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Abstract
All molecular functions and biological processes are carried out by groups of proteins
that interact with each other. Proteins interactions are modeled by simple networks called
protein-protein interaction networks (PPINs) whose nodes are proteins and whose edges
are the protein-protein interactions. PPINs are broadly accepted to model the protein’s
functional relations, and their analysis has become a key ingredient in the study of protein
functions.
Similar to the sequence alignment scenario, network alignment presents a comprehensive way to compare two or more biological networks. It considers not only biological interactions but also topological similarity of the neighborhood of biological nodes,
and a most straightforward application of network alignment is to transfer known biological knowledge from well-studied species to unknown ones. With this purpose, several
pairwise alignment algorithms have been proposed in the last years. Most PPINs aligners
take into account both, the network topology and the biological features of the proteins,
in the definition of “similarity.” However, this is a trade-off that is hard to achieve. In
addition, most aligners are quite complicated and time-consuming to use in practice, and
many researchers are faced with selecting an aligner without being able to compare its
performance with other aligners. Motivated by this lack of well-balanced and efficient
algorithms, we have designed AligNet, a parameter-free PPINs aligner capable to achieve
a good balance between topological and biological matching. Besides AligNet, and motivated by the lack of a “one-size-fits all" PPINs aligner, we have developed PINAWeb, a
user-friendly web-based tool that obtains and compares the results produced by 5 different aligners.
Regarding the protein-protein interactions (PPIs) information, it must be obtained
with high-throughput technology from metaproteomic data. Retrieving protein-protein
interaction data experimentally is a very high time-consuming and labor-intensive task.
Consequently, in the last years, the biological community has been looking for computational methods to correctly predict PPIs. The amount of new sequence data that is created
every day, and its lack of a priori information, makes those methods that predict PPIs
based on protein sequence information very popular. Under the requirement of predicting interactions based only on protein sequence information together with the idea to also
exploit the PPIs information stored in the databases, we have designed Prots2Net, a PPIs
predictor. To train the model, Prots2Net explores the PPIs retrieved from the STRING
database of two selected species. The tests, reported on the Yeast and the Human datasets,
show that Prots2Net performs better than the previous prediction methods.

Resum
Les proteïnes són les encarregades de dur a terme les funcions moleculars i els processos
biològics de les cèl·lules, i per fer-ho, s’organitzen en grups que interactuen entre si.
Aquestes interaccions es modelen amb grafs o xarxes anomenades xarxes d’interacció
proteïna-proteïna (PPIN), on els nodes són les proteïnes i les arestes són les interaccions
proteïna-proteïna (PPI). Les PPIN, s’han convertit en un model àmpliament acceptat per
modelar les relacions funcionals de les proteïnes i la seva anàlisi és un ingredient clau en
l’estudi de les seves funcions moleculars.
De manera similar al cas de l’alineament de seqüències, l’alineament de xarxes proporciona un mètode de comparació de dues o més xarxes biològiques. Però en aquest
cas, es consideren tant les funcions biològiques dels nodes alineats com la seva similitud
topològica, per la qual cosa una aplicació directa de l’alineament d’aquestes xarxes és
transferir coneixements biològics d’espècies ja estudiades a altres espècies noves. En
els darrers vint anys han sorgit diversos algorismes d’alineament de PPIN. La majoria
d’aquests alineadors es basen en la definició d’una "similitud" entre els nodes a alinear
on es considera tant la topologia de la xarxa com les característiques biològiques de les
proteïnes. Ara bé, obtenir un bon balanç entre similitud topològica i similitud biològica
és una tasca molt difícil que encara no s’ha assolit, i que a més, alguns alineadors deixen
en mans dels mateixos usuaris en forma de parámetres a escollir. Això, juntament amb
l’esforç considerable per a la seva utilització que requereixen alguns alineadors, fa que
molts d’investigadors es vegin abocats a seleccionar un alineador sense saber si és el més
convenient i sobretot sense poder comparar-ne els resultats amb altres alineadors. Per tot
això, en aquesta tesi hem dissenyat un nou alineador, AligNet, sense paràmetres a escollir
per part de l’usuari i capaç d’aconseguir un bon equilibri entre la coincidència topològica de les xarxes a alinear i la biològica dels nodes alineats. A més, hem desenvolupat
PINAWeb, una eina web que proporciona, compara i analitza els alineaments obtinguts
pels cinc alineadors més ben considerats ara com ara.
Finalment, pel que fa a les PPI, com que la seva obtenció de forma experimental és
una tasca molt costosa, en els darrers anys s’ha optat pel disseny de mètodes computacionals que prediguin aquestes interaccions. Aquests predictors per ser d’utilitat, han de
predir la interacció de les proteïnes en la mínima informació disponible d’aquestes, que
normalment és la seqüència de les proteïnes. Sota el requisit de predir les interaccions a
partir únicament de la informació de la seqüència de la proteïna juntament amb la idea
d’explotar també la informació de les PPI disponible en les diferents bases de dades, hem
dissenyat Prots2Net, un predictor de PPI. Aquest model de predicció utilitza les PPI de
dues espècies conegudes obtingudes de la base de dades STRING i les seqüències de les
proteïnes en el seu entrenament. Les proves duites a terme per avaluar Prots2Net que
aquí es presenten, mostren que funciona millor que els mètodes de predicció coneguts.

Resumen
Las proteínas son las encargadas de llevar a cabo las funciones moleculares y los procesos biológicos de las células, y para hacerlo, se organizan en grupos que interactúan
entre sí. Estas interacciones se modelan con grafos o redes llamadas redes de interacción proteína-proteína (PPIN), donde los nodos son las proteínas y las aristas son las
interacciones proteína-proteína (PPI). Las PPIN, se han convertido en un modelo ampliamente aceptado para modelar las relaciones funcionales de las proteínas y su análisis es
un ingrediente clave en el estudio de las funciones moleculares de las proteínas.
De manera similar al caso del alineamiento de secuencias, el alineamiento de redes
proporciona un método de comparación de dos o más redes biológicas. Pero en este caso,
se consideran tanto las funciones biológicas como la similitud topológica de los nodos
alineados, por lo que una aplicación directa del alineamiento de estas redes es transferir
conocimientos biológicos de especies ya estudiadas a otras especies nuevas. En los últimos 20 años han surgido varios algoritmos de alineamiento de PPIN. La mayoría de estos
alineadores se basan en la definición de una "similitud" entre los nodos a alinear, donde
se considera tanto la topología de la red como las características biológicas de los nodos.
Ahora bien, obtener un buen balance entre similitud topológica y similitud biológica es
una tarea difícil que no se ha logrado todavía, y que incluso algunos alineadores dejan en
manos de los mismos usuarios. Además, los alineadores requieren un esfuerzo considerable por parte del usuario para su utilización, por lo que muchos investigadores se ven
obligados a seleccionar un alineador sin saber si es el más conveniente y sobre todo sin
poder comparar los resultados con otros alineadores. Por este motivo, en esta tesis hemos
diseñado un nuevo alineador, AligNet, sin parámetros a escoger por parte del usuario y
que consigue un buen equilibrio entre la coincidencia topológica de las redes a alinear
y la biológica de los nodos alineados. Además, hemos desarrollado PINAWeb, una herramienta web que proporciona, compara y analiza los alineamientos obtenidos por los
cinco alineadores mejor considerados por ahora.
En cuanto a las PPI, su obtención de forma experimental es una tarea muy costosa,
y últimamente se opta por el diseño de métodos computacionales que predigan estas
interacciones. Estos predictores, para ser útiles, deben predecir la interacción de las proteínas con la mínima información disponible de estas, que normalmente es la secuencia
de las proteínas. Bajo el requisito de predecir las interacciones a partir únicamente de
la información de la secuencia de la proteína, junto con la idea de explotar también la
información de las PPI disponible en las diferentes bases de datos, en esta tesis hemos
diseñado Prots2Net, un predictor de PPI. Este modelo de predicción utiliza, para su entrenamiento, las PPI de dos especies conocidas obtenidas de la base de datos STRING y
las secuencias de las proteínas. Las pruebas realizadas, que aquí se presentan, muestran
que Prots2Net obtiene mejores resultados que los métodos de predicción conocidos.

Introduction
The work developed in this thesis is framed within the field of bioinformatics, which is a
branch of computer science born in the early 1970s. As Wikipedia says, bioinformatics
is an interdisciplinary field that develops methods and software tools for understanding
biological data, in particular when the data sets are large and complex. Until recently,
biologists did not have access to very large amounts of data, which has now become
commonplace.
Biology, as a scientific study of life, is an ancient branch of science that can be traced
to Ancient Egypt and Mesopotamia. This life study was mainly based on environment
observation and new discoveries were obtained with more detailed examinations. In the
early 19th century, a number of biologists pointed out the central importance of the cell.
The term molecular biology, the branch of biology that studies the cells and all living
processes at the cell level, was already used in 1945, but it was in 1953 that two young
men, named Francis Crick and James Watson, made a double helix model of deoxyribonucleic acid (DNA) which changed the whole research scenario. The research lead
to finding DNA material in other microorganisms, plants, and animals. Since then, the
central dogma of molecular biology describes the process in which DNA is transcribed
into RNA, which is then translated into proteins. Molecular biology also plays a critical
role in the understanding of structures, functions, and internal controls within individual
cells, all of which can be used to efficiently target new drugs, diagnose disease, and better
understanding cell physiology [33]. Some clinical research and medical therapies arising
from molecular biology are covered under gene therapy, whereas the use of molecular
biology or molecular cell biology in medicine is now referred to as molecular medicine.
Computational biology involves the development and application of data-analytical and
theoretical methods, mathematical modelling and computational simulation techniques to
the study of biological, ecological, behavioral, and social systems [13]. Computational
biology has been used to help sequence the human genome, create accurate models of the
human brain, and assist in modeling biological systems [40]. The field is broadly defined
and includes foundations in biology, applied mathematics, statistics, biochemistry, chemistry, biophysics, molecular biology, genetics, genomics, computer science, ecology, and
evolution [23]. Bioinformatics has offered insights into all aspects of life on earth far
beyond biomedicine. This has ranged from understanding how plants remove CO2 from
the atmosphere during photosynthesis to how microbes alter sewage wastes.
The mathematical analysis and computational modeling of complex biological systems are called systems biology. In these biological systems, proteins are the active
agents that regulate most of the biological processes. Proteins play many vital roles in
living organisms, from forming the structural fibers of muscles to the enzymes that digest
food to synthesizing and replicating DNA. In addition, other kinds of proteins include an-
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tibodies that protect an organism from infection, and hormones that send important signals throughout the body. These functions are performed by sets of proteins that interact
with each other. Proteomics is the large-scale study of proteins [8, 11]. Proteomics enables the identification of ever-increasing numbers of proteins. This varies with time and
the distinct requirements, or stresses, that a cell or organism undergoes [7]. Proteomics
is an interdisciplinary domain that has benefited greatly from the genetic information of
various genome projects, including the Human Genome Project [37]. It covers the exploration of proteomes from the overall level of protein composition, structure, and activity,
and it is an important component of functional genomics.
One of the most difficult problems in systems biology is to understand how proteins
interact with each other to carry out their biological functions. Protein–protein interactions (PPIs) are physical contacts of high specificity established between two or more
protein molecules as a result of biochemical events steered by interactions that include
electrostatic forces, hydrogen bonding, and the hydrophobic effect. Many are physical
contacts with molecular associations between chains that occur in a cell or in a living
organism in a specific biomolecular context. Proteins rarely act alone, as their functions tend to be regulated. Many molecular processes within a cell are carried out by
molecular machines that are built from numerous protein components organized by their
PPIs. These physiological interactions make up the so-called interactomics of the organism, while aberrant PPIs are the basis of multiple aggregation-related diseases, such as
Creutzfeldt–Jakob and Alzheimer’s diseases.
PPIs have been studied with many methods and from different perspectives: biochemistry, quantum chemistry, molecular dynamics, signal transduction, among others
[95, 35]. Protein interactions are modeled as node relations in what is called proteinprotein interaction networks, PPINs for short. PPINs are undirected graphs whose nodes
are proteins and whose edges are protein-protein interactions. PPINs are broadly accepted to model the protein’s functional relations, and their analysis has become a key
ingredient in the study of protein functions and comparative proteomics. Indeed, in the
post-genomic era, with more and more omics data being generated, networks become
a more appropriate representation to describe complicated biological systems, such as
PPINs, gene regulatory networks, and transcription factor networks. Comparative proteomics is the comparison of protein features of different organisms. As in the sequence
alignment scenario, network alignment presents a comprehensive way to compare two
or more biological networks in systems biology. It considers not only biological interactions but also topological similarity of the neighborhood of biological nodes, and a
most straightforward application of network alignment is to transfer known biological
knowledge from well-studied species to unknown ones. In particular, the alignment of
PPINs has become a key ingredient to obtain functional orthologs as well as evolutionary
conserved assembly pathways of protein complexes. The goal of the biological network
alignment problem is to map nodes across different networks based on their biological
(sequence) similarity and the interaction patterns of their neighboring communities (i.e.
topology similarity). For this purpose, several pairwise alignment algorithms have been
proposed in the last 20 years. A PPINs alignment consists of a function that injectively
maps the nodes in one network (source network) to nodes in the other network (target
network). That is, it establishes a one-to-one relation between the nodes in the source
network and the nodes in the target network. Network alignment can be classified into
the following categories: local and global alignments, pairwise or multiple alignments.

Local alignments only match a subset of nodes from the source network to the target network, while global alignments match every node in the source network to a node in the
target network. This implies that, the source network is smaller (in number of nodes) than
the target network. A pairwise alignment (local or global) finds a match between two networks, while multiple alignments look for conserved regions in multiple networks at the
same time. The early aligners [45, 49, 54, 55, 69] were aimed at finding local alignments
between regions with similar structure in the networks under comparison. But since local
alignments between regions of the pair of PPINs could be mutually inconsistent, it could
be impossible to merge the alignments between regions into an alignment of the whole
network. In contrast, a global alignment algorithm is aimed at finding the best overall
alignment between the whole PPINs [19]. Several such global PPINs aligners have been
proposed during the last years [55, 1, 34, 71, 76, 90, 62, 79]. We refer to [59] for a recent
review on PPINs alignment.
Most PPINs aligners are based on the idea that "two nodes are similar when their
corresponding neighbors are so", taking into account both the network topology and the
biological features of the proteins in the definition of “similarity.” The problem is that
attaining the right balance between network topology and biological information is one
of the most difficult and key points in any PPIN alignment algorithm. As it is shown
in [16, 63], when an alignment process is guided by topological information only, it
produces alignments with a high topological coherence but a low biological coherence,
while when it is guided by sequence information only, the resulting alignments have
a high biological coherence but a low topological coherence. This becomes specially
inconvenient in those aligners where the user has to choose the value of a parameter that
specifies the desired balance between the topological and the sequence similarities. In
addition, most aligners are not efficient from the computational point of view.
Several scores have been established in order to evaluate and assess the aligners. The
correctness of an alignment is measured by the preservation of the network structure
and the protein’s functional information. See surveys [5, 16, 19, 60, 21] for a review
of implemented aligners and their evaluation. However, it is very difficult to fulfill both
requirements. Indeed, the authors in [16] conclude that:“we find dramatic differences between existing algorithms in the quality of the alignments they produce. Additionally, we
find that many of these tools are inconvenient to use in practice, and there remains a need
for easy-to-use, cross-platform tools for performing network alignment". In addition, the
authors in [60] state that: “in the network alignment problem, unfortunately there is no
gold standard for evaluation; that is, a best alignment is unknown from a biological perspective". Therefore, when the topological similarity between two networks wants to be
captured rather than the biological function similarity of the matched proteins, an alignment tool with a high ratio of edges preserved by the alignment must be considered. On
the other hand, when the function similarity of the matched proteins is more relevant than
the edge preservation, a suitable alignment tool is an aligner providing a high functional
coherence score.
Motivated by this lack of well-balanced and efficient algorithms, the first goal in this
thesis was to design a PPINs aligner to fulfill these requirements. Thus, we designed
AligNet, a parameter-free pairwise PPINs alignment algorithm aimed at filling the gap
between efficient topologically and biologically meaningful matchings. The overall idea
of the algorithm is to obtain many local alignments that are combined and extended into
a meaningful global alignment. The final alignment captures the benefits of considering
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both types of alignments: with the local alignments we capture the topological similarity
between the networks, and we speed up the running time of the algorithm, while with the
final global alignment we solve the inconsistencies among the local alignments and yield
an overall alignment of the pair of input PPINs.
As more omics data is generated, new proteins are collected every day and their functional relations must be obtained with high-throughput technology. Retrieving proteinprotein interaction data experimentally is a very high time-consuming and labor-intensive
task. Consequently, in the last years, the biological community is looking for computational methods to correctly predict PPIs. Predicting new protein functions and proteinprotein interactions is a relevant topic in computational biology [82, 91, 51, 42]. This
topic has played a key role during the COVID-19 pandemic to find a vaccine for the coronavirus disease [31, 46, 58]. Indeed, understanding the mechanism of viral infections is a
crucial step towards the discovery of antiviral drugs and vaccines. In this line of research,
virus-host protein-protein interaction networks, a particular form of protein-protein interaction networks (PPINs), have become appropriate to analyze virus-host relationships.
Specifically, information on well-known and studied virus-host protein-protein interaction networks can be transferred to new ones through protein-protein interaction network
comparison and alignment. As mentioned above, the same rule applies in the general setting of protein-protein interaction networks, where biological knowledge of well-known
and studied protein-protein interaction networks is transferred to new ones through a network alignment. A popular approach in this framework is the “network-based” approach
[86]. With this approach, new interactions between proteins are understood as “missing
links" in protein-protein interaction networks. New functional information is obtained
either from the characteristics of the protein’s position in the network, or it is transferred
from annotated proteins sharing a similar position in the PPINs of other organisms. To
transfer functional information between proteins from different organisms, it is necessary to relate the proteins sharing a similar position in the PPINs. This relation between
proteins sharing a similar position is obtained by a pairwise PPINs alignment. Within
this alignment setting, aligners with a high ratio of preserved edges match proteins that
share a similar position in the networks. On the other hand, aligners with high functional
coherence values match proteins sharing some biological function. Hence, the following
question arises again: which is the best aligner one can use to achieve the prediction of
new protein functions and protein-protein interactions via a PPINs alignment?
The current lack of a “one-size-fits all" PPINs aligner, together with the computational problems that arise when installing the relevant software, motivated the second
goal of this thesis, which was to develop a user-friendly web-based tool to obtain and
compare the results produced by different aligners. The resulting program, PINAWeb,
is a web-based tool that performs a pairwise alignment of two PPINs, considering the
aligners: AligNet [3], HubAlign [34], L-GRAAL [62], PINALOG [79] and SPINAL [1],
which are the most recent and show the best performance as evaluated [16]. For every
aligner and pair of networks, PINAWeb returns the corresponding alignment, the topological and biological performance scores, and also a visualization of the comparison of
the alignments achieved (agreement/differences) when several aligners are considered.
In addition, as running an aligner on its own data represents a major problem for most
researchers, PINAWeb has been devised such that PPINs can be uploaded either from
a standard database or from the researcher’s own data. Finally, it is an open tool, and
new aligners, new databases, and new metrics for scoring alignments can be integrated

posteriorly.
Regarding the PPI data which is the basis of PPINs, different methodologies to experimentally retrieve them have been developed in the last two decades. These methodologies are yeast two-hybrid screens [41, 48], protein chips [105], tandem affinity purificaton [80], immunoprecipitation [72] and spectrometric protein complex identification
[36] among others. As a result, a considerable amount of PPI data has been generated
and stored in different databases [93, 100] which allows the study and analysis of PPIs.
Such analysis can be performed under different computational techniques, and inference
statistics has been proved to be successful at PPI prediction. This fact, together with the
acceptance that experimental methods to detect PPIs are too expensive in terms of time
and labor, has generated an explosion of computational methods to predict PPIs. These
computational methods rely on different machine learning technologies, such as deep
neural networks [18], convolutional neural networks [96], rotation forest [97, 53, 74],
support vector machine [102, 32, 104, 74], extreme learning machine with principal component analysis [103], k-nearest neighbors [101], and random forest [17, 74] among others, and different data types to train the models, such us literature mining knowledge
[15], gene fusion [20], phylogenetic profiles [92], gene ontology annotations [61], gene
neighborhood [28], and co-evolution analysis of interacting proteins [44]. However, the
amount of new sequence data that is created every day and its lack of a priori information, makes those methods that predict PPIs based on protein sequence information
very popular [38, 52, 53, 6]. Despite the simplicity of predicting interactions based only
on protein sequence information, the results reported by those methods prove that, they
perform well and achieve good measures of error prediction [53].
Under the requirement of predicting interactions based only on protein sequence
information together with the idea to also exploit the PPIs information stored in the
databases, the third goal of this thesis was to design a PPIs predictor, based on the protein sequences and two PPINs. Hence, we developed Prots2Net, a multilayer perceptron
neural network that uses protein sequence information only from the input proteins and
interaction information from the STRING database [93]. The training data of our model
are two PPINs from the STRING database selected by the user. To build the prediction
model, PPIs in one of the selected species are predicted through PPIs of orthologous proteins in the other species, and the PPIs information from the second species is used as the
true output in the training. The tests carried out to evaluate the performance of Prots2Net
compared to other 12 existing methods, reported values above 95% in accuracy, sensitivity, and precision error measures on the Yeast and Human datasets. Thus improving the
results obtained by the others methods.
Overall, we present in this thesis AligNet, a new aligner of PPINs, PINAWeb, a comparator of aligners of PPINs, and Prots2Net, a PPIN predictor. All these tools contribute
to gather and analyze protein-protein interaction data and move one step forward to protein’s function discovery.

Organization of this thesis
This Introduction is followed by a chapter where we gather a series of definitions on
graph theory and used algorithms, neural networks, binary classification problem and
evaluation as well as a brief explanation of all aligners and prediction methods considered
in this thesis. Then, in Chapter 2 we present AligNet, a PPIN aligner as well as the results
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obtained when comparing AligNet with the already existing aligners. In Chapter 3, we
present PINAWeb, a user-friendly web-based tool that obtains and compares the results
produced by the following aligners: AligNet, HubAlign, L-GRAAL, PINALOG, and
SPINAL.
Finally, in Chapter 4, we present Prots2Net, a tool designed to predict the PPIs of a
proteome or a metaproteome sample. We also reported some tests on the Yeast and the
Human datasets, that shows that Prots2Net performs better than the previous prediction
methods.
The Thesis ends with a short Conclusion chapter and future work, where we summarize the results as well as the utility of the tools, together with a brief discussion about
future lines of research.

Publications
The results reported in this memoir are supported by:
• AligNet was presented in the XIV Symposium on Bioinformatics (JBI2018) and
in the 15th International Symposium on Bioinformatics Research and Applications
(ISBRA 2019).
• AligNet was published in BMC Bioinformatics [3].
• PINAWeb was presented in the 22nd Annual International Conference on Research
in Computational Molecular Biology (RECOMB 2018) and in the Hbioinfo bridge
2021.
• PINAWeb was published in bioRxiv [2] as a preprint and has been submitted to
BMC Bioinformatics.
• Prots2Net was published in bioRxiv [4] as a preprint and has been submitted to the
Special Issue of the International Journal of Molecular Sciences titled Advance in
Computational Protein Structural Biology.
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CHAPTER

1

Preliminaries
We introduce here some basic notions and notations that will be used throughout this
manuscript.

1.1

Graph theory

In mathematics, and more specifically in graph theory, a graph or a network is a structure amounting to a set of objects in which some pairs of the objects are in some sense
"related". The objects correspond to mathematical abstractions called nodes (also called
vertices or points) and each of the related pairs of nodes is called an edge (also called link
or line). Typically, a graph is depicted in diagrammatic form as a set of dots or circles
for the nodes, joined by lines or curves for the edges. We denote a graph by G = (V ; E)
where V = V (G) is its set of nodes and E = E(G) its set of edges.
Throughout this manuscript, we will use the notation listed below:
• n = |V | is the order of the graph, and it is its number of nodes.
• m = |E| is the size of the graph, and it is its number of edges.
• e = {u, v} = uv is an edge that joins u and v.
• u and v are adjacent if there exists and edge e that joins u and v, we also say that
u and v are neighbors.
• Given u ∈ V (G), NG (u) is the set of nodes adjacent to u, i.e., NG (u) = {v ∈
V |{u, v} ∈ E}.
• deg(u) = |NG (u)| is the degree of u, namely the number of its neighbors.
• A path from a node u to a node v is an ordered sequence of nodes, where each
node is adjacent to the next one in the list, i.e. if (u0 , u1 , u2 , u3 ) is a path between
1
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u0 and u3 means that u0 and u1 are adjacent, u1 and u2 are adjacent and u2 and u3
are adjacent.
• u and v are connected if there is a path between u and v.
• We define the distance between two connected nodes u, v ∈ V , as the number of
edges contained in the shortest path between u and v. We denote by d(u, v) the
distance between the nodes u,
• The diameter of a graph G is the maximum distance between two connected nodes,
D(G) = maxu,v∈V d(u, v).
• The eccentricity of a node is the maximum distance between these nodes and all
the other connected nodes in the graph, exc(u) = maxv∈V d(u, v).
There are many kinds of graphs in the literature. We define below those that are used
in this work:
• Null graph, also called an empty graph, is a graph with no edges, i.e., E = ∅.
• Connected graph, is a graph in which every pair of nodes are connected.
• Bipartite graph, is a graph where its set of nodes V can be split into two subsets,
V1 and V2 such that there is no edge between a pair of nodes in one subset, i.e., for
every edge uv ∈ E, u ∈ V1 and v ∈ V2 or u ∈ V2 and v ∈ V1 .
• Weighted graph, is a graph where every edge has assigned a numerical weight.
• Directed graph, is a graph where the edges are directed edges or arrows, indicating
that the relationship represented by the edge, only applies from a source node to a
target node, but not the other way around. Notice that, in a directed graph, the edges
are ordered pairs of nodes. Hence, we denote a directed edge by e = (u, v) ∈ E.
A hypergraph is a generalization of a graph where the edges link arbitrary sets of
nodes. Formally, a hypergraph is a pair H = (V, E), where V is a set of nodes and its
set of hyperedges or hyperarcs is E ⊆ {{AB} |A, B ∈ P(V )} where P(V ) denotes the
power set of V , that is, the set of subsets of V . For instance, if V = {a, b, c, d, e, f }, then
e = {{a, b, c}{d, b, f }} is the hyperarc between the sets {a, b, c} and {d, b, f }.

1.1.1

Graph clustering

Detecting graph elements with “similar” properties is of great importance, especially in
large networks or graphs, where it is crucial to identify specific patterns or structures
quickly. The process of grouping together elements/entities based on some similarity
measure is called cluster analysis. In our graph setting, a clustering of a graph or network,
is a partition of its set of nodes. Every element of this partition is called a cluster and
every node belongs to one, and only one cluster. An overlapping clustering is a set of
subsets of nodes (also called clusters) such that every node belongs to one cluster. In
contrast to a clustering, in an overlapping clustering the clusters may share some nodes.
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1.1.2

Algorithms on graphs

The algorithms and implemented tools on graphs that we use in this thesis are the following:
1. The Hungarian
matching algorithm, also called the Kuhn-Munkres algorithm, is

3
an O |V | algorithm that can be used to find a maximum-weight matching in
bipartite graphs. It is also called the assignment problem [50].
2. The Hypergraph Assignment Problem (HAP) generalizes the assignment problem
from bipartite graphs to bipartite hypergraphs. The HAP is NP-hard, (i.e., an algorithm for solving it can be translated into one for solving any nondeterministic
polynomial time problem) and APX-hard (i.e., a nondeterministic polynomial time
problem that allows polynomial-time approximation algorithms with approximation ratio bounded by a constant) even for small hyperedge sizes and hypergraphs
with a special partitioned structure [12].

1.2

Neural networks

Neural Networks (NNs) also known as Artificial Neural Networks (ANNs) or Simulated
Neural networks (SNNs), are a subset of machine learning techniques located at the heart
of deep learning algorithms. Their name and structure was inspired by the human brain,
mimicking the way that biological neurons signal to one another. Thus, their nodes are
called neurons.
Briefly, each neuron receives a multiplied version of inputs and random weights,
which are added to a static bias value (unique to each neuron layer). This information
is passed to an appropriate activation function, which decides the final value to be given
out of the neuron. There are various activation functions available as per the nature of
input values. Once the output is generated from the final neural net layer, a loss function
(expected vs output) is calculated, and a back propagation is performed such that the
weights are adjusted to minimize the loss function. Finding optimal values of weights is
what the overall operation is focusing around. The concepts involved in neural networks
are the following:
• Weights are numeric values which are multiplied with inputs. In back propagation,
they are modified to reduce the loss. In simple words, weights are machine learned
values from Neural Networks. They self-adjust depending on the difference between predicted outputs vs expected outputs.
• Activation function is a mathematical formula which helps the neuron to switch
ON or OFF.
• Input layer is the first layer of the neural network and represents the input of the
model.
• Hidden layers are the intermediary nodes, they take a set of weighted input values
and produces an output value through an activation function.
• Output layer is the last layer of the neural network and represents the output of the
model.
3
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• Loss function is a function defined on a data point, prediction and label, that measures the penalty (difference between output and expected output).
• Cost Function is a function used to evaluate the performance of the neural network, it might be a sum of loss functions over the training set plus some model
complexity penalty (regularization).
• Optimization algorithm is used to optimize the cost function.
• Regularization is used to address over-fitting and feature selection.

1.2.1

Architecture of a neural network

Before training a neural network, the following aspects must be decided:
• Number of hidden layers and their size (number of neurons).
• Activation function.
• Loss function.
• Cost function.
• Optimization algorithm.
• Regularization method.
Activation function
An activation function is a very important feature of an artificial neural network, they basically decide whether a neuron should be activated or not. Some examples of activation
functions are: linear function, binary step function, sigmoid, hyperbolic tangent, Rectified Linear Unit (ReLU), leaky ReLU, exponential LU. We refer to [88] for all definitions
and explanations.
In our algorithm Prots2Net presented in this thesis, we use ReLU as activation function, defined as
R(z) = max(0, z).
Loss function
The loss function in a neural network quantifies the difference between the expected outcome and the outcome produced by the machine learning model. From the loss function,
we can derive the gradients which are used to update the weights. Some examples of loss
functions are: mean squared error, mean squared logarithmic error, binary cross-entropy,
hinge, multi-class cross-entropy, Kullback Leibler divergence, Huber. We refer to [89]
for all definitions and explanations. The one used in our algorithm Prots2Net is binary
cross entropy, defined as
(y ∗ log(p) + (1 − y) ∗ log(1 − p)),
where y is the expected value and p the probability to assign y to class 1.
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Cost Function
A cost function is a single value, not a vector, since it rates how good the neural network
did as a whole. Generally, cost and loss functions are synonymous, but cost function
can contain regularization terms in addition to loss function, although it is not always
necessary. Some examples of cost functions are: mean, mean squared, mean absolute,
root mean squared, categorical cross entropy cost, binary cross entropy cost. We refer to
[89] for all definitions and explanations.
The one used in Prots2Net is binary cross entropy, defined as
N
1 X
−(yi ∗ log(pi ) + (1 − yi ) ∗ log(1 − pi )),
N i=1

where yi is the expected value and pi the probability to assign yi to class 1.
Optimization algorithms
Optimization algorithms or strategies are responsible for reducing the losses and to provide the most possible accurate results. There are different types of optimizers [83]:
• Gradient Descent (GD) is the most basic though the most used optimization algorithm. Gradient descent is an iterative first-order optimization algorithm for finding
a local minimum of a differentiable function, which in this case is the loss function.
It calculates the weights of neurons so that the loss function can reach a minimum.
• Stochastic Gradient Descent (SGD), is a variant of the Gradient Descent that updates the model’s parameters more frequently. For example, if the dataset contains
100 rows, SGD will update the model parameters 100 times in one cycle of the
dataset instead of one time as in the Gradient Descent.
• Mini-Batch Gradient Descent, is an improvement on both SGD and standard gradient descent. It updates the model parameters after every batch. A batch is a subset
of the dataset of a fixed size. So, the dataset is divided into various batches and
after every batch, the parameters are updated.
• Momentum accelerates the convergence of the differentiable function towards the
relevant direction and reduces the fluctuation to the irrelevant direction.
• Nesterov Accelerated Gradient, a variant of Momentum developed to resolve the
issue that when the momentum is too high, the algorithm may miss the local minimum and may continue to rise up.
• Adagrad a type of second order optimization algorithm since it works on the
derivative of an error function.
• AdaDelta an extension of AdaGrad which tends to remove the decaying learning
rate problem of it.
• Adaptive Moment Estimation (Adam) works with momentum of first and second
order. The intuition behind Adam is that we don’t want to roll so fast just because
we can jump over the minimum, we want to decrease the velocity a bit for a careful
5
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search. In addition to storing an exponentially decaying average of past squared
gradients like AdaDelta, Adam also keeps an exponentially decaying average of
past gradients.
The one used in Prots2Net is Adam, and we have explained all previous algorithms
in order to better understand the Adam algorithm.
Regularization
Regularization is a technique that makes slight modifications to the learning algorithm
such that the model generalizes better. This in turn improves the model’s performance on
the unseen data as well. The most used techniques for regularization are L1 and L2, that
owes its name to L1 and L2 norm of the weights vector w respectively.
Costf unction = Loss + Regularizationterm
Due to the addition of this regularization term, the values of the weight matrices
decrease because a neural network with smaller weight matrices leads to simpler models.
Therefore, it will also reduce overfitting to quite an extent.

1.2.2

Types of neural networks

There are different types of neural networks, some of them are: perceptron, FeedForward
Neural Networks (FFNNs), Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), Radial Basis Function Neural Networks (RBFNNs), General Regression Neural Networks (GRNNs), Probabilistic Neural Networks (PNNs), Complementary Neural Networks (CMTNNs). We refer to [87] for all definitions and explanations.
The one used in Prots2Net is a Multilayer Perceptron (MLP), which we briefly explain below.
Multilayer Perceptron
A Multilayer Perceptron (MLP) is a class of feedforward neural networks where the
network is composed of perceptrons (with threshold activation).
Perceptron [66] also known as Threshold Logic Unit (TLU) is one of the simplest
and oldest models of neural networks, it has only an input layer and an output layer. A
perceptron is a binary classifier that separates, by a hyperplane, the input space into two
categories. In Figure 1.1 we show the schema of a basic perceptron (left) and a linear
hyperplane (right):
A. Schema of a basic perceptron, it consists of a bias node x0 , the input nodes xj and
the output node y. The bias node is set to +1, and it is an additional parameter
used along with the sum of the product of weights and inputs to produce an output.
B. Linear hyperplane. Represents a classification in two classes, class 1 (C1) shown
as green hexagons and class 2 (C2) shown as orange circles. The hyperplane is
shown as a blue line, separating both classes.
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Figure 1.1: Basic perceptron and linear hyperplane.
Feedforward neural networks are called feedforward because the information flows
through the function being evaluated from x, through the intermediate computations used
to define f , and finally to the output y. There are no feedback connections in which
outputs of the model are feedback into itself. The goal of a feedforward network is to
approximate some function f ∗ . For example, for a classifier, y = f ∗ (x) maps an input
x to a category y. A feedforward network defines a mapping y = f (x; θ) and learns the
value of the parameters θ that result in the best function approximation [29].

Figure 1.2: Example of a 3 layers feedforward neural network.
Except for the input nodes, each node is a neuron that uses an activation function, the
two historically common activation functions are both sigmoids, and are described by
y(vi ) = tanh(vi ) and y(vi ) = (1 + e−vi )−1 .

1.3

Binary classification problem & Evaluation

Binary classification is the task of classifying the elements of a set into two groups or
classes on the basis of a classification rule. Generally, the two groups are called positive
7
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class and negative class. Under this assumption, we define the following notions:
• Positive (P ): it is the number of elements in the positive class.
• Negative (N ): it is the number of elements in the negative class.
• True Positive (T P ): it is the number of elements correctly assigned to the positive
class by a binary classifier.
• True Negative (T N ): it is the number of elements correctly assigned to the negative
class by a binary classifier.
• False Positive (F P ): it is the number of elements wrongly assigned to the positive
class by a binary classifier.
• False Negative (F N ): it is the number of elements wrongly assigned to the negative class.
The confusion matrix is the matrix whose entries are the values of T P , T N , F P and
F N obtained with a binary classifier. Under the notations above, we use the following
statistical measures to evaluate the binary classifiers’performance.
Specificity
Also called True Negative Rate (TNR), it measures the probability that an element classified as negative is indeed negative:
TNR =

TN
.
N

Sensitivity
Also called True Positive Rate (TPR) or recall, it measures the probability that an element
classified as positive is indeed positive:
TPR =

TP
.
P

Fall out
Also called False Positive Rate (FPR), is the ratio between the number of negative elements wrongly classified as positive and the total number of negative elements:
FPR =

FP
.
N

Precision
Also called Positive Predictive Value (PPV) (PPV), it measures the proportion of correctly positive classified elements:
PPV =

TP
.
TP + FP
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Accuracy
The Accuracy (ACC) measures the proportion of correctly classified elements:
ACC =

TP + TN
.
P +N

F1 score
The F1 score F1 (F1), is the harmonic mean between precision and sensitivity:
F1 = 2 ×

2T P
PPV × TPR
=
.
PPV + TPR
2T P + F P + F N

Matthews Correlation Coefficient
The term M CC is widely used in the field of bioinformatics and machine learning. This
coefficient is a balanced measure between true and false positives and negatives and can
be used even if the classes are of very different sizes. The M CC is in essence a correlation coefficient between the observed and predicted binary classifications. It is defined
by
M CC = p

TP × TN − FP × FN
.
(T P + F P )(T P + F N )(T N + F P )(T N + F N )

ROC curve
A Receiver Operating Characterisc curve, or ROC curve, is a graphical plot that displays
the performance of a classification model within a range of classification thresholds from
0 to 1. This curve plots two parameters, the true positive rate (specificity) and the false
positive rate. Lowering the classification threshold, the classification model classifies
more elements as positive, thus increasing both, the F P and the T P values.
The area under the ROC curve is called AU C (Area Under Curve), that is, AU C
measures the entire two-dimensional area underneath the entire ROC curve from (0, 0)
to (1, 1). AU C provides an aggregate measure of the performance of a classification
model across all possible classification thresholds.

1.4

Bioinformatics & Computational biology

Bioinformatics was born when computers were used in biology to understand biological
data. Computational biology is the science of using biological data to develop algorithms
or models in order to understand biological systems and relationships.

1.4.1

Genomics (metagenomics) & proteomics (metaproteomics)

Genomics is the study of the complete genome of an organism. Metagenomics is the
study of the metagenome, i.e., the collective genome of microorganisms from an environmental sample, to provide information on the microbial diversity and ecology of a
specific environment.
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Proteomics is the large-scale study of proteins [8, 11]. The proteome is the entire set
of proteins produced or modified by an organism or system. A metaproteome is the entire
set of proteins produced or modified by a set of microorganisms from an environmental
sample.
Comparative genomics and proteomics is the comparison of the genomic or protein
features of different organisms. Comparative proteomics analysis may reveal the role of
proteins in complex biological systems, including reproduction. Alignment of genome
or protein sequences is one of the methodologies introduced in comparative genomics
and proteomics. The Basic Local Alignemt Search Tool (BLAST) [94], is the most used
tool to sequence alignment. BLAST finds regions of local similarity between sequences.
The program compares nucleotide or protein sequences to sequence databases and calculates the statistical significance of matches. BLAST can be used to infer functional
and evolutionary relationships between sequences, as well as help identify members of
gene families. The score of an alignment, S, is calculated as the sum of substitution and
gap scores. Substitution scores are given using a Blocks Substitution Matrix, which is a
substitution scoring matrix in which scores for each position are derived from observations of the frequencies of substitutions in blocks of local alignments in related proteins.
Each matrix is tailored to a particular evolutionary distance, in the BLOSUM62 matrix,
for example, the alignment from which scores were derived was created using sequences
sharing no more than 62% identity. Sequences more identical than 62% are represented
by a single sequence in the alignment, to avoid over-weighting closely related family
members. Gap scores are typically calculated as the sum of G, the gap opening penalty
and L, the gap extension penalty. For a gap of length n, the gap cost would be G + Ln .
The choice of gap costs, G and L is empirical, but it is customary to choose a high value
for G (10 − 15) and a low value for L (1 − 2).
The bit score, S 0 , is derived from the raw alignment score, S, taking the statistical
properties of the scoring system into account. Because bit scores are normalized with respect to the scoring system, they can be used to compare alignment scores from different
searches, and the normalized bit score B is the rescaled version which is independent of
the size of the search space [14].
One of the most used formats to use BLAST is FASTA. A sequence in FASTA format
begins with a single-line description, followed by lines of sequence data. The description
line (defline) is distinguished from the sequence data by a greater-than (">") symbol at
the beginning. It is recommended that all lines in the text are shorter than 80 characters
in length.

1.4.2

Protein-Protein Interaction Networks (PPINs)

Protein–protein interactions (PPIs) are physical contacts of high specificity established
between two or more proteins. PPIs are modeled as pairwise relations in networks called
protein–protein interaction network, PPIN for short. A PPIN is an undirected graph
whose nodes are proteins and there is an edge between two proteins when they interact.
PPINs alignment
Alignment of PPINs is one of the methodologies used to comparative analysis of molecular networks, in particular the comparative analysis of PPINs or Interactomes. Every
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alignment provides a mapping between the nodes of the graphs (proteins) and the corresponding edges (protein–protein interactions). Similarly to the sequence alignment
setting, related proteins, or ortholog proteins, are supposed to be matched as well as their
interactions. Hence, aligned proteins are supposed to share some biological function.
Formally, a mapping µ : V → V 0 , is a relation µ ⊆ V × V 0 such that a node v ∈ V
is related with at most one node v 0 ∈ V 0 . It is denoted by µ(v) = v 0 and v 0 is called the
image of v by µ. A mapping is injective when different nodes are mapped to different
nodes. More precisely,
∀u, v ∈ V, u 6= v ⇒ ν(u) 6= ν(v).
An alignment between two PPINs is an injective mapping, µ : V → V 0 where V and
V are their corresponding sets of nodes (proteins). The domain of µ, denoted as Domµ ,
are the nodes v ∈ V that have an image. That is,
0

Domµ = {v ∈ V |∃ v 0 ∈ V 0 , µ(v) = v 0 }.
When Domµ = V , i.e., the domain is the entire set of nodes in V , it is called a global
alignment, otherwise it is called a local alignment.

1.4.3

Alignment evaluation

There are several measures introduced in the literature to evaluate the quality of a PPINs
alignment [16]. The most used quality measures for PPINs alignment that we will use
in the next chapters are: the Edge Correctness ratio (EC) and the Functional Coherence
value (F C).
The EC ratio quantifies the amount of network structure preserved by the alignment.
It is a topology quality measure defined as:
{u, v} ∈ E : {µ(u), µ(v)} ∈ E 0
,
min{|E|, |E 0 |}



EC(µ) =

where µ is the alignment between G = (V, E) and G0 = (V 0 , E 0 ).
The F C value measures the functional similarity of the aligned proteins by comparing their Gene Ontology annotation (GO). A GO annotation is a statement about
the function of a particular gene. GO annotations are created by associating a gene
or gene product with a GO term. Together, these statements comprise a “snapshot” of
current biological knowledge. Hence, GO annotations capture statements about how a
gene functions at the molecular level, where in the cell it functions, and what biological
processes (pathways, programs) it helps to carry out [9].
Given an alignment, µ, we define the F C(µ) as
P

F C(µ) =

u∈V

F S(u, µ(u))
,
|V |

where the similarity score F S is the Jaccard score of the GO terms defined by
F S(u, u0 ) =

|GO(u) ∩ GO(u0 )|
,
|GO(u) ∪ GO(u0 )|
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with GO(u) and GO(u0 ) are the sets of GO annotations of the proteins u and u0 , respectively.
Alternatively, the F C can be defined using the HRSS score defined by
P

F SHRSSBM A (u, u0 ) =

max

0
0
g∈GO(u) g ∈GO(u )

HRSS(g, g 0 )

P
g 0 ∈GO(u0 )

max HRSS(g, g 0 )

g∈GO(u)

|GO(u)| + |GO(u0 )|

,

where HRSS(g, g 0 ) is the Hybrid Relative Specificity Similarity of individual GO annotations [99].
Besides this two standard quality measures, the Complex Functional Coherence (CF C)
is also used to measure the quality of an alignment in terms of its behavior on protein
complexes. A protein complex is a group of polypeptide chains linked by non-covalent
protein-protein interactions (PPIs), protein complexes play important roles in biological
systems and perform numerous functions, such as DNA transcription, mRNA translation,
and signal transduction.
The CF C is defined as the ratio of complexes that are "correctly" aligned with respect to the aligned complexes. In this way, a complex is correctly aligned if the complex
and its image share some biological function. A pair of complexes, one in each network,
is coherent when they share some biological function and incoherent otherwise. Then
CP and N CP are defined as the number of coherent and incoherent pairs of aligned
complexes. Finally, CF C is defined by:
CF C =

1.4.4

CP
× 100.
CP + N CP

PPINs aligners

We introduce here the pairwise PPINs aligners used in Chapter 3 and Chapter 4.
PINALOG
PINALOG [79] combines information from protein sequence, function and network topology. The design of the PINALOG alignment method is based on the observation that
proteins are not uniformly distributed throughout PPINs. Instead, there are some proteins that form well-connected subnetworks. PINALOG is a global alignment method
and comprises three main steps:
1. Community detection: identifies dense subnetworks of input networks using CFinder
[73].
2. Community mapping: maps similar communities that have high similarity scores.
3. Extension mapping: maps proteins in the neighbourhood of the core protein pairs
which are then added to the core, extension mapping is repeated until no more pair
is added.
PINALOG is available at http://www.sbg.bio.ic.ac.uk/~PINALOG/.
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SPINAL
SPINAL [1] is a polynomial time heuristic algorithm which consist in two main phases:
1. Coarse-grained alignment phase, where all pairwise initial protein similarity scores
based on pairwise local neighborhood matchings are constructed.
2. Fine-grained alignment phase that produces the final one-to-one mapping by iteratively growing a locally improved solution subset.
Both phases make use of the construction of neighborhood bipartite graphs and the contributors as a common primitive.
SPINAL is available at http://code.google.com/p/spinal/.
HubAlign
HubAlign [34] is a global network alignment algorithm, that makes use of both network
topology and sequence homology information. HubAlign consist in three main phases:
1. Estimation of the topological and functional importance of a protein from the
global network topology using a minimum-degree heuristic algorithm.
2. Alignment of topologically important proteins.
3. Extension of the alignments to the whole network.
HubAlign is available at http://ttic.uchicago.edu/~hashemifar/software/
HubAlign.zip.
L-GRAAL
Lagrangian GRAphlet-based ALigner (L-GRAAL) [62] is a global network alignment
algorithm which directly optimizes an objective function that takes into account both
sequence-based protein conservation and graphlet-based interaction conservation, using
an alignment search heuristic based on integer programming and Lagrangian relaxation.
In a first step, L-GRAAL use sequence and graphlet degree similarities to select a
subset of the node mappings on which L-GRAAL will optimize seed alignments considering only the node mappings u ↔ v that u and v are similar enough (considering
topology and homology). This seed alignments are generated defining an integer programming problem and solved using a Lagrangian relaxation. In a second step, a greedy
heuristic extends the seed alignments using all possible node mappings.
L-GRAAL is available at http://bio-nets.doc.ic.ac.uk/L-GRAAL/.

1.4.5

Database resources

There are different sources for PPINs, some of them are:
1. STRING.
2. DIP.
3. UniProt.
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4. PIR.
5. MIPS-FunCat.
6. MIPS-CORUM.
7. Isobase.
8. DEG.
STRING
STRING [93] is a database of known and predicted protein-protein interactions. The
interactions include direct (physical) and indirect (functional) associations; they stem
from computational prediction, from knowledge transfer between organisms, and from
interactions aggregated from other (primary) databases.
DIP
The Database of Interacting Proteins (DIP) [100] is a database that documents experimentally determined protein-protein interactions. Because the reliability of experimental
evidence varies widely, methods of quality assessment have been developed and utilized
to identify the most reliable subset of interactions.
UniProt
The Universal Protein Resource (UniProt) [10] is a comprehensive resource for protein
sequence and annotation data. The UniProt databases are the UniProt Knowledgebase
(UniProtKB), the UniProt Reference Clusters (UniRef), and the UniProt Archive (UniParc). The UniProt consortium and host institutions EMBL-EBI, SIB and PIR are committed to the long-term preservation of the UniProt databases.
PIR
The Protein Information Resource (PIR) [98] is an integrated public bioinformatics resource to support genomic, proteomic and systems biology research and scientific studies.
FunCat
The Functional Catalogue (FunCat), a hierarchically structured, organism-independent,
flexible and scalable controlled classification system enabling the functional description
of proteins from any organism [85].
CORUM
The CORUM database provides a resource of manually annotated protein complexes
from mammalian organisms. Annotation includes protein complex function, localization, subunit composition, literature references and more. All information is obtained
from individual experiments published in scientific articles, data from high-throughput
experiments is excluded [84].
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IsoBase
Isobase (IsoRank PPI Network Alignment Based Ortholog Database) is a database of
functionally related orthologs, which they term "isologs", developed from the multiple
alignment of five major eukaryotic PPI networks, as computed by the global network
alignment tools IsoRank & IsoRankN - the "iso-" being motivated by the connection of
their work to graph isomorphism [75].
DEG
The Database of Essential Genes (DEG) contains all the essential genes that are currently
available. The functions encoded by essential genes are considered a foundation of life
and therefore are likely to be common to all cells. Users can BLAST the query sequences
against DEG [57].

1.4.6

Protein-protein interaction prediction

Experimentally, physical interactions between pairs of proteins can be inferred from a
variety of techniques, including yeast two-hybrid systems, protein-fragment complementation assays (PCA), affinity purification/mass spectrometry, protein microarrays, fluorescence resonance energy transfer (FRET), and Microscale Thermophoresis (MST). Efforts
to experimentally determine the interactome of numerous species are ongoing.
Experimentally determined interactions usually provide the basis for computational
methods to predict interactions, e.g. using homologous protein sequences across species.
However, there are also methods that predict interactions de novo, without prior knowledge of existing interactions. We briefly introduce here the prediction methods used in
Chapter 5.
DeepPPI
Deep neural networks for Protein–Protein Interactions prediction (DeepPPI) [18], employs deep neural networks to effectively learn representations of proteins from common
protein descriptors. The framework of this algorithm consists on five steps:
1. Obtain protein interaction data from the DIP public database.
2. Obtain the protein sequences from PIR or UniProt.
3. High quality features of protein sequence are extracted.
4. Obtain negative samples by random matching of protein in different subcellular
locations.
5. Create training and test sets from the positive and negative samples, and feed a
training set into the deep neural network.
Rotation Forest & Local Phase Quantization
The method proposed in [97] use a Rotation Forest (RoF) classifier and the Local Phase
Quantization (LPQ) descriptor from the Physicochemical Property Response (PR) Matrix
of protein amino acids.
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The RoF classifier [81] is a method for generating classifier ensembles based on feature extraction. To create the training data for a base classifier, the feature set is randomly
split into K subsets (K is a parameter of the algorithm) and Principal Component Analysis
(PCA) is applied to each subset in order to reduce its dimension.
The Local Phase Quantization (LPQ) [68] method is a common and efficient texture
descriptor that adopts the Fourier transform to analyze the information in a matrix.
To borrow the feature extraction techniques from image processing, it is necessary to
preprocess each amino acid sequence by transforming them into a matrix. The method,
named Physicochemical Property Response Matrix (PR) [68], is used to represent the
protein sequence.
Bio2Vec
Bio2Vec [96] model was constructed based on a feature representation method for biological sequences called bio-to-vector (Bio2Vec) and a Convolutional Neural Networks
(CNNs). The Bio2Vec obtains protein sequence features by using a "bio-word" segmentation system and a word representation model used for learning the distributed representation for each "bio-word". Bio2Vec workflow consists of two stages:
1. Generate a fixed-length feature representation for each protein sequence. First
segment the protein sequences into protein words, and then the protein words were
transformed to a vector by Skip-Gram model.
2. Use a convolutional neural network with multiple convolution kernels for predicting PPIs. Given a pair of protein sequences, represent them using Bio2Vec and
then concatenate them to form a feature pair.
3-mers
In [96] a different bio word segmentation system is compared to Bio2Vec, consisting on
split a sequence through a sliding window with stride s, where K is the size of window,
in particular the 3-mers bio word segmentation is tested.
MCD + SVM
The model presented in [102] is a combination of Multi-scale Continuous and Discontinous (MCD) feature representation and Support Vector Machine (SVM). On this model,
the feature selection employed to construct an optimized and more discriminative feature set by excluding redundand features was mRMR. The workflow to predict the PPIs
consist of three steps:
1. Represent protein sequences as a vector by using the proposed multiscale continuous and discontinuous (MCD) feature representation.
2. Minimum redundancy maximum relevance (mRMR) is utilized to do the feature
selection.
3. SVM predictor is used to perform the protein interaction prediction tasks.
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LCPSSMMF
LCPSSMMF [6] is a sequence-based feature extraction which combine local coding
position-specific scoring matrix (PSSM) with multifeatures fusion. The workflow of this
model consist on three main steps:
1. Use a local coding method based on PSM to build PSSM (CPSSM), which incorporates global and local feature extraction to account for the interactions between
residues in both continuous and discontinuous regions of amino acid sequences.
2. Adopt 2 different feature extraction methods (LAG and BP) to capture multiple key
feature information by using the evolutionary information embedded in CPSSM.
3. Acquire feature vectors using the multifeatures fusion method.
AC and ACC
In [32] a method combining feature representation using auto cross covariance (ACC)
and support vector machine (SVM) is present. AC accounts for the interactions between
residues a certain distance apart in the sequence, so this method adequately takes the
neighbouring effect into account. This method consist of three main steps:
1. The amino acid residues are translated into numerical values representing physicochemical properties.
2. The numerical sequences are analysed by ACC based on the calculation of covariance.
3. The SVM model is constructed using the vectors of AC variables as input.
ACC results in two kinds of variables, AC between the same descriptor, and cross
covariance (CC) between two different descriptors. In [32] the results to use only the AC
variables (AC) and the AC plus CC variables (ACC) are analyzed.
LD
In [104] a representation of local protein sequence descriptors and support vector machine (SVM) are combined. To represent the protein sequence, the following steps are
done:
1. For each protein sequence, every amino acid is replaced by the index depending on
its grouping.
2. Split the amino acid sequences into ten local regions of varying length and composition to describe multiple overlapping continuous and discontinuous interaction
patterns within a protein sequence.
3. For each local region, three local descriptors, composition (C), transition (T) and
distribution (D), are calculated.
4. The amino acids are divided into seven groups.
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5. The descriptors for all local regions were combined, representing the general characteristics of the protein sequence.
6. The vector representing each protein pair is used as a feature vector for input into
SVM.
PCA-EELM
In [103] a method of assembling ELM and PCA is presented. The method workflow is:
1. Four kinds of useful sequence-based features such as Auto Covariance (AC), Conjoint triad (CT), Local descriptor (LD) and Moran autocorrelation (MAC) are extracted from each protein sequence to mine the interaction information in the sequence.
2. A feature reduction method, PCA, is employed to extract the most discriminative
new feature subset.
3. ELM classifier is constructed using the vectors of resulting feature subset as input.
LD + KNN
In [101] a method using local descriptors and K-Nearest Neighbors (KNNs) learning
system is presented with the following workflow:
1. Represent each protein sequence as a vector using a local protein sequence descriptors.
2. Characterize a protein pair in different feature vectors by coding the vectors of two
proteins in this protein pair.
3. Construct a KNNs model using the feateature vectors of the protein pair as input.
OLPP + RF
In [53] a computational method for predicting PPIs based on combining Orthogonal Locality Preserving Projection (OLPP) and rotation forest (RoF) models is presented. The
method consist on the following steps:
1. Convert the protein sequence into position-specific scoring matrices (PSSMs) containing protein evolutionary information by using the Position-Specific Iterated Basic Local Alignment Search Tool (PSI-BLAST).
2. Characterize the proteins as a fixed length feature vector by applying OLPP to
PSSMs.
3. Train the RoF classifier.
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MMI + NMBAC
In [17] two different methods to extract features from protein sequence information are
used:
• Use k-gram feature representation calculated as Multivariate Mutual Information
(MMI).
• Extract additional feature by Normalize Moreu-Broto AutoCorrelation (NMBAC).
These two approaches are used independently or combined to transfrom protein sequence into feature vectors. Then, a Random Forest model is feed with this feature
vectors to distinguish interaction pairs from non-interaction pairs.
PseAAC | AC | LDA + RF | RoF | SVM
In [74] three different feature extraction methods are used:
• Pseudo Amino Acid Composition (PseeAAC) that calculates the correlations between residues in the whole protein sequence.
• Auto Covariance (AC) that takes the neighboring effect into account and describes
the average interactions between residues with a certain distance apart.
• Latent Dirichlet Allocation (LDA) which is a generative probabilistic model.
Then these methods are combined with these three classifiers
• Support Vector Machine (SVM).
• Random Forest (RF).
• Rotation Forest (RoF).
In [74] the proposed model is the method that combines the generative LDA and
discriminative RF models.
DCT + SMR + WSRC
The method proposed in [39] consists on using Discrete Cosine Transform (DCT) on
Substitution Matrix Representation (SMR) and then use a Weighted Sparse Representation based Classifier (WSRC), a variant of traditional SRC, which integrates both sparsity
and locality structure data.
Discrete cosine transform is a popular linear separable transformation in the lossy
signal and image compression processing for its powerful energy compaction property.
In SMR, a N × 20 matrix is generated to represent a N ´length protein sequence
based on a substitution matrix.

1.5

Software basics

In this section, we briefly introduce some basic topics in software engineering, as well as
the programming languages and packages used in this thesis.
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1.5.1

Microservices

Microservices - also known as the microservice architecture [70] - is an architectural style
that structures an application or a tool as a collection of services that are
• Highly maintainable and testable.
• Loosely coupled.
• Independently deployable.
• Organized around business capabilities.
• Owned by a small team.
The microservice architecture enables the rapid, frequent and reliable delivery of
large, complex applications. It also enables an organization to evolve its technology
stack. To explain the microservice style, it is useful to compare it to the monolithic
style: a monolithic application built as a single unit. Enterprise Applications are often
built in three main parts: a client-side user interface (consisting of HTML pages and
JavaScript running in a browser on the user’s machine) a database (consisting of many
tables inserted into a common, and usually relational, database management system), and
a server-side application. The server-side application will handle HTTP requests, execute
domain logic, retrieve and update data from the database, and select and populate HTML
views to be sent to the browser. This server-side application is a monolith - a single
logical executable. Any changes to the system involve building and deploying a new
version of the server-side application [26].

Figure 1.3: Microservices and monoliths [26]

1.5.2

Graphical User Interface

A Graphical User Interface (GUI) is a system of interactive visual components for computer software. A GUI displays objects that convey information, and represent actions
that can be taken by the user. The objects change color, size, or visibility when the user
interacts with them.
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The GUI was first developed at Xerox PARC by Alan Kay, Douglas Engelbart, and
a group of other researchers in 1981. Later, Apple introduced the Lisa computer with a
GUI on January 19, 1983.

1.5.3

Programming languages & packages

The programming languages used to implement the tools developed in this thesis, as well
as to analyze their performance, are the following:
R
R is a language and environment for statistical computing and graphics. It is a GNU
project which is similar to the S language and environment which was developed at
Bell Laboratories (formerly AT&T, now Lucent Technologies) by John Chambers and
colleagues. R can be considered as a different implementation of S. There are some
important differences, but much code written for S runs unaltered under R [25].
Python
Python is an interpreted, object-oriented, high-level programming language with dynamic semantics. Its high-level built in data structures, combined with dynamic typing
and dynamic binding, make it very attractive for Rapid Application Development, as
well as for use as a scripting or glue language to connect existing components together.
Python’s simple, easy to learn syntax emphasizes readability and therefore reduces the
cost of program maintenance. Python supports modules and packages, which encourages
program modularity and code reuse. The Python interpreter and the extensive standard
library are available in source or binary form without charge for all major platforms, and
can be freely distributed [24].
To implement Prots2Net, two main libraries has been used:
• Scikit-learn [77].
• tkinter.
Scikit-learn is a Python module integrating a wide range of state-of-the-art machine
learning algorithms for medium-scale supervised and unsupervised problems. This package focuses on bringing machine learning to non-specialists using a general-purpose
high-level language. Emphasis is put on ease of use, performance, documentation, and
API consistency. It has minimal dependencies and is distributed under the simplified
BSD license, encouraging its use in both academic and commercial settings.
The tkinter package (“Tk interface”) is the standard Python interface to the Tcl/Tk
GUI toolkit. Tk is a graphical user interface toolkit that takes developing desktop applications to a higher level than conventional approaches. Tk is the standard GUI not only
for Tcl, but for many other dynamic languages, and can produce rich, native applications
that run unchanged across Windows, Mac OS X, Linux and more.
21

C HAPTER 1

1.5.4

Databases and other tools used

Celery
Celery is a simple, flexible, and reliable distributed system to process vast amounts of
messages, while providing operations with the tools required to maintain such a system. It
is a task queue with focus on real-time processing, while also supporting task scheduling
[22].
RabbitMQ
RabbitMQ is a message-queueing software also known as a message broker or queue
manager. It is a software where queues are defined, to which applications connect in
order to transfer a message or messages [43].
Docker
Docker is an open platform for developing, shipping, and running applications. Docker
enables to separate the applications from the infrastructure to delivery software quickly.
Docker provides the ability to package and run an application in a loosely isolated environment called a container. The isolation and security allows to run many containers
simultaneously on a given host [65].
MongoDB
MongoDB is a document database that allow querying and indexing. MongoDB stores
the data in flexible, JSON-like documents, so that fields can vary from document to document and the data structure can be changed over time [67].
REDIS
Redis is an open source (Berkeley Software Distribution licensed), in-memory data structure store, used as a database, cache, message broker, and streaming engine. Redis provides data structures such as strings, hashes, lists, sets, sorted sets with range queries,
bitmaps, hyperloglogs, geospatial indexes, and streams [56].
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2

AligNet
In this chapter, we present AligNet, a parameter-free pairwise PPINs alignment algorithm aimed at filling the gap between efficient topologically and biologically meaningful
matchings. The overall idea of the algorithm is to obtain many local alignments that are
combined and extended into a meaningful global alignment. The final alignment captures the benefits of considering both types of alignments: with the local alignments we
capture the topological similarity between the networks, and we speed up the running
time of the algorithm, while with the final global alignment we solve the inconsistencies
among the local alignments and yield an overall alignment of the pair of input PPINs.

2.1

The structure of the AligNet algorithm

AligNet receives as input two graphs G = (V, E) and G0 = (V 0 , E 0 ) representing two
PPINs (in particular, each node of them is injectively identified with a protein) and it produces, as output, a similarity score for them and a local and a global alignment between
them. Figure 2.1 shows the pipeline of our algorithm AligNet. The main steps in AligNet
are:
1 The computation of overlapping clusters C(G) and C(G0 ), respectively, of the
input networks G and G0 .
2 The computation of alignments between pairs of clusters in C(G) and C(G0 ).
3 The computation of a matching between C(G) and C(G0 ).
4 The computation of a local alignment of the input networks G and G0 .
5 The extension of this local alignment to a meaningful global alignment.
Figure 2.2 displays two toy PPINs that will be used as a running example throughout
this section. The first network, that we will call dme, consists of 8 nodes and 9 edges,
while the second network, hsa from now on, consists of 9 nodes and 17 edges.
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Figure 2.1: Pipeline of AligNet algorithm.

Step 1. Overlapping clusterings.
The first step in AligNet consists in computing an overlapping clustering of each input
network. These clusterings are based on the similarity score between pairs of proteins
(nodes) u, v in a PPIN G, s(u, v), defined as follows. If u, v are not connected by a path,
then s(u, v) = 0, and if they are connected,
B(u, v) +
s(u, v) =

D(G)+1−dG (u,v)
D(G)+1

2

,

where B(u, v) is the normalized bit score of the proteins u and v, that is, the rescaled
version of their alignment score obtained with BLAST+, which is independent of the size
of the search space (see section 1.4 in the Preliminaries chapter). The intuition behind
this similarity score is that two proteins are similar if they have similar sequences of
nucleotides and they are relatively close to each other in the graph.
To obtain the overlapping clustering of an input network, we define a cluster centered
at each node. To avoid the choice of a fixed and arbitrary cluster size, we considered the
similarity score distribution and define the cluster centered at each node as follows. Let
α be the third quartile of the distribution of the similarity score values of pairs of nodes,
so that only 25% of the pairs of nodes (u, v) are such that s(u, v) > α. Then, for every
node u ∈ V , the cluster Cu in G centered at u is
Cu = {v ∈ V | s(u, v) > α}.
Let C(G) = {Cu | u ∈ V } and C(G0 ) = {Cu0 | u0 ∈ V 0 }.
Table 2.1 shows the normalized bit scores, B(dm6389, v), the distance dG (dm6387, v),
and the similarity score s(dm6389, v) between the node dm6389 and all other nodes in
the first network, G, in our running example. After calculating the similarity scores for
every pair of nodes in the first network, we obtained that the third quartile of their value
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dm11070
dm6389
dm247
dm2171
dm11454

dm11644

dm10450

dm8158

(a)
hs399

hs59

hs3857

hs5638

hs6992

hs5433

hs553

hs12566

hs12206

(b)
Figure 2.2: (a) A subnetwork of the Drosophila melanogaster PPI network. (b) A
subnetwork of the Homo Sapiens PPI network.
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distribution is 0.43. Hence α = 0.43 and the cluster centered at dm6389 is
Cdm6389 = {dm6389, dm247, dm11454, dm11070, dm2171, dm11644}.
Regarding the overlapping clustering of the networks, Figure 2.3 displays all the
clusters in our running example. The center of every cluster is highlighted in blue. Since
we have considered two small pieces of a PPIN, we obtain here that, the first cluster on
the left is the entire piece of network. In the right, we obtain also the entire piece of
network in the second cluster on the right. Notice that we obtain the whole piece of the
network when we consider the cluster of a node that is in the center of the network.
Table 2.1: Similarity scores obtained between the node dm6389 and all other nodes in
the first network of our running example.
Protein
dm247
dm11454
dm11070
dm2171
dm11644
dm10450
dm8158

B
0.461
0.462
0.462
0.423
0.423
0.385
0.385

dG
1
1
1
2
2
3
4

s
0.63
0.63
0.63
0.51
0.51
0.39
0.29

Step 2. Alignments between pairs of clusters.
In this second step, AligNet computes an alignment between every pair of clusters Cu ∈
C(G) and Cu0 ∈ C(G0 ) such that B(u, u0 ) > 0. These alignments define an alignment
score between every such a pair of clusters that will be used in the third step to compute
a matching between C(G) and C(G0 ).
Formally, for every u ∈ V and u0 ∈ V 0 such that B(u, u0 ) > 0, the alignment
between Cu ∈ C(G) and Cu0 ∈ C(G0 ) is obtained as follows:
(1)

(2)

(i) Match u with u0 . Set Lu,u0 = (u, u0 ) , Lu,u0 = {u} and Lu,u0 = {u0 }.


(ii) For every v ∈ Cu ∩ NG (u) and for every v 0 ∈ Cu0 ∩ NG0 (u0 ), let
F (v, v 0 ) = | deg(v) − deg(v 0 )| − B(v, v 0 ) + 1.
Compute a matching Mu,u0 ⊆ (Cu ∩ NG (u)) × (Cu0 ∩ NG0 (u0 )) that minimizes
P
0
(v,v 0 )∈Mu,u0 F (v, v ) using the Hungarian algorithm (see subsection 1.1.2 in the
Preliminaries chapter). Sort the pairs in Mu,u0 in decreasing order of their F value,
(1)
and concatenate them to Lu,u0 . Add their first coordinates to Lu,u0 and their second
(2)

coordinates to Lu,u0 .
(iii) Iterate step (ii), replacing (u, u0 ) by the rest of the pairs in Lu,u0 and removing from
Cu and Cu0 the nodes already aligned.
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Figure 2.3: Overlapping clusterings. This figure shows the overlapping clustering on
the PPINs in Figure 2.2 obtained by AligNet. We can see here the 8 clusters in the dme
network on the top, and the 9 clusters in the hsa network on the bottom.
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More specifically, in the k-th iteration, take the k-th element (v0 , v00 ) of Lu,u0 . For
(1)
(2)
every w ∈ (Cu \Lu,u0 )∩NG (v0 ) and every w0 ∈ (Cu0 \Lu,u0 )∩NG0 (v00 ), compute
F (w, w0 ). Then, compute a matching
(1)

(2)

Mv0 ,v00 ⊆ (Cu \ Lu,u0 ) ∩ NG (v0 ) × (Cu0 \ Lu,u0 ) ∩ NG0 (v00 ) ,
that minimizes

P

(v,v 0 )∈Mv

0
0 ,v0





F (v, v 0 ). Sort the pairs forming Mv0 ,v00 in decreas-

ing order of their F value, and concatenate them to Lu,u0 . Add their first coordi(1)
(2)
nates to Lu,u0 and their second coordinates to Lu,u0 .
The resulting alignment Lu,u0 defines a partial injective mapping ηu,u0 : Cu → Cu0 . The
nodes in Cu that are matched to nodes in Cu0 form the domain of the mapping ηu,u0 ,
which is denoted by Dom ηu,u0 .
The general idea behind this alignment procedure is that u is matched to u0 and then
a node v ∈ Cu should be matched to a node v 0 in Cu0 when they have similar sequences
and similar degrees, provided that, furthermore, there exist paths connecting u with v and
u0 with v 0 such that their intermediate nodes are already aligned in sequential order along
the paths. The alignment procedure gives priority to matching neighbors of nodes x, x0 at
the possible shortest distance of the respective cluster centers and with F (x, x0 ) as large
as possible among those pairs already matched at the same iterative step.
Figure 2.4, 2.5, 2.6, 2.7 displays the alignment between the clusters Cdm11644 and
Chs5433 . The alignment procedure is as follows:
1. Match dm11644 with hs5433, set Ldm11644,hs5433 = {(dm11644, hs5433)} (see
Figure 2.4).
2. Compute the matching that minimizes (v,v0 )∈Mdm11644,hs5433 F (v, v 0 ), where
Mdm11644,hs5433 are the pairs in the table below:
P

dm
dm11454
dm11454
dm11454
dm11454
dm11454
dm2171
dm2171
dm2171
dm2171
dm2171
dm10450
dm10450
dm10450
dm10450
dm10450
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hs12566
hs5638
hs6992
hs3857
hs553
hs12566
hs5638
hs6992

2.1. T HE STRUCTURE OF THE A LIG N ET ALGORITHM
3. The sorted pairs in Mdm11644,hs5433 in decreasing order of their F value are,
{(dm2171, hs5638), (dm11454, hs553), (dm10450, hs3857)}.
Hence, as we can see in Figure 2.5,
n

Ldm11644,hs5433 = (dm11644, hs5433), (dm2171, hs5638)
o

(dm11454, hs553), (dm10450, hs3857) .
4. Repeat step 2 with the pair (dm2171, hs5638). Thus, compute the matching that
P
minimizes (v,v0 )∈Mdm2171,hs5638 F (v, v 0 ), where
Mdm2171,hs5638 = {(dm11070, hs3857), (dm11070, hs12566)}.
Since F (dm11070, hs3857) > F (dm11070, hs12566), we add (dm11070, hs12566)
to Ldm11644,hs5433 (see Figure 2.6).
5. Repeat the previous step with (dm11454, hs553), then the assignment to add is
(dm6389, hs553) (see Figure 2.7).
6. Since all the nodes in Chs5433 are assigned to a node in Cdm11644 , the alignment
Ldm11644,hs5433 is done
n

Ldm11644,hs5433 = (dm11644, hs5433), (dm2171, hs5638)
(dm11454, hs553), (dm10450, hs3857),
o

(dm11070, hs12566), (dm6389, hs553) .

Step 3. Matching between families of clusters.
Let
A = {ηu,u0 | u ∈ V, u0 ∈ V 0 , B(u, u0 ) > 0},
be the set of alignments obtained in step 2. The score of each ηu,u0 ∈ A is defined as
P

Score(ηu,u0 ) =

v∈Dom ηu,u0

B(v, ηu,u0 (v))

|Dom ηu,u0 |

+

|Dom ηu,u0 |
.
maxηw,w0 ∈A |Dom ηw,w0 |

This score assesses simultaneously the average similarity of the sequences of the proteins
matched by ηu,u0 and their number.
Once computed all these scores, AligNet obtains a matching between C(G) and
C(G0 ) by applying the maximum weighted bipartite matching algorithm to the bipartite graph whose nodes are the clusters in C(G) and C(G0 ), whose edges connect pairs
of clusters Cu ∈ C(G) and Cu0 ∈ C(G0 ) with B(u, u0 ) > 0, and the weight of the edge
connecting Cu with Cu0 is the score Score(ηu,u0 ). We shall denote by C the set of partial
injective mappings ηu,u0 corresponding to pairs of clusters (Cu , Cu0 ) that are matched by
this matching.
Figure 2.8 shows the matching obtained in this step between the families of clusters
in Figure 2.3. Notice that, Chs399 remains unassigned because the second network has
more clusters than the first one.
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Figure 2.4: First step of the alignment of a pair of clusters.

Step 4. Local alignment of PPINs.
In this step, AligNet produces a local alignment between G and G0 from the matching
between C(G) and C(G0 ) obtained in the previous step.
The main idea is to define this alignment by merging the partial injective mappings
ηu,u0 ∈ C. The problem is that these mappings may be inconsistent. A first approach
to overcome this problem would be to consider the weighted bipartite hypergraph with
set of nodes V t V 0 and where every mapping ηu,u0 defines a hyperarc with source its
domain, target its image, and weight Score(ηu,u0 ), and to solve on it the weighted bipartite hypergraph assignment problem, whose solution would provide a well-defined local
alignment of the input networks.
However, in order to decrease the computation time of AligNet, we do not define this
hypergraph from the whole C, but just from a subset R of best-scored alignments built
recursively as follows. Starting with R = ∅, AligNet adds to R at each step a mapping
ηw0 ,w00 ∈ C with w0 not belonging to the union of the domains of the mappings ηw,w0
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Figure 2.5: Second step of the alignment of a pair of clusters.

already in R and with maximum Score(ηw0 ,w00 ) among all such mappings. AligNet
S
iterates this procedure until every node in ηu,u0 ∈C Dom ηu,u0 belongs to the domain of
some mapping in R. In Figure 2.12 we give the subset R of C for the networks in our
running example. We also explain below how the appropriate set of alignments is selected
on our running example.
1. First, the mapping with maximum score is ηdm11644,hs5433 , (see Figure 2.9).
2. Next, the mappings such that the center of the cluster does not belong to
Domηdm11644,hs5433 , are the mappings whose centers are dm247 and dm8158, (see
Figure 2.10).
3. Since the score of the mapping ηdm247,hs12566 is higher than the score of the mapping ηdm8158,hs12206 , we add ηdm247,hs12566 to the hypergraph, (see Figure 2.11).
4. Finally, we add ηdm8158,hs12206 to the hypergraph, (see Figure 2.12).
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Figure 2.6: Third step of the alignment of a pair of clusters.

Notice that in the end, that is, when we consider the three alignments together, there are
four nodes in the source network with inconsistent assignments.
Then, Alignet obtains from the directed hypergraph with nodes V t V 0 and hyperarcs
defined by the mappings ηu,u0 ∈ R as explained above, a local well-defined alignment
between G and G0 as a solution of the corresponding weighted bipartite hypergraph assignment problem (see subsection 1.1.2 in the Preliminaries chapter).
Figure 2.13 shows the local alignment of the original networks obtained by AligNet
in its fourth step, once the inconsistent assignments have been solved. The coherent
assignment of nodes is obtained as the solution to the weighted bipartite hypergraph
assignment problem, for the hypergraph associated to the appropriate set of alignments
described in Figure 2.12. In this case, the hypergraph has three hyperarcs, corresponding
to the three alignments considered in the appropriate set of alignments.
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Figure 2.7: Fourth step of the alignment of a pair of clusters.

Step 5. Global meaningful alignment of PPINs.
In order to extend the local alignment produced in the previous step, AligNet iterates the
following procedure:
• It removes the nodes in G and G0 that have already been aligned, and it recomputes
the score of each alignment ηu,u0 following the same definition as in step 3, but only
taking into account the remaining nodes in its domain and image.
• It computes a new optimal matching C between C(G) and C(G0 ), as in step 3,
but using as edges those ηu,u0 whose updated score is positive, and weights these
updated scores.
• It computes a new set R of best-scored alignments ηu,u0 with Score(ηu,u0 ) > 0, as
in step 4.
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Figure 2.8: Alignment of the clusters.

• It defines a new directed hypergraph whose nodes are the nodes in V ∪ V 0 not yet
aligned and hyperarcs the mappings ηu,u0 in the new set R, understood as hyperarcs
with source the still unaligned nodes in their domain and target the still unaligned
nodes in their image.
• It computes a local alignment between unaligned nodes in V and V 0 by solving the
weighted bipartite hypergraph assignment problem for this hypergraph, and it adds
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Figure 2.9: First step of the appropriate set of alignments.

this local alignment to the alignment obtained so far.
This procedure is iterated while there exist nodes not aligned belonging to the domain
or the image of some alignment ηu,u0 with (updated) positive score. In Figure 2.14 we
show the final global meaningful alignment obtained with AligNet for the networks in
our running example. Notice that, in the fifth step of AligNet, the previous alignment
is extended to a global one. In this case, there were two unmatched nodes in the source
network in Figure 2.13 which are now assigned.

2.2

How to use the library

AligNet is implemented in R. It can be installed via GitHub, using the function available in devtools, install_github("adriaalcala/AligNet"). In order to
facilitate its use, some data is available in the library. We explain below how to use it.
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Figure 2.10: Second step of the appropriate set of alignments.

Insert and load data
To build the networks from a list of protein interactions, use the function read.network
as in the following example:
edges1 <- matrix(c(
"85962.HP0109", "85962.HP0136",
"85962.HP0109", "85962.HP0137",
"85962.HP0136", "85962.HP0247",
"85962.HP0136", "85962.HP0303",
"85962.HP0137", "85962.HP0247",
"85962.HP0137", "85962.HP0853",
"85962.HP0247", "85962.HP1316"
), ncol=2, byrow=TRUE)
hpy <- read.network(edges1, mode="edges")
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Figure 2.11: Third step of the appropriate set of alignments.

edges2= matrix(c(
"DBP2_YEAST", "RL2A_YEAST",
"HAS1_YEAST", "MAK5_YEAST",
"NOP10_YEAST", "DBP2_YEAST",
"NOP10_YEAST", "HAS1_YEAST",
"NOP10_YEAST", "MAK5_YEAST",
"NOP10_YEAST", "RL2A_YEAST",
"TSA1_YEAST", "HSP7F_YEAST",
"TSA1_YEAST", "TSA2_YEAST"
), ncol=2, byrow=TRUE)
sce <- read.network(edges2,mode="edges")
The networks can be visualized using plot(hpy) and plot(sce).
To upload the similarity matrix, you can use the function read.matrix if you
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Figure 2.12: Final step of the appropriate set of alignments.

want to read the matrix from a file, or you can compute the similarity matrix. In this case,
the data files Sim1 and Sim2 are uploaded and included in the package to compute the
similarity matrix with the function compute.matrix.

data(Sim1)
data(Sim2)
Dis1 = compute.matrix(net1=hpy)
Dis2 = compute.matrix(net1=sce)
Sim1 = (Sim1+Dis1)/2
Sim2 = (Sim2+Dis2)/2
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Figure 2.13: Local alignment obtained in the fourth step.

Compute clusters
Once the networks and the similarity matrices are computed, the clusters can be obtained
with the functions cluster.network and extract.clusters.
clust1 = cluster.network(sigma=Sim1,lambda=0.2,k=5)
clusters1 = extract.clusters(Net=hpy,ClustMat=clust1)
clust2 = cluster.network(sigma = Sim2, lambda = 0.2, k = 5)
clusters2 = extract.clusters(Net = sce,ClustMat = clust2)

Local alignment
The local alignments of clusters are computed using align.local.all.
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Figure 2.14: Final global alignment.

data(Sim)
localAligns = align.local.all(
clust1 = clusters1,
clust2 = clusters2,
mat = Sim,
threshold = 0
)

Global alignment
Finally, from the local alignments, the global alignment is computed using align.global.

alinGlobal = align.global(localAligns=localAligns,Sim=Sim)
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2.3

Comparison with other aligners

In this section we report the tests performed to assess the performance of AligNet. Following the comparisons published in [16, 64], we decided to compare AligNet with
SPINAL [1], HubAlign [34], L-GRAAL [62], and PINALOG [79] on the dataset used
in [16], which consists of the PPINs of M. musculus (mus), C. elegans (cel), D. melanogaster
(dme), S. cerevisiae (sce), and H. sapiens (hsa), downloaded from the IsoBase (see subsection 1.4.5 in Preliminaries chapter); see Table 2.2. We refer to subsection 1.4.4 in the
Preliminaries chapter for a brief description of these aligners.
Table 2.2: Number of nodes and edges (with and without loops) of the PPINs considered
as input data in our tests.
M. musculus
C. elegans
S. cerevisiae
D. melanogaster
H. sapiens

Nodes
623
2,995
5,524
7,396
10,403

Edges (with loops)
776
8,639
164,718
49,467
105,232

Edges (without loops)
559
4,827
82,656
24,937
54,654

In a first assessment of the alignments, we used two quality measures: the edge correctness ratio (EC), which quantifies the amount of structure preserved by the alignment,
and the functional coherence value (FC), which assesses the functional similarity of the
aligned proteins by comparing their Gene Ontology annotation (see subsection 1.4.3 in
the Preliminaries chapter).
Tables 2.3 and 2.4, as well as Figure 2.15 and Figure 2.16, give the EC and FC scores,
respectively, of the alignments produced by the aligners under consideration (using the
aligners’ parameters suggested by default whenever it was needed).

Figure 2.15: Edge Correctness Scores. This figure shows the edge correctness score
obtained for each aligner in every alignment. The different aligners are presented in
different colours.
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Figure 2.16: Functional Coherence Scores. This figure shows the functional coherence
score obtained for each aligner in every alignment. In a purple dot we show the maximal
value expected for every The different aligners are presented in different colours.
Table 2.3: Edge correctness ratio obtained in every alignment.
Net1 Net2
mus cel
mus sce
mus dme
mus hsa
cel sce
cel dme
cel hsa
sce dme
sce hsa
dme hsa
mean

AligNet
0.58
0.65
0.65
0.76
0.24
0.31
0.31
0.03
0.04
0.13
0.37

HubAlign
0.81
0.97
0.88
0.95
0.83
0.68
0.77
0.01
0.03
0.37
0.63

L-GRAAL
0.79
0.68
0.70
0.77
0.38
0.53
0.43
0.08
0.13
0.31
0.48

PINALOG
0.34
0.56
0.30
0.62
0.30
0.18
0.23
0.19
0.19
0.13
0.30

SPINAL
0.01
0.05
0.03
0.24
0.06
0.01
0.01
0.03
0.04
0.01
0.05

We can observe there that the alignments of small networks with a few edges, such
as M. musculus, produced alignments with high EC scores, especially when the target
network has many edges. However, we can also observe that, when the number of edges
in the source network increased, the EC scores decreased dramatically even in the case
of HubAlign.
As far as the functional coherence goes, we can observe in Table 2.4 and Figure 2.16
that all aligners attained a very low FC score, and the order from the highest to the lowest
FC scores is almost the opposite to the order obtained when considering the EC scores. To
put these low scores in perspective, we estimated the maximum value F Cmax of the FC
score for every pair of networks, by solving the maximum weighted bipartite matching
problem on the complete bipartite graph where the nodes are the proteins in the two input
networks and the weight of each edge connecting one protein in a network to a protein in
the other network is the FC score of the corresponding pair of proteins. These maximum
values are given in the first numerical column of Table 2.4.
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Table 2.4: Functional coherence value obtained in every alignment.
Net1 Net2
mus cel
mus sce
mus dme
mus hsa
cel sce
cel dme
cel hsa
sce dme
sce hsa
dme hsa
mean

F Cmax
0.21
0.24
0.19
0.54
0.20
0.23
0.24
0.24
0.26
0.20
0.26

AligNet
0.06
0.08
0.05
0.23
0.06
0.04
0.04
0.05
0.06
0.04
0.07

HubAlign
0.04
0.07
0.03
0.26
0.03
0.02
0.02
0.07
0.08
0.02
0.06

L-GRAAL
0.03
0.04
0.03
0.10
0.04
0.02
0.03
0.02
0.02
0.02
0.04

PINALOG
0.10
0.12
0.07
0.48
0.13
0.09
0.08
0.07
0.09
0.09
0.13

SPINAL
0.12
0.15
0.06
0.10
0.19
0.09
0.08
0.10
0.11
0.08
0.11

As it can be seen in Tables 2.3 and 2.4, AligNet and HubAlign obtained the best
balance between FC and EC scores, followed by PINALOG and L-GRAAL.
In addition, in order to measure the amount of variation or dispersion of the EC and
FC scores, we introduce some noise to the networks considered in this test by randomly
adding and deleting a 5% of the edges. Thus, we compute 100 new alignments with
every aligner, and we calculate the corresponding EC and FC scores. That is, we obtain
a sample of the EC and FC scores, and we calculate the sample standard error and the
corresponding confidence scores.
We also compared the behavior of AligNet, PINALOG, HubAlign, and L-GRAAL
in relation to the alignment of protein complexes (we excluded SPINAL from this test
because its results in the EC and FC tests were not convincing). Following the procedure
explained in [79], we considered the database MIPS CORUM (see the subsection 1.4.5
in the Preliminaries chapter) as the gold standard for the human protein complexes and
the information available in [27] as the gold standard for the yeast complexes. In addition, we considered the functional information available in MIPS CORUM for the human
complexes and in MIPS FunCat (see the subsection 1.4.5 in the Preliminaries chapter) for
the yeast complexes. To measure the quality of an alignment in terms of its behaviour
on protein complexes, we used the complex functional coherence value (CFC), defined
as the ratio of complexes that are aligned correctly with respect to the aligned complexes. More specifically, if we call a pair of complexes, one in each network, coherent
when they share some biological function and incoherent otherwise, and if we denote
by CP and N CP the numbers of coherent and incoherent pairs of aligned complexes,
CP
then CF C = CP +N
CP × 100. In Table 2.5, Figure 2.17 and Figure 2.18 we show the
results obtained by all the aligners. The result is that AligNet has the highest CF C value
(25.34) followed by PINALOG (24.48) and HubAlign and L- GRAAL obtained a very
low CF C value (5, 4.75 resp.).
In order to further compare the results obtained by AligNet on protein complexes
with those of the others aligners, we counted, for each other aligner A, the complexes
that were not aligned either by AligNet or by A; the coherent and incoherent pairs among
those complexes that were aligned by AligNet but not by A; and the coherent and incoherent pairs among those complexes that were aligned by A but not by AligNet. The
results are given in Table 2.6. For instance, in its first two numerical columns we can
see that 891 complexes were not aligned neither by AligNet nor by HubAlign; 263 complexes were aligned by AligNet but not by HubAlign, of which 88 were correctly aligned
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Figure 2.17: Complex Functional Coherence. This figure shows the number of nonassigned complexes (in blue), the number of coherent pairs (in green), the number of
incoherent pairs (in red) and the complex functional coherence value (yellow dot). The
number of complexes is shown on the left axis, while the complex functional coherence
value is shown on the right axis.

Figure 2.18: Complex Functional Coherence Precision. This figure shows the number
of coherent pairs (green) and incoherent pairs (red) obtained with one aligner versus the
other.
Table 2.5: Number of not assigned, correctly assigned (CP), incorrectly assigned (NCP)
protein complexes and the complex functional coherence value obtained for every aligner.
Not Assigned
CP
N CP
CF C

AligNet
1269
128
377
25.34

PINALOG
945
203
626
24.48

HubAlign
1154
31
589
5

L-GRAAL
996
37
741
4.75

(coherent pairs) and 175 were incorrectly aligned (by AligNet); and 378 complexes were
aligned by HubAlign but not by AligNet, of which 21 were correctly aligned and 357
were incorrectly aligned (by HubAlign). Therefore, HubAlign aligned more complexes
than AligNet, but AligNet achieved a higher precision in the alignment of complexes
than HubAlign: 33.5% vs 5.6%. Similarly, AligNet also showed a higher precision than
L-GRAAL and a slightly higher precision than PINALOG (19.2% vs 17.4%), although
PINALOG aligned more complexes than AligNet, which tells us that AligNet is more
conservative than PINALOG.
As a third test to evaluate the aligners, we consider the essential proteins, i.e. those
proteins that are indispensable for the survival of an organism, again in the Human and
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Table 2.6: Numbers of complexes assigned by AligNet and not assigned by the other
aligners, and conversely.

Not Assigned
Assigned
Incoherent
Coherent
Precision

AligNet
vs
HubAlign
891
263
175
88
33.5%

HubAlign
vs
AligNet
891
378
357
21
5.6%

AligNet
vs
L-GRAAL
763
233
167
66
28.3%

L-GRAAL
vs
AligNet
763
506
477
29
5.7%

AligNet
vs
PINALOG
815
130
105
25
19.2%

PINALOG
vs
AligNet
815
454
375
79
17.4%

Yeast PPINs. We evaluate the aligners’ performance assuming that essential proteins
must be aligned to essential proteins. Thus, for every alignment between the PPINs of
S. cerevisiae and H. sapiens, a true positive (TP) is an essential protein matched to an
essential protein while a false positive (FP) is an essential protein matched to a nonessential one. In the same way, a true negative (TN) is a non-essential protein matched
to a non-essential one and a false negative (FN) is a non-essential protein matched to an
essential one. The essential proteins information was retrieved from the DEG Database
(see the subsection 1.4.5 in the Preliminaries chapter). We consider the following statistical measures defined in the Preliminars chapter to evaluate the aligners’ performance:
specificity, precision, F1 -score, accuracy, MCC (Matthews Correlation Coefficient. We
also consider the balanced accuracy, defined by ((T P/P ) + (T N/N ))/2, where P and
N are the number of essential and non-essential proteins respectively in S. cerevisiae,
and the proficiency, also called uncertainty coefficient or entropy coefficient. The uncertainty coefficient in this test is defined as follows: let {p1 , . . . pn } be the set of proteins in
S. cerevisiae and let η be an alignment between the two PPINs S. cerevisiae and H. sapiens. Two random variables X and Y are considered such that, X is a binary vector
X = (xi )i=1,...,n such that xi takes the value 1 if protein pi is essential and the value 0
otherwise. Y is a binary vector Y = (yi )i=1,...,n such that yi takes the value 1 if protein
η(pi ) is essential and the value 0 otherwise. Then, the uncertainty coefficient is defined
by,
U C = (H(X) − H(X|Y ))/H(X)
where H(X) is the entropy of X and H(X|Y ) is the conditional entropy. In this test,
the uncertainty coefficient measures the capability to predict that a S. cerevisiae protein
is essential provided that its image by η is essential.
In Figure 2.19 we show the values for each statistical measure obtained for every
aligner. As we can observe there, all aligners have a similar value of accuracy and balanced accuracy. Concerning specificity, precision and F1 -score, HubAlign obtained the
lowest value while the others aligners are comparable. The highest proficiency and MCC
values were obtained by AligNet while the lowest one was obtained by PINALOG.
Finally, in order to study the efficiency of the considered aligners, we observed their
running time and memory space needed to perform an alignment. We run our implementation of AligNet on a server with 4 processors at 2.6 GHz and 20 GB of RAM,
and we also run the latest implementations of PINALOG, SPINAL, HubAlign and also
L-GRAAL.
One of the weak points of PPINs aligners is their lack of efficiency. Indeed, although
NATALIE [47] was suggested as a good aligner, it could not align the two smallest net45
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Figure 2.19: Binary Classifier Metrics. This figure shows the results obtained for each
aligner in the essential proteins alignment test, for every statistical measure.

works, C. elegans and D. melanogaster, on a computer with 64 GB of RAM. With respect to PINALOG, SPINAL, HubAlign and L-GRAAL, we were able to complete all
the alignments. In order to visualize their running times, we show the running time of
every finished computation for each aligner in the top barplot in Figure 2.20. We can
observe there that SPINAL is, with a big difference, the slowest one to compute the
alignment between H. sapiens and S. cerevisiae, and also between D. melanogaster and
S. cerevisiae. In addition, PINALOG is the slowest one, also with a big difference, to
compute the alignment between C. elegans and H. sapiens, as well as the alignment between H. sapiens and M. musculus. We can also observe that AligNet is considerably
faster than PINALOG and SPINAL, with a running time of less than 1,000 seconds in
most of the alignments. Actually, AligNet is slower than PINALOG and SPINAL only
in one computation, namely the alignment between D. melanogaster and H. sapiens, and
the difference is less than 2,000 seconds. However, it is difficult to see the running times
in some alignments because SPINAL needed more than 20,000 seconds for the alignment between S. cerevisiae and H. sapiens. Thus, in order to visualize the results in the
cases where the aligners consumed less than 3,500 seconds, we describe in Figure 2.21
the running times cutting at ten minutes. We observe there that HubAlign is the fastest
aligner. Thus, we can conclude that HugAlign is the fastest aligner, followed by AligNet.
In Figure 2.20 Figure 2.21 and Figure 2.22, we present the running times ordered by
the network’s size. It should be expected that the running time increases as so do the
networks, and this is the case of AligNet. However, as We can observe in the graphic,
this is not the case of L-GRAAL, SPINAL and HubAlign. Actually, L-GRAAL shows
an unpredictable running time related with the network’s size. We can see that HubAlign
is clearly the faster aligner, but the correlation between the network’s size and running
times is not clear. On the other hand, PINALOG presents a correlation between networks
sizes and running times, but it is the slowest aligner. Thus, AligNet is the aligner that
present the strongest correlation between running time and networks size.
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Figure 2.20: Running times. This figure shows the running times (in seconds) we
obtained when we performed all the alignments for every pair of the considered networks. In this figure we present the results obtained with the aligners AligNet, PINALOG, SPINAL, HubAlign and L-GRAAL.

Figure 2.21: Running times cut at 10 minutes. We show in this figure the running times
for those alignments that took less than 10 minutes.
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Figure 2.22: Time Consistency. This figure shows the running times in seconds obtained
for every pairwise alignment and every aligner. We ordered the pairwise alignments
considering the size (number of nodes) of the networks.
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PINAWeb
In this chapter, we introduce PINAWeb, a web-server tool to compute PPINs alignments.
The main reason to develop this tool is the current lack of a “one size fits all” PPINs
aligner, together with the computational problems that arise when installing their implementations. PINAWeb not only facilitates the task of launching the aligners, but it
is useful to compare the results between them, for every aligner and pair of networks,
PINAWeb returns the corresponding alignment, its topological and biological correctness
scores and also the visualization of the alignments’ comparison (agreement/differences)
when several aligners are considered.

3.1

Architecture

PINAWeb is organized under the philosophy of microservices instead of a monolithic
architecture (see subsection 1.5.1 in the Preliminaries chapter). The main benefit of such
a design is that each small piece is responsible for only one type of task. In this way,
each piece of the tool has no dependencies caused by other pieces, and it is easier to
detect errors. As shown in Figure 3.1, PINAWeb’s architecture is divided into four main
layers: the front-end, the results dashboard, the REST API, and the server. Then, we use
connectors to link these layers. The main information flow is the following:
1. The user selects the alignment’s options: database, aligner, and networks.
2. The front-end sends a POST request to the REST API to create a job.
3. The REST API enqueues the job to the server using Celery and RabbitMQ as a
broker.
4. The server computes the alignment and stores the results in a Mongo database.
5. The server calls back to the REST API with a POST request referencing the inserted result.
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Figure 3.1: Diagram explaining the architecture of PINAWeb.

6. The REST API sends an email to the user with the results dashboard link.
7. The user can see the outcome via the results dashboard.

Front-end web server
The user interacts with PINAWeb through the front-end. This front-end has a layer of css
that uses Bootstrap to improve the user experience (UX) and user interface (UI), and it
uses JavaScript to interact with the REST API through HTTP requests. Its main flow is
then:
1. The front-end sends a GET request to the REST API to know which databases and
aligners are available, and it displays them at the corresponding interface selector.
2. When the user chooses a database, the front-end asks the REST API which PPINs
are available using another GET request, and it displays them at the corresponding
interface selector.
3. Finally, once the user has chosen the database, the aligner(s), and the networks, the
front-end sends a POST request to the REST API with all this information and the
user’s email, and it shows a message to the user explaining that an email will be
sent with the results.
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Dashboard
The outcome from the alignment can be visualized in a dashboard in order to help the
user to compare the different alignments. It is implemented in Python 3.9 using the
dash framework and deployed using Docker (see subsection 1.5.4 in the Preliminaries
chapter). The main flow is:
1. Get the job_id from the path.
2. Request the results data to the REST API.
3. Computes the consensus for each protein.
4. Creates the HTML code to show the consensus and the algorithms results.
5. Returns the HTML.

REST API
The main function of the REST API is to allow the user to create a job that the server will
compute, and it is also in charge of sending the results to the user. It is implemented in
Python 3.9 with all the libraries needed to create an asynchronous API (aiohttp, gunicorn,
UVloop, aiomysql). The REST API has the following routes:
• /database A GET request to ask which databases are available.
• /networks/{database} A GET request to ask which networks are available in the
chosen database.
• /aligner A GET request to ask which aligners are available.
• /create-job A POST request to create a job in Celery (see subsection 1.5.4 in the
Preliminaries chapter) which will be executed in the server.
• /finished-job A POST request to create a task which will send the results of the job
to the user.
The REST API uses REDIS (see subsection 1.5.4 in the Preliminaries chapter) to
avoid computing the same job several times. So, if a user wants to compute an alignment
which has been previously computed, the REST API simply sends the results to the user.
Also, if a job has been previously created but still not finished, the REST API adds the
email of the user to the mailing list without creating a new job, so that once the alignment
is computed, all users who have requested this alignment will receive the results.

Server
The server is in charge of the computation of the alignments. It is implemented using
essentially the same technologies as the REST API and works as follows:
1. A Celery worker is listening to a RabbitMQ (see subsection 1.5.4 in the Preliminaries chapter) queue waiting for a new job.
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2. When a new job is created, the server gets all the parameters needed to compute
the alignment from the job.
3. The server gets all the data needed to compute the alignment.
4. The server creates a system task to compute the alignment. In this way, is not
needed to implement all aligners since we can use the binaries available. Given
that all the architecture is implemented under Docker, if in the future we need any
special system requirements to execute an aligner, we can easily add them to our
system.
5. Once the alignment is computed, this is stored in the Mongo database (see subsection 1.5.4 in the Preliminaries chapter) and a POST request is sent to the REST
API.

3.2

Results

In this section, we present the tool PINAWeb and present the results of several tests to
discuss the tool’s usability. In order to explain how to use PINAWeb as well as the tool’s
functionalities, we display here a query and its output as a running example. The query
is to obtain the alignment for every aligner (AligNet, HubAlign, LGRAAL, PINALOG
and SPINAL, see the subsection 1.4.4 in the Preliminaries chapter) of two PPINs. As
the input network, we considered a set of proteins from the Saccaromises scerevisiae
and created a network. As the output network, we selected the Homo sapiens network
from the STRING database, and we considered as edges the Experimental score with a
threshold value of 800. PINAWeb computes the alignment of the input network to the
output network for every selected aligner. When the computations are finished, the user
receives an email with a link to retrieve and analyze the obtained results. The link to the
tool’s webpage is https://biocom.uib.es/pinaweb/.

PINAWeb query webpage
Figure 3.2 shows PINAWeb’s query webpage whith the running example introduced as a
query. The query webpage consists of different boxes where the user selects the aligners
and introduce the input and the output networks, as well as the email address where the
results are sent. The information and usability of every box are explained below.
Database: PINAWeb retrieves from the STRING database (see the subsection 1.4.5
in the Preliminaries chapter) the networks’ information as well as all the information
needed to compute the requested alignments. Namely, the sequence similarity of every
pair of proteins and the GO terms of every annotated protein. Therefore, the STRING
database must be selected in this box (see Figure 3.3).
Aligner: The available aligners are AligNet, HubAlign, L-GRAAL, PINALOG and
SPINAL. The user can select all, only one, or several of them. The selected aligners are
then displayed in the toolbox (see Figure 3.4).
E-mail: The user has to provide an E-mail address where the tool sends the links to
the results of every query.
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Figure 3.2: PINAWeb’s query example.

Figure 3.3: PINAWeb’s database selection.

Figure 3.4: PINAWeb’s aligners selection.
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Figure 3.5: PINAWeb’s species selection.

Input network: In this box, the input network of the query must be introduced or
selected. In our running example, it is a personalized network. To enter a personalized
network, click the button Custom. Then, it appears the option to upload a network from
the user’s computer. In the information button on the right within this box, it is explained
the accepted format of the network to upload, as well as two examples of custom networks.
Output network: In this box, the output network of the query must be introduced
or selected. In our running example, it is the Homo sapiens PPIN from the STRING
database. To enter the network, the user must select the button Predefined and then look
for the species name. To facilitate this search, the user can write the first letters of the
species name to reduce the searching dataset (see Figure 3.5). Next, in the Edge selection
button, the user can choose all the edge types (score types) from the STRING database.
For every selected edge type, a threshold must be introduced, and only the edges type
whose weight is above the selected threshold in the STRING database will be included
in the network Figure 3.6.
Submit: Once the user submit the job clicking on the submit button, a message is
show to inform the job identifier (see Figure 3.7).

PINAWeb output-results
Once the requested alignments have been completed, PINAWeb sends an email to the address introduced in the query webpage with the job identifier. In this email, the user will
find a link to a webpage with the results. On top of this PINAWeb Results webpage, the
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Figure 3.6: PINAWeb’s scores selection.

Figure 3.7: PINAWeb’s job submitted.
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Figure 3.8: Aligners finished.

Figure 3.9: Custom network in results web.

information is split in two menus. In the Alignments info menu, all the single information
of the requested alignments is provided (see Figure 3.13). Namely, the information is
classified in the following sections:
• Aligners: This table shows the aligner(s) for each alignment (see Figure 3.8). In
the second column, there is a link to the alignment results in a tsv file format.
In the third column, the run time in seconds is displayed for each aligner. In the
last column, there is a link to a json file with all supplementary data of every
alignment process. The json file also contains the unaligned nodes and edges, the
non-preserved nodes and edges and the annotated proteins. In the last row of the
table, when more than one aligner was selected, PINAWeb provides a tsv file that
merges the result of all requested alignments. Also, the corresponding json with
all supplementary information is provided.
• Input Network/Output Network: The input and output networks requested by
the user are shown in these two tables, as well as their numbers of nodes and
edges. In case that the network is a custom network then the species is identified
as Custom, Figure 3.9, on the other hand, if the network is a predefined network
then the species and the scores are displayed (see Figure 3.10).
• Alignment(s) quality measures: PINAWeb summarizes the quality measures through
a barplot diagram. The measures are: the edge correctness ratio (see Figure 3.11),
that quantifies the amount of structure preserved by every alignment, and the two
functional coherence values (see Figure 3.12), using the Jaccard score and the
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Figure 3.10: Predefined network in results web.

Figure 3.11: EC scores.

Figure 3.12: FC scores.

HRSS score which assess the functional similarity of the aligned proteins by comparing their Gene Ontology annotation (see subsection 1.4.3 in the Preliminaries
chapter).
When more than one aligner is selected, in the comparison menu, PINAWeb provides
a heatmap to visualize the comparison of the alignments’ results (see Figure 3.14). More
precisely, every selected aligner is displayed on the left in the heatmap and all proteins
from the input network are listed as columns. The user can select the number of proteins
(columns) to visualize in the heatmap. The color corresponding to unaligned proteins
is gray. The agreement level between the aligned proteins is represented through a color
palette that ranges from light green to dark green. Dark green indicates a total agreement,
meaning that all aligners have matched the protein to the same protein in the output
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Figure 3.13: This figure displays the alignments’ information provided by PINAWeb.
The quality measures of every alignment are presented in a barplot.

Figure 3.14: This figure shows the heatmap provided to compare the aligners results. The
table displayed below the heatmap shows the matchings information.

network. Light green color means that all aligners matched the corresponding protein
to a different one in the output network. Thus, a vertical column in dark green shows a
consensus among all aligners. In addition, when pointing the cursor in the columns on the
heatmap (see Figure 3.15) a window with the following information is shown: Origin:
The protein name in the input network, Target: The protein name in the output network
where the origin protein has been assigned by the aligner also displayed in the window.

Experiments
We report here the experiments designed in order to show the tools’ usability. As a first
experiment, we considered the PPINs of the organisms used in [16] which consists of
the PPINs of M. musculus (mus), C. elegans (cel), D. melanogaster (dme), S. cerevisiae
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Figure 3.15: Heatmap detail.

(sce), and H. sapiens (hsa). The PPINs were selected from the STRING database with
an experimental score of 800 as edge selection. In Table 3.1 we provide the networks’
information regarding their number of nodes and edges.
C. elegans
M. musculus
D. melanogaster
H. sapiens
S. cerevisiae

Nodes
509
751
1,224
1,824
2,775

Edges
1,149
1,443
1,933
4,358
13,269

Table 3.1: Number of nodes and edges of the PPINs considered as input data in our first
experiment.
We requested the alignments for every pair of PPINs and each aligner. Thus, we
ended up with 50 alignments. As a result, PINAWeb performed all alignments and provided all the alignments’ information. We show the running time of every computation
and each aligner in Table 3.2 below.
cel-mus
cel-dme
cel-hsa
cel-sce
mus-dme
mus-hsa
mus-sce
dme-hsa
dme-sce
hsa-sce

AligNet
33
32
81
65
54
171
92
127
108
230

HubAlign
0
0
1
1
1
2
2
6
6
25

L-GRAAL
122
318
684
1357
531
964
2606
2195
3602
3604

PINALOG
8
9
27
404
10
27
446
37
446
519

SPINAL
10
10
18
77
4
13
59
20
35
106

Table 3.2: Time in seconds of every alignment computation.
As we can observe there, HubAlign is the fastest aligner followed by SPINAL, while
L-GRAAL is the slowest. AligNet performed each computation in less than 4 minutes
and PINALOG was faster than AligNet in most computations except those with S. cerevisiae, probably due to its large number of edges. Nevertheless, in one hour PINAWeb
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Figure 3.16: Hierarchical clustering of the consensus alignment score in the first experiment.

reported all the requested alignments, which reinforces the correct election of the aligners.
Regarding the alignments themselves, the highest quality measures were obtained
in the alignment of M. musculus and H. sapiens. This may reveal that, as expected,
when the networks to be aligned are similar (closer species), the aligners perform better.
Indeed, Figure 3.16 shows the hierarchical clustering considering the euclidean distance
and complete linkage of the consensus alignment scores. We can observe that the cluster
of M. musculus and H. sapiens is clearly separated from the other species.
As a second experiment, in order to evaluate the consensus information provided by
PINAWeb, we designed the following test: we considered the same PPIN of H. sapiens
as in the previous test and we randomly deleted some nodes and edges. Thus, we synthetically created two PPINs as subnetworks of the H. sapiens PPIN such that they have
50 and 55 proteins respectively, and they share 37 of them. The networks have 42 and
48 edges, respectively. Then, we requested the alignment of this pair of subnetworks
for every alginer. As a result, we obtained that, except PINALOG, all aligners properly
matched the shared proteins. That is, all aligners mapped every protein present in both
networks to itself. The consensus alignment in this case was 0.8. Also, the edge correctness ratio and the Jaccard functional coherence value were above 0.8. Therefore, we
conclude that the aligners obtained a considerable agreement in this test.
In the table below we provide the links to all the alignments and comparison results
obtained in the experiments reported here.
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cel-mus
cel-dme
cel-hsa
cel-sce
mus-dme
mus-hsa
mus-sce
dme-hsa
dme-sce
hsa-sce
Test 2

https://biocom.uib.es/util-aligner-results/6255773fbc99b51f8459b22c
https://biocom.uib.es/util-aligner-results/62557873bc99b51f8459b243
https://biocom.uib.es/util-aligner-results/62557a47bc99b51f8459b25a
https://biocom.uib.es/util-aligner-results/62557dcdbc99b51f8459b271
https://biocom.uib.es/util-aligner-results/625589babc99b51f8459b2cd
https://biocom.uib.es/util-aligner-results/62558339bc99b51f8459b288
https://biocom.uib.es/util-aligner-results/625584f1bc99b51f8459b29f
https://biocom.uib.es/util-aligner-results/6255894cbc99b51f8459b2b6
https://biocom.uib.es/util-aligner-results/62559268bc99b51f8459b2fb
https://biocom.uib.es/util-aligner-results/62558b0ebc99b51f8459b2e4
https://biocom.uib.es/util-aligner-results/6256e011bc99b51f8459b341

Table 3.3: Link to the results obtained in the tests.
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Prots2Net: a PPIN predictor of a
proteome or a metaproteome sample
In this chapter, we present Prots2Net, a tool to predict a PPIN from a metaproteome or
a proteome sample. Given a set of protein sequences, Prots2Net predicts its PPIN (see
the subsection 1.4.2 in the Preliminaries chapter.) by considering only the sequence similarity between the input proteins and the proteins in a selected PPINs from the STRING
database (see the subsection 1.4.5 in the Preliminaries chapter).

4.1

The structure of Prots2Net

The workflow of Prots2Net consists of the following steps detailed below, as shown in
Figure 4.1:
1. Input data.
2. Network prediction.
3. Visualize data.
In the first step of Prots2Net, the user inserts the proteins sequences whose PPIN is
required. In the second step, Prots2Net predicts the requested PPIN. And finally, the user
can visualize and analyze the network in the third step. Besides this workflow, the code
is organized in 2 main components: A GUI (see subsection 1.5.2 in the Preliminaries
chapter), where the user interacts, and a backend server, where all the computations are
performed.
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Figure 4.1: Diagram explaining the workflow of Prots2Net.
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4.1.1

Graphical User Interface (GUI)

This GUI (see Figure 4.2) is implemented in Python and use tkinter (see subsection 1.5.3
in the Preliminaries chapter) libraries to allow the users to interact with the application.
This interface has 4 different tabs:
1. A tab to insert the proteins sequences.
2. A tab to visualize the predicted network.
3. A tab to obtain the list of nodes (proteins).
4. A tab to obtain the list of edges (interactions).

Figure 4.2: GUI of Prots2Net.

Insert data tab
In this tab, the protein sequences are inserted to predict their PPIN. This tab is composed
by the following boxes:
• A button to select a file with the input data.
• Three text boxes to introduce the species identifiers.
• A button to compute the network.
The user must click the Upload sequences button (see Figure 4.3) to select a file
with the protein sequences in FASTA format (see subsection 1.4.1 in the Preliminaries
chapter), using a file selector (see Figure 4.4).
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Figure 4.3: Upload sequences button.

Figure 4.4: File selector.

Once the user has uploaded the protein sequences, an identifier for the main species
must be introduced (see Figure 4.5). Next, the user must select 2 similar species as shown
in Figure 4.6 and finally click the C OMPUTE N ETWORK button to compute the PPIN (see
Figure 4.7).

Figure 4.5: Main species text box.
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Figure 4.6: Similar species text box.

Figure 4.7: Compute network button.

Visualize network tab
The user can visualize the predicted network by clicking on the Plot graph button (Figure 4.8) and selecting the predicted network file. The image file is stored in the relative
path data/graphs. This visualization is useful when the network is not so huge, as one
can see in Figure 4.9 and Figure 4.10.

Figure 4.8: Plot Graph button.
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Figure 4.9: Small network visualization in Prots2Net app.

Figure 4.10: Huge network visualization in Prots2Net app.

68

4.1. T HE STRUCTURE OF P ROTS 2N ET
Node and edge info tabs
The list of nodes and edges of the predicted network are shown in the following tabs (see
Figure 4.11 and Figure 4.12).

Figure 4.11: List of nodes.

Figure 4.12: List of edges.

4.1.2

Server

The backend server carries on all the computations needed to obtain the PPIs predictions.
The workflow of the entire job is as follows: first compute a training model from the two
selected species. Then, read the proteins sequences in the input file. And finally, predict
the output PPIN using the computed training model.
The overall idea behind this model and its novelty is that, two proteins interact if
their orthologous proteins, in another species whose PPIN is known, interact. Thus, to
train the model, the user must select two species from the STRING database. Next,
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the PPIs information from the first species is transferred to the second species, through
orthologous proteins, to predict the interactions. Finally, the PPIs information from the
second species is used as the true output during training. We explain below the details of
the whole process.
Training model dataset
The training model is constructed using the library sklearn (see subsection 1.5.3 in the
Preliminaries chapter) as follows: let s1 and s2 be the two species from the STRING
database, and let P1 and P2 be the corresponding set of proteins of s1 and s2 , respectively.
For every pair of proteins, p21 and p22 in P2 , Prots2Net takes into account the following
information as input to build the training dataset:
• The bitscore b1 of the sequence alignment between the protein p21 and its most
similar protein p11 in P1 .
• The bitscore b2 of the sequence alignment between the protein p22 and its most
similar protein p12 in P1 .
• The combined interaction score in s1 between p11 and p12 when they interact. If
there is no interaction between p11 and p12 , it is set to 0.
The true output during training, is 1 i.e., p21 and p22 are considered to interact, if the
combined interaction score in s2 between p21 and p22 is greater than 999. Otherwise, the
output is 0 and it is considered that p21 and p22 do not interact.
Neural Network Model
The neural network model used in this tool is an MLP (multilayer perceptron neural
network) with 2 hidden layers (see subsection 1.2.2 in the Preliminaries chapter). As
we can see in Figure 4.13, the input layer has 3 input values which are the values of b1
and b2 defined in the training dataset, but considering in this step the pair of proteins
p21 and p22 from the user’s input set, and the combined interaction score in s1 when p11
and p12 interact, or 0 otherwise. The output layer has only one value, since we are only
considering one class, that indicates if p21 and p22 interact. As a set of default parameters,
we considered those listed below, though all of them can be easily changed in the code:
• the activation function used is ReLU .
• the loss function is binary cross-entropy.
• the cost function is the binary cross-entropy cost.
• the optimization algorithm used is ADAM .
• the regularization method is the L2 penalty, and it is set to 10−6 .
• the tolerance is set to 10−8 , that is, the minimal improvement between steps to
continue the training.
• the maximum number of iterations is 30000.
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Figure 4.13: Neural network architecture.

We refer to section 1.2 in the Preliminaries chapter for a brief description of each
parameter.
Reused data
Generated data for every process is stored in the server under the data directory considering the species identifiers. Thus, the following relative paths are created:
• sequences, a folder that contains all the sequences files.
• blast, a folder that contains the results of the blast computations. As an example, if
the user’s main species identifier is main-species and species1 and species2 are the
selected two similar species. Then, the stored files are blast/result_species1_species2.csv
and blast/result_main-species_species2.csv.
• edges, a folder that contains the edge list of every network used in the training step.
Notice that these files are the list of edges downloaded from the STRING database
under the edge score threshold.
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• nets, a folder that contains all predicted networks. For instance, in the previous
example, the stored file is nets/Net_main-species_species2.csv.
• graphs, a folder that contains the images to visualize all predicted networks. Following the previous example, the stored is
data/graphs/Net_main-species_species2.png.
• models, a folder that contains the trained models. Following the previous example,
the stored file is models/Model_species1_species2.pickle.
Since all stored files have their names referred to the species identifiers, all generated
models are reused when the selected species have been already considered. Hence, we
recommend the user to take this into account when choosing the identifiers names.

4.2

Prots2Net evaluation

In order to evaluate Prots2Net, and compare our tool with other existing tools, we performed three tests to predict the PPIs in species from different kingdoms. The species
that we considered are the following:
1. to predict the PPIs in the Rhodothermus profundi (NCBI 633813), we selected
Rhodothermus marinus (NCBI 518766) and Salinibacter ruber (NCBI 309807) as
similar species.
2. to predict the PPIs in Saccharomyces cerevisiae (NCBI 4932), we selected Millerozyma
farinosa (NCBI 4920) and Naumovozyma dairenensis (NCBI 27289) as similar
species.
3. to predict the PPIs in Homo sapiens (NCBI 9606), we selected Pan paniscus (NCBI
9597) and Gorilla gorilla (NCBI 9593) as similar species.
Notice that, in every test we selected, as similar species, two species that are taxonomically close to the species whose PPIs are predicted. More precisely, in the first test,
we consider as similar species another two bacteroidetes. In the second test, we selected
as similar species another two fungi and, in the third test, we considered another two
hominidae.
As explained in the previous section, we considered as parameters, a multilayer perceptron classifier (MLP) model with two hidden layers with 5 and 2 nodes respectively
and the configuration explained there (see Neural Network Model subsection). Then, for
every test, we applied Prots2Net to the input protein sequences considering the mentioned
similar species.

4.2.1

Evaluation measures

To validate the proposed model, we considered the following error measures defined in
the Preliminaries section (1.3): accuracy, precision, MCC, sensitivity, specificity, fall
out, F1 score. Where now T N is the number of true negatives, i.e., the non-interacting
proteins that are predicted correctly; T P is the amount of true positives, i.e., the interacting proteins that are predicted correctly; F N is the number of false negatives, i.e.,
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the interacting proteins that are predicted to be non-interacting; and F P is the amount
of false positives, i.e., the non-interacting proteins that are predicted to interact. Additionally, the receiver operating characteristic (ROC) curves and the area under the ROC
curve (AUC) were also calculated to further evaluate the discriminatory accuracy of the
proposed model. In order to obtain a highly reliable dataset as true PPINs, we considered
the corresponding PPINs from the STRING database with a combined interaction score
threshold of 999. That is, there is a true interaction between two proteins when their
combined interaction score is equal or greater to 999.

4.2.2

Test 1. Rhodothermus profundi predictions

To predict the interactions of Rhodothermus profundi, we considered as similar species
to train the model, Rhodothermus marinus and Salinibacter ruber. Prots2Net obtained the
results displayed in Figure 4.14. We can observe that, the precision and accuracy values
are very high, almost 1, and the Fall out values are nearly 0. This is a consequence of
the fact that the number of false positives is almost 0, as we can observe in Figure 4.15.
Indeed, we can observe in the confusion matrix that there is only 1 false positive, when
the threshold is 0.5, i.e., there is only one interaction that Prots2Net predicts, and it is
wrong. Notice that, even with this high precision, there is no loss of accuracy, which is
higher than 0.91. Figure 4.16 also shows this excellent performance. We can observe the
ROC curve with a high AU C value of 0.9261.

Figure 4.14: Error measures for Rhodothermus profundi.
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Figure 4.15: Confusion matrix for Rhodothermus profundi with a threshold of 0.5.

Figure 4.16: ROC for Rhodothermus profundi.

4.2.3

Test 2. Saccharomyces cerevisiae predictions

To predict the interactions of Saccharomyces cerevisiae, we considered as similar species
to train the model, Millerozyma farinosa and Naumovozyma dairenensis. Prots2Net obtained the results displayed in Figure 4.17. We can observe that in this test, Prots2Net
performed even better than in the previous test. Indeed, all the positive metrics (accuracy, precision, sensitivity, specificity, MCC) reached values higher than 0.9, except in
the extreme values of the threshold. Such a good behavior is also reflected in Figure 4.18
where we show the confusion matrix obtained with a threshold of 0.5. We can see that
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only 6 interactions were wrongly predicted by Prots2Net. Finally, we observe again the
good performance of Prots2Net in Figure 4.19 where we show the ROC curve with a
AU C value of 0.9811.

Figure 4.17: Metrics for Saccharomyces cerevisiae.

Figure 4.18: Confusion matrix for Saccharomyces cerevisiae with a threshold of 0.5.
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Method
Prots2Net
DeepPPI [18]
RF + LPQ [97]
Bio2Vec [96]
MCD + SVM [102]
LCPSSMMF [6]
3-mers [96]
ACC [32]
LD [104]
AC [32]
PCA-EELM [103]
LD+KNN [101]
OLPP+RF [53]

Acc
97.18
94.43
93.92
93.30
91.36
90.48
90.26
89.33
88.56
87.36
87.00
86.15
90.07

Sen
94.41
92.06
91.10
92.70
90.67
90.26
88.14
89.93
87.37
87.30
86.15
81.03
89.83

Pre
99.96
96.65
96.45
93.55
91.94
90.58
91.65
88.87
89.5
87.82
87.59
90.24
90.24

MCC
94.52
88.97
88.56
87.49
84.21
82.84
82.38
N/A
77.15
N/A
77.36
N/A
82.10

Table 4.1: Performance comparisons of 14 methods on the Yeast dataset

Figure 4.19: ROC for Saccharomyces cerevisiae.

In order to contextualize the performance of Prots2Net in this test, in Table 4.1 we
present the results of Prots2Net and other 13 methods introduced in 1.4.6. The evaluation
measures of the other methods were obtained from [53]. We observe that Prots2Net has
the best error measures. Hence, Prots2Net outperform all the other methods.

4.2.4

Test 3. Homo sapiens predictions

To predict the interactions of Homo sapiens, we considered as similar species to train
the model, Pan paniscus and Gorilla gorilla. The performance of Prots2Net in this test
is extraordinary, as we can observe in Figure 4.20. All the positive metrics are almost 1,
except for the extreme values of the threshold. As remarkable, we can see in Figure 4.21,
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that with a threshold value of 0.5, Prots2Net miss 214 interaction but all interaction are
correctly predicted, i.e., there are no false positives. All these results are resumed in
Figure 4.22 where the ROC curve is displayed with AU C value 0.9984.

Figure 4.20: Metrics for Homo sapiens.

Figure 4.21: Confusion matrix for Homo sapiens with a threshold of 0.5.
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Method
Prots2Net
DeepPPI [18]
MMI + NMBAC [17]
LDA + RF [74]
DCT + SMR + WSRC [39]
MMI [17]
LDA + RoF [74]
NMBAC [17]
AC + RF [74]
AC + RoF [74]
LDA + SVM [74]
AC + SVM [74]
PseAAC + RF [74]
PseAAC + RoF [74]
PseAAC + SVM [74]
OLPP+RF [53]

Acc
98.97
98.14
97.57
96.4
96.30
96.08
95.7
95.59
95.5
95.1
90.7
89.3
95.6
95.3
91.2
96.09

Sen
97.94
96.95
96.57
94.2
92.63
95.05
97.6
94.06
94.0
93.3
89.7
94.0
94.1
93.6
89.9
95.20

Pre
100
99.13
98.30
N/A
99.59
96.97
N/A
96.94
N/A
N/A
N/A
N/A
N/A
N/A
N/A
96.56

MCC
97.96
96.29
95.13
92.8
92.82
92.17
91.8
91.21
91.4
91.0
81.3
79.2
91.2
90.7
92.0
92.47

Table 4.2: Performance comparisons of 16 methods on the Human dataset.

Figure 4.22: ROC for Homo sapiens.

As in the Yeast database, in order to compare the results obtained by Prots2Net with
those obtained by other currently known methods, in Table 4.2 we present their evaluation
measures. The evaluation measures of the other methods were obtained from [53]. We
again can observe that Prots2Net obtained the best error measures. Hence, we conclude
that Prots2Net outperform all the other methods.
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4.2.5

Impact of species selection

In order to test whether the selection of the two similar species affects the prediction
results, we again considered predicting the PPIs in Homo sapiens but, with different pairs
of similar species to train the model. Thus, we selected the following pairs of species:
1. Pan paniscus and Gorilla gorilla.
2. Arabidopsis thaliana and Arabidopsis lyrata.
3. Millerozyma farinosa and Saccharomyces cereviciae
4. Salinibacter ruber and Rhodothermus marinus.
5. Archaeglobus fulgidus and Methanopyrus kandlery AV19.
Notice that, we considered pairs of species at different taxonomy distance with Homo
sapiens. As a first pair we consider two primates, as a second one two plants, followed by
two fungi and then two bacteria and two archaea. As one would expect, the best results
were obtained with the two primates, followed by the two plants and the two fungi. The
worst results were obtained with the two bacteria and archaea. Figure 4.23 shows the
error measures obtained in every test when considering different pairs of similar species.
We can observe there that, indeed, the best results were in the selection of two primates. We obtained a Specificity and Precision values of 1 in every pair of similar species.
P
Recall that the Specificity is defined by TNN and the Precision is defined by T PT+F
P . Also,
we trained the model considering that two proteins interact when their combined interaction score in the STRING database is greater than 999. Hence, this high threshold ensures
that the probability to truly interact when the model predicts an interaction is very high.
Or, equivalently, there are very few false positives. On the other side, the other error
measures clearly show that the model performed better with those pairs of PPINs that
are taxonomically close to Homo sapiens. Hence, we conclude that the results improve
when the selected species are taxonomically close to the species whose interactions are
requested.
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Figure 4.23: Metrics comparison to study species selection.
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CHAPTER

5

Conclusion and further work
In this thesis, we have designed and developed new tools for protein-protein interaction
networks (PPINs) analysis and prediction. Namely, we have developed a new aligner
of PPINs, AligNet, a user-friendly web-based tool to obtain and compare the results
produced by different aligners, PINAWeb, and a PPIs predictor, Prots2Net, based only on
the protein sequences and two PPINs.
More precisely, AligNet is a new method and software tool for the pairwise global
alignment of PPINs aimed to produce biologically meaningful alignments by achieving
a good balance between structural matching and protein function conservation. AligNet
is a parameter-free algorithm that, given two PPINs, produces a consistent alignment
from the smaller network, in terms of number of nodes, to the larger network. Its implementation in R is freely available from http://bioinfo.uib.es/~recerca/
AligNet/.
In order to assess the correctness of AligNet, we have evaluated the quality of the
alignments obtained with it and with the 4 best aligners established in [16, 63], namely:
PINALOG, SPINAL, HubAlign, and L-GRAAL. As a result of the comparison between
the aligners, we came across again, as it was the case in [16, 63], that the agreement of
the alignments obtained with different aligners is very low. Most global aligners achieved
a high node coverage, meaning that the average number of assigned nodes in the source
network is high, but all of them obtained a very low biological coherence value. With respect to the topological coherence value, some aligners were able to obtain a high score,
but it was associated with a low biological coherence score. Overall, we can conclude
that AligNet is the aligner that obtained a better balance between topological coherence
(it preserves 60% of the edges) and functional coherence (relative function coherence values between 20% and 40% and the highest complex functional coherence score, 25.34),
followed by PINALOG, which obtained similar functional coherence scores than AligNet
and a bit lower topological coherence scores, but the lowest proficiency value. HubAlign
and L-GRAAL obtained high topological coherence scores, but very low CFC values. On
the other hand, SPINAL surprisingly obtained a very low topological coherence value.
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Thus, if the purpose of the alignment is to correctly align in the biological function sense,
our aligner of choice would be AligNet since it is the most precise. However, if the purpose of the alignment is to find some topological similarity, then we would propose to
use HubAlign.
Besides AligNet, we have developed PINAWeb, a user-friendly web-based tool aimed
at facilitating the obtention of alignments produced by the aligners AligNet, HubAlign,
L-GRAAL, PINALOG and SPINAL by avoiding the tiresome work of data processing, and the separate installation of the relevant programs and computations required for
each aligner. Alignments are performed either on networks retrieved from the STRING
database or from the user’s own data. In addition, PINAWeb provides a heatmap to visually compare the performance among aligners, and a table with the results of the matches
as well as a consensus score. Moreover, the output includes a json file with information
about the networks of interest (nodes and edges) as well as the GO terms of the proteins
of interest, the unaligned nodes and edges, the non-preserved nodes and edges, and the
annotated proteins.
Two tests were carried out to evaluate the usability of the tool. For the first test, five
networks were selected and “all against all" pairwise network alignments were performed
using each aligner, giving a total of 50 alignments. The tool was able to produce all the
requested alignments in an average time of 5 minutes. The comparison of the results
revealed that all the aligners assessed showed a high degree of agreement when used to
align similar networks. To reinforce this conclusion, a second alignment test for a pair of
subnetworks from H. Sapiens was performed, resulting in a very high degree of agreement between the aligners. These results show that PINAWeb could greatly facilitate the
processes involved with the use of aligner software, and we encourage researchers to use
this tool to ensure optimum performance when analyzing their experimental data.
Finally, Prots2Net is a multilayer perceptron neural network designed to predict the
PPIs of an input set of proteins. The model takes into account sequence information only
plus the PPI information available in the STRING database. The training data consists
of two selected PPINs from the STRING database, which avoids the lack of a priori
information needed to train the model. The tests performed and reported in Chapter 4 to
evaluate this tool, show that Prots2Net obtains very good results in the six error measures
considered here. Furthermore, in the test presented here to evaluate the impact of the
species selection, we conclude that the results improve when the selected species are
taxonomically close to the species whose interactions are requested.
Regarding the comparison of Prots2Net with other existing methods, Prots2Net outperform the other existing methods, in the Yeast and Human datasets, since it obtains
the highest values of accuracy, sensitivity, precision, and Mathews correlation coefficient
(MCC). This is probably due to the PPI data considered in the training model. Therefore,
Prots2Net is a user-friendly and efficient tool to correctly predict PPIs from a metaproteome or a proteome sample.
To finish the conclusions, we want to point out the interest in the particular case of
PPIs, where the interactions are between a viral protein and a protein from its host. This
particular case of PPINs are called virus-host PPINs and have been proved to be successful, for instance, in the present outbreak of a coronavirus-associated acute respiratory
disease, the COVID-19 pandemic, which forced the scientific community to rapidly analyze the virus-host relationships of the new coronavirus (SARS-CoV-2) human infection
[78, 30]. The modus operandi of every viral infection is through the interaction between
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viral proteins and host proteins, in order to use the host cells to replicate. In this line
of research, virus-host protein-protein interaction networks, have become appropriate to
analyze virus-host relationships, and information on well-known and studied virus-host
protein-protein interaction networks can be carried over to new ones by way of proteinprotein interaction network comparison and alignment. Therefore, as a further work of
this thesis, we plan to revise our PPINs aligner AligNet to be of use for virus-host proteinprotein interaction networks. And, we also consider to adapt Prots2Net to the particular
case of virus-host protein-protein interactions.
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