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Abstract

Biological mechanisms stem from complex intracellular interactions spanning across
different levels of regulation. Mapping these interactions is fundamental for the
understanding of all types of biological conditions, including complex diseases. Each
experimental approach carries its own bias and noise. Combining heterogeneous data
sources reduces noise and gives a broader sense of the interactions between genes
known as functional association, where both direct and indirect interactions are
captured.

FunCoup is one of the most comprehensive functional association databases,
providing networks for 22 organisms in all domains of life. FunCoup uses a naïve
Bayesian integration approach to combine 11 different data types and increases the
coverage by transferring associations between species via orthologs. Additional insights
into the mechanisms of a gene network are provided through tissue specificity filtering
and directed regulatory links.

Even though FunCoup provides a comprehensive map of the intracellular
machinery, gaining insights into conditions such as diseases requires a functional level
analysis rather than a gene level analysis. Thus, studying genes that are involved in a
condition from a functional perspective requires the usage of pathway enrichment
analysis. Several approaches exist, from basic gene overlap to more elaborate analyses
that use functional association networks. ANUBIX is a novel network-based analysis
(NBA) method that overcomes the high false positive rate issue that previous
state-of-the-art NBA approaches have. Additionally, even with accurate methods, a
commonly ignored problem is that gene sets derived from experiments are often noisy
or contain multiple mechanisms, mixing different pathways which weakens their
association to the condition under study. To increase the sensitivity of pathway analysis,
we developed a pipeline to cluster gene sets into more homogeneous parts with the aim
of unraveling all the mechanisms activated in the studied condition. To facilitate the
usage of these tools, we built a web server called PathBIX, a user-friendly platform that
allows interactive analysis of all species in FunCoup against multiple pathway
databases.
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1. Introduction

It is in human nature to seek knowledge, to solve puzzles, to give an explanation to
what happens around us. Perception of reality is susceptible to personal or sociocultural
biases, including how diseases were treated. Prehistoric times were linked to the
spiritual world, where diseases were treated by a Shaman through rituals, spells, and
herbalism. Different civilizations such as Mesopotamian, Chinese, Indian, Egyptian, or
Greek brought their own approaches towards biological conditions but all contained the
concepts of medical diagnosis and prognosis. Human critical thinking questioned the
medical procedures at that time, allowing us to improve towards a more accurate vision
of biological processes. Nowadays knowledge is acquired through the scientific method,
a methodology that has shaped science since at least the 17th century. Continuous
technological advances have been a huge impulse in medicine evolution, allowing us to
decipher the so-called “code of life”, also known as the genome. From the first human
genome sequenced in 2003, a colossal amount of data has been generated with
different High-Throughput (HT) techniques with the aim of understanding biological
conditions such as diseases.

Humans are complex beings and so are their cells and the interactions on them.
Many biological conditions are consequences of multiple mutated genes, involving a
mixture of molecular interactions. Therefore, a comprehensive map of intracellular
interactions is crucial to unravel the complexity behind those conditions. This is
achieved with a framework that combines data from different HT experimental
techniques into a network. This is not only beneficial for a more comprehensive
interpretation of the intracellular interactions but also crucial to reduce the inherited bias
and noise that each of these experimental approaches carry (Whitley, Horne, and Kolls
2016; Lees et al. 2011; Yu et al. 2008). The idea behind these networks is to infer
functional associations between genes. Functional association is a general form of
association that covers not only direct physical interactions but also regulatory
interactions and more abstract interactions such as participation in the same process,
pathway, or cellular component. A network link between two genes, thus implies that
these genes share some functionality. The first part of the thesis focuses on network
properties, the theory, and data sources behind the functional association network,
FunCoup. FunCoup provides a comprehensive framework for functional associations by
integrating multiple evidence sources through a naïve Bayesian approach and also by
using orthology transfer information. FunCoup 5 (paper I) includes 22 species from all
domains of life, including the human-SARS-CoV-2 interactome.

Biological conditions often do not affect individual genes but a conglomerate of
genes with specific and known biological functions, i.e. pathways. Hence, more insights
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can be obtained by studying gene sets from a functional perspective. The second part
of the thesis focuses on different methods that perform the so-called pathway
enrichment analysis. From the most basic and most used approach, which relies on
overlap between the genes of interest and pathways, to more sophisticated approaches
that rely on functional association networks such as FunCoup. NBA approaches have
shown an increase in sensitivity compared to overlap-based approaches (Ogris et al.
2017). However, they suffer from high false positives when testing random gene sets
(paper II). This drawback is the consequence of considering pathways as random gene
sets. A more accurate approach can be obtained by keeping the pathway properties
intact and instead focusing on the query gene set (paper II). An additional challenge,
that is generally ignored by state-of-the-art methods, is that biological conditions are
often multifactorial, thus the gene lists derived from experiments represent multiple
pathways. Gene set complexity may reduce insights into each individual pathway.
Therefore, an approach to make the genesets more homogeneous by applying network
clustering (paper III) before doing the pathway enrichment analysis, aiming to boost
sensitivity. A frequent issue is that many of the algorithms generated are not easy to use
because they require some programming knowledge or because their implementation is
too convoluted. Disencouraging users from using those tools. A key priority in
bioinformatics should be to make the algorithms as accessible and user friendly as
possible, for instance through a web server (paper IV).
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2. Networks

2.1 From reductionism to networks

Traditionally, science has taken a reductionist approach where biological systems were
separated into their smaller constituents and analyzed in isolation, e.g. studying specific
genes and proteins in order to understand their function. Despite the progress made
with this approach, complex biological systems cannot be understood by only studying
their smallest components, since these complex functions do not rely solely on the
components. Most of the functions in the cell involve multiple constituents, such as
DNA, RNA, proteins, or metabolites. To gain a true understanding of the complex
mechanisms within a cell a holistic approach, e.g. using networks, is crucial. Networks
provide an understanding of the interactions between multiple constituents on a global
scale. Interestingly, the architecture of these biological systems within a cell are shared
with other types of systems such as the Internet or social networks. Therefore, the vast
field of network theory may provide more biological insights into the understanding of
the living cells.

Figure 1: Network representation. (a) Directed network, (b) undirected and weighted
network.

2.2 Network definition

Denote a network as with a set of vertices and a set of edges. For𝐺 =  (𝑉, 𝐸) 𝑉 𝐸
directed networks, an edge where represents a directional𝑒 =  (𝑣

𝑖
,  𝑣

𝑗
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𝑗
  ϵ 𝑉 

edge from to , as depicted in Figure 1a. For undirected networks the representation𝑣
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of an edge is the same but without directionality such as (Figure 1b). (𝑣
𝑖
,  𝑣
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The network connectivity can be represented as an adjacency matrix , where if𝐴 𝐴
𝑖𝑗

=  1

and are connected, else . If the network is undirected the adjacency matrix𝑣
𝑖

𝑣
𝑗

𝐴
𝑖𝑗

=  0

is symmetric. Both, directed and undirected networks can assign weights to each of the
edges (Figure 1b), represented in the adjacency matrix as .𝐴

𝑖𝑗
=  𝑤

𝑖𝑗

This section covers three different approaches for network analysis: node-,
group-, and topology-level.

2.3 Node-level analysis

Characterization of the most important nodes plays an essential role in understanding
networks. Importance of a node is determined through centrality metrics. The centrality
of a node can be measured in many ways (Figure 2), e.g. by the information transfer
across the network or by how crucial it is to keep the cohesiveness of the network.

Degree centrality measures the number of neighbors a node has. The more neighbors
the more central is the node, meaning that it can spread information to a wider part of
the network.

Closeness centrality accounts for shortest paths to all the other nodes in the network.
Thus, the shorter those paths are the more central the node is.

Betweenness centrality is defined as the probability of a node to be in the shortest
path between two other nodes. It measures how crucial a node is to communicate
between different subparts of the network.

Eigenvector centrality weights the importance of a node based on the importance of
the neighbors that node has. For instance, if two nodes have the same number of
neighbors but one of them is linked to nodes with more connections then a higher
centrality is assigned to it.

Cross-clique centrality determines the number of cliques to which a node belongs. A
clique is a subgraph where all the nodes are connected to each other. A node with high
cross-clique connectivity facilitates the spread of information (Faghani and Nguyen
2013).
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Figure 2: Node centrality metrics. Nodes are ordered from top to bottom from the
highest centrality to lowest centrality for each metric.

2.4 Topology-level analysis

Network topology encompases the arrangement of nodes and edges in the network.
This property involves all the network’s constituents and thus provides a more
comprehensive intake of the system under study. This type of information would not be
obtainable if we would study each element separately.

Degree distribution

The degree of a node in a network is the number of edges that it has to other nodes. If
the network is directed the degree is separated into outdegree and indegree, where
outdegree represents the number of edges going out of the node and indegree the
incoming edges. The degree distribution of a network is defined as the probability𝑃(𝑘)
distribution of the different degrees in the network. Assuming there are nodes with𝑛

𝑘

degree and there are nodes in the network, the probability of having that degree in𝑘 𝑛

the network is defined as . Degree distribution provides generic𝑃(𝑘) =
𝑛

𝑘

𝑛
information about the structure of the network. There are different types of networks
with different types of degree distributions.

13



Scale-free network

For decades, graph theory assumed that complex systems such as the Internet or
biological systems were randomly distributed as suggested by Paul Erdós and Alfréd
Rényi (Erdös and Rényi 2011). The degree distribution of such networks follow a
Poisson distribution where the probability of observing a node with degree is defined𝑘

as . As pointed out by Albert Barabasi (Barabási and Oltvai 2004), these𝑃(𝑘) =
λ𝑘

𝑘!
networks are democratized in the sense that all nodes have similar degree, meaning
that it is very improbable to observe a node with a high degree in the network. These
thoughts prevailed in graph theory until Albert Barabasi mapped the World Wide Web. A
random network was expected, however a different topology was found, where almost
all the nodes had very few links while a few nodes had very high degree. This
topological property follows a power law distribution where the probability of observing a

degree is defined as where is known as the degree exponent . This𝑘 𝑃(𝑘) = 𝑘−γ
γ

type of network is called scale-free. The most significant difference between a random
network and a scale-free network is in the high degree regime of the system. In random
networks the highly connected nodes, known as hubs, are very rare. This difference can
be observed in Figure 3.

Small-world property

Besides a higher concentration of hubs in scale-free networks we can also find a
difference in the small-world properties of random and scale-free networks. Small-world
networks are characterized by a slow increase in the average distance between nodes,
which is dependent on the size of the network. For random networks, the average
distance between nodes increases logarithmically with the number of nodes in the
network such as . However, scale-free networks are characterized by a< 𝑑 >= 𝑙𝑛𝑁
faster information flow across the network, due to the hubs. Average distance is
determined by the degree exponent . The smaller this parameter is, the shorter theγ
average distance between nodes in the network. As shown in equation 2.1, different
values for the degree exponent bring different network behaviours in terms of averageγ
distance . This is of crucial importance because biological networks ( )< 𝑑 > 2 < γ < 3
are shown to fall in the ultra-small world regime differing significantly from random
network behaviour.
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(2.1)< 𝑑 >  ∼

Figure 3: Scale-free vs random network. (a) Degree distribution for scale-free
(power-law) in green and random network (Poisson) in red. (b) Network visualization of
a scale-free network. (c) Network visualization of a random network.
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Clustering coefficient

Clustering coefficient (Watts and Strogatz 1998) measures how nodes tend to cluster
together by quantifying the abundance of connected triangles in a network. It is a well
used metric for measuring the small-world properties of a network since they are known
for having a large clustering coefficient and small shortest paths between nodes
(Masuda et al. 2018). The local clustering coefficient of a node is defined as the𝑖
number of triangles connected to node divided the number of triplets centered around𝑖
node (equation 2.2).𝑖

(2.2)𝑐
𝑖
 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒𝑠 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑛𝑜𝑑𝑒 𝑖

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑖𝑝𝑙𝑒𝑡𝑠 𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑 𝑎𝑟𝑜𝑢𝑛𝑑 𝑛𝑜𝑑𝑒 𝑖

Then, the clustering coefficient for the whole network is computed as follows:𝐺

(2.3)𝐶(𝐺) = 1
𝑛

𝑖=1

𝑛

∑ 𝑐
𝑖

Where is the local clustering coefficient of node and is the total number of nodes.𝑐
𝑖

𝑖 𝑛

Density

The density (equation 2.4) of a network is defined as the total number of edges 𝐸
divided by the total number of possible edges in a network of nodes. The opposite of a𝑁
dense network would be a sparse network, which is widely found in biological networks.

(2.4)𝐷 = 𝐸 − (𝑁−1)
𝐸

𝑚𝑎𝑥
 − (𝑁−1)

2.5 Cluster-level analysis

Network clustering, also known as module identification or community detection, is used
to identify a set of objects that have similar properties and group them into different
communities (Malliaros and Vazirgiannis 2013). It is widely used in fields such as
pattern recognition (Baraldi and Blonda 1999; X.-W. Chen and Huang 2003), image
analysis (Z. Chen et al. 2015; Dhanachandra, Manglem, and Chanu 2015) and analysis
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of biological interaction networks (Mitra et al. 2013; Ideker et al. 2002; Opresko,
Gephart, and Mann 2004). There are two main approaches: the hard clustering,
according to which nodes can only belong to one cluster, and the soft clustering where
there can be overlap between clusters. Similarly to the multiple definitions of
“importance” of nodes in a network, there is no reference denotation of “cluster”. As a
consequence of this, a plethora of different methods have been developed, yet with the
same objective of finding clusters. Different types of network clustering methods are
covered in section 4.3.1.
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3. Functional association networks

To decipher the mysteries behind many biological mechanisms we need to rely on a
heterogeneous pool of different experimental data. Even though high throughput (HT)
data generation has increased substantially over the years, still suffers from high false
positives.

A high coverage of biological interactions is key to understanding complex
biological mechanisms. High throughput data facilitates a large amount of data from
different experimental approaches, which has increased substantially over the years
(Stephens et al. 2015). Methods such as mass spectrometry, yeast two-hybrid,
RNA-seq, and microarrays provide insights for the interactions between proteins on a
genome-wide scale. However, each experimental approach has its own biases and only
covers certain aspects behind those mechanisms (Yu et al. 2008). Also, high coverage
of HT methods comes with a decrease in accuracy, leading to many false positives
(Lees et al. 2011). For instance, yeast two-hybrid experiments generate many false
positives and false negatives due to non-specific interactions between proteins
(Brückner et al. 2009), different cell types or subcellular localization, or missing
interactions due to lack of protein phosphorylation. The low accuracy is also explained
by the small overlap between different experiments (Van Criekinge and Beyaert 1999).
Another common experimental approach is the microarray technique, where biological
insight is gained by analyzing the expression of genes simultaneously. However, this
approach also suffers from low accuracy (Draghici et al. 2006), e.g. due to the
background level of hybridization (Li et al. 2016). A more recent approach for measuring
gene expression is RNA-seq (Z. Wang, Gerstein, and Snyder 2009), which offers higher
accuracy and coverage (C. Wang et al. 2014) making it a more suitable technique for
reliable gene expression studies (Li et al. 2016). However, not even these recent
approaches are free from biases or noise (Whitley, Horne, and Kolls 2016). Therefore,
there are several advantages of combining different experimental approaches into a
unified framework represented as a network. First, the particular noise carried by each
experimental technique would be cancelled out, thus providing a more robust signal.
Moreover, complex biological mechanisms span interactions in different levels of
regulation, such as genetic, genomic, or proteomic. Thus, to obtain a more complete
understanding of the biological interactions the combination of heterogeneous data is
necessary.

Functional association is a very broad term, gathering all types of data is
paramount for the inference of reliable interactions. Here we described the most
common evidence types.
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3.1 Data types

Co-regulation

A regulatory interaction is defined as the mechanisms that act to induce or repress the
expression of a gene, e.g. transcriptional regulation, where the cell regulates the
conversion of DNA to RNA through transcription factors (TFs). An indirect evidence for
a functional association can be inferred by studying the similarity in TF-target profiles
between pairs of genes. It has been observed that apart from sharing the same
transcription factor, genes tend to be spatially co-localized (Zhang et al. 2019; Pai and
Engelke 2010) and share similar functions (Allocco, Kohane, and Butte 2004).
Chromatin immunoprecipitation sequencing (ChIP-seq) is a popular experimental
technique to study the regulation of gene expression through transcription factors.
Databases like ENCODE (Davis et al. 2018), store experimental data from ChIP-seq
experiments while others such as TRRUST (Han et al. 2018) or RegNetwork (Z.-P. Liu
et al. 2015) provide manually curated regulatory interactions.
MicroRNAs are a subset of non-coding RNAs that target mRNAs to cleavage them or to
repress their translation. Post-transcriptional regulation by microRNA (miRNA) is
another way of regulating protein abundance

Subcellular colocalization

Proteins located in the same subcellular component tend to share similar functionalities
, which can be used as evidence for a functional association. Colocalization is not a
requirement for indirect interactions such as signaling pathways, however it is required
at some moment in time for physically interacting proteins. Some cellular compartments
have higher functional diversity than others, thus the evidence of protein colocalization
should be weighted inversely to the number of proteins localized in the compartment.

Most of the protein subcellular localization data is inferred experimentally and
also by high sequence similarity (Nair and Rost 2009). The most comprehensive
database for subcellular localization can be found in Gene Ontology (GO).

Protein-protein interaction

Protein-protein interactions (PPIs) and multi-protein complexes play a fundamental role
in biological processes and cellular functions, such as transcription and translation,
protein synthesis and degradation or cell cycle (Kuzmanov and Emili 2013). PPIs may
occur in a transient way where proteins interact for a short period of time or in a stable
way, e.g. where they form protein complexes.
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PPIs can be detected through different experimental methods such as yeast two-hybrid,
affinity purification coupled to mass spectrometry, or co-immunoprecipitation.
Additionally, computational approaches gained strength, detecting PPIs by using gene
co-expression, phylogenetic profiles, or sequence homology (Huang, Liao, and Wu
2016).

PPI has a higher score if the interaction is found in different experiments. A way
of scoring PPIs is based on the number of common interactions divided by the
cardinality of shared interactions. The PPI score has more confidence if the interaction
is observed in several experiments.

Databases like BIOGRID (Oughtred et al. 2019), IntAct (Orchard et al. 2014),
Encode (Davis et al. 2018), DIP (Salwinski et al. 2004), MINT (Licata et al. 2012)
provide PPIs from high throughput experiments and also databases like iRefIndex
(Razick, Magklaras, and Donaldson 2008) where they gather the information from the
previously mentioned databases.

Phylogenetic profile

The assumption dictates that two functionally related genes are more likely to be
present or absent across multiple species compared to unrelated gene pairs. Initial
methods such as MirrorTree (Pazos and Valencia 2001), implemented a linear
correlation between the distance matrices of two protein families across multiple
species. Another approach is comparing the similarity of phylogenetic profiles in multiple
species for different proteins (Pellegrini et al. 1999). A more sophisticated approach
involves creation of a species tree by using neighbor joining (“The Neighbor-Joining
Method: A New Method for Reconstructing Phylogenetic Trees” 1987) from orthologs
extracted from the InParanoid database (Sonnhammer and Östlund 2015). Then, a
subtree is extracted for positive evidence where both genes are present in the species
or where only one of them is present for the negative evidence. Both positive and
negative scores are computed by taking the branch length of each subtree and dividing
it by the total length of the tree.

Co-expression

If two genes have similar expression patterns they are said to be co-expressed and tend
to interact with each other (Grigoriev 2001; Lee et al. 2010). Co-expressed genes are of
interest since they tend to be controlled by the same regulatory elements or to belong to
the same complex or pathway (Weirauch 2011). Gene expression data is the most used
evidence for functional association due to the amount of available experimental data.
Most of the data comes from DNA microarray experiments where expression of a
predetermined number of genes is measured. A rising approach is RNA-seq where the
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whole transcriptome is covered. Resulting experimental data from both approaches can
be obtained from Gene Expression Omnibus (GEO) (Barrett et al. 2013). Scoring of an
association between two genes can be measured by taking the expression vectors of
both genes across different samples or time points and using Pearson or Spearman
correlation.

Genetic interaction

Two or more genes are said to interact if the result of that interaction results in a
phenotype different from the expected combinatorial phenotype from the single gene
mutations (Baryshnikova et al. 2013). Experimental methods like synthetic genetic
arrays (SGAs) (Tong et al. 2001), where non-essential mutations in genes are analyzed
separately and in concert. For scoring, Pearson or Spearman correlation can be used to
study the profile similarity of gene pairs.

Domain-domain interaction

Domains are functional and/or structural units of a protein that fold independently of the
rest of the protein. Domains are evolutionary conserved and can be observed in
different proteins. There are different approaches to predict functional association
through domains, one is to consider shared domains between different proteins (Lee et
al. 2010). Another approach is to study protein domains that could physically interact
between each other (Alexeyenko and Sonnhammer 2009). A score for domain-domain
interaction can be measured by the ratio of the domain pair co-occurrence divided by
the expected co-occurrence, based on the individual frequencies of domains in the pair
of proteins (Rhodes et al. 2005).

Protein expression

The expression of a protein depends on more processes besides transcript
concentration, such as translation rates, translation rate modulation, and protein
synthesis delay (Y. Liu, Beyer, and Aebersold 2016). Therefore the levels of mRNA
expression does not always correlate with protein abundance. There are two main
approaches to obtain protein expression: by mass-spectrometry and by two-dimensional
electrophoresis.

Databases such as Human Protein Atlas (HPA) store protein expression levels
for proteins in Homo sapiens. HPA also provides insights depending on tissue, cell and
organ. The scoring of an interaction between proteins can be measured by the pairwise
similarity of expression profiles across different conditions.
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Gene fusion

Two genes fusing in the same genome is a strong indicator of functional association
(Enright and Ouzounis 2001).

Text mining

Natural language processing can be used to mine the vast biological literature available.
Score for a functional association can be measured by the co-occurrence of two genes
within the texts. A challenge can be the diversity of identifier types, leading to an
increased risk of false positives. Also, distinguishing if the co-occurrence of genes
corresponds to a positive or a negative interaction can also cause problems. Moreover,
if only the abstracts of the papers are analyzed, many interactions that happen in the
main body of the article may be lost, thus having high false negative rates.

3.2 Gold Standard

Gold standards are sets of data with known conditions that are used to train the
underlying model and to classify unknown data accurately. For the case of functional
association networks, gold standards are interactions between genes and they are
divided into two sets, positive and negative gold standards. For the positive gold
standards reference datasets are required, with curated and proven interactions. Due to
the heterogeneity of functional associations several different gold standards can be
used such as protein protein interactions, protein complexes, metabolic and signaling
pathways, and shared operons.

False positives are common in PPI data, one way to reduce them is to require
protein interactions to appear in at least two experiments or appear in several gold
standard classes. A commonly used database to extract PPI data is iRefIndex. For
protein complexes gold standard, proteins that belong to the same protein complex can
be used as positive interactions. To increase the quality of this gold standard, only
complexes of certain sizes should be taken into account, avoiding large complexes that
make the observed functional associations less specific. Corum (Giurgiu et al. 2019) or
Complex Portal (Meldal et al. 2019) are commonly used databases for complex gold
standards (Szklarczyk et al. 2021; paper I). For signaling and metabolic gold standards
a well known database such as Kyoto Encyclopedia of Genes and Genomes (KEGG)
(M. Kanehisa and Goto 2000) can be used. The interactions between genes are
extracted by pathway membership and also if they share an interaction (Schmitt, Ogris,
and Sonnhammer 2014). For prokaryotes OperonDB offers information about gene
co-membership in the same operon (Ogris et al. 2018).
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For the negative gold standards, the ideal would be to have experimentally proven data
about the lack of interaction between two genes or proteins. However, this is easier said
than done. There is experimental data about lack of physical interaction between
proteins from the crystal structures of multi-protein complexes (Edwards et al. 2004;
Aloy and Russell 2002). However, since functional associations include a wider
spectrum of interactions than physical ones, it would not be possible to guarantee that
those proteins are not functionally associated based only on crystal structure data.
Instead, a way to assign associations to the negative gold standards is to generate a
baseline for random sample pairs extracted from the genome that cannot be found in
the positive gold standards.

3.3 Orthology transfer

Orthologous genes or orthologs, are homologous genes from different species that
originate from a common ancestor. These genes generally preserve the functionality
across different species and can be used to increase the coverage of interactions of
less well-studied species by so-called “Orthology transfer” (Alexeyenko and
Sonnhammer 2009). The orthology information can be extracted from InParanoid, which
is an accurate database for orthologs.

3.4 Network inference

I have shown the importance of data heterogeneity for the understanding of functional
associations between proteins, together with high quality gold standards. However, the
data by itself is not enough. We require a framework that combines all these different
sources reducing the noise and the bias each source has, and increasing the true
signal. Several approaches have been used for network integration, like support vector
machines (SVM) (Lin et al. 2009), ridge regression (Warde-Farley et al. 2010),
Gaussian random fields (Tsuda, Shin, and Schölkopf 2005). The most used approach is
the naïve bayes classifier (paper I; Szklarczyk et al. 2021; Hwang et al. 2019; Wong et
al. 2015), which is described below.

Naïve Bayes classifier

The naïve Bayes classifier is based on the famous Bayes theorem created by Thomas
Bayes in the 18th century. Bayes theorem provides an approach to compute conditional
probabilities as shown in equation 3.1. This is the backbone of Bayesian inference,
applied not only in probability theory but also in machine learning. When it comes to
probabilities, there are two main interpretations: frequentist and bayesian. Frequentists
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compute the probability of an association, based on the relative frequency of𝑃(𝐴)
occurrence of an association in all the experiments. Thus it is based only on the
available observations, however bayesian probability assigns a degree of belief to the
probability of that association, known as prior probability. The probability of observing
the association given the evidence , is known as likelihood. These two𝑃(𝐸 | 𝐴)
probabilities are normalized by the probability of observing the evidence , named𝑃(𝐸)
marginal probability. Finally, the probability of the evidence given the association,

is known as posterior probability.𝑃(𝐴| 𝐸)

(3.1)𝑃(𝐴 | 𝐸) =  𝑃(𝐴)𝑃(𝐸 | 𝐴)
𝑃(𝐸)

Naïve Bayesian classification

To classify an association it is important to consider not only the probability of an
association but also the probability of no association. This is represented in equation
3.2, by the odds of the posterior probabilities of both association, and no𝑃(𝐴| 𝐸)
association .𝑃(¬𝐴| 𝐸)

(3.2)
𝑃(𝐴 | 𝐸)

𝑃(¬𝐴| 𝐸) = 𝑃(𝐴)𝑃(𝐸 | 𝐴)
𝑃(¬𝐴)𝑃(𝐸 | ¬𝐴)

The marginal probability is the same for both posteriors therefore we can remove𝑃(𝐸)
it. The odds ratio is greater than 1 if the posterior probability of an association is greater
than the posterior probability of no association.

Multiple datasets are used for each evidence type such as .𝐸 {𝑒
1
, 𝑒

2
, 𝑒

3
,..., 𝑒

𝑛
} ∈  𝐸

For each dataset an odds ratio of an association is obtained. Therefore, we can
represent it such as:

(3.3)
𝑃(𝐴 | 𝐸)

𝑃(¬𝐴| 𝐸) = 𝑃(𝐴)
𝑃(¬𝐴)

𝑖

𝑛

∏
𝑃(𝑒

𝑖
  | 𝐴)

𝑃(𝑒
𝑖
  | ¬𝐴)

To prevent problems when multiplying small numbers, both sides of equation 3.3 are
logarithmically transformed as follows

(3.4)𝑙𝑛 𝑃(𝐴 | 𝐸)
𝑃(¬𝐴| 𝐸) = 𝑙𝑛 𝑃(𝐴)

𝑃(¬𝐴)  +
𝑖

𝑛

∑
𝑃(𝑒

𝑖
  | 𝐴)

𝑃(𝑒
𝑖
  | ¬𝐴)
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As pointed out, each evidence type has a metric to compute the score of an association.
We compute these metrics for both positive and negative gold standards. Since the
scoring data is sparse and also irregularly distributed an adaptive binning procedure for
signal maximization is used (Alexeyenko and Sonnhammer 2009), where several
conditions need to be fulfilled. When ordering the scores for both positive and negative
gold standards, each split requires a significant chi-square test and the number of labels
in each bin needs to exceed a certain minimum. Thus, we end up with different bins and
each bin has a LLR score assigned to it.

The log prior odds ratio is constant so we can remove it from equation 3.4 and
thus the log likelihood ratio for an association in one evidence type is equal to:

(3.5)𝐿𝐿𝑅
𝑖

=
𝑖

𝑛

∑
𝑃(𝑒

𝑖
 | 𝐴)

𝑃(𝑒
𝑖
 | ¬𝐴)

The naïve Bayesian approach assumes conditional independence between evidences
and between datasets. While the former is assumed to be true, the latter may not be the
case since considerable overlap may exist between datasets, which can bias the
scoring of certain interactions. Thus, a sensitive approach, such as weighted Naive
Bayesian integration is carried out to mitigate this problem. With this approach different
evidence types are still considered independent as they capture different aspects of the
association, however each dataset within an evidence type is weighted differently. Thus,
only informative datasets increase the LLR for that association. The final LLR for each
evidence is computed as follows:𝐸

(3.6)𝐿𝐿𝑅
𝑡

=
𝑘

|𝐸
𝑡
|

∑ 𝐿𝐿𝑅(𝑒
𝑘𝑡

)
𝑖<𝑘
∏ α(1 − 𝑚𝑎𝑥(0, 𝑟

𝑘𝑖
))

Each dataset belonging to an evidence type is ranked according to their LLRs in𝑒
decreasing order. Then, the distance between datasets is computed based on the
Spearman’s correlation and weighted with the correction parameter . Since eachα
evidence type is independent, the final Bayesian score (FBS) is computed by summing
the different LLRs of all evidence types, represented as .𝐿𝐿𝑅

𝐸

To provide an easily understandable score, the LLRs can be transformed into a
probability of functional coupling (equation 3.7) , with (Alexeyenko and𝑝𝑓𝑐 0 ≤ 𝑝𝑓𝑐 ≤ 1
Sonnhammer 2009) .
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(3.7)𝑝𝑓𝑐
𝐴

= 1

1+𝑒
−𝑐−𝐿𝐿𝑅

𝐸

3.5 Methods and Databases

Multiple functional association networks are available. Each network differs in terms of
algorithm, underlying data, gold standards and the features shown in their respective
websites. Here we mention some of these networks together with a brief summary of
their implementation.

FunCoup

Functional Coupling (FunCoup) is one of the most comprehensive functional association
networks. The latest update, FunCoup 5.0 contains 21 species and the SARS-CoV-2
human host interactome. Other networks add annotated interactions with already
predefined link confidences, however FunCoup relies solely on experimental data.
FunCoup uses ten different evidence types to infer functional association of genes.
There are five gold standards, derived from protein-protein interactions (PPI), KEGG
metabolic and signaling pathways, shared protein complexes, and shared operons.
Coverage and confidence of the associations is increased by orthology transfer. The
pipeline can be seen in Figure 4. Further insights are obtained through features such as
tissue specificity and directed links between genes. Tissue specificity adds context to
biological conditions and directed links are fundamental for the understanding of
regulatory interactions. Further information can be found in paper I.

STRING

The search Tool for the Retrieval of Interacting Genes/Proteins (STRING) is the most
widely used functional association network. It contains 14094 species from all the
domains of life. STRING uses 7 different evidence types to infer associations. The first
three, neighborhood, fusion, and co-occurrence evidence is based on whole-genome
comparison. For the next two evidences, co-expression and experiments, they are
dealing with functional genomic experiments or lab-assays. The last two, knowledge
and text-mining, are extracted from curated databases and Pubmed abstract
respectively. Orthology transfer is done through eggNOG (Huerta-Cepas et al. 2019).
Each evidence is benchmarked separately based on manually curated gold standards
from KEGG (Szklarczyk et al. 2011). STRING web server includes features such as
pathway enrichment analysis and network clustering (Szklarczyk et al. 2021).
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Figure 4: FunCoup pipeline. Functional associations between genes are inferred by
using a weighted naïve Bayesian integration approach. Five different gold standards are
used together with 10 evidence types with the help of orthology transfer. One network
per gold standard is inferred (Adapted from paper I).

HumanNet

HumanNet network was created with the purpose of prioritizing candidate disease
genes (Lee et al. 2011) in humans. The network is constructed by using PPI data,
co-citations in PubMed abstracts, co-expression of genes, co-occurrence of protein
domains, together with orthology transfer. HumanNet implemented a framework with
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hierarchical human networks with the first two layers comprising the networks derived
from PPI and co-functional links inferred from genomic data. Next layer is an integrated
functional gene network obtained by combining the first two layers. Last layer has two
extended functional networks by using interologs, and co-citations. HumanNet's website
implements disease gene prediction and disease network analysis.

GeneMania

The Multiple Association Network Integration Algorithm (GeneMANIA) provides a
framework for gene function prediction for 9 different organisms (Franz et al. 2018). The
method uses subcellular localization, interactions predicted using protein domains
extracted from InterPro, PPI data from iRefIndex and BioGRID, co-expression data from
GEO, and interactions within pathways. GeneMANIA infers the network in real time
sacrificing data coverage. The inferred networks have weights assigned to the links,
depending on how much an association represents a certain function. These weights
are obtained by a linear regression algorithm that calculates composite association
networks from multiple data sources. Then, a Gaussian field propagation algorithm is
used to assign scores to each node in the network, showing their strength of its relation
to a certain function (Mostafavi et al. 2008).

IMP

The Integrative Multi species Prediction (IMP) (Wong et al. 2015) database contains
functional association networks for seven species. It uses PPI and genetic interaction
data, co-expression, co-regulation by TFs, presence of similar Pfam domains and it also
implements orthology transfer. GO terms are used for positive gold standards and lack
of gene pairs in GO, KEGG, Biocyc (Caspi et al. 2016) or PID are used as negative gold
standards.

GIANT

The Genome-Scale Integrated Analysis of Networks in Tissues (GIANT) (Wong,
Krishnan, and Troyanskaya 2018). It includes 283 human networks for 105 specific cell
types and tissues. It collects gold standard tissue data from GTEx (Consortium and The
GTEx Consortium 2020) and FANTOM5 (Lizio et al. 2015). The inferred networks are
based on over 61400 experiments, with different data types such as mRNA expression
or PPI. Users query a set of genes together with tissues of interest. Results show the
likelihood of functional association between query genes and the genome for each of
the tissues. Allowing multi-network visualization shows tissue-specific changes of
multifunctional genes (Wong, Krishnan, and Troyanskaya 2018). GIANT also
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implements real-time enrichment analysis for KEGG, GO, and OMIM (Amberger et al.
2015).

3.6 Applications

Functional association networks provide a unified framework that captures the complex
interplay between molecules. The main use case for these networks is for visualization
purposes where scientists can input their genes of interest and study associations that
could provide a better insight into the understanding of the condition of interest, provide
with potential experimental design or add support to their final conclusions. Frameworks
mentioned in section 3.5 implement visualization of their networks. Also, open access
bioinformatics softwares such as Cytoscape (Shannon et al. 2003) provides a platform
to visualize molecular networks.

Proteins are key components for cellular processes. Thus, understanding of their
functions is essential. The main approach of function prediction so far is by sequence
similarity, using sequence alignment tools like BLAST (Altschul et al. 1997). However,
there are proteins that lack homologs in current databases, complicating the function
prediction of proteins. Therefore, approaches that use “guilt by association” together
with a biological network are able to infer the function of proteins from a topological or
neighborhood similarity perspective.

Biological mechanisms involve complex interplay between genes on many
different levels, and diseases are not an exception. For many diseases it is not enough
to obtain a list of disease-related genes but to unravel how those genes affect molecular
networks in the cell generating that disease phenotype (Bauer-Mehren et al. 2011).
Functional association networks include a broad spectrum of interactions to give a more
precise picture of disease mechanisms (Goh et al. 2007; Feldman, Rzhetsky, and Vitkup
2008; Bauer-Mehren et al. 2011; Ideker and Sharan 2008; Barabási, Gulbahce, and
Loscalzo 2011). For instance, more insights can be extracted by studying tissue
specificity of diseases (Kitsak et al. 2016). Other implementations include association
between diseases in the so-called “diseasome” (Goh et al. 2007), analyze drug-targets
(Yıldırım et al. 2007), or drug combinations (Cheng, Kovács, and Barabási 2019).

Biological networks have a modular organization, where genes form communities
that share common characteristics, known as functional modules (Tornow and Mewes
2003). Functional modules can be found by studying significant changes in gene
expression on particular subnetworks (Ideker et al. 2002), and also by adding
topological constraints (Ulitsky and Shamir 2007). Detailed explanation of network
clustering can be found in section 4.3.1.
These modules can represent already known pathways or novel biological mechanisms.
Biological pathways are crucial to gain further insights into the condition under study.
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This approach is known as pathway enrichment analysis where networks play an
important role. It's detailed explanation can be found in section 4.
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4. Pathway enrichment analysis

A boom in high throughput techniques has led to a vast and comprehensive flow of data
for understanding of the mechanisms that govern biological cells. HT experiments often
output a list of genes or proteins of interest. These lists alone fail to give mechanistic
insights into the condition under study from a functional perspective, since they only
identify which genes are affected by that condition (Khatri, Sirota, and Butte 2012). One
approach can be to analyze these genes as sets of related genes which allows
comparison to known functional gene sets. Several databases with curated functional
gene sets exist such as KEGG, REACTOME (Fabregat et al. 2018), or GO. These
databases are reviewed in more detail in section 4.1. The functional study of gene sets
is known as pathway enrichment analysis. It´s aim is to find enriched functional gene
sets, where enriched stands for pathways that are more strongly altered by the gene set
of interest under certain conditions, compared to randomly sampled gene sets. During
the last decades a plethora of tools has been developed, each of which has the same
purpose but with different methodologies. There are several ways to classify these
methods. Goeman and Bûhlmann (Goeman and Bühlmann 2007) classify them based
on their underlying null hypothesis, which is either “competitive” or “self-contained”. A
“competitive” null hypothesis compares the genes of interest against a background set
of genes that are not included in the original set. A “self-contained” hypothesis only
takes into account the gene set under study. Kathri et al. (Khatri, Sirota, and Butte 2012)
takes a different perspective and classifies the tools into three different families of
methods: Over-Representation Analysis (ORA), Functional Class Scoring (FCS), and
Pathway Topology Analysis (PTA). However, with more recent advances in systems
biology, a fourth family, known as network-based analysis (NBA) methods, is introduced
which rely on biological networks (see Figure 5).

A variety of functional annotation databases allows the analysis of gene sets
from different perspectives, including biological processes, structures, components, or
metabolic and signaling pathways. The most commonly used databases include KEGG,
REACTOME, GO, Pathway Commons (Rodchenkov et al. 2020), PANTHER (Mi et al.
2021) or WikiPathways (Martens et al. 2021).
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Figure 5: Four families of pathway enrichment methods. Over-Representation Analysis
(ORA) assesses pathway enrichment through overlap between gene list and pathway.
Functional Class Scoring (FCS) uses gene expression, taking into account not only
large changes in expression but also small and coordinated changes. Pathway
Topology (PT) maps the experimental data to a detailed pathway map. The last family,
Network-based analysis (NBA), relies on a functional association network. Pathway
enrichment is assessed through shared links between sets of genes, known as
crosstalk.

4.1 Pathway databases

KEGG

The Kyoto Encyclopedia of Genes and Genomes (KEGG) integrates 16 different
databases, containing genomic information, biological pathways, diseases and drugs.
The content is divided in different categories: (i) “systems”, containing pathways,
pathway modules and functional hierarchies. (ii) “genomic”, with genes, genome and
orthology information. (iii) “chemicals”, with compounds, reactions and enzymes, and
health with diseases and drugs (Minoru Kanehisa et al. 2016). The KEGG database
includes pathway maps integrating many different entities such as proteins, genes or
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chemical compounds. KEGG database contains 7,218 species and 792,220 number of
pathways.

REACTOME

The REACTOME database specializes in manual annotation of human reactions and
pathways, having entries for 10,867 protein coding genes involved in 11,638 reactions,
grouped into 1,803 pathways. However it also includes 15 other species in the main
REACTOME database and another 83 plant species in Plant REACTOME (Naithani et
al. 2020). The pathways are grouped into a hierarchical structure, from
“super-pathways” at the highest level, to child pathways of higher specificity.
Furthermore, disease “super-pathways” as counterparts of the normal cellular
processes and drug annotations are also included (Jassal et al. 2020).

WikiPathways

WikiPathways contains 2,857 pathways for 29 species including human and other
vertebrates, invertebrates, plants, eukaryotic microorganisms and bacteria. An
interesting feature of WikiPathways is that through their freely accessible pathway
editing tools anyone can add their own pathway data which is later verified by a curator
team.

Gene Ontology (GO)

Gene Ontology (GO) was created with the purpose of generating a structured, unified
and controlled nomenclature for genes and their functions across all species (Ashburner
et al. 2000). It includes three ontologies: biological process (BP), molecular function
(MF), and cellular compartment (CC). Biological process defines the biological
objectives that a gene takes part in. Molecular function describes the biochemical
interactions of the gene product, and the cellular component defines where in the cell
the gene product is active. GO terms are annotated as nodes in a network which is
organized as a directed acyclic graph, i.e. a graph having no graph cycles.

Pathway Commons

Pathway Commons (PC) integrates data from 22 publicly available databases, with
4,794 pathways and 2.3 million interactions for Homo sapiens (Rodchenkov et al. 2020).
They cover 18,490 genes and 11,436 small molecules (e.g. metabolites and drug
compounds). PC integrates molecular functions such as metabolic and signaling
pathways, gene regulatory networks, and molecular and genetic interactions.
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PANTHER

Protein Analysis Through Evolutionary Relationships (PANTHER) is a database that
integrates evolutionary and functional relationships between proteins. The evolutionary
classification uses over 15,000 phylogenetic trees and the functional classification
includes GO terms, as well as metabolic and signaling pathways (Mi et al. 2021)

4.2 Methods

4.2.1 Over-representation analysis

Over-representation analysis (ORA) tools are the first and most used family of pathway
enrichment methods. To assess which pathways are enriched under a certain condition
ORA-based methods require the following input data: (i) a list of genes usually based on
a threshold or criteria, e.g. differentially expressed genes at certain False Discovery
Rate (FDR) cutoff, (ii) set of pathways or terms extracted from a curated knowledgebase
such as KEGG, REACTOME, or GO, and (iii) the genome size of the species of interest.
Statistical significance is calculated based on the overlap between the list of genes and
the pathways compared to the background set of genes which are all the genes that are
not in the original set. If the overlap is greater than expected by chance the pathway is
considered enriched. This is often represented as a contingency table (Table 1). The
most common statistical methods used to assess the significance of the overlap are
Fisher's exact test, hypergeometric distribution, or chi-square. There is a large variety
of overlap-based methods (Khatri, Sirota, and Butte 2012), but the most known ones
are Gene Enrichment Analysis (GEA) and Database for Annotation, Visualization and
Integrated Discovery (DAVID) (Dennis et al. 2003). GEA is based on the one-tailed
Fisher's exact test while DAVID uses a modified version of the former, computing the
EASE-score (Table 1). This conservative modification aims to reduce the false positive
rate (FPR) issue in GEA by subtracting one from the observed overlap, which penalizes
the significance of small overlaps (Hosack et al. 2003). Even though ORA tools are the
most used methods, they have some limitations due to their assumptions. Only gene
overlap is used as measurement for enrichment, assuming genes are independent and
equally important which is often not true (Khatri, Sirota, and Butte 2012). Another
limitation is that the pathways are still highly incomplete, resulting in high false negative
rates (paper II).
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Table 1: Contingency table used by Over-representation analysis (ORA)-based
methods. It is used by Fisher's exact test and the EASE score (modified score
represented with the red font) to compute significance overlap (a) between a gene set
(b) and a pathway (c), considering the genome (d).

Geneset Genome Row total

Pathway a - 1 c - a + 1 c

Not in
Pathway

b - a d - b - (c - a) d - c

Column total b - 1 d - b + 1 d

4.2.2 Functional Class Scoring

Functional Class Scoring (FCS) methods rely on similar assumptions as ORA methods
however they take gene expression data into consideration. Thus, FCS methods do not
assume that all genes are equally important. Also, these methods do not require an
arbitrary cutoff and use all genes in the experiment. FCS methods assume that large
changes in a single gene can have an effect on a pathway, but weaker signals
distributed across different genes that are involved in a pathway may also have their
importance (Khatri, Sirota, and Butte 2012). Most of the FCS methods follow the same
three steps. First, a gene-level analysis is done through a gene expression analysis to
extract a list of genes. Second, pathway-level statistics by merging expression scores
from genes involved in a certain pathway. A commonly used method for this is the
Kolmogorov-Smirnov statistic (Subramanian et al. 2005), others use the mean, sum, or
median of the combined gene expression. Third, pathway-level statistics are compared
to a null hypothesis to assess statistical significance, e.g. by permuting the samples or
gene labels. The former is preferred to keep the inter-gene correlations, however it is
not always possible due small sample size (Wu and Smyth 2012). There are a wide
variety of FCS methods but some of the most known are Gene Set Enrichment Analysis
(GSEA), and Pathway Analysis with Down-weighting of Overlapping Genes (PADOG).

4.2.3 Pathway Topology

Pathway Topology (PT) shares the same three steps as mentioned in the FCS family
(Khatri, Sirota, and Butte 2012). However, the difference is that PT uses the topology of
the pathways as input when computing the gene-level statistics, e.g. Signaling Pathway
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Impact Analysis (SPIA) (Tarca et al. 2009). ORA and FCS do not consider the
interactions the genes in the pathway may have. For FCS, even though the score of a
gene is weighted by its expression, these methods do not weight the importance of that
gene in the pathway. So if the pathway topology would change but the gene content
would keep the same, ORA and FCS would report the same results as before. PT
acquires the topological information from databases such as KEGG or REACTOME.
However, this can be a double edged sword since pathways are generally incomplete,
affecting the results of PT methods.

4.2.4 Network-based analysis methods

The main difference between Network-Based analysis (NBA) methods and the other
family of methods is that NBA methods rely on a functional association network as input
(Glaab et al. 2012; Signorelli, Vinciotti, and Wit 2016; Ogris et al. 2017; Jeggari and
Alexeyenko 2017; Jeuken and Käll 2018; Alexeyenko et al. 2012; McCormack et al.
2013). Instead of measuring the enrichment from an overlap perspective, NBA methods
can use the links shared between the gene set and pathway, known as crosstalk. By
using a rich source of information coming from the integration of several evidence data
types, tackles the main issues the previous families of methods have. Firstly, compared
to ORA, genes are not assumed to be independent since they are associated by links in
the network. Secondly, an issue all previous families have is that they suffer from low
coverage of pathways, which is covered by the comprehensive biological knowledge
these networks provide.

A pathway is said to be enriched for a gene set if the amount of shared links is
significantly higher than expected by chance. Some of the NBA methods also compute
for depletion. A pathway is depleted if it shares significantly less links with the query
gene set than expected by chance. There are several approaches to assess statistical
significance for the enrichment, which are described below.

NEA

Network Enrichment Analysis (NEA) (Alexeyenko et al. 2012) evaluates the enrichment
of a query gene set and a pathway by randomizing the network while keeping the
degree distribution of the nodes intact. This way the topology of the network is not
altered. The observed crosstalk ( ) in the real network is compared with the mean𝑁

𝑜𝑏𝑠

expected crosstalk ( ) from the randomized networks. Then a normal distribution is𝑁
𝑒𝑥𝑝

used to assess statistical significance (equation 4.1). A limitation with this approach is
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the assumption of normality, which is usually not fulfilled generating high rates of false
positives (Ogris et al. 2017).

(4.1)𝑍
𝑖𝑗

=
𝑁

𝑜𝑏𝑠
−𝑁

𝑒𝑥𝑝

𝑆𝐷
𝑖𝑗

Enrichnet

Enrichnet (Glaab et al. 2012) is implemented in a web-server where it allows analyses
of query gene sets against different pathway databases or GO terms. Enrichnet ranks
the pathways based on a random walk with restart (RWR) (Yin et al. 2010), where each
query gene is a starting seed with equal probability. Then the scores are transformed
into distances, resulting in a distance vector for each pathway. The distance vector is
compared to a background model based on the average distance to all pathways.
Enrichnet also allows direct comparison to GEA results. A limitation of Enrichnet is that
it does not estimate the statistical significance of the crosstalk.

CrossTalkZ

CrossTalkZ (McCormack et al. 2013) is highly similar to NEA since it also relies on
network randomizations and uses a normal distribution to assess statistical significance.
However, CrossTalkZ allows different network randomization methods: node
permutation, link permutation, or link assignment and second order conservation .
Moreover, CrosstalkZ tests if the crosstalk distribution follows a normal distribution by
applying a chi-square test.

NEAT

Network Enrichment Analysis Tool (NEAT) (Signorelli, Vinciotti, and Wit 2016) avoid
using network randomizations. NEAT assumes that under no enrichment the crosstalk
follows a hypergeometric distribution (equation 4.3). The expected crosstalk is
computed using equation 4.2, where is the total degree of the query gene set, is𝑑

𝐴
𝑑

𝐵

the total degree of the pathway, and is the total degree of the network. In addition,𝑑
𝑉

NEAT is able to compute enrichment for directed networks.

(4.2)µ
0

= 𝑑
𝐴

𝑑
𝐵

𝑑
𝑉
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(4.3)𝑁
𝐴𝐵

∼ 𝐻𝑦𝑝𝑒𝑟𝑔𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 (𝑛 =  𝑑
𝐴

,  𝐾 =  𝑑
𝐵

,  𝑁 =  𝑑
𝑉

)

NEArender

NEArender (Jeggari and Alexeyenko 2017) is similar approach to NEAT to compute the
expected crosstalk (equation 4.2) with the difference that it assumes a chi-square
crosstalk distribution to assess statistical significance. Another difference with NEAT is
that NEArender is not implemented for directed networks.

BinoX

Like CrossTalkZ and NEA, BinoX (Ogris et al. 2017) relies on network randomizations to
compute the expected crosstalk (equation 4.4). However, the computational time is
reduced considerably. To assess statistical significance the binomial distribution is
assumed for the crosstalk distribution.

(4.4)𝐸(𝐾') =  1
𝑁

𝑚

𝑁

∑ 𝑘
𝑚
'

Even though NBA methods show higher sensitivity than non-network based methods
they suffer from a high false positive rate. In the construction of the underlying null
model all NBA-methods assume that both the query gene set and pathway behave as
random gene sets. However, this ignores an important property of the known biological
pathways, that they are supposed to carry out biologically meaningful functions and can
be highly non-random. For instance, BinoX by randomizing the networks removes the
topological structure of the pathways and NEAT or NEArender only take the degree of
the pathway into account, regardless of how those links are distributed in the pathway.
To avoid high false positive rates, the properties of the pathway should remain intact.

GeneSetDP/GeneSetMC

Both methods assess statistical significance by sampling gene sets of the same size as
the original gene set and computing the expected crosstalk for each of them, while
preserving the network as it is. GeneSetDP (Jeuken and Käll 2018) uses dynamic
programming to calculate an exact distribution of expected crosstalk and GeneSetMC
(Jeuken and Käll 2018) relies on Monte-Carlo sampling. However, these methods are
not implemented to allow large scale pathway enrichment analysis.
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ANUBIX

To assess statistical significance Adaptive NUll distriButIon of X-talk (ANUBIX) (paper II)
performs a constrained random sampling approach where the random gene sets must
have the same size and also the same degree distribution. Then, the null distribution is
fitted by using beta-binomial distribution. More details can be found in paper II and III.

4.3 Clustered pathway analysis

Gene sets derived from high throughput data are often noisy or represent multiple
mechanisms of the condition under study (Figure 6). This causes a dilution in the
associations to pathways. A way to counteract this is to use clustering on the gene sets
and group them into more homogeneous sets prior to pathway enrichment analysis.

Clustering is a technique to group a set of entities with similar properties together
while differentiating them from other groups. This technique can also be applied to
networks under different names such as network clustering, graph partitioning,
community detection or network module prediction. Clustering is used in complex
networks from technological networks, e.g. World-Wide Web (WWW) (Albert, Jeong,
and Barabási 1999) or social networks (Wasserman, Stanley (University of Illinois
Wasserman, Urbana-Champaign), and Faust 1994; Stanton 2008), to biological
networks (Mitra et al. 2013; Ideker et al. 2002; Opresko, Gephart, and Mann 2004).
Biological networks often show a modular organization (Hartwell et al. 1999). Network
clustering has shown to be useful for retrieval of highly interconnected subnetworks that
are often related to known functional biological mechanisms (Song and Singh 2009;
Shih and Parthasarathy 2012; Lecca and Re 2015; J. Wang et al. 2010). In the field of
pathway enrichment analysis, clustering is used to find subnetworks in GScluster (Yoon
et al. 2019) and PathFindR (Ulgen, Ozisik, and Sezerman 2019).

Plenty of approaches exist to cluster networks (Fortunato and Hric 2016; Khan
and Niazi 2017; Harenberg et al. 2014; J. Wang et al. 2010; Jain, Murty, and Flynn
1999; Schaeffer 2007) and several benchmarks have been done to assess their
performance (Foggia et al. 2009; Choobdar et al. 2019; Brohée and van Helden 2006;
Harenberg et al. 2014). However, due to the loose definition of “community” and the
discrepancies between the different quality metrics used, it is not possible to make an
absolute statement on which algorithm is the best (Emmons et al. 2016). The rest of this
section contains a non-exhaustive selection of clustering approaches. Many clustering
methods can be classified as either agglomerative or divisive (Jain, Murty, and Flynn
1999). Agglomerative approaches start with each node as a singleton and try to
iteratively merge them until reaching a certain criteria. Divisive approaches start with all
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nodes as a single cluster and divide it until meeting a criteria. Clusters can also be hard
or fuzzy, where hard stands for clusters without overlap and fuzzy for clusters that allow
overlapping of nodes. Many clustering algorithms require optimization and objective
function to find optimal clusters, which can be done deterministically or stochastically.
Deterministic approach always gives the same result from a given initial condition.
Contrary to deterministic approaches, in stochastic approaches randomness is involved
producing varying results even with the same initial parameters and conditions.

Some of the commonly used strategies are hierarchical clustering, partitional
clustering, divisive clustering, kernel clustering, spectral clustering, modular
optimization, overlapping clustering,  or random-walk based clustering.

Figure 6: Clustered pathway enrichment analysis. A gene set derived from an
experiment can be heterogeneous by including different types of pathways. The
approach consists of splitting the gene set into different sets (clusters) and running
pathway enrichment on each subset individually, aiming for a greater insight of the
underlying condition.
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4.3.1 Clustering methods

Hierarchical clustering

Hierarchical clustering is a clustering method that organizes the clusters in a
hierarchical structure. There are two main branches: agglomerative and divisive
methods. From the agglomerative branch the two main methods are single linkage and
complete linkage clustering. They differ by their cluster merging conditions, where single
linkage takes the minimum distance of all the pairwise distances between nodes in both
clusters while complete linkage takes the maximum.

Modular optimization

A popular approach is to maximize the modularity Q (equation 4.5) of the network in 𝑐
communities. Modularity is defined as the difference between the probability that an
edge is in module , defined as and the probability that a random edge falls in𝑖 𝑒

𝑖𝑖

module , defined as .𝑖 𝑎
𝑖
2

(4.5)𝑄 =
𝑖 = 1

𝑘

∑ (𝑒
𝑖𝑖

− 𝑎
𝑖
2)

The first modularity optimization was implemented by Newman et al. (Newman and
Girvan 2004) using an agglomerative approach where each node started as a cluster
and clusters were merged based on the modularity gain.

Another famous algorithm is the Louvain method (Blondel et al. 2008), a heuristic,
greedy algorithm. It is divided into two steps. First it focuses on finding small
communities by optimizing the modularity locally. Then these small communities are
merged and the first step is repeated.

Other algorithms like MGclus, do not optimize for modularity but for clustering efficiency,
which is similar. It aims to find clusters where the number of external edges are
minimized while maximizing the internal edges. MGclus also considers shared
neighbors of nodes as evidence to belong to the same cluster. The clustering process is
iterative and in each iteration the balance of internal and external edges is measured for
each pair of clusters , through the merge gain coefficient (MG).

The MG is defined as follows:
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(4.6)𝑀𝐺 =  2𝐸
𝑖𝑗

− (𝐸
𝑖

+ 𝐸
𝑗
)

Where and are the clustering efficiency of clusters and , while is the union of𝐸
𝑖

𝐸
𝑗

𝑖 𝑗 𝐸
𝑖𝑗

both. Cluster efficiency is computed as follows:

(4.7)𝐸
𝑖

=
𝑁

𝑖,𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙

𝑁
𝑖,𝑡𝑜𝑡𝑎𝑙

Where:

𝑁
𝑡𝑜𝑡𝑎𝑙

= 𝑁
𝑛𝑜𝑑𝑒𝑠
2

(4.8)𝑁
𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙

=
𝑥=1

𝑀−1

∑
𝑦=𝑥+1

𝑀

∑ 𝑛
𝑑(𝑥,𝑦)

+ 𝑛
𝑠(𝑥,𝑦)

is the internal degree of a cluster with nodes, where it iteratively goes𝑁
𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙

𝑀

through each of the node pairs. is computed by taking the weight connecting𝑛
𝑑(𝑥,𝑦)

nodes and , while also considers common neighbors. If the network is𝑥 𝑦 𝑛
𝑠(𝑥,𝑦)

undirected the weight is set to 1, if there is an edge and 0 if not. The algorithm starts
with all the nodes as individual clusters and then the nodes are merged based on the
MG, the algorithm converges when no further cluster pairs give an MG higher than the
predefined cutoff.

Partitional clustering

These methods partition the data into a predefined number of non-overlapping𝑘
clusters. The goal is to optimize an objective function based on the similarity between
nodes in the network. The number of clusters needs to be defined a priori. An𝑘
example is the k-means approach. A centroid-based approach where centroids are𝑘
chosen randomly from the network and nodes are assigned to the closest centroid.
Centroids are updated in each iteration based on the nodes assigned to each cluster
until the solution converges.
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Divisive clustering

It consists of removing inter-cluster edges to separate communities based on a
similarity measurement (Khan and Niazi 2017). A popular approach is the
Girvan-Newman algorithm (Girvan and Newman 2002), where it is focused on removing
edges that are most likely to be between communities using edge-betweenness of the
links in the network. If the communities are loosely connected, those few edges
connecting them will have high betweenness. The link with highest betweenness is
removed and this process is repeated until no more edges remain.

Kernel clustering

Instead of clustering using the network a kernel matrix is used, where each entry
represents the relation between two nodes in terms of the similarity function, or kernel
(Choobdar et al. 2019).

Spectral clustering

These methods rely on eigenvectors of similarity matrices between nodes to reduce the
dimensionality before clustering (Fortunato 2010). An example would be the
modification of the modularity optimization method from Newman et al. (Newman and
Girvan 2004).

Overlapping clustering

In many scenarios nodes may belong to multiple communities, thus most of the
methods that do not allow for overlapping clusters fail to capture this. The most common
overlapping clustering method is the clique percolation approach used by Clique Finder
(CFinder) (Palla et al. 2005). A k-clique is a fully connected subgraph of size , whereas𝑘
two cliques are considered adjacent if they share nodes. A clique percolation is𝑘 − 1
defined as the union of k-cliques that can be reached through a sequence of adjacent
k-cliques.

Random-walk based clustering

A random walk describes a path that consists of a sequence of discrete, fixed-length
steps in a random fashion. At each step the random walker is located in a node, it
chooses the next node randomly and uniformly. For community detection, if a random
walker gets into a node belonging to a community, it is expected that the random walker
spends a considerable amount of steps inside the community because of the higher
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intra-connectivity compared to the inter-connectivity. Several algorithms have
implemented random walks to identify communities such as PageRank (Page et al.
1999), Markov Clustering (MCL) (van Dongen 2000), and Infomap (Rosvall and
Bergstrom 2008).

MCL is based on simulation of a stochastic flow process (random walk) through a
graph. It captures the random walk process by using stochastic matrices, known as
Markov matrices. The process deterministically computes the probabilities of a random
walk in each iteration by two alternating operators: inflation and expansion. Inflation is
responsible for strengthening and weakening the flow, affecting the granularity of the
clusters. Expansion is used to reach further nodes in the graph and it is achieved by

taking the power of the matrix, where stands for the expansion value.𝑒𝑡ℎ 𝑒

Infomap is also based on the probability flow of a random walk through a network with
the objective of minimizing the description of the random process through the network.
Infomap is based on the map equation (equation 4.9), represented as follows

(4.9)𝐿(𝑀) =  𝑞
↷

𝐻(𝑄) +
𝑖 = 1

𝑚

∑ 𝑝
⟳
𝑖 𝐻(𝑃𝑖) 

Where represents the entropy of the movement between modules and the𝐻(𝑄) 𝐻(𝑃𝑖)
represents the entropy within modules. The entropy between modules is weighted by

, which stands for the probability that the random walker switches modules on any𝑞
↷

step. The entropy within modules is weighted by , which represents the fraction of𝑝
⟳
𝑖

within-module movements occurring in module , plus the probability of exiting module .𝑖 𝑖

4.4 Pathway enrichment analysis web servers

A large variety of pathway analysis tools exists but few of them are implemented as a
web server. Developing a sound and straightforward platform is key to reaching as
many users as possible from different backgrounds. Majority of the web servers apply
the overlap-based approach, being DAVID the most used web server so far. Some of
the many overlap-based web servers are: gProfiler (Raudvere et al. 2019), Enrichr
(Kuleshov et al. 2016), or WebGestalt (Liao et al. 2019) which also includes GSEA and
the pathway topology-based approach. Network-based analysis (NBA) web servers are
less common, with Enrichnet, EviNet (Jeggari et al. 2018) which uses NEArender,
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PathwAX (Ogris, Helleday, and Sonnhammer 2016) which relies on BinoX, and the
latest NBA based web server PathBIX (paper IV) which includes ANUBIX (paper II) and
the clustered pathway enrichment approach (paper III). Details of PathBIX can be found
in paper IV and in section 5 paper IV.

4.5 Multiple testing problem

Multiple testing problem or multiple comparison problem is an issue that appears when
multiple tests or null hypotheses are tested simultaneously. In the context of pathway
enrichment, it would be testing the enrichment of a gene set to pathways, thus𝑚
performing tests of the null hypothesis. If the tests would be analyzed separately with𝑚
a significance level , then the probability of observing at least one significant resultα
under the null hypothesis would be

𝑃(𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑟𝑒𝑠𝑢𝑙𝑡) =  1 −  𝑃(𝑛𝑜 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑟𝑒𝑠𝑢𝑙𝑡) =  1 − (1 − α)𝑚 

The probability of having a false positive (Type I error) under the null hypothesis is
. However, the probability of making at least one false positive withα = 0. 05 𝑚

independent tests, increases with the number of tests as observed in Figure 7. To
control for this, several approaches have been proposed, such as Bonferroni correction
or Benjamini-Hochberg (B-H) procedure (Benjamini and Hochberg 1995).

Bonferroni correction: It is based on the Family-wise error rate (FWER). It controls the
Type I error rate by reducing the significance level by number of tests performed, .α 𝑚
Then, under the null hypothesis, the probability that a test is significant is

p-value ≤ α
𝑚  

Benjamini-Hochberg: Bonferroni correction is known to be very conservative which
generates many false negatives. Another well known correction procedure that keeps
the statistical power is Benjamini-Hochberg. For that, instead of using FWER it relies on
the False Discovery Rate (FDR) which describes the expected proportion of rejected
null hypotheses that are false (Type I error). B-H procedure to transform the p-values to
adjusted p-values (q-values, equation 4.10) is the following: p-values are sorted in
ascending order (ranked). The largest p-value and the largest q-value are the same
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value. Starting from the second largest p-value, q-values are computed following this
criteria:

(4.10)𝑞
𝑚−𝑖

= 𝑚𝑖𝑛(𝑞
𝑚−𝑖+1

,  # 𝑝
𝑝

𝑚−𝑖
 𝑟𝑎𝑛𝑘 * 𝑝

𝑚−𝑖
)

Where the next q-value ( ) is the minimum between the previous q-value ( )𝑞
𝑚−𝑖

𝑞
𝑚−𝑖+1

and the ratio between the number of p-values and the rank of the p-value ((#𝑝)
) that we want to adjust multiplied by the value of that p-value.𝑝

𝑚−𝑖
 𝑟𝑎𝑛𝑘

Figure 7: Importance of multiple testing correction. Probability of at least one
significant result if the tests are considered independent.

4.5 Performance metrics

Performance metrics used in machine learning are widely used in pathway enrichment
analysis. Many metrics assume binary classification problems, while pathway
enrichment outputs p-values. Therefore a discretization of the output is done by setting
a threshold for instance the significance level and classifying the output asα
significantly enriched or not.
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Confusion matrix

It is a specific table (Table 2) that summarizes the performance of an algorithm. Under
controlled conditions, it is useful to know which methods are biased to certain classes. A
confusion matrix contains True Positives (TP), True Negatives (TN), False Positives
(FP), and False Negatives (FN).

Table 2: Confusion matrix. A table where the performance of an algorithm is
summarized under known conditions.

Real class

Positive Negative

Predicted class
Positive TP FP

Negative FN TN

Many performance metrics can be computed by using this table:

Sensitivity: The sensitivity also known as recall or true positive rate measures the
proportion of positives that are correctly classified (equation 4.11).

(4.11)𝑇𝑃𝑅 =  𝑇𝑃
𝑇𝑃+𝐹𝑁

Specificity: The specificity or true negative rate measures the proportion of negatives
that are correctly classified (equation 4.12). Another well known metric is the False
Positive Rate (FPR), which is directly related to the specificity (equation 4.13)

(4.12)𝑇𝑁𝑅 = 𝑇𝑁
𝑇𝑁+𝐹𝑃

(4.13)𝐹𝑃𝑅 = 1 − 𝑇𝑁𝑅

Precision: Precision or positive predictive value is the fraction of real true positives
from the set of predicted true positives (equation 4.14).
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(4.14)𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃+𝐹𝑃

Previous metrics can be combined into more comprehensive metrics such as F-score
(equation 4.15), or G-mean (equation 4.16):

F-score (4.15) =  2*𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛*𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙

G-mean (4.16) = 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 * 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

The issue with these metrics is that they are not properly balanced. Precision accounts
for the correct positive predictions, only taking into account the positive predictive
classes and ignoring the negative. Recall on the other hand, is the correct positive
predictions from the total of positive classes. Thus, these two metrics and the
combination of them, are biased towards positive classes. Depending on the objective
of the study, a metric that accounts for all the elements in the confusion matrix may be
needed to obtain an unbiased analysis of the algorithms. For instance, accuracy (ACC)
(equation 4.17)

(4.17)𝐴𝐶𝐶 =  𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁

Accuracy measures the number of correct predictions divided by the total predictions.
However, it suffers from an imbalance between positive and negative classes. Less
affected metrics against imbalanced data are Matthew's Correlation Coefficient
(MCC) (equation 4.18), and Cohen's Kappa (equation 4.19). Both metrics range
between , where -1 means total disagreement between prediction and real[− 1, 1]
class, 0 meaning random agreement, and 1 total agreement.

(4.18)𝑀𝐶𝐶 =  𝑇𝑃*𝑇𝑁−𝐹𝑃*𝐹𝑁
(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)

(4.19)𝑘𝑎𝑝𝑝𝑎 =  𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 − 𝑟𝑎𝑛𝑑𝑜𝑚 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦
1 − 𝑟𝑎𝑛𝑑𝑜𝑚 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦

Where random accuracy is defined as the accuracy that would be expected by chance:

50



(4.20)𝑟𝑎𝑛𝑑𝑜𝑚 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)+(𝐹𝑁+𝑇𝑃)(𝐹𝑃+𝑇𝑃)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)2

All these metrics are computed based on a single threshold to transform probabilities
into classification labels. However, to show the robustness of a binary classifier across
different thresholds, the Receiver Operating Characteristic (ROC) curve is more
suitable.
ROC curves plot the TPR against FPR (Figure 8) at different threshold settings. The
Area Under the Curve (AUC) is a useful metric to describe how well is the algorithm
able to distinguish between two classes, the higher the AUC is the better, which ranges
from , where a describes a random classifier. AUC is computed by[0, 1] 𝐴𝑈𝐶 = 0. 5
integrating over a threshold parameter (equation 4.21).𝑇

(4.21)𝐴𝑈𝐶 =
−∞

  ∞

∫ 𝑇𝑃𝑅(𝑇)𝐹𝑃𝑅'(𝑇) 𝑑𝑇 = 𝑃(𝑋
1

> 𝑋
0
)

Figure 8: Receiver Operating Characteristic (ROC) curve. The solid green line
represents the performance of the algorithm and the light green area represents the
Area Under the Curve (AUC). The dashed horizontal line is the performance of a
random classifier. The algorithm performs better if the AUC is increased in the Y-axis
and decreased in the X-axis.
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5. Present investigations

Paper I

Paper I introduces the latest update for FunCoup, one of the most comprehensive
functional association networks. In order to have a high coverage and accuracy, these
networks rely on a widely diverse amount of data and in quality gold standards. Thus,
we updated the eleven different evidence types used including: mRNA co-expression,
protein interaction, phylogenetic profile similarity, co-miRNA regulation by shared
miRNA targeting, subcellular colocalization, domain-domain interaction, protein
co-expression, genetic interaction profile similarity, shared transcription factor binding,
and quantitative mass spectrometry. Moreover, we updated all five gold standards: PPI,
metabolic and signaling pathways from KEGG, protein complexes, and shared operon.
We further increased the quality of the gold standards by applying a more stringent
quality control. In previous releases if two proteins were part of the same protein
complex it was considered evidence for an association. However, some of these
complexes included up to 1000 proteins, increasing the chances of spurious
associations. To make the associations more specific we only considered protein
associations in a shared complex if the size is smaller than 100 proteins. Also with PPI
gold standards, quality was increased by limiting the physical associations to 100
interactions within the same experiment.

FunCoup 5 contains 22 species, increasing the coverage of all domains of life by
including 5 new species: two eukaryotes, Sus scrofa and Dictyostelium discoideum, two
archaea: Methanocaldococcus jannaschii and Saccharolobus solfataricus, and the virus
SARS-CoV-2. Data-wise we have extended the mRNA expression evidence by adding
RNA-seq data.

The SARS-CoV-2 virus was not added as an independent network for the
associations between the viral genes, instead it was included in a novel virus-host
network with the Homo sapiens species. Insights in virus-host interactions were
obtained, however at the time the data was retrieved there was not that many available
studies and thus the confidence of the associations is relatively low.

In this new release, we brought the tissue specificity of gene expression. This
filtering feature could add more context to the underlying conditions, for instance many
diseases are tissue specific (Kitsak et al. 2016). Additional insights for regulatory links
are added through the directed links and even though the coverage is low, it provides
the beginning of a path towards a comprehensive directed network.

An important update was solved for FunCoup 4.1 regarding the mapping of
genes and proteins. FunCoup relies on Ensembl gene IDs which may not provide a
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one-to-one mapping to other identifiers like gene symbols. Ensembl creates different
identifiers for the same gene if the genomic locus is duplicated in an Ensembl assembly.
This issue was of special importance when using FunCoup for pathway enrichment
purposes, since a duplicated and highly connected gene could bias the results.

Future perspectives:

The coverage of directed links is low, thus future updates should add data from more
species so orthology transfer can be used, together with new data such as enzymatic
links.

Further insights can be obtained by clustering FunCoup into modules with
functional characteristics. Given the comprehensiveness of FunCoup it can potentially
discover novel functional sets that are still not annotated.

The LLR calculation relies on a discretization approach based on a binning
procedure. Changing the binning procedure into a smoothing function or local
regression approach could increase the precision of the LLR computation.

Paper II

Gaining functional insights into the gene sets derived from experiments is fundamental
for further understanding of the mechanisms implicated in the condition under study.
During the last decades a huge number of tools have been developed with the aim of
providing further functional insights. Most of the methods rely on overlap between sets
of genes to assess statistical significance. With network-based analysis (NBA) methods
the sensitivity can be significantly improved by studying it from a network perspective.
Instead of relying on overlap, NBA methods use the number of shared links between
sets, known as crosstalk, to assess statistical significance. However, state-of-the-art
NBA methods consider pathways as random gene sets but they are sets of genes with
known biological function and thus, not random. This causes the null distributions for
those methods to heavily underestimate the variance of the expected crosstalk for
random query gene sets, thus suffering from high rates of false positives.

Paper II presents a novel NBA method named ANUBIX. ANUBIX differentiates
from the other NBA methods by keeping the properties of the pathway intact and
focusing entirely on the query gene set properties. In order to cope with these
overdispersed distributions ANUBIX is based on random sampling of gene set sizes of
the same size as the original query gene set and fits the expected crosstalk to a
beta-binomial distribution. Benchmarks show that ANUBIX clearly outperforms other
NBA methods when testing for false positives and still competes in terms of true
positives. Besides bringing a more robust and still sensitive method, running ANUBIX
with all the MSigDB gene sets against KEGG pathways shows that it can find
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biologically relevant pathways that are not found by other methods.

Future perspectives:

Even though experimental data often does not offer genome-wide per-gene scores, for
instance from GWAS studies, protein-protein interactions, curated gene-disease
associations, or gene-drug associations, if provided, it could be beneficial for NBA
methods.

NBA methods so far use the crosstalk the pathway has to the query gene set but
all those links are counted as equally important. In addition to it, taking the importance
of each pathway gene into account could be beneficial, similar to PT methods.

Hubs may be an issue when performing pathway enrichment. Even though
ANUBIX does a constraint randomization procedure to build the null distributions and
accounts for the degree of the genes, more efforts should be made to dilute the impact
of hubs, e.g. downweighting the crosstalk of the hubs to the pathway, depending on the
total crosstalk it has in the network.

NBA methods are useful because pathways are highly incomplete, however we
should still aim for a combination of overlap and crosstalk based algorithms where
overlap should be weighted more than crosstalk since it is less common.

Even though it would complicate the analysis considerably, pathway enrichment
analysis tools generally miss the study of pathway dependencies, which would add
further insights into the mechanisms involved.

Pathways may be highly redundant, thus preprocessing them to reduce
redundancy would provide further insights of pathway specific mechanisms.

Paper III

A problem that most pathway enrichment methods ignore is that gene sets tend to be
noisy and heterogeneous, hindering the ability of these methods to recover all the
different mechanisms that may be involved in the condition. In this paper we study the
implications of network clustering in pathway enrichment analysis with the aim of
increasing the sensitivity of the available tools. The pipeline consists of applying
clustering to the query gene set and running pathway enrichment on each of the
modules separately.

The study showed that the sensitivity of the methods significantly increased when
applying clustering on the gene sets. Also, it helped to elucidate complex mechanisms
that are involved in the experimental condition. However, for most NBA methods it
comes with a high price in specificity. All the network-based methods but ANUBIX
suffered from much higher FPRs than without applying clustering. On the other hand,
ANUBIX increased the sensitivity while keeping a high specificity. Thus, showing that
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pre-clustering of gene sets should only be used if the underlying methods are robust
before applying clustering.

Future perspectives:

Functional gene sets share many genes, therefore allowing for overlap during the
clustering process would make the modules more biologically sound.

The null model could be improved by making the random sampling procedure
more stringent, mimicking the properties of the clusters better.

Paper IV

Providing scientists with easily accessible and utilizable tools developed in
bioinformatics is crucial. For that purpose, pathway enrichment analysis tools are often
provided as a web server. However, there are only a few network-based analysis (NBA)
pathway enrichment web servers such as Enrichnet, EviNet (Jeggari et al. 2018), or
PathwAX (Ogris, Helleday, and Sonnhammer 2016) but only the last two provide
statistical significance for the crosstalk. In addition, the methods that EviNet and
PathwAX rely on tend to suffer from high false positive rates, increasing the necessity of
a robust NBA web server. Thus, paper IV presents a web server named PathBIX, where
both ANUBIX and clustering are applied. PathBIX uses all the 21 species available in
FunCoup 5. Three different cutoffs for the link confidence are provided, 0.8, 0.95, and
0.99. Since Pathway databases content tend to differ considerably we also provide
three different databases such as KEGG, REACTOME, and WikiPathways. The web
server is straightforward to use, users input their list of genes with their preferable
settings. The results are shown as a table with all the enriched pathways, providing an
interactive network visualization for each of them. Besides the insights provided through
multiple features, we also show the results of standard GEA analysis for direct
comparison.

Future perspectives:

Increasing the coverage of functional gene set databases to make the analysis more
comprehensive, e.g. GO, tissue-specific gene sets, or disease gene sets. Additionally,
cross-database analysis or a pathway dependency analysis would provide further
insights.
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Summary

Understanding biological mechanisms, especially those driving diseases, is central in
bioinformatics. Complexity of biological systems and their intercellular interactions
spans across different levels of regulation. Thus, requiring a framework that can
combine multiple experimental datasets from different experimental approaches to
provide a more complete picture of the mechanisms governing biological systems.
These frameworks are known as functional association networks of genes, where genes
interact if they share functionality. The first part of the thesis focuses on an update of the
functional association network named FunCoup. This update brings new species,
completing the domains of life, together with the SARS-CoV-2 human host interactome.
New insights can be obtained by the newly added features such as tissue specificity, for
instance diseases tend to be tissue specific, or by directed links which are necessary for
representing regulatory interactions.

Complex biological mechanisms have many genes involved, thus studying those
genes as a group and not individually add more insights into the biological functions
involved. A well established approach is pathway enrichment analysis which maps the
list of genes to known functional gene sets or pathways. Paper II presents a novel
pathway enrichment analysis method called ANUBIX. Instead of relying on overlap
between sets, ANUBIX uses a functional association network to measure the crosstalk
between gene sets and pathways. ANUBIX overcomes the high false positive rates
issue that other NBA approaches have because in their models they treat pathways as
random sets. ANUBIX keeps the pathway properties intact and focuses on the query
gene sets instead. Even though the algorithm is robust and sensitive, gene sets derived
from experiments are often noisy or heterogeneous, representing several pathways and
thus weakening their associations to the genes of interest. To overcome this, in paper III
we created a pipeline that first clusters the query gene sets into a set of more
homogeneous modules and then applies pathway enrichment analysis to each of them
separately with the aim of increasing sensitivity.

Besides generating robust and effective algorithms an important aspect in
bioinformatics is to make these tools easily accessible to the scientific community. In
paper IV we introduced a web server named PathBIX where ANUBIX and the clustering
approach is implemented. All the species from FunCoup are included, together with
three different pathway databases. The results are given as a table of significantly
enriched pathways and a network visualization is provided for each pathway. Additional
insights are provided through a gene matrix where further information is provided for the
crosstalk to the pathway.
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Sammanfattning

Att försöka förstå biologiska mekanismer, särskilt de som driver sjukdomar, är centralt
inom bioinformatik. För att komma åt komplexiteten hos biologiska system krävs
ramverk som kan kombinera stora datamängder från olika experimentella metoder.
Dessa ramverk är kända som gen- eller proteinnätverk, där gener är sammankopplade
om de medverkar i samma funktion.

Den första delen av avhandlingen fokuserar på en uppdatering av FunCoup, en
databas för gen- och proteinnätverk. Denna uppdatering inkluderar nätverk för nya arter
bland annat från domänen arkéer, och innehåller dessutom nätverket för mänskliga
gener som interagerar med proteiner från SARS-CoV-2 viruset. Nya funktionaliteter
såsom vävnadsspecifika nätverk och riktade interaktioner introduceras också i denna
uppdatering, och kan ge nya insikter om sjukdomar samt regleringen av gener i cellen.

Komplexa biologiska mekanismer involverar oftast många gener. Vissa insikter
kan fås när dessa gener studeras var för sig. I praktiken behövs det oftast ett
helhetsgrepp där de inblandade generna studeras i grupp. Ett väletablerat
tillvägagångssätt är se om den studerade gruppen av gener överlappar med gener
knutna till en viss biologisk funktion. Artikel II presenterar ANUBIX, en ny metod för
denna typ av analys. Istället för att enbart titta på överlappen av gener studerar ANUBIX
kopplingar mellan den studerade gruppen av gener med gengrupper med känd funktion,
inom ramen för ett gennätverk. ANUBIX reducerar den höga frekvensen av falska
positiva som andra nätverksbaserade metoder harGener som härrör från experimentella
utvärderinga av olika sjukdomar är kan innehålla brus eller vara heterogena då de oftast
stammar från undergrupper med olika funktion vilket kan försvåra analysen. För att
hantera detta, skapade vi i artikel III en pipeline som först gruperar de studerade
generna i mer homogena moduler för att sedan applicera analysen separat på
undergrupperna vilket tycks öka känsligheten.

Att ta fram tillförlitliga och effektiva biologiska analysverktyg är en viktig aspekt
inom bioinformatik. Dock behöver dessa också göras lättillgängliga för det
vetenskapliga samhället. I artikel IV introducerade vi därför en webbserver med namnet
PathBIX där ANUBIX och klustringsmetoden från artikel III implementerats, och
resultaten kan visualiseras inom ramen för FunCoup samt ett antal databaser som
kartlägger grupper av gener med känd funktion.
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Marta Patricio. Special mention to the road trip that we did to the south of Sweden
between Patrick, Rozbeh, Victor, and me. Many things to remember, like the tasty
local food from Mörrum or the shooting star that we all but Rozbeh saw. Deniz
Seçilmiş, Denisita, we started the PhD almost at the same time and I can say I am
very lucky to have you by my side. We have completed all the PhD stuff together and
we have done so many things together (how many people thought we were a couple?):
teaching the course, feminism course, Okinawa, gym buddy, tennis buddy, 42343243
weekends in the office, those Starbucks/Espresso house studying days will be missed,
all those days were we skipped diet in McDonalds… In general, you know that I do not
use the label “friend” that easily and you by far deserve it.

One of my hobbies is computer gaming which I tend to enjoy many nights during
the week. Those nights playing with Commando Petroleo were very important to
distract from all the duties that came with the PhD. Thanks to all of them, especially
Aleix Martinez Becerra, “Alwix”, we have been playing together for so long already,
from Halo 3 back in 2006 to League of Legends nowadays… which one will be the
next? “Unos chinos?”. This hobby also brought another very important friendship with
Juan Manuel Alvarez Nuñez, “Musgo”. I have only met once in my life, which was in a
“sociedad” where instead of eating txuletón he ate a frozen lasagna. Omitting that, since
we started playing League of Legends back in the sick days, we have been getting
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closer and closer having fun with our perverse way of playing online games. Also, in our
adventures into the world of trading (see you in Las Vegas by the way). Finally, I would
like to thank Violeta Anca Prado for being part of my life, for being able to deal with my
chaotic mind and giving me comfort when I need it. Also, our different views of the world
bring interesting discussions, even though you are wrong. Finally 2.0, thanks to my
beautiful tomato plant and carnivore plant, “Chuache”, for being there with me.
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