid symbol in 

structural environment 

22 Custom script  
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PSSM profile 20 PSI-Blast 
Each residue of the sequence is described by a vector of 20 

digits 

PSFM profile 20 PSI-Blast 
Each residue of the sequence is described by a vector of 20 

digits 

Information per 

position 
1 PSI-Blast 

One value per residue in sequence. It is related with column 

entropy in multiple sequence alignment 

weight of gapless 1 PSI-Blast 

One value per residue in sequence. It is related with column 

gaps in multiple sequence alignment and can indicate 

profiles’ local quality 

Conservation 1 

PSI-Blast 

alignments and 

AL2CO 

One value per residue in sequence. AL2CO Processes Psi-

blast retrieved multiple sequence alignment to compensate 

for redundancy and estimates conservation score. 

Sequence 

conservation in 

sliding window 

462 Custom script Window size of 11 amino acids 

Sequence 

conservation in 

structural environment 

172 Custom script  

Solvent accessibility 10 PSAIA  

Hydrophobicity 1 PSAIA  

Depth index 6 PSAIA  

Protrusion index 6 PSAIA  

PSAIA in structural 

environment 
92 Custom script  

One-hot encoded 

secondary structure 
8 DSSP 

Each residue is codified as a vector of 8 elements in which 

all them are zero except the element that identifies the 

secondary structure type (7 defined secondary structure types 

by DSSP and 1 for no detected secondary structure). 

 

One-hot encoded 

secondary structure in 

structural environment 

8 Custom script Window size of 11 amino acids 
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Half-sphere exposure 2 Biopython 

Each residue is codified by 2 numeric values that represent 

half-sphere exposure computed by approximate CA-CB 

vectors and by exact CA-CB vectors 

Contact number 1 Biopython Number of CA around a residue with max distance= 12 Å 

Half-sphere exposure 

and contact number in 

structural environment 

12 Custom script  

 

Table S2.3. Structure-based method pairwise features per residue-residue pair in second step classifier 

Name # of features 
Calculation 

procedure 
Description 

Previous step 

predictions 
2 Custom script 

Each pair of amino acids is codified employing the 

prediction obtained by first classifier (1 value) and the same 

prediction normalized (mean, standard deviation) over all 

pairs contained in the complex. 

Previous step 

predictions in structural 

pairwise environment 

24 Custom script 

From both raw first step prediction and normalized 

prediction, 4 new values (maximum, minimum, sum and 

mean) for each type of environment (𝛼 𝑣𝑠 𝑁𝛽, 𝑁𝛼 𝑣𝑠 β and 

𝑁𝛼 𝑣𝑠 𝑁𝛽). 

 

 

S3. Extreme Gradient Boosting Training and Hyperparameters 

We have trained one XGBoost model per protein complex for each of the steps of the 
algorithm. Thus, each model was trained on the concatenation of all codified pairs but the ones 
that belong to the left-out complex. Predictions for all pairs in a complex obtained in first step 
leave-one-out were used as features for the second step. 
XGBoost hyperparameters of Python2.7 xgboost package on sklearn API were set to default 
with the exception of the following, which were set to: 

• 'objective':'binary:logistic' 

•  'colsample_bytree': 0.9, 

• 'learning_rate': 0.1 

•  'min_child_weight': 1 

• 'n_estimators': 2000 

• 'subsample': 0.9 

• 'reg_lambda': 10.0 

• 'max_depth': 12 

• 'gamma': 0 
 

S4. Binding site scoring function 

S4.1. Scoring function example calculation 
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In this section, 5 different examples of interface score computation will be shown using as 

interacting pairs scores the ones shown in Table S4.1. In order to obtain interface scores, table 

should be sorted from highest to lowest by Pairs scores (which is the case). Then, interface 

scores are computed independently for each protein by counting the number of times a given 

residue appears among the top k highest score pairs for k=21,22… and dividing this count over 

k. 

 

Table S4.1. Hypothetical predictions for residue pair interaction results obtained by XGBoost model. Rows are 

sorted from highest to lowest scores. 

 
ResId_protA ResId_protB Pairs score 

Ala32 Asn1 0.901 

Asp15 Ile6 0.887 

Val2 Met11 0.805 

Ala32 His12 0.799 

Ala32 Ile6 0.779 

Phe1 Ser4 0.751 

Ala32 Ser4 0.779 

Phe1 Asn1 0.751 

Ala34 Thr46 0.779 

Phe1 Asn67 0.751 

… … … 

 
 

 

𝐼𝑆("protA Ala32") = 𝑋𝐶 (protA Ala32, 21
) + 𝑋𝐶 (protA Ala32, 22

) + 𝑋𝐶 (protA Ala32, 23
) + ⋯ =

1

2
+

2

4
+

4

8
+ ⋯   

𝐼𝑆("protA Asp15") = 𝑋𝐶 (protA Asp15, 21
) + 𝑋𝐶 (protA Asp15, 22

) + 𝑋𝐶 (protA Asp15, 23
) + ⋯ =

1

2
+

1

4
+

1

8
+ ⋯   

𝐼𝑆("protA Phe1") = 𝑋𝐶 (protA Phe1, 21
) + 𝑋𝐶 (protA Phe1, 22

) + 𝑋𝐶 (protA Phe1, 23
) + ⋯ =

0

2
+

0

4
+

2

8
+ ⋯   

𝐼𝑆("protB Asn1") = 𝑋𝐶 (protA Asn1, 21
) + 𝑋𝐶 (protA Asn1, 22

) + 𝑋𝐶 (protA Asn1, 23
) + ⋯ =

1

2
+

1

4
+

2

8
+ ⋯   

𝐼𝑆("protB Ser4") = 𝑋𝐶 (protA Ser4, 21
) + 𝑋𝐶 (protA Ser4, 22

) + 𝑋𝐶 (protA Ser4, 23
) + ⋯ =

0

2
+

0

4
+

2

8
+ ⋯   

 

S4.2. Expected precision of binding site scores 

Binding site raw scores computed by BIPSPI are difficult to interpret. Although residues that 

exhibit high scores are more likely to belong to the interface that low score residues, it is 

difficult to decide which threshold might be appropriate to select the residues that comprise 

the predicted binding site. Consequently, we have associated to each score an expected 

precision value that was estimated from the measured scores vs. precision data resulted from 

BIPSPI benchmarking (see Figure S4.2.1). In order to model the relation between score and 

precision, two well-known techniques were tried: Platt’s sigmoid fit (Platt and Platt, 1999) and 

isotonic regression (Zadrozny and Elkan, 2002). As it can be appreciated in Figure S4.2.1, 

sigmoid fit was overoptimistic for most score values and it was also not able to explain well 
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the range of low score values. On the contrary, isotonic regression model was better fitted to 

data, and thus, this latter approach was employed in BIPSPI web server.  

   

Figure S4.2.1. Binding site scores of residues against measured precision (red) and isotonic fit to data (blue). 

Scores for structure-based model are displayed in the left hand side plot, sequence-based model in the right hand 

side. 

 

In Figure S4.2.2, the distribution of binding site precision per complex is displayed for 

several expected precision thresholds (raw score transformed into expected precision by 

isotonic regression). As it can be appreciated, most complexes exhibit precision levels close 

to the expected precision threshold. 

 

 

Figure S4.2.2. Precision per DBv5 complex for three distinct score thresholds associated with expected precisions 

of 0.5, 0.6 and 0.7 respectively. 
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S5. XGBoost model features importance 

Different approaches can be used to measure feature importance in tree ensemble methods. 

Some of them employ the average information gain associated to a feature when it is used in 

each tree, some others take into account mean impurity decrease for each tree split and feature, 

etc. One common strategy, which was used in this work, is to sum the number of times each 

feature is responsible for a tree split. Thus, feature importance for each variable was 

determined as the number of times the variable was used in a tree split divided by the total 

number of splits that occurred in all trees. As a result, features importance was expressed as a 

relative value ranged from 0-1 such that the importance of all variables sums up to 1. 

As our model makes use of around 2000 input variables, many of them representing the same 

concept (e.g., 506 one-hot encoded variables describe amino acid type, including sliding 

window and structural environment), feature importance was determined for groups of related 

features (e.g. Accessibility, Conservation, etc.). In each group, both single amino acid and 

environment features (see Main Text Section 2.3.2) are included. 

We defined the global feature importance of a group as the sum of relative importance of 

each variable that belongs to the group. Also, we defined the mean feature importance of a 

group as the mean of relative importance of each variable that belongs to the group. This 

distinction is fundamental as some groups of variables have hundreds of members (for instance 

sliding window of PSSM profiles) whereas some others have a few ones (for example 

hydrophobicity) and thus, highly populated groups tend to have higher global importance even 

though particular variables of the group may not be informative. 

Results of feature importance analysis are shown in Figure S5.1 As it can be appreciated, 

globally, the most informative feature in both first step and second step classifiers is 

conservation information, which groups together PSSM, PSFM, Information per position, 

weight of gapless and AL2CO conservation score.  However, this group is not so important 

when mean importance is considered instead. The reason for this behaviour is that more than 

half of the total number of variables belongs to this group. Still, the mean importance of this 

group is over 50% the importance of the highest important group for first step classifier, which 

indicates that conservation variables are informative even if less variables (smaller sliding 

window for instance) are included. 

In terms of mean importance, the most important feature group in second step classifier is 

the prediction scores obtained from the first step classifier. This group of features, which 

involves 24 variables of the model, not only is twice as informative as the second most 
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informative variable in terms of mean importance, but also contributes with more than 6% of 

the total information of the model (around 1% will be expected if all variables contributed 

equally). These results may explain why second step classifier works better than first step 

classifier. 

Apart from first step predictions, the group of variables with better mean importance is 

accessibility, which also explains an important amount of global importance. This is not 

shocking as in Minhas et al.  (Minhas et al., 2014) it was demonstrated that solvent 

accessibility alone has the capability to predict interacting residue pairs with certain reliability.  

Additionally, we have studied the importance of the different types of environment variables, 

independently of its nature. As it can be appreciated in Figure S5.1, the global contribution of 

structural environment variables is greater than 55% of total importance even though this 

group represents 31% of the total number of variables. Consequentially, the mean importance 

of structural environment features is about three times bigger than the mean importance of 

sliding window environment, which confirms that the structural environment of a pair of 

amino acids contributes massively to the prediction. 

 

Figure S5.1. Importance of features employed in BIPSPI for first step classifier (A) and second step classifier 

(B). Pie charts show the relative importance of groups of variables as percentage of total importance, whereas bar 

plots display the relative importance of each group of features as a percentage. 

S6. Detailed performance analysis 

S6.1 Additional statistical measurements for all datasets 
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Table S6.1.1. Performance summary of BIPSPI on several datasets. 

Data Algorithm Input 

type 

Residue-Residue Contact Prediction           Binding Site Prediction 

AUC̅̅ ̅̅ ̅̅
𝑅𝑂𝐶  𝐴𝑈𝐶𝑅𝑂𝐶 AUC̅̅ ̅̅ ̅̅

𝑃𝑅 𝐴𝑈𝐶𝑃𝑅 AUC̅̅ ̅̅ ̅̅
𝑅𝑂𝐶  𝐴𝑈𝐶𝑅𝑂𝐶 AUC̅̅ ̅̅ ̅̅

𝑃𝑅 𝐴𝑈𝐶𝑃𝑅 MCC PR RC SPC NPV 

DBv5 B Seq 0.8024 0.8137 0.0371 0.0110 0.7286 0.7527 0.3539 0.3049 0.2791 0.3003 0.4828 0.8349 0.9322 

 B-1 Struc 0.9011 0.9184 0.0586 0.0238 0.8046 0.8154 0.4438 0.3967 0.3721 0.4012 0.5079 0.9037 0.9353 

 B Struc 0.9052 0.9188 0.0642 0.0234 0.8235 0.8225 0.4629 0.4104 0.3855 0.3910 0.5585 0.8895 0.9407 

 B max Seq 0.8024 0.8137 0.0371 0.0110 0.7234 0.6809 0.3219 0.1955 0.1684 0.1761 0.6459 0.6163 0.9320 

 B max Struc 0.8024 0.8137 0.0371 0.0110 0.8177 0.7947 0.4394 0.3199 0.2977 0.2679 0.6394 0.7780 0.9444 

 B -wAvg Seq 0.8024 0.8137 0.0371 0.0110 0.7205 0.7386 0.3462 0.2968 0.2740 0.3005 0.4679 0.8617 0.9272 

 B -wAvg Struc 0.9011 0.9184 0.0586 0.0238 0.8043 0.8092 0.4568 0.4043 0.3826 0.3947 0.5444 0.8940 0.9392 

DBv3 B Seq 0.8153 0.8154 0.0381 0.0113 0.7361 0.7492 0.3555 0.3041 0.2830 0.3233 0.4396 0.8828 0.9251 

 B Struc 0.9044 0.9131 0.0715 0.0234 0.8157 0.8163 0.4634 0.4058 0.3730 0.3831 0.5458 0.8871 0.9383 

 PR Seq  0.809 NA NA NA NA 0.708 NA NA NA NA NA NA NA 

 PR Struc 0.8783 0.8930 0.0370 0.0125 0.7587 0.6913 0.3665 0.2012 0.1807 0.1680 0.7809 0.5030 0.9470 

 PR-sc Struc 0.8783 0.8930 0.0370 0.0125 0.7689 0.7741 0.3936 0.3412 0.3112 0.3716 0.4197 0.8987 0.9256 

 PP Seq 0.729 NA NA NA NA 0.661 NA NA NA NA NA NA NA 

DImS B Seq 0.7469 0.7300 0.0449 0.0170 0.6883 0.6741 0.3970 0.3375 0.2330 0.3592 0.4264 0.8219 0.8595 

 B-1 Struc 0.8800 0.8909 0.0839 0.0432 0.7940 0.7816 0.5312 0.4739 0.3679 0.4750 0.5098 0.8680 0.8832 

B Struc 0.8789 0.8875 0.0899 0.0439 0.7985 0.7847 0.5404 0.4772 0.3779 0.4416 0.5983 0.8228 0.8974 

Note: AUC̅̅ ̅̅ ̅̅
𝑅𝑂𝐶: ROC-AUC averaged over all complexes; 𝐴𝑈𝐶𝑅𝑂𝐶 : ROC-AUC for all scored pooled across complexes;  

AUC̅̅ ̅̅ ̅̅
𝑃𝑅: Precision-recall-AUC averaged over all complexes;  𝐴𝑈𝐶𝑃𝑅: Precision-recall-AUC for all scored pooled across complexes; MCC: 

Matthews correlation coefficient; PR: Precision; RC recall; SPC specificity; NPV  negative predictive value are computed at the threshold that 

maximizes the Matthews correlation coefficient (MCC). Algorithms: B: BIPSPI default, B-1: BIPSPI just one step; B-max: BIPSPI 2 steps and 

maximum as scoring function, B – wAvg: BIPSPI 2 steps proposed scoring function but no sequence average; PR: PAIRpred; PR-sc: PAIRpred 

using the proposed scoring function; PP: PPiPP. 
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S6.2. ROC curves and precision-recall curves for several datasets. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Figure S6.2.1. ROC and precision-recall curves for residue-residue predictions (all scores mixed) in DBv5. 

Sequence-only model is displayed in green. One-step model is displayed in blue. Two-steps model is shown in 

orange. Area under the curve is shown in parenthesis. 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 

Figure S6.2.2. ROC and precision-recall curves for binding site predictions (all scores mixed) in DBv5. Sequence-

only model is displayed in green. One-step model is displayed in blue. Two-steps model is shown in orange. Area 

under the curve is shown in parenthesis. 
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Figure S6.2.3. ROC and precision-recall curves for residue-residue predictions (all scores mixed) in DImS. 

Sequence-only model is displayed in green. One-step model is displayed in blue. Two-steps model is shown in 

orange. Area under the curve is shown in parenthesis. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Figure S6.2.4. ROC and precision-recall curves for binding site predictions (all scores mixed) in DImS. Sequence-

only model is displayed in green. One-step model is displayed in blue. Two-steps model is shown in orange. Area 

under the curve is shown in parenthesis. 

 

 

 

 

 

 

 

 

 

 

 

 

 



APPENDIX A 

99 

 

 

 

 

 

 

 

 

S6.3. ROC curves and precision-recall curves for different scoring functions. 

 

Figure S6.3.1. ROC and precision-recall curves for binding site predictions (all scores mixed) in DBv5 sequence 

only model. Default approach (our scoring function and sequence window average) is shown in orange. Scoring 

function and not window average is shown in blue. Maximum as scoring function is shown in green. Area under 

the curve is shown in parenthesis. 

 

Figure S6.3.2. ROC and precision-recall curves for binding site predictions (all scores mixed) in DBv5 structure-

based model. Default approach (our scoring function and sequence window average) is shown in orange. Scoring 

function and not window average is shown in blue. Maximum as scoring function is shown in green. Area under 

the curve is shown in parenthesis. 
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Figure S6.3.3. ROC and precision-recall curves for binding site predictions (all scores mixed) in DImS sequence 

only model. Default approach (our scoring function and sequence window average) is shown in orange. Scoring 

function and not window average is shown in blue. Maximum as scoring function is shown in green. Area under 

the curve is shown in parenthesis. 

 

Figure S6.3.4. ROC and precision-recall curves for binding site predictions (all scores mixed) in DImS structure-

based model. Default approach (our scoring function and sequence window average) is shown in orange. Scoring 

function and not window average is shown in blue. Maximum as scoring function is shown in green. Area under 

the curve is shown in parenthesis. 
 

S6.4. Effect of negative sampling scheme in performance 

For training, our method employs negative pairs sampled independently of their accessibility 

because otherwise, the classifier might be unable to deal with conformational changes (even 

small ones). For testing we use all possible pairs. We have also tried an alternative sampling 

criterion in which just accessible negative pairs are considered, obtaining slightly worse 

results. 
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Table S6.4.1. BIPSPI performance on DBv5 when using as negative pairs a random sample of all negative pairs 

and a random sample of all accessible negative pairs. 

Data Negative 

pairs 

sampling 

Input 

type 

Residue-Residue Contact Prediction           Binding Site Prediction 

AUC̅̅ ̅̅ ̅̅
𝑅𝑂𝐶 𝐴𝑈𝐶𝑅𝑂𝐶 AUC̅̅ ̅̅ ̅̅

𝑃𝑅 𝐴𝑈𝐶𝑃𝑅 AUC̅̅ ̅̅ ̅̅
𝑅𝑂𝐶 𝐴𝑈𝐶𝑅𝑂𝐶 𝐴𝑈𝐶𝑃𝑅 MCC PR RC SPC NPV 

DBv5 Sample all Struc 0.9052 0.9188 0.0642 0.0234 0.8235 0.8225 0.4104 0.3855 0.3910 0.5585 0.8895 0.9407 

 Sample 

accessible 

Struc 0.8993 0.9133 0.0657 0.0239 0.8062 0.8172 0.4044 0.3792 0.4054 0.5171 0.9037 0.9365 

 

S6.5. Effect of bound and unbound structures on training 

Original DBv5 results were computed using unbound structures for both training and testing. 

On the contrary, DImS results were obtained using bound structures for both training and 

testing. We have repeated this last procedure for DBv5, observing, as expected, better 

performance, probably because conformational changes are not present. Additionally, we have 

performed a cross-validation using DBv5 bound structures for training and unbound structures 

for testing. Interestingly, the performance under these circumstances is comparable to the 

performance when trained on unbound and tested on unbound structures. This suggests that 

bound data can be used to train our algorithm with almost the same affectivity than unbound 

data (which may allow for bigger training sets).  

Table S6.5.1. BIPSPI performance on DBv5 when trained on bound or unbound structures and tested in unbound 

or bound structures.  

 

Data Train/Test 

state 

Input 

type 

Residue-Residue Contact Prediction           Binding Site Prediction 

AUC̅̅ ̅̅ ̅̅
ROC AUCROC AUC̅̅ ̅̅ ̅̅

PR AUCPR AUC̅̅ ̅̅ ̅̅
ROC AUCROC AUCPR MCC PR RC SPC NPV 

DBv5 U/U default Struc 0.9052 0.9188 0.0642 0.0234 0.8235 0.8225 0.4104 0.3855 0.3910 0.5585 0.8895 0.9407 

 B/B Struc 0.9125 0.9278 0.0721 0.0276 0.8277 0.8278 0.4296 0.4004 0.3944 0.5999 0.8791 0.9415 

 B/U Struc 0.9030 0.9192 0.0653 0.0249 0.8229 0.8217 0.4073 0.3855 0.3713 0.6002 0.8737 0.9442 

NOTE: U: unbound; B: Bound 

 

S6.6. Effect of different independence criteria on training. 

By default, BIPSPI was trained and evaluated using a leave one out procedure over DBv5. 

However, there is some redundancy in this dataset and thus, we have also studied how this 
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redundancy can produce an overoptimistic view of the performance. To do so, we have 

performed a leave-one-group-out cross-validation in two different modes:  

1) complexes which share a pair of SCOP families are left out together 

2) complexes that share any SCOP family are left out together.  

Results are displayed in table S.6.7.2. As expected, the default leave-one-out obtains the best 

performance. However, it is also worth noting that even under the strict conditions of case 2, 

BIPSPI performance is still close to the original benchmark, which suggest that the original 

results are not an artefact caused by the Docking Benchmark datasets.  

 

Table S6.6.1. BIPSPI performance on DBv5 when trained using different independency criteria.  

 

Data Out-

strategy 

Input 

type 

Residue-Residue Contact 

Prediction           

Binding Site Prediction 

AUC̅̅ ̅̅ ̅̅
ROC AUCROC AUC̅̅ ̅̅ ̅̅

PR AUCPR AUC̅̅ ̅̅ ̅̅
ROC AUCROC AUCPR MCC PR RC SPC NPV 

DBv5 default Struc 0.9052 0.9188 0.0642 0.0234 0.8235 0.8225 0.4104 0.3855 0.3910 0.5585 0.8895 0.9407 

 SCOP 

pairs 

Struc 0.8991 0.9169 0.0583 0.0236 0.8012 0.8139 0.3959 0.3856 0.3927 0.5564 0.8902 0.9402 

 SCOP 

monomer 

Struc 0.8933 0.8982 0.0480 0.0168 0.7956 0.8026 0.3660 0.3554 0.3643 0.5402 0.8789 0.9370 

 

S7. XGBoost model compared to Random Forest model 

 
Table S7.1. Performance evaluation for BIPSPI leave-one-out over the sequences and structures compiled in DBv5. 

XGB stands for Extreme Gradient Boosting Classifier (XGBoost) whereas RF stands for Random Forest. 

 

Dataset Input type Classifier 

RRC prediction Binding Site Prediction 

Mean ROC 

AUC 

ROC 

AUC 

MCC Precision Recall 

DBv5 

Sequence 
XGB 0.8022 0.7522 0.2791 0.3003 0.4828 

RF 0.7928 0.7368 0.2626 0.2845 0.4778 

Structure XGB 0.9011 0.8154 0.3721 0.4012 0.5079 

Structure (2-steps) 
XGB 0.9052 0.8225 0.3855 0.3910 0.5585 

RF 0.8941 0.8092 0.36456 0.3980 0.4957 

 

 

S8. Comparison with other methods. 

S8.1. Comparison with ECLAIR and several non-partner specific methods. 

Table S8.1.1 Binding site prediction performance of several methods evaluated on benchmark BM90C. Statistics 

are measured at the threshold that maximizes MCC. 
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Web server MCC TPR FPR SPC PPV ACC 

BIPSPI 0.389 0.589 0.144 0.856 0.418 0.816 

PredUs 0.383 0.701 0.156 0.843 0.302 0.831 

eFindSitePPI 0.375 0.396 0.045 0.954 0.459 0.905 

ECLAIR 0.322 0.346 0.041 0.959 0.431 0.909 

con-PPISP 0.247 0.279 0.052 0.947 0.338 0.888 

SPPIDER 0.173 0.340 0.125 0.875 0.208 0.827 

ProMate 0.165 0.526 0.295 0.704 0.210 0.684 

WHISCY 0.164 0.130 0.025 0.975 0.334 0.900 

PIER 0.118 0.066 0.012 0.987 0.342 0.906 

VORFFIP 0.117 0.531 0.401 0.598 0.337 0.579 

PSIVER 0.103 0.645 0.463 0.536 0.118 0.546 

InterProSurf 0.100 0.435 0.291 0.709 0.163 0.677 

 

S8.2. Comparison with PAIRpred 

Table S8.2.1 Rank of the first positive pair (RFPP) for BIPSPI and PAIRpred. 

Dataset/RFPP method 10% 25% 50% 75% 90% 

DBv3 Seq PAIRpred 2 13 68 257 804 

Seq BIPSPI 2 9 41 161 817 

Struct PAIRpred 1 3 16 103 272 

Struct BIPSPI-1 1 2 11 59 238 

Struct BIPSPI 1 3 20 117 708 

DBv4 Seq PAIRpred NA NA NA NA NA 

Seq BIPSPI 2 9 41 161 817 

Struct PAIRpred 1 3 18 101 282 

Struct BIPSPI-1 2 2 13 63 219 

Struct BIPSPI 1 2 15 100 487 

 

Table S8.2.2. Precision and recall considering as true contacts the top score pairs for BIPSPI and PAIRpred. 

  Top 1% Top 5% Top 10% 

Dataset method precision recall precision recall precision recall 

DBv3 Struct 
PAIRpred 

0.042335 0.165768 0.025129 0.464619 0.017435 0.627802 

Struct BIPSPI-
1 

0.067526 0.227849 0.032669 0.546392 0.021015 0.697806 

Struct BIPSPI 0.071557 0.237622 0.032260 0.560760 0.020264 0.712324 

DBv4 Struct 
PAIRpred 

0.045031 0.163094 0.032434 0.458239 0.024240 0.623560 

Struct BIPSPI-
1 

0.070970 0.224345 0.033533 0.535228 0.021586 0.688209 

Struct BIPSPI 0.073836 0.231141 0.034843 0.548833 0.022096 0.702792 
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Figure S8.2.1. ROC and precision-recall curves for binding site predictions (all scores mixed) in DBv3. BIPSPI 

Sequence-only model is displayed in green. BIPSPI structure model 1 step is displayed in blue and 2 steps in orange. 

PAIRpred-d, green, are PAIRpred original scores (max). PAIRpred-p, red are PAIRpred scores computed with our 

scoring function. Area under the curve is shown in parenthesis. 
 

S9. BIPSPI behaves partner-specific 

S9.1. Groups of proteins in DBv5 and DImS sets that interact with several partners. 

DBv5 groups of equivalent proteins that interact with different partners: 

1: 1BVN_* 1KXQ_* 

2: 1TMQ_* 1CLV_A 

3: 3DAW_A 4H03_A 2BTF_B 1ATN_B 1H1V_B 1Y64_A 1KXP_B 

4: 1GP2_* 2GTP_A 

5: 4CPA_A 2ABZ_A 

6: 2C0L_A 3R9A_A 

7: 4M76_A 1GHQ_* 3D5S_A 

8: 1FQ1_A 1BUH_* 

9: 2SIC_* 2SNI_A 

10: 1R0R_E BOYV_A 1OYV_A 

11: 2I9B_A 2FD6_A 
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12: 3AAD_A BAAD_A 

13: 1JTD_A 1JTG_A 

14: 1GL1_1 1ACB_B 1CGI_B 

15: 2OUL_A 1YVB_A 

16: 1PPE_* 1OPH_A 1D6R_* 2UUY_A 

17: 3EO1_A 1IQD_A 

18: 3HMX_L 3EOA_L 1JPS_L 4G6M_L 1BJ1_L 3HI6_L 

19: 1DQJ_C 1MLC_A 

20: 4FQI_L 4GXU_L 

21: 2W9E_L 2FD6_L 1E6J_L 

22: 1FC2_A 1FCC_A 1FCC_B 1E4K_A 1E4K_B 

23: 1M10_* 1IJK_* 

24: 1IBR_A 1A2K_A 1I2M_A 1K5D_A 

25: 1FAK_B 1JPS_B 1AHW_A 

26: 2H7V_A 1HE1_* 2FJU_A 1I4D_* 1E96_* 2NZ8_A 

27: 1J2J_A 1R8S_A 

28: 3HI6_A 1MQ8_A 3EOA_A 

29: 1LFD_A 1HE8_* 1BKD_A 1WQ1_D 

30: 3H2V_A 1RKE_A 

31: 3AAD_A BAAD_A 

32: 4G6J_A 4G6M_A 

33: 1MLC_* 1VFB_* 2I25_A 1DQJ_* 1BVK_* 

34: 1JZD_A 1Z5Y_A 

35: BOYV_A 1OYV_A 

36: 3G6D_A 3L5W_A 

37: 1QFW_B 9QFW_B 

38: CP57_A BP57_A 3P57_A 
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39: 1F6M_A 2O8V_A 

40: 1AKJ_E 1DE4_B 

41: 3P57_B CP57_B CP57_A 3P57_A BP57_A BP57_B 

42: 1QFW_A 9QFW_A 

43: 2OOB_A 1S1Q_A 2AYO_A 1XD3_A 

44: 4DN4_A 1ML0_* 

45: 1M27_A 1EFN_A 

46: 3SGQ_A 1R0R_I 

 

DImS groups of equivalent proteins that interact with different partners: 

 

1: 1luj_A 1jdh_A 

2: 1r0r_E 1cse_E 

3: 1ta3_A 1te1_A 

4: 1gl1_B 1acb_E 

5: 2fi4_E 1f2s_E 1tgs_Z 2uuy_A 2tld_E 1oph_B 

6: 1nf3_A 1gzs_A 

7: 4sgb_E 1sgp_E 

8: 1cxz_A 1tx4_B 

9: 1e96_A 1he1_C 1ds6_A 

10: 1zc3_A 1uad_A 

11: 2uyz_A 2grn_A 

12: 1uuz_D 1sq2_L 

13: 1b6c_C 3fap_A 

14: 1xd3_B 2j7q_D 1wrd_B 1s1q_B 2g45_B 1nbf_D 

15: 1cse_I 1acb_I 

16: 2fi4_I 1d0d_B 
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17: 1r0r_I 1sgp_I 

 

 

S9.2. Specific Partner Specific Scores (SPIS) and Other Partners Interface Scores (OPIS). 

 

Figure S9.2.1 shows how SPIS and OPIS scores are collected from each group of equivalent 

proteins that interact with several distinct partners. 

 
Figure S9.2.1 Collection of scores for distribution comparison. In this example, there is one group of equivalent 

proteins whose aligned sequence is ABCDEFGHIJ. Each of these equivalent proteins interacts with a different 

partner, binding sites are highlighted in yellow, blue, green and red for proteins 1,2,3 and 4, respectively. Scores of 

specific interface residues are considered for Specific Partner Interface Score (SPIS) distribution. On the other 

hand, scores for residues that do not belong to its particular interface but they align to residues that belong to the 

interface of other group members are included in Other Partners Interface Scores (OPIS). Thus, for instance, from 

protein 1, scores of residues A1, F1, G1, I1, and J1 are included in OPIS and scores from residues B1, C1, D1 and E1 

are included in SPIS. Score of residue X of protein N is denoted as s(XN). 
 
 

S9.3. Box plots of Specific Partner Specific Scores (SPIS) and Other Partners Interface Scores 

(OPIS) distributions 

 

 

 

 

 

 

 

 

 

Figure S9.3.1. Distribution of Specific Partner Interface Scores (SPIS) and Other Partners Interface Scores (OPIS). 

Left, distributions for DBv5; right, distributions for DImS dataset. 

A1 B1 C1 D1 E1 F1 G1 H1 I1 J1 

A2 B2 C2 D2 E2 F2 G2 H2 I2 J2 

A3 B3 C3 D3 E3 F3 G3 H3 I3 J3 

A4 B4 C4 D4 E4 F4 G4 H4 I4 J4 

 

 OPIS  SPIS 

s(A1) s(F1) s(G1) s(I1) s(J1) s(A2) s(B2) 
s(C2) s(D2) s(I2) s(J2) s(A3) s(B3) s(C3) 

s(D3) s(E3) s(F3) s(G3) s(C4) s(D4) s(E4) 
s(F4) s(G4) s(I4) s(J4) 

s(B1) s(C1) s(D1) 
s(E1) s(E2) s(F2) s(G2) 
s(I3) s(J3) s(A4) s(B4) 
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S10. Use case PCKS9-PCKS9 & PCKS9-Adnectin 

S10.1. Predictions happen to be spatially close to protein active site. 

We have employed 3DBIONOTES https://3dbionotes.cnb.csic.es to locate the active site of 

protein PCKS9. In Figure S10.1.1, residues that belong to the active site are coloured in 

orange. Prediction of binding sites obtained by BIPSPI are spatially close to the active site. 

These results are remarkable because Adnectin is known to bind to PCKS9 near the active site 

(Mitchell et al., 2014) and also PCKS9 self-association is known to happen at the active site 

(Fan et al., 2008). 

 

 

Figure S10.1.1. BIPSPI interface residue predictions for the PCKS9-PCKS9 interaction and for the PCKS9-

Adnectin. Chain D (green) and chain E (grey) are PCKS9. Chain G (magenta) is PCSK9-binding adnectin. Just top 

four highest score predictions are displayed for each interface prediction. Active site is displayed in orange spheres. 

S10.2. Comparison with non-partner-specific methods. 

We have run SPPIDER (Porollo and Meller, 2007) and ISPRED4 (Savojardo et al., 2017), 

two non-partner-specific binding site predictors, on the chain B of the pdb 4ov6 in order to 

compare its predictions with results obtained with BIPSPI. Figure S10.2.1 shows how BIPSPI 

predictions exhibit partner-specificity, heat map prediction scores displayed in A, B figure-

sections are different, and higher scored residues are in contact with their associated partners. 

On the contrary, predictions obtained with ISPRED4 and SPPIDER (C and D figure-sections) 

cover both interfaces. Finally, it is worth noting that BIPSIPI tends to predict fewer residues 

as being part of the interface (most of the residues of the protein are assigned low scores, 

approximately two order of magnitude smaller than the maximum scores) that other methods. 

This behaviour is caused by the proposed scoring function (see Main Text Section 2.5) that 

over represents the residues whose pairs are at the beginning of the pairs prediction list. As a 

result, smaller but more precise patches are expected as predictions. 

https://3dbionotes.cnb.csic.es/
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Figure S10.2.1. (A) BIPSPI interface predictions for the interface of PCKS9 chain E and PCKS9 chain D (green 

ribbon). Normalized (blue minimum, red maximum) scores for all residues are displayed. (B) BIPSPI interface 

predictions for the interface of PCKS9 chain E and adnectin chain G (magenta ribbon). Normalized (blue minimum, 

red maximum) scores for all residues are displayed. (C) ISPRED4 binding site predictions for the protein PCKS9 

chain E. Red, residue predicted as binding site (score above its recommended threshold); green, non-accessible 

residue; blue, accessible but not binding site. (D) SPPIDER binding site predictions for the protein PCKS9 chain 

E. Red, residue-predicted as binding site (score above its recommended threshold); blue, residue predicted as not 

binding site. 

S11. Use case SHR-JACKDAW & SHR-SCR 

In this section, we provide another example of how BIPSPI can drive to partner-specific 

binding site predictions even when those are not fully accurate. PDB entry 5b3h contains the 

structure of the hetero-complex that is constituted by proteins JACKDAW/IDD10, SHORT-

ROOT (SHR) and SCARECROW (SCR). This complex is involved in the regulation of 

asymmetric cell division and patterning of the root cell types in Arabidopsis (Hirano et al., 

2017). Specifically, SHR and SCR are responsible for the transcriptional control of the process 

and to effectively function, they need the cooperation of BIRD/INDETERMINATE DOMAIN 

(IDD) transcription factors, being JACKDAW/IDD10 one of such proteins (Hirano et al., 

2017). 

Figure S11.1 displays BIPSPI predictions for the interface of the SHR-JACKDAWN and 

SHR-SCR interactions. In this case, some of the residues at the interface of SHR-SCR were 

successfully located, achieving high precision (e.g. 100% for the first 4 residues). BIPSPI was 

also able to identify residues at the interface of SHR-JACKDAWN, and although the partner-

specificity in this example is not perfect, it is still not negligible, as the native binding site 

residue predicted values have a higher average score than the second predicted patch. 
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Moreover, the precision obtained for these predictions was also high, 75% for the first four 

residues. 

As it was done in Section S10.2, we have also run SPPIDER and ISPRED4 on the same 

proteins (see Figure S11.2). Again, both SPPIDER and ISPRED4 predictions cover the 

binding site of both interfaces. As a consequence, the precision of their results is lower than 

the ones obtained by BIPSPI. This is especially true for the SHR-SC interface and, although 

BIPSPI predictions for the SHR-JACKDAWN interface are not fully perfect, the precision 

achieved by BIPSPI is higher than the obtained with other methods. 

Figure S11.1. BIPSPI interface predictions for the proteins included in pdb 5b3h bioassembly number 1. 

Chain A (green) is SCR, chain B (grey/heat map) is SHR and Chain C (magenta) is JACKDAW. (A) Predictions 

for SHR (chain B) interface with partner SCR (chain A) Normalized (blue minimum, red maximum) scores for all 

residues are displayed. (B) Normalized scores (minimum blue, maximum red) for SHR (chain B) interface with 

partner JACKDAW (chain C). Normalized (blue minimum, red maximum) scores for all residues are displayed. 

(C) Top four highest score predictions for SHR-SCR interaction are coloured as green lemon and cyan. Cyan 

residue was predicted as binding site for both interfaces, being in this case a true positive. The top four highest 

score predictions for the SHR-JACKDAW interface are coloured in light pink and cyan. For this interface, the cyan 

residue represents a false positive. (D) Top four highest score predictions of JACKDAW (chain C) interface with 

SHR (chain B) are shown as light pink spheres and the top four highest score prediction of interface of SCR (chain 

A) with partner SHR (chain B) are displayed as green lemon spheres. 
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Figure S11.2.  (A) BIPSPI interface predictions for the interface of SHR (chain B) and SCR (chain A). 

Normalized (blue minimum, red maximum) scores for all residues are displayed. (B) BIPSPI interface predictions 

for the interface of SHR (chain B) and JACKDAW (chain C). Normalized (blue minimum, red maximum) scores 

for all residues are displayed. (C) ISPRED4 binding site predictions for the protein SHR (chain B). Red, residue-

predicted as binding site (score above its recommended threshold); green, non-accessible residue; blue, accessible 

but not binding site.  (D) SPPIDER binding site predictions for the protein SHR (chain B). Red, residue-predicted 

as binding site (score above its recommended threshold);; blue, residue predicted as not binding site. 

 

S12. Results per complex 

Table S12.1 DBv5 complexes and its performance results at complex level using structure-based model. Precision 

and recall calculated at threshold that maximizes MCC. 

 

PDB 
ROC-auc 

RRCP 

ROC-auc 

BS 
MCC BS 

Precision 

BS 

Recall 

BS 

1A2K 0.9721 0.9112 0.4813 0.3617 0.8293 

1ACB 0.9867 0.952 0.6268 0.5714 0.8727 

1AHW 0.9819 0.8828 0.4784 0.4273 0.7015 

1AK4 0.9099 0.8189 0.3161 0.2449 0.75 

1AKJ 0.8597 0.6219 0.1611 0.2651 0.2821 

1ATN 0.6852 0.5485 0.0483 0.1209 0.2 

1AVX 0.8767 0.8051 0.2568 0.3418 0.4426 

1AY7 0.9761 0.9173 0.5431 0.5 0.9048 

1AZS 0.9868 0.8882 0.517 0.425 0.7556 

1B6C 0.956 0.8926 0.4212 0.4286 0.6 

1BGX 0.8734 0.5503 0.0752 0.25 0.1141 
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1BJ1 0.9752 0.8966 0.4582 0.3824 0.7091 

1BKD 0.9485 0.8383 0.3416 0.4778 0.4175 

1BUH 0.954 0.8957 0.4877 0.3974 0.7949 

1BVK 0.9832 0.9305 0.5448 0.4535 0.8478 

1BVN 0.9756 0.9501 0.6216 0.6494 0.6944 

1CGI 0.9695 0.9399 0.6706 0.6747 0.8358 

1CLV 0.9535 0.9724 0.7655 0.7273 0.875 

1D6R 0.9677 0.923 0.6258 0.6026 0.8393 

1DE4 0.8856 0.6617 0.1272 0.1461 0.194 

1DFJ 0.8986 0.7457 0.2288 0.3626 0.3438 

1DQJ 0.9714 0.9066 0.4662 0.4578 0.623 

1E4K 0.8961 0.7269 0.3039 0.2935 0.5094 

1E6E 0.9369 0.7823 0.3881 0.4 0.5263 

1E6J 0.9801 0.9547 0.5093 0.3721 0.8421 

1E96 0.8844 0.8018 0.4198 0.375 0.675 

1EAW 0.9686 0.9211 0.6049 0.6456 0.7612 

1EER 0.9517 0.9168 0.5796 0.7284 0.5728 

1EFN 0.8645 0.8451 0.3809 0.3165 0.9259 

1EWY 0.8612 0.83 0.2959 0.321 0.52 

1EXB 0.9174 0.6287 0.1614 0.2245 0.2037 

1EZU 0.9297 0.8258 0.5047 0.6154 0.5581 

1F34 0.746 0.6239 0.1242 0.2778 0.3049 

1F51 0.9475 0.858 0.3969 0.4935 0.5 

1F6M 0.9171 0.793 0.319 0.3736 0.5231 

1FAK 0.734 0.5296 -0.0905 0.0395 0.0732 

1FC2 0.8885 0.8718 0.4455 0.3827 0.8158 

1FCC 0.863 0.7879 0.2976 0.2658 0.5385 

1FFW 0.8651 0.7642 0.3515 0.3553 0.75 

1FLE 0.9601 0.9277 0.5935 0.561 0.8364 

1FQ1 0.9754 0.9171 0.4879 0.4217 0.7292 

1FQJ 0.9785 0.9449 0.625 0.5833 0.7925 

1FSK 0.9741 0.9014 0.5197 0.4706 0.7018 

1GCQ 0.634 0.6395 0.1579 0.3371 0.8333 

1GHQ 0.7321 0.5303 0.0869 0.099 0.3846 

1GL1 0.9736 0.9745 0.7258 0.6582 0.9455 

1GLA 0.8727 0.7574 0.3512 0.3026 0.5476 

1GP2 0.9849 0.937 0.5441 0.4524 0.76 

1GPW 0.9373 0.7855 0.2698 0.3659 0.4225 

1GRN 0.9553 0.8802 0.5318 0.55 0.6984 

1GXD 0.8191 0.7687 0.205 0.2043 0.3654 

1H1V 0.8676 0.6937 0.2469 0.2989 0.3714 

1H9D 0.8455 0.7485 0.3314 0.4941 0.6087 

1HCF 0.9262 0.8713 0.4263 0.3537 0.7838 
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1HE1 0.933 0.869 0.5348 0.5584 0.7288 

1HE8 0.9124 0.6978 0.2097 0.1791 0.3529 

1HIA 0.9685 0.9485 0.6416 0.6351 0.8246 

1I2M 0.9606 0.9103 0.5361 0.6092 0.6092 

1I4D 0.8231 0.6027 0.0728 0.1515 0.2632 

1I9R 0.9735 0.8458 0.2984 0.2812 0.4576 

1IB1 0.9253 0.796 0.2768 0.303 0.4545 

1IBR 0.8714 0.7323 0.2494 0.4302 0.3217 

1IJK 0.8638 0.6941 0.1841 0.2118 0.4091 

1IQD 0.9884 0.9501 0.6103 0.5976 0.7313 

1IRA 0.7552 0.6633 0.2516 0.4494 0.3774 

1J2J 0.9617 0.9209 0.5511 0.4429 0.9394 

1JIW 0.9499 0.9028 0.4971 0.407 0.7447 

1JK9 0.9752 0.9315 0.5901 0.5584 0.7818 

1JMO 0.949 0.8719 0.4104 0.3933 0.5738 

1JPS 0.9783 0.8998 0.4979 0.4731 0.6667 

1JTD 0.9731 0.8924 0.5628 0.5408 0.7361 

1JTG 0.9391 0.8289 0.4322 0.5455 0.5517 

1JWH 0.953 0.8211 0.3538 0.3012 0.5556 

1JZD 0.9007 0.8082 0.5975 0.6197 0.6769 

1K4C 0.9809 0.9547 0.6186 0.4884 0.8936 

1K5D 0.9758 0.8895 0.5277 0.5556 0.6395 

1K74 0.9603 0.869 0.4979 0.5125 0.6308 

1KAC 0.7108 0.6381 0.1219 0.24 0.3673 

1KKL 0.9137 0.6984 0.1776 0.1895 0.4 

1KLU 0.9094 0.8317 0.2629 0.2208 0.4857 

1KTZ 0.9425 0.8544 0.3986 0.321 0.8966 

1KXP 0.9227 0.7208 0.1925 0.3218 0.2642 

1KXQ 0.9266 0.8345 0.3842 0.4545 0.4667 

1LFD 0.9298 0.8829 0.4921 0.3836 0.875 

1M10 0.8104 0.6459 0.1695 0.2812 0.3649 

1M27 0.8443 0.7495 0.371 0.2593 0.9545 

1MAH 0.9529 0.8951 0.4785 0.5067 0.5758 

1ML0 0.8408 0.8391 0.3537 0.3474 0.5 

1MLC 0.9532 0.8712 0.2796 0.2692 0.4667 

1MQ8 0.9463 0.8529 0.4542 0.3953 0.7556 

1N2C 0.9862 0.8244 0.3716 0.466 0.3453 

1NCA 0.9742 0.8465 0.3164 0.3297 0.4412 

1NSN 0.975 0.9116 0.5236 0.4554 0.7727 

1NW9 0.8386 0.7345 0.1557 0.2527 0.4423 

1OC0 0.68 0.6713 0.182 0.2024 0.4359 

1OFU 0.9168 0.7516 0.1919 0.2069 0.3913 

1OPH 0.9917 0.9428 0.537 0.3951 0.8421 
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1OYV 0.8884 0.7919 0.4291 0.5616 0.5256 

1PPE 0.9786 0.9816 0.7682 0.7089 0.9655 

1PVH 0.9815 0.9307 0.4504 0.3095 0.8667 

1PXV 0.7879 0.7273 0.3644 0.5062 0.5694 

1QA9 0.7378 0.6539 0.1808 0.3077 0.5854 

1QFW 0.8882 0.8169 0.2551 0.3194 0.4182 

1R0R 0.985 0.9737 0.6928 0.5949 0.94 

1R6Q 0.671 0.5947 0.0039 0.2338 0.3396 

1R8S 0.9578 0.9122 0.5982 0.6795 0.6974 

1RKE 0.8051 0.6892 0.2684 0.3908 0.4416 

1RLB 0.888 0.724 0.2419 0.2234 0.4565 

1RV6 0.9035 0.8154 0.3645 0.4 0.6538 

1S1Q 0.8767 0.8679 0.45 0.4268 0.8333 

1SBB 0.9416 0.8199 0.323 0.25 0.6389 

1SYX 0.8021 0.6492 0.163 0.2812 0.6585 

1T6B 0.8274 0.7529 0.2977 0.3034 0.4286 

1TMQ 0.9746 0.934 0.5735 0.5854 0.6761 

1UDI 0.9728 0.9541 0.736 0.7342 0.8657 

1US7 0.7831 0.6554 0.0732 0.1667 0.3721 

1VFB 0.9851 0.9242 0.5062 0.4419 0.7917 

1WDW 0.9845 0.9193 0.5347 0.5814 0.5682 

1WEJ 0.9597 0.8909 0.3723 0.3196 0.6327 

1WQ1 0.9521 0.9114 0.6396 0.7532 0.6517 

1XD3 0.9763 0.938 0.5754 0.4861 0.875 

1XQS 0.829 0.7384 0.21 0.3333 0.375 

1XU1 0.8619 0.8278 0.3566 0.3529 0.5769 

1Y64 0.8821 0.6353 0.1514 0.2474 0.2637 

1YVB 0.9711 0.9322 0.5495 0.4505 0.8723 

1Z0K 0.9463 0.9307 0.5206 0.4267 0.9143 

1Z5Y 0.9682 0.9205 0.6558 0.5833 0.913 

1ZHH 0.9025 0.7615 0.1869 0.2174 0.3846 

1ZHI 0.8732 0.7111 0.2161 0.2609 0.5455 

1ZLI 0.7504 0.8132 0.449 0.4951 0.7286 

1ZM4 0.9013 0.7832 0.3143 0.2784 0.4737 

2A1A 0.9626 0.8854 0.4223 0.325 0.7429 

2A5T 0.897 0.783 0.2651 0.3182 0.4242 

2A9K 0.7985 0.6833 0.1532 0.2603 0.3455 

2ABZ 0.965 0.9317 0.567 0.5 0.8125 

2AJF 0.8163 0.6178 0.0627 0.1235 0.1724 

2AYO 0.8697 0.8069 0.3624 0.4756 0.5 

2B42 0.9127 0.7688 0.4215 0.5222 0.5165 

2B4J 0.8583 0.6296 0.2076 0.2169 0.5 

2BTF 0.8823 0.7957 0.2855 0.3412 0.4531 
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2C0L 0.7916 0.7408 0.2526 0.3662 0.3939 

2CFH 0.9453 0.8953 0.5845 0.6622 0.7101 

2FD6 0.9777 0.9013 0.3495 0.2581 0.6316 

2FJU 0.9309 0.6041 0.0918 0.0989 0.2368 

2G77 0.9793 0.9463 0.6775 0.7037 0.76 

2GAF 0.7566 0.5639 0.02 0.1625 0.1262 

2GTP 0.9873 0.9598 0.7222 0.6522 0.8824 

2H7V 0.9603 0.8504 0.2697 0.2551 0.5556 

2HLE 0.9063 0.8731 0.497 0.5844 0.6429 

2HMI 0.9893 0.8841 0.3133 0.2283 0.5122 

2HQS 0.9327 0.8078 0.4143 0.5063 0.5063 

2HRK 0.9708 0.9324 0.5986 0.5185 0.8936 

2I25 0.9008 0.7526 0.239 0.3222 0.6042 

2I9B 0.89 0.6938 0.247 0.4091 0.4286 

2IDO 0.7518 0.7241 0.2359 0.3218 0.5957 

2J0T 0.8824 0.8991 0.5351 0.506 0.8077 

2J7P 0.9821 0.9301 0.6085 0.6413 0.7024 

2JEL 0.9329 0.9112 0.4038 0.3929 0.5893 

2MTA 0.953 0.8492 0.2953 0.3188 0.4231 

2NZ8 0.9584 0.8823 0.5093 0.6 0.5926 

2O3B 0.9196 0.7975 0.3374 0.3617 0.5965 

2O8V 0.9532 0.8668 0.3319 0.2152 0.7727 

2OOB 0.6104 0.7156 0.2762 0.2821 0.9565 

2OOR 0.9682 0.886 0.4303 0.4078 0.5753 

2OT3 0.962 0.9047 0.5747 0.6234 0.6857 

2OUL 0.9844 0.9584 0.7007 0.7403 0.7917 

2OZA 0.8733 0.7835 0.3641 0.4138 0.4865 

2PCC 0.9287 0.8282 0.3166 0.2683 0.6111 

2SIC 0.9841 0.9428 0.563 0.5 0.8182 

2SNI 0.9912 0.9738 0.7223 0.6711 0.8947 

2UUY 0.9814 0.9248 0.5558 0.5195 0.8163 

2VDB 0.7745 0.7476 0.2165 0.2258 0.4038 

2VIS 0.9856 0.9068 0.4275 0.3488 0.6522 

2VXT 0.9758 0.9056 0.5211 0.4842 0.7077 

2W9E 0.9612 0.913 0.5188 0.4526 0.7544 

2X9A 0.5562 0.4718 -0.0379 0.3171 0.52 

2YVJ 0.9373 0.8186 0.3371 0.321 0.5417 

2Z0E 0.9389 0.8706 0.4437 0.5055 0.6053 

3A4S 0.9363 0.7842 0.2797 0.2708 0.7647 

3AAA 0.8852 0.8364 0.4112 0.3976 0.569 

3AAD 0.7707 0.6918 0.1927 0.25 0.4231 

3BIW 0.8082 0.621 0.1367 0.15 0.2857 

3BP8 0.6752 0.4709 0.1108 0.1282 0.2381 
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3BX7 0.8405 0.7882 0.4602 0.5542 0.6571 

3CPH 0.9785 0.943 0.5669 0.4588 0.8125 

3D5S 0.6335 0.6364 0.1493 0.2235 0.4043 

3DAW 0.9688 0.9216 0.58 0.6765 0.6053 

3EO1 0.9768 0.8729 0.4531 0.3654 0.717 

3EOA 0.9723 0.9104 0.4133 0.3649 0.6 

3F1P 0.8728 0.7772 0.3567 0.4607 0.6949 

3FN1 0.6836 0.5828 0.1251 0.3226 0.4762 

3G6D 0.9777 0.9441 0.5464 0.4667 0.7778 

3H11 0.9627 0.9384 0.6205 0.6914 0.6914 

3H2V 0.7543 0.6001 -0.0044 0.1461 0.3939 

3HI6 0.9776 0.9229 0.5386 0.4889 0.7213 

3HMX 0.9814 0.8562 0.4358 0.4022 0.5873 

3K75 0.7977 0.6554 0.0464 0.1429 0.2667 

3L5W 0.9887 0.9634 0.5601 0.3696 0.9714 

3L89 0.8237 0.6377 0.1259 0.2062 0.2703 

3LVK 0.9209 0.8507 0.3016 0.2588 0.4783 

3MXW 0.9776 0.898 0.421 0.3846 0.625 

3P57 0.9112 0.8561 0.3496 0.3239 0.6571 

3PC8 0.9408 0.8646 0.3866 0.3704 0.8571 

3R9A 0.9455 0.7921 0.2363 0.2258 0.3684 

3RVW 0.9841 0.9256 0.4942 0.3864 0.7556 

3S9D 0.9197 0.7803 0.3491 0.4024 0.6 

3SGQ 0.9569 0.9369 0.574 0.4615 0.9474 

3SZK 0.8213 0.5982 0.0829 0.16 0.2791 

3V6Z 0.961 0.873 0.3791 0.3673 0.5806 

3VLB 0.9542 0.8506 0.4524 0.4945 0.5625 

4CPA 0.9785 0.9389 0.5084 0.4125 0.825 

4DN4 0.9864 0.965 0.5414 0.3656 0.9444 

4FQI 0.9534 0.5922 0.1541 0.134 0.2549 

4FZA 0.8759 0.64 0.3053 0.3171 0.4727 

4G6J 0.9719 0.887 0.4097 0.4157 0.5692 

4G6M 0.9613 0.8865 0.3369 0.3333 0.5179 

4GAM 0.8651 0.8076 0.3688 0.5851 0.2806 

4GXU 0.9687 0.6859 0.1459 0.1707 0.1918 

4H03 0.8832 0.5509 0.1447 0.1842 0.2545 

4HX3 0.7687 0.5971 0.1725 0.32 0.3582 

4IZ7 0.8316 0.775 0.3029 0.2474 0.6316 

4JCV 0.9459 0.8434 0.1939 0.2151 0.3077 

4LW4 0.9838 0.9434 0.5097 0.4375 0.6731 

4M76 0.806 0.6101 0.1621 0.1683 0.4359 

7CEI 0.9153 0.7729 0.2917 0.3587 0.7021 

9QFW 0.9441 0.8583 0.3602 0.358 0.58 
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BAAD 0.6598 0.5539 0.1917 0.2444 0.4314 

BOYV 0.8678 0.8174 0.4331 0.382 0.7234 

BP57 0.9412 0.8497 0.4042 0.3333 0.75 

CP57 0.9285 0.8676 0.3677 0.3023 0.7647 

mean 0.9052 0.8135 0.3778 0.3903 0.5958 

 
 

Table S12.2 DBv5 complexes and its performance results at complex level using sequence-based model. 

Precision and recall calculated at threshold that maximizes MCC. 

 

PDB 
ROC-auc 

RRCP 

ROC-auc 

BS 
MCC BS Precision BS Recall BS 

1A2K 0.7975 0.7253 0.1471 0.1652 0.4634 

1ACB 0.9775 0.9124 0.5312 0.4842 0.8364 

1AHW 0.974 0.8892 0.4383 0.4158 0.6269 

1AK4 0.7981 0.6791 0.085 0.1389 0.4688 

1AKJ 0.753 0.6389 0.2237 0.297 0.3846 

1ATN 0.5684 0.5596 0.0882 0.1382 0.3091 

1AVX 0.934 0.7803 0.2815 0.3158 0.5902 

1AY7 0.8889 0.8036 0.3567 0.3763 0.8333 

1AZS 0.7121 0.6332 0.0384 0.1059 0.2 

1B6C 0.7562 0.6791 0.1138 0.1897 0.4 

1BGX 0.8257 0.5698 0.1147 0.2783 0.1739 

1BJ1 0.9715 0.8777 0.3921 0.3095 0.7091 

1BKD 0.8388 0.7023 0.2843 0.4167 0.3883 

1BUH 0.8289 0.7971 0.3163 0.2737 0.6667 

1BVK 0.9908 0.9321 0.5597 0.43 0.9348 

1BVN 0.9465 0.9081 0.5645 0.5543 0.7083 

1CGI 0.9666 0.907 0.5763 0.5729 0.8209 

1CLV 0.9396 0.9468 0.6992 0.6753 0.8125 

1D6R 0.9604 0.9008 0.5135 0.4796 0.8393 

1DE4 0.5251 0.3449 -0.0428 0.0092 0.0149 

1DFJ 0.8013 0.6493 0.2224 0.3364 0.3854 

1DQJ 0.9754 0.9143 0.5282 0.4646 0.7541 

1E4K 0.7319 0.7216 0.2722 0.2596 0.5094 

1E6E 0.7996 0.6885 0.1495 0.2021 0.3333 

1E6J 0.9695 0.9381 0.5359 0.36 0.9474 

1E96 0.7913 0.6632 0.2397 0.2232 0.625 

1EAW 0.9441 0.9049 0.4693 0.5161 0.7164 

1EER 0.8211 0.7558 0.2901 0.4035 0.4466 

1EFN 0.8129 0.7706 0.2731 0.2368 1 

1EWY 0.7325 0.7322 0.2207 0.2455 0.54 

1EXB 0.7104 0.473 -0.0307 0.037 0.037 
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1EZU 0.8695 0.6718 0.2609 0.3243 0.5581 

1F34 0.6679 0.6165 0.151 0.2797 0.4024 

1F51 0.7809 0.7338 0.3052 0.3977 0.4605 

1F6M 0.845 0.6657 0.1472 0.2526 0.3692 

1FAK 0.6315 0.5148 -0.0348 0.0784 0.1951 

1FC2 0.8182 0.8189 0.3652 0.3295 0.7632 

1FCC 0.7831 0.7675 0.3409 0.2596 0.6923 

1FFW 0.5723 0.6546 0.1958 0.2667 0.6667 

1FLE 0.8372 0.8344 0.4151 0.4333 0.7091 

1FQ1 0.8522 0.7684 0.2546 0.2353 0.5833 

1FQJ 0.9445 0.8542 0.5566 0.4941 0.7925 

1FSK 0.9618 0.8655 0.4071 0.3421 0.6842 

1GCQ 0.4972 0.4274 -0.183 0.2549 0.7222 

1GHQ 0.7214 0.6123 0.0922 0.102 0.3846 

1GL1 0.956 0.9451 0.6923 0.6296 0.9273 

1GLA 0.4073 0.5827 0.199 0.1868 0.4048 

1GP2 0.9397 0.844 0.4259 0.3273 0.72 

1GPW 0.7569 0.6479 0.1345 0.2556 0.3239 

1GRN 0.8934 0.8096 0.4267 0.4421 0.6667 

1GXD 0.5345 0.623 0.0902 0.1215 0.25 

1H1V 0.8357 0.6319 0.0453 0.1339 0.2143 

1H9D 0.6969 0.63 0.2342 0.4035 0.6667 

1HCF 0.6706 0.7042 0.2046 0.2124 0.6486 

1HE1 0.9281 0.8366 0.4325 0.4327 0.7627 

1HE8 0.9053 0.6881 0.2031 0.1714 0.3529 

1HIA 0.9118 0.8644 0.5055 0.5 0.7895 

1I2M 0.8751 0.7707 0.3724 0.4312 0.5402 

1I4D 0.8968 0.6375 0.1252 0.191 0.2982 

1I9R 0.9778 0.8707 0.3769 0.3404 0.5424 

1IB1 0.7218 0.7228 0.299 0.3036 0.5152 

1IBR 0.6817 0.5346 0.0876 0.2558 0.287 

1IJK 0.6863 0.5798 0.0205 0.11 0.25 

1IQD 0.9629 0.8558 0.4775 0.4224 0.7313 

1IRA 0.6908 0.636 0.1152 0.3186 0.3396 

1J2J 0.9289 0.8966 0.4869 0.3721 0.9697 

1JIW 0.9139 0.8626 0.3865 0.3 0.7021 

1JK9 0.7248 0.6411 0.1723 0.25 0.4545 

1JMO 0.82 0.7176 0.2359 0.2393 0.459 

1JPS 0.9666 0.9044 0.4356 0.4019 0.6515 

1JTD 0.935 0.8992 0.5187 0.5 0.7083 

1JTG 0.839 0.747 0.2604 0.3818 0.4828 

1JWH 0.4135 0.494 0.0004 0.065 0.1778 

1JZD 0.8917 0.7542 0.5013 0.5 0.6462 
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1K4C 0.9573 0.9346 0.5141 0.3846 0.8511 

1K5D 0.8914 0.7827 0.3939 0.4132 0.5814 

1K74 0.7928 0.7083 0.2283 0.2598 0.5077 

1KAC 0.6982 0.6789 0.2022 0.2589 0.5918 

1KKL 0.7524 0.6353 0.1644 0.1828 0.3778 

1KLU 0.6622 0.6381 0.0623 0.0917 0.2857 

1KTZ 0.7392 0.6649 0.1659 0.2017 0.8276 

1KXP 0.8503 0.6689 0.1337 0.2353 0.3019 

1KXQ 0.8749 0.8675 0.4546 0.4519 0.6267 

1LFD 0.8749 0.8013 0.3314 0.2653 0.8125 

1M10 0.6614 0.6009 0.0909 0.2143 0.3649 

1M27 0.7733 0.6359 0.1342 0.1607 0.8182 

1MAH 0.8521 0.8158 0.3481 0.3252 0.6061 

1ML0 0.5458 0.6406 0.1692 0.1982 0.3333 

1MLC 0.9689 0.895 0.4009 0.3261 0.6667 

1MQ8 0.8725 0.7282 0.1762 0.2119 0.5556 

1N2C 0.7722 0.6433 0.1573 0.2264 0.1727 

1NCA 0.9682 0.796 0.3557 0.3037 0.6029 

1NSN 0.9602 0.8742 0.4552 0.4343 0.6515 

1NW9 0.74 0.7985 0.3256 0.34 0.6538 

1OC0 0.6443 0.6584 0.17 0.1786 0.5128 

1OFU 0.5705 0.4999 -0.0315 0.0667 0.1522 

1OPH 0.969 0.8645 0.3512 0.2302 0.7632 

1OYV 0.8675 0.8326 0.4088 0.4717 0.641 

1PPE 0.9413 0.9523 0.796 0.7308 0.9828 

1PVH 0.8671 0.7741 0.2369 0.1835 0.6667 

1PXV 0.6569 0.6445 0.1898 0.3406 0.6528 

1QA9 0.694 0.6238 0.1621 0.2889 0.6341 

1QFW 0.8488 0.7744 0.294 0.3125 0.5455 

1R0R 0.9759 0.9531 0.5704 0.4943 0.86 

1R6Q 0.6713 0.5898 0.168 0.3187 0.5472 

1R8S 0.9022 0.8566 0.5221 0.5745 0.7105 

1RKE 0.6212 0.4682 -0.0664 0.1558 0.3117 

1RLB 0.7585 0.6769 0.1134 0.1376 0.3261 

1RV6 0.6735 0.591 0.1359 0.2577 0.4808 

1S1Q 0.7057 0.6244 0.0911 0.2368 0.6429 

1SBB 0.8658 0.761 0.2313 0.1905 0.5556 

1SYX 0.7437 0.6654 0.2116 0.2925 0.7561 

1T6B 0.7602 0.688 0.156 0.1863 0.3016 

1TMQ 0.9481 0.8986 0.5083 0.44 0.7746 

1UDI 0.7666 0.7547 0.3206 0.4059 0.6119 

1US7 0.4387 0.4931 0.0416 0.1481 0.3721 

1VFB 0.9868 0.9184 0.5063 0.4141 0.8542 
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1WDW 0.7951 0.5726 0.0491 0.1287 0.1477 

1WEJ 0.9354 0.8715 0.4021 0.313 0.7347 

1WQ1 0.8966 0.8066 0.4955 0.5745 0.6067 

1XD3 0.8426 0.7314 0.2277 0.2476 0.65 

1XQS 0.7082 0.6319 0.0812 0.2255 0.3194 

1XU1 0.7116 0.774 0.2942 0.3011 0.5385 

1Y64 0.6764 0.5095 0.033 0.1429 0.1978 

1YVB 0.9107 0.8224 0.42 0.3254 0.8723 

1Z0K 0.8448 0.8258 0.3997 0.3333 0.8857 

1Z5Y 0.8826 0.8315 0.4139 0.3956 0.7826 

1ZHH 0.6783 0.6329 0.085 0.1406 0.3462 

1ZHI 0.6491 0.5655 0.0426 0.1639 0.4545 

1ZLI 0.8303 0.8521 0.5205 0.5179 0.8286 

1ZM4 0.7375 0.7644 0.2133 0.1885 0.4035 

2A1A 0.6823 0.6441 0.1105 0.1364 0.4286 

2A5T 0.6979 0.588 0.0856 0.1776 0.2879 

2A9K 0.6848 0.5977 0.0908 0.1983 0.4182 

2ABZ 0.9249 0.9027 0.4921 0.4149 0.8125 

2AJF 0.7245 0.6825 0.2137 0.2105 0.4138 

2AYO 0.7106 0.6309 0.1732 0.3187 0.3718 

2B42 0.8026 0.6902 0.2061 0.3241 0.3846 

2B4J 0.5442 0.5753 0.1378 0.16 0.5556 

2BTF 0.754 0.7395 0.2673 0.2835 0.5625 

2C0L 0.8 0.7016 0.2039 0.2857 0.4848 

2CFH 0.5676 0.5469 0.0015 0.2362 0.4348 

2FD6 0.9691 0.8384 0.2706 0.1964 0.5789 

2FJU 0.9305 0.6637 0.1272 0.1196 0.2895 

2G77 0.8738 0.8352 0.4 0.4369 0.6 

2GAF 0.5779 0.4356 -0.0324 0.1181 0.1456 

2GTP 0.9381 0.9018 0.5603 0.4938 0.7843 

2H7V 0.9477 0.789 0.2452 0.2281 0.5778 

2HLE 0.6006 0.4847 -0.0353 0.2 0.3143 

2HMI 0.9647 0.8517 0.3047 0.2095 0.5366 

2HQS 0.8638 0.7603 0.3429 0.4059 0.519 

2HRK 0.8541 0.7877 0.347 0.3303 0.766 

2I25 0.8504 0.7589 0.3121 0.369 0.6458 

2I9B 0.6583 0.5867 0.0403 0.25 0.3095 

2IDO 0.5012 0.4758 -0.0768 0.1651 0.383 

2J0T 0.531 0.6068 0.113 0.2427 0.4808 

2J7P 0.8606 0.7735 0.3744 0.4516 0.5 

2JEL 0.9596 0.9312 0.5783 0.4706 0.8571 

2MTA 0.7087 0.6577 0.2316 0.2308 0.4615 

2NZ8 0.9411 0.8546 0.4839 0.5248 0.6543 
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2O3B 0.8368 0.7625 0.3042 0.3186 0.6316 

2O8V 0.8631 0.7688 0.2077 0.1505 0.6364 

2OOB 0.655 0.6567 0.1312 0.241 0.8696 

2OOR 0.9144 0.8293 0.3038 0.3056 0.4521 

2OT3 0.8218 0.7201 0.2551 0.3333 0.5286 

2OUL 0.9112 0.8667 0.5354 0.5273 0.8056 

2OZA 0.6692 0.5876 0.1704 0.2619 0.2973 

2PCC 0.5831 0.5663 0.0633 0.1176 0.3889 

2SIC 0.9792 0.8855 0.4402 0.3839 0.7818 

2SNI 0.9859 0.9379 0.5913 0.5393 0.8421 

2UUY 0.9484 0.8704 0.4345 0.413 0.7755 

2VDB 0.6768 0.7926 0.2824 0.2626 0.5 

2VIS 0.9793 0.8926 0.3993 0.2833 0.7391 

2VXT 0.9561 0.8639 0.4422 0.375 0.7385 

2W9E 0.9434 0.8823 0.4509 0.3818 0.7368 

2X9A 0.4656 0.4909 -0.0407 0.3204 0.66 

2YVJ 0.8372 0.787 0.2461 0.24 0.5 

2Z0E 0.709 0.5623 0.0528 0.2143 0.3158 

3A4S 0.7804 0.7306 0.2372 0.2553 0.7059 

3AAA 0.8363 0.7542 0.27 0.2613 0.5 

3AAD 0.5854 0.5213 0.1391 0.2159 0.3654 

3BIW 0.6987 0.6052 0.1092 0.1167 0.3333 

3BP8 0.5703 0.4519 0.0208 0.0648 0.1667 

3BX7 0.7496 0.6803 0.242 0.3707 0.6143 

3CPH 0.8827 0.8203 0.3231 0.2812 0.5625 

3D5S 0.5736 0.6369 0.1337 0.2111 0.4043 

3DAW 0.8579 0.7713 0.344 0.3853 0.5526 

3EO1 0.9587 0.8281 0.3146 0.265 0.5849 

3EOA 0.974 0.914 0.4145 0.3452 0.6444 

3F1P 0.5545 0.4896 -0.0297 0.2566 0.4915 

3FN1 0.6035 0.5418 -0.0134 0.2455 0.4286 

3G6D 0.9272 0.9012 0.4164 0.3486 0.7037 

3H11 0.7319 0.6522 0.1105 0.254 0.3951 

3H2V 0.6671 0.6243 0.1129 0.1905 0.6061 

3HI6 0.986 0.9422 0.6125 0.5204 0.8361 

3HMX 0.9637 0.7639 0.1943 0.2054 0.3651 

3K75 0.5548 0.4651 -0.0594 0.0855 0.2222 

3L5W 0.99 0.9666 0.5196 0.3182 1 

3L89 0.6492 0.58 0.1046 0.1881 0.2568 

3LVK 0.7342 0.7086 0.2175 0.1881 0.413 

3MXW 0.9757 0.8957 0.5051 0.3932 0.8214 

3P57 0.9401 0.8886 0.5024 0.3465 1 

3PC8 0.7039 0.5539 0.1045 0.2385 0.7429 
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3R9A 0.7988 0.7099 0.1929 0.1818 0.3509 

3RVW 0.9763 0.8534 0.3339 0.2522 0.6444 

3S9D 0.7537 0.6382 0.1537 0.2647 0.4909 

3SGQ 0.9471 0.8746 0.4148 0.3302 0.9211 

3SZK 0.6265 0.5334 0.0066 0.11 0.2558 

3V6Z 0.9593 0.8724 0.4283 0.36 0.7258 

3VLB 0.8206 0.6892 0.2625 0.3083 0.4625 

4CPA 0.9788 0.9674 0.6482 0.4878 1 

4DN4 0.9846 0.9599 0.573 0.3889 0.9722 

4FQI 0.9176 0.5018 0.0721 0.0741 0.1569 

4FZA 0.6723 0.6582 0.1323 0.1692 0.4 

4G6J 0.9555 0.8853 0.4227 0.3925 0.6462 

4G6M 0.9667 0.8838 0.33 0.31 0.5536 

4GAM 0.6938 0.7061 0.312 0.4771 0.2653 

4GXU 0.9481 0.5684 0.0606 0.0874 0.1233 

4H03 0.6806 0.4639 0.0217 0.0847 0.1818 

4HX3 0.6868 0.6387 0.2 0.3163 0.4627 

4IZ7 0.7748 0.6932 0.1253 0.1466 0.4474 

4JCV 0.8666 0.7582 0.1689 0.176 0.3385 

4LW4 0.8006 0.7023 0.2234 0.2135 0.3654 

4M76 0.8591 0.7038 0.2305 0.2083 0.5128 

7CEI 0.5649 0.4796 -0.0031 0.2185 0.5532 

9QFW 0.9453 0.8773 0.3808 0.3556 0.64 

BAAD 0.6517 0.5582 0.15 0.2095 0.4314 

BOYV 0.9054 0.8682 0.3615 0.3333 0.6596 

BP57 0.9193 0.8593 0.3931 0.2935 0.8438 

CP57 0.9135 0.8637 0.3753 0.3 0.7941 

mean 0.8022 0.7286 0.2647 0.292 0.5532 

 
 
 

Table S12.3. DImS complexes and its performance results at complex level using structure-based model. 

Precision and recall calculated at threshold that maximizes MCC. 

 

PDB ROC-auc 

RRCP 

ROC-auc BS MCC BS Precision BS Recall BS 

1acb 0.9899 0.9726 0.7163 0.6235 0.9636 

1avw 0.8855 0.7686 0.2706 0.369 0.4559 

1ay7 0.9717 0.9129 0.5756 0.5063 0.9524 

1b41 0.889 0.8149 0.3206 0.3077 0.5424 

1b6c 0.9572 0.8985 0.5452 0.4842 0.7931 

1bdj 0.4095 0.4609 0.03 0.0976 0.381 

1blx 0.6886 0.64 0.2124 0.2762 0.4462 
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1bun 0.4786 0.1878 -0.2567 0.0562 0.1852 

1c1y 0.9646 0.9022 0.4843 0.4048 0.8718 

1cse 0.9889 0.975 0.6976 0.5882 0.9615 

1cxz 0.596 0.5348 -0.0158 0.1889 0.3208 

1d0d 0.8531 0.6509 0.0715 0.022 1 

1dev 0.6821 0.573 0.1568 0.4545 0.4762 

1ds6 0.9124 0.7922 0.3923 0.4681 0.6027 

1dtd 0.9527 0.911 0.4981 0.4396 0.7843 

1e44 0.839 0.7703 0.3573 0.5854 0.6761 

1e96 0.8982 0.802 0.2903 0.2697 0.6 

1eai 0.9446 0.8597 0.4782 0.49 0.7656 

1em8 0.8831 0.6972 0.2589 0.3214 0.587 

1euv 0.8972 0.8526 0.4283 0.5238 0.6286 

1f2s 0.9723 0.9701 0.7127 0.6386 0.9636 

1f34 0.834 0.7637 0.3368 0.5 0.4563 

1fm0 0.9388 0.8521 0.4336 0.5 0.7705 

1g0v 0.8893 0.9373 0.6741 0.8243 0.6778 

1gl1 0.9663 0.958 0.6973 0.622 0.9444 

1gzs 0.944 0.9169 0.6436 0.7473 0.7312 

1h4l 0.9684 0.9426 0.6881 0.7283 0.7791 

1he1 0.9545 0.8894 0.5279 0.5376 0.7692 

1i1q 0.9663 0.8646 0.4192 0.4796 0.5165 

1izn 0.8863 0.8035 0.4582 0.8586 0.4048 

1jdh 0.8564 0.8745 0.4432 0.5952 0.4854 

1jsd 0.8952 0.777 0.5253 0.8182 0.4898 

1jtd 0.9467 0.865 0.4993 0.49 0.6806 

1k90 0.7405 0.6429 0.1773 0.4468 0.2561 

1ka9 0.9501 0.7752 0.2376 0.4 0.4 

1l4d 0.7614 0.645 0.0543 0.1789 0.3208 

1luj 0.8883 0.8793 0.4788 0.5556 0.5789 

1m9x 0.9205 0.7587 0.2705 0.268 0.6341 

1nbf 0.8566 0.8394 0.5306 0.7097 0.5841 

1nf3 0.9264 0.7882 0.3595 0.4444 0.597 

1oph 0.9946 0.9352 0.4992 0.4138 0.7347 

1p57 0.7838 0.6355 0.1268 0.2841 0.3571 

1p6a 0.6978 0.6149 0.0631 0.1978 0.36 

1pzl 0.8634 0.8308 0.3214 0.275 0.7333 

1r0r 0.9843 0.9794 0.686 0.5632 0.98 

1r8s 0.976 0.9427 0.6719 0.7262 0.7722 

1s1q 0.9054 0.8766 0.4925 0.4239 0.9286 

1s6v 0.9282 0.8029 0.266 0.1852 0.625 

1s70 0.8852 0.7165 0.1958 0.45 0.2903 

1sgp 0.9606 0.9343 0.5425 0.4556 0.9318 
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1spb 0.9166 0.8602 0.5418 0.6023 0.7067 

1sq0 0.9241 0.7815 0.3107 0.3482 0.5571 

1sq2 0.8758 0.7728 0.3054 0.3929 0.6226 

1stf 0.944 0.8697 0.4647 0.44 0.7857 

1t6g 0.8892 0.7141 0.1693 0.2609 0.3288 

1ta3 0.8794 0.7099 0.3281 0.3804 0.473 

1tbg 0.6497 0.5414 0.0178 0.3684 0.2448 

1te1 0.8148 0.5881 0.1968 0.2796 0.3939 

1tgs 0.9813 0.9698 0.7682 0.7125 0.95 

1tx4 0.9504 0.8687 0.5606 0.6024 0.7042 

1u0s 0.89 0.8026 0.3529 0.4 0.7391 

1uad 0.8638 0.7982 0.3586 0.3258 0.7436 

1ugh 0.9396 0.9191 0.5732 0.5957 0.7887 

1uuz 0.9056 0.8263 0.4405 0.4583 0.7719 

1uw4 0.8391 0.7067 0.1593 0.2929 0.4394 

1v74 0.9456 0.9282 0.6565 0.6087 0.9825 

1wmi 0.5181 0.5324 0.1204 0.7426 0.7143 

1wpx 0.9693 0.9067 0.545 0.617 0.6105 

1wrd 0.8883 0.7828 0.4066 0.37 0.9487 

1wui 0.8967 0.8557 0.4437 0.7596 0.3835 

1xd3 0.9793 0.9315 0.6715 0.716 0.7945 

1xl3 0.954 0.8875 0.5288 0.4878 0.8163 

1y4h 0.9212 0.8615 0.4909 0.5604 0.7183 

1y8x 0.8391 0.7689 0.2625 0.3721 0.5818 

1yro 0.9795 0.9393 0.4574 0.3125 0.8824 

1z3e 0.7557 0.5457 -0.056 0.2083 0.4651 

1zc3 0.7937 0.6154 0.0842 0.2593 0.3621 

2a5d 0.9426 0.833 0.4169 0.3932 0.7667 

2ajf 0.6752 0.6018 -0.0192 0.0619 0.1034 

2bex 0.9034 0.7917 0.3272 0.466 0.4324 

2ccl 0.834 0.7929 0.4104 0.4891 0.7627 

2d5r 0.7938 0.6877 0.1746 0.2442 0.42 

2d7c 0.9464 0.9293 0.4978 0.3864 0.9714 

2e2d 0.9413 0.8798 0.4769 0.5146 0.7162 

2f4m 0.9502 0.9114 0.565 0.4762 0.8511 

2f6m 0.7558 0.7046 0.3425 0.6436 0.7558 

2f9z 0.9116 0.7491 0.2645 0.3152 0.537 

2fi4 0.9711 0.909 0.5267 0.4681 0.8627 

2ftx 0.9163 0.8971 0.6221 0.6585 0.9474 

2fun 0.9563 0.8362 0.3736 0.3471 0.6462 

2g2u 0.954 0.8539 0.4432 0.505 0.622 

2g45 0.9611 0.8538 0.3642 0.2979 0.9032 

2ga9 0.7113 0.5267 0.0074 0.1495 0.1524 
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2grn 0.868 0.7944 0.3298 0.2885 0.7317 

2gzj 0.8279 0.6713 0.2264 0.3579 0.6415 

2hle 0.906 0.7944 0.3067 0.4149 0.5571 

2ido 0.858 0.7802 0.4201 0.4752 0.7619 

2ie4 0.8023 0.6097 0.1655 0.2083 0.2857 

2j7q 0.9594 0.9251 0.5938 0.5341 0.8704 

2o3b 0.9739 0.8923 0.5098 0.4434 0.8246 

2ot3 0.9798 0.9308 0.6841 0.7179 0.7671 

2p49 0.8189 0.7557 0.2317 0.2772 0.6667 

2pr3 0.8693 0.7509 0.3294 0.3913 0.6316 

2puo 0.8575 0.7796 0.3615 0.4368 0.7755 

2qdy 0.8599 0.8578 0.4782 0.9072 0.4513 

2r25 0.9721 0.9408 0.5947 0.5679 0.8214 

2r2l 0.9496 0.8255 0.432 0.7732 0.3713 

2tld 0.8273 0.7168 0.1561 0.1125 0.5294 

2uuy 0.9822 0.942 0.5783 0.5119 0.8776 

2uyz 0.893 0.7542 0.2318 0.2571 0.7105 

2vut 0.5334 0.6247 0.1843 0.2614 0.434 

3bx1 0.9289 0.8126 0.4148 0.4239 0.619 

3cr3 0.9537 0.8974 0.5018 0.3977 0.875 

3d5r 0.8041 0.7228 0.2354 0.2921 0.4906 

3fap 0.9201 0.7782 0.3176 0.2766 0.8387 

4cpa 0.9864 0.9479 0.5417 0.4268 0.875 

4sgb 0.9459 0.8892 0.5048 0.4831 0.8431 

mean 0.8789 0.7985 0.3831 0.4438 0.6492 

 
 

Table S12.4. DImS complexes and its performance results at complex level using sequence-based model. 

Precision and recall calculated at threshold that maximizes MCC: 

 

PDB ROC-auc RRCP ROC-auc BS MCC BS Precision BS Recall BS 

1acb 0.9678 0.8986 0.6241 0.6508 0.7455 

1avw 0.8679 0.7594 0.3706 0.4211 0.5882 

1ay7 0.9117 0.8467 0.406 0.4198 0.8095 

1b41 0.6955 0.6456 0.1931 0.2439 0.339 

1b6c 0.8035 0.6964 0.2496 0.3125 0.431 

1bdj 0.5226 0.5969 0.2162 0.1875 0.5714 

1blx 0.641 0.5545 0.0206 0.1558 0.1846 

1bun 0.3366 0.2247 -0.2133 0.0753 0.2593 

1c1y 0.832 0.7155 0.2001 0.2658 0.5385 

1cse 0.9799 0.9677 0.7628 0.7586 0.8462 

1cxz 0.593 0.56 0.1195 0.2727 0.3962 

1d0d 0.6726 0.2629 -0.0676 0.0116 0.5 
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1dev 0.4405 0.4137 -0.0486 0.325 0.3095 

1ds6 0.8131 0.7094 0.1802 0.3529 0.3288 

1dtd 0.8883 0.8724 0.4507 0.4235 0.7059 

1e44 0.6135 0.5978 0.1113 0.4494 0.5634 

1e96 0.7315 0.675 0.1586 0.2051 0.4 

1eai 0.8563 0.8616 0.5176 0.5152 0.7969 

1em8 0.6648 0.5564 -0.0046 0.1765 0.3261 

1euv 0.8143 0.7498 0.3478 0.5 0.5 

1f2s 0.9018 0.916 0.7103 0.7377 0.8182 

1f34 0.685 0.6804 0.2114 0.39 0.3786 

1fm0 0.9089 0.877 0.5938 0.7049 0.7049 

1g0v 0.6983 0.8216 0.4643 0.5914 0.6111 

1gl1 0.9394 0.9402 0.663 0.6522 0.8333 

1gzs 0.8764 0.8268 0.4545 0.6375 0.5484 

1h4l 0.6805 0.6421 0.1064 0.2892 0.2791 

1he1 0.859 0.7715 0.4493 0.5714 0.5538 

1i1q 0.8013 0.747 0.2347 0.35 0.3077 

1izn 0.6289 0.5792 0.1131 0.519 0.1952 

1jdh 0.7973 0.7765 0.4958 0.6711 0.4951 

1jsd 0.4569 0.4227 -0.0259 0.2842 0.1837 

1jtd 0.9127 0.8361 0.39 0.4211 0.5556 

1k90 0.5318 0.5791 0.0806 0.3483 0.189 

1ka9 0.7093 0.5539 0.0443 0.2533 0.2 

1l4d 0.5808 0.5865 0.0494 0.1786 0.283 

1luj 0.8224 0.8352 0.3154 0.4471 0.4 

1m9x 0.8028 0.7549 0.284 0.2927 0.5854 

1nbf 0.7742 0.6383 0.3252 0.561 0.4071 

1nf3 0.7412 0.649 0.3068 0.4217 0.5224 

1oph 0.961 0.7373 0.3133 0.2692 0.5714 

1p57 0.6869 0.5527 0.0683 0.2442 0.3 

1p6a 0.7247 0.6254 0.1538 0.2449 0.48 

1pzl 0.5795 0.6727 0.2141 0.2459 0.5 

1r0r 0.9662 0.9586 0.6609 0.6308 0.82 

1r8s 0.8604 0.8151 0.4367 0.5542 0.5823 

1s1q 0.7497 0.6764 0.2153 0.3059 0.619 

1s6v 0.8719 0.8171 0.2453 0.1772 0.5833 

1s70 0.5422 0.4834 -0.076 0.1765 0.0968 

1sgp 0.9722 0.9584 0.7031 0.6452 0.9091 

1spb 0.7845 0.7491 0.4661 0.5679 0.6133 

1sq0 0.7491 0.6005 0.0748 0.2069 0.2571 

1sq2 0.7689 0.7538 0.3335 0.4177 0.6226 

1stf 0.8524 0.7968 0.3357 0.4 0.5714 

1t6g 0.8123 0.7178 0.2543 0.3373 0.3836 
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1ta3 0.7336 0.6116 0.2402 0.3118 0.3919 

1tbg 0.5208 0.5861 0.2246 0.5568 0.3427 

1te1 0.512 0.5377 0.0757 0.1977 0.2576 

1tgs 0.9473 0.9052 0.5633 0.6143 0.7167 

1tx4 0.8631 0.7836 0.4084 0.5135 0.5352 

1u0s 0.771 0.7662 0.3558 0.4247 0.6739 

1uad 0.895 0.8267 0.4062 0.3784 0.7179 

1ugh 0.8208 0.7651 0.2536 0.4125 0.4648 

1uuz 0.7188 0.6167 0.0733 0.2651 0.386 

1uw4 0.762 0.6758 0.2135 0.3506 0.4091 

1v74 0.8219 0.7594 0.3176 0.4684 0.6491 

1wmi 0.5134 0.4985 -0.0217 0.6944 0.4762 

1wpx 0.8016 0.634 0.1337 0.2738 0.2421 

1wrd 0.6312 0.5513 0.0849 0.2625 0.5385 

1wui 0.7123 0.6572 0.1162 0.3978 0.1796 

1xd3 0.922 0.8061 0.4279 0.5513 0.589 

1xl3 0.4819 0.5332 0.0341 0.1939 0.3878 

1y4h 0.7024 0.6217 0.1323 0.3415 0.3944 

1y8x 0.6612 0.6321 0.1665 0.3118 0.5273 

1yro 0.7287 0.559 0.0231 0.0978 0.2647 

1z3e 0.5809 0.4754 -0.0667 0.1974 0.3488 

1zc3 0.8377 0.7449 0.2841 0.3947 0.5172 

2a5d 0.81 0.7432 0.2741 0.3483 0.5167 

2ajf 0.568 0.5904 0.0226 0.092 0.1379 

2bex 0.7045 0.686 0.2324 0.3978 0.3333 

2ccl 0.4909 0.4764 -0.0214 0.2667 0.339 

2d5r 0.7075 0.6927 0.179 0.2647 0.36 

2d7c 0.7578 0.8419 0.4099 0.3733 0.8 

2e2d 0.8344 0.7968 0.326 0.4432 0.527 

2f4m 0.5992 0.6369 0.1548 0.2361 0.3617 

2f6m 0.6247 0.5969 0.1279 0.5647 0.5581 

2f9z 0.823 0.745 0.2381 0.32 0.4444 

2fi4 0.9467 0.8764 0.4486 0.4512 0.7255 

2ftx 0.7369 0.6311 0.1843 0.4744 0.6491 

2fun 0.7424 0.6498 0.0369 0.15 0.1846 

2g2u 0.8089 0.6793 0.1273 0.2907 0.3049 

2g45 0.9249 0.7491 0.3281 0.3151 0.7419 

2ga9 0.4802 0.4129 -0.0323 0.1111 0.0857 

2grn 0.6062 0.5523 0.0558 0.1609 0.3415 

2gzj 0.6076 0.5649 0.0911 0.2976 0.4717 

2hle 0.7084 0.5386 0.0416 0.25 0.2571 

2ido 0.6387 0.571 0.0445 0.2809 0.3968 

2ie4 0.6609 0.5317 -0.0377 0.0488 0.0571 
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2j7q 0.9213 0.8573 0.5131 0.5441 0.6852 

2o3b 0.8849 0.7974 0.3963 0.425 0.5965 

2ot3 0.892 0.8188 0.4031 0.4937 0.5342 

2p49 0.7199 0.6101 0.0497 0.1978 0.4286 

2pr3 0.6491 0.6234 0.1031 0.2703 0.3509 

2puo 0.6785 0.6807 0.2432 0.3924 0.6327 

2qdy 0.505 0.4981 -0.0679 0.4194 0.2 

2r25 0.8156 0.7844 0.3122 0.4118 0.5 

2r2l 0.7346 0.6635 0.229 0.5769 0.2228 

2tld 0.9887 0.959 0.3957 0.2 1 

2uuy 0.9498 0.8791 0.5009 0.5 0.7347 

2uyz 0.677 0.5387 0.0574 0.1923 0.3947 

2vut 0.6276 0.6368 0.2278 0.3026 0.434 

3bx1 0.8407 0.6851 0.1593 0.2529 0.3492 

3cr3 0.9141 0.8156 0.3632 0.3467 0.65 

3d5r 0.6164 0.5277 0.0963 0.2043 0.3585 

3fap 0.75 0.6715 0.1931 0.2466 0.5806 

4cpa 0.9531 0.9475 0.621 0.481 0.95 

4sgb 0.9127 0.9066 0.5912 0.5833 0.8235 

mean 0.7469 0.6883 0.2421 0.3663 0.4798 

 
 

Table S12.5 CAPRI targets used for independent validation and its performance results at complex level. 

Precision and recall calculated at threshold that maximizes MCC. 

 

Target PDB Used in 

ROC-auc 

interacting 

pairs BIPSPI 

ROC-Auc 

interacting 

pairs 

PAIRpred 

ROC-

Auc 

binding 

site 

MCC Precision Recall 

T58 4G9S 
Ispred4 & 

PAIRpred 
0.927 0.897 0.822 0.389 0.375 0.943 

T56 4EEF 
Ispred4 & 

PAIRpred 
0.796 0.763 0.701 0.000 0.097 0.887 

T40 3E8L 
Ispred4 & 

PAIRpred 
0.907 0.921 0.767 0.243 0.212 0.951 

T39 3FM8 
Ispred4 & 

PAIRpred 
0.839 0.796 0.702 -0.050 0.000 0.000 

T32 3BX1 
Ispred4 & 

PAIRpred 
0.882 0.897 0.710 0.194 0.157 0.800 

T41 2WPT 
Ispred4 & 

PAIRpred 
0.938 0.858 0.902 0.634 0.846 0.611 

T50 3R2X 
Ispred4 & 

PAIRpred 
0.831 0.903 0.679 0.058 0.058 1.000 

T47 3U43 
Ispred4 & 

PAIRpred 
0.954 0.889 0.857 0.452 0.400 0.875 

T29 2VDU 
Ispred4 & 

PAIRpred 
0.965 0.829 0.874 0.202 0.133 1.000 

T01 1KKL Ispred4 0.875 - 0.638 0.107 0.106 1.000 

T03 1KEN Ispred4 0.964 - 0.691 0.013 0.049 0.838 

T08 1NPE Ispred4 0.820 - 0.628 -0.085 0.0588 0.0508 

T10 1URZ Ispred4 0.719 - 0.716 0.262 0.479 0.344 

T11 1OHZ Ispred4 0.919 - 0.935 0.697 0.700 0.894 

T13 1YNT Ispred4 0.959 - 0.836 0.310 0.288 0.552 
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T14 1S70 Ispred4 0.891 - 0.654 0.197 0.208 0.980 

T15 1V74 Ispred4 0.936 - 0.898 0.360 0.385 1.000 

T16 1TA3 Ispred4 0.961 - 0.880 0.245 0.191 1.000 

T22 1SYX Ispred4 0.750 - 0.632 0.020 0.238 0.122 

T23 2B8W Ispred4 0.896 - 0.779 0.260 0.2920 0.904 

T25 2J59 Ispred4 0.947 - 0.868 0.108 0.169 1.000 

T27 2O25 Ispred4 0.877 - 0.604 0.074 0.076 0.667 

T38 3FM8 Ispred4 0.684 - 0.633 0.273 0.370 0.294 

T46 3Q87 Ispred4 0.883 - 0.649 0.154 0.095 0.667 

T53 4JW2 Ispred4 0.9508 - 0.857 0.294 0.25 1 

T54 4JW3 Ispred4 0.9417 - 0.900 0.582 0.631 0.774 

MEAN 

All: 0.885; 
used in 

PAIRpred:      

0.927 

0.8614 0.762 0.230 0.264 0.7366 

 

Table S12.6 Performance evaluation for CAPRI binding site prediction, all scores mixed together. 

Auc binding site MCC Precision Recall 
0.763 0.297 0.315 0.549 
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3. Third article supplementary material 

S1 PSSM computational cost analysis 

Table S1 shows the computation time required to calculate PSSM profiles compared to 

retrieving them from 3DCON-DB. For this analysis, the PSSM profiles were computed using 

32 cores (i7-2.4Hz) and 1Gb of bandwidth. 

Number of sequences1 Computation time2 (h) 3DCONS-DB time3 (s) 

100 6 <10 

200 12 <10 

500 30 <20 

1000 61 <30 

5000 303 <60 

10000 605 <120 

Table S3 PSSM profiles computation time. 1Number of sequences for which the PSSM profiles were computed. 

2Computation time to calculate the PSSM profiles. 3Time to retrieve the PSSM profiles from 3DCONS-DB. 

S2 3DCONS-DB web client graphical user interface 

3DCONS-DB provides a web application to explore PSSM profiles for individual PDB 

entries. The web application can be accessed at http://3dcons.cnb.csic.es/query_form where a 

web form is provided to query the database using a PDB code. The information is divided in 

three different panels (Figure S1). The structural panel (Figure S1A) displays the structure of 

the selected PDB, on the top of the panel a select menu can be used to switch which PSSM 

profile is displayed among the different chains. The global PSSM profile panel (Figure S1B) 

summarizes the PSSM scores for the whole sequence, displaying the amount of information 

for each amino acid position of the selected chain and also, the pfam domains that the sequence 

comprises. Finally, the PSSM profile panel (Figure S1C) displays all the PSSM scores for each 

residue of the selected chain. Last two columns are relative weight of gapless real matches to 

pseudocounts and information per position values as described in (Altschul et al., 1997; Paul 

et al., 2017). Structure and PSSM panel are interactively connected in such a way that clicking 

a row in the PSSM table will highlight the corresponding residue in the protein structure and 

clicking (shift+click) a reside in the protein structure will highlight the PSSM table row. 

http://3dcons.cnb.csic.es/query_form


APPENDIX A 

131 

 

 

 

 

Figure S1 3DCONS-DB web client GUI. Screenshot of the 3DCONS web application corresponding to the case 

when information of the PDB entry 1N2C is being requested. (A) 3D structure of the PDB entry 1N2C. (B) Global 

PSSM profiles displaying the PSIBLAST amount of information per sequence amino acid position and Pfam 

domains. (C) PSSM profile panel, a table displays the exhaustive list of PSSM score for each residue. 
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