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Biomedical research models try to leverage useful insights for the sake of 

human health. Such models emerge from data, and, in recent years, the advent of 

omics technologies has revolutionized the way molecular data is generated and 

processed. Omics technologies allow the systematic evaluation of the molecules in a 

sample, generating large amounts of data that need to be analyzed and interpreted 

through computational approaches. Particularly, in the functional analysis step, 

molecular features are usually combined with prior knowledge to reduce its dimension 

and increase its interpretability. Across the different functional analysis approaches, 

those that try to model altered cellular signaling circuits hold the promise to reveal 

disease mechanisms and to allow the development of effective treatments. Cellular 

signaling can be traced and modeled from multiple molecular layers, but first 

proteomics, then transcriptomics and finally genomics offer the closer look to signaling 

processes. Among them, due to its balance between technology and closeness to the 

phenotype, the sequencing of RNA molecules (RNA-Seq), has gained great popularity 

in the past few years.  

In the present work, we develop new computational tools to deepen on the 

analysis and modeling of cellular signaling circuits from transcriptomic and proteomic 

data. First, we developed MIGNON, a novel workflow for the analysis of RNA-Seq data 

that can analyze the genomic and transcriptomic information extractable from this 

technique. MIGNON offers a mechanistic signaling framework to combine the two 

levels of information, generating an output easy to interpret and link to a given 

phenotype. Second, we applied and evaluated different computational strategies to 

infer altered cellular signaling circuits from transcriptomic, proteomic and 

phosphoproteomic data, highlighting the similarities and differences between them. 

Finally, we created a basic toolkit to perform the visualization, differential analysis and 

classic functional analysis of transcriptomic and proteomic data that was applied to 

create, reinforce, or refute hypotheses in different biomedical research contexts. 

Overall, this thesis work aims to improve the functional analysis of 

transcriptomic and proteomic data, providing the research community with classic and 

novel methodologies in the form of software packages. In addition to the novelty of 

MIGNON and of the comparison of strategies to model cellular signaling circuits, we 

believe that this work can help to widen the bottleneck constituted by the omic data 

interpretation in biomedical research contexts.  
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Los modelos científicos empleados en la investigación biomédica pretenden 

generar información útil para mejorar la salud humana. Estos modelos emergen a partir 

de datos y, en los últimos años, la llegada y el perfeccionamiento de las tecnologías 

ómicas ha revolucionado la forma en la que los datos moleculares son generados y 

procesados. Las tecnologías ómicas permiten evaluar sistemáticamente las moléculas 

en una muestra biológica, generando una gran cantidad de datos que deben ser 

analizados e interpretados a través de aproximaciones computacionales. 

Concretamente, en el análisis funcional, los datos ómicos se combinan con información 

previa, reduciendo su dimensión e incrementando su interpretabilidad. De entre las 

diferentes estrategias de análisis funcional, aquellas que intentan modelar los circuitos 

de señalización alterados son especialmente prometedores de cara a revelar los 

mecanismos subyacentes a procesos patológicos, permitiendo el desarrollo efectivo de 

nuevos tratamientos. Este modelado se puede llevar a cabo con diferentes capas 

moleculares, pero, las técnicas proteómicas, transcriptómicas y genómicas, en ese 

orden, ofrecen la visión más cercana a los procesos de señalización. De entre ellas, 

debido a su equilibrio entre desarrollo tecnológico y cercanía al fenotipo, la 

secuenciación de moléculas de ARN (RNA-Seq) ha ganado una gran popularidad en 

los últimos años. 

En este trabajo, hemos desarrollado nuevas herramientas computacionales 

para profundizar en el análisis y modelado de circuitos de señalización celular a partir 

de datos transcriptómicos y proteómicos. En primer lugar, desarrollamos MIGNON, un 

nuevo workflow para el análisis de datos de RNA-Seq capaz de analizar la información 

genómica y transcriptómica que se puede extraer de esta técnica. Además, MIGNON 

ofrece la posibilidad de combinar los dos niveles de información en el contexto de un 

modelo de señalización celular, generando un resultado fácil de interpretar y de 

vincular a determinados fenotipos. En segundo lugar, aplicamos y evaluamos 

diferentes estrategias computacionales para inferir circuitos de señalización celular a 

partir de datos transcriptómicos, proteómicos y fosfoproteómicos, explorando la 

similitudes y diferencias entre ellos. Finalmente, creamos un kit computacional para 

llevar a cabo la visualización y el análisis estadístico y funcional de datos 

transcriptómicos y proteómicos. Este kit fue aplicado para crear, reforzar o refutar 

hipótesis en diferentes contextos de investigación biomédica. 
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En resumen, el trabajo de esta tesis pretende mejorar el análisis funcional de 

datos transcriptómicos y proteómicos, proporcionando a la comunidad metodologías 

novedosas y clásicas en forma de nuevos paquetes de software. Además de la 

novedad de MIGNON y de la comparación de estrategias para modelar los circuitos de 

señalización celular, creemos que este trabajo puede ayudar a ensanchar el cuello de 

botella que representa el análisis e interpretación de datos ómicos en la investigación 

biomédica.  

  



 Abbreviations 

  

13 

Abbreviations 

  



Abbreviations 

 

14 

  



 Abbreviations 

  

15 
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• Variant Calling Format: VCF 

• Variant Effect Predictor: VEP 

• Workflow Description Language: WDL 

File formats and softwares are named as described in each tool manuscript or 

online documentation. Genes and proteins are named according to the HUGO Gene 
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1. Models, complexity, omics, and prior knowledge 

1.1. Models and biological complexity 

In science, modeling can be defined as “the generation of a physical, 

conceptual, or mathematical representation of a real phenomenon that is difficult to 

observe directly” (1). Notably, models are everywhere in biomedical research, from 

cellular or animal models that try to mimic pathological conditions, to the mathematical 

models that are employed to analyze resulting data. Models enforce a scientific habit of 

mind, and are crucial to explain natural phenomena from a “militant ignorance” (2). 

Markedly, “since all models are wrong” were the words chosen by George Box back in 

1976 to highlight the limitations of scientific models to capture and explain real world 

complexity (3). However, although not perfect, such models are our best available tools 

to try to understand complex problems, like the causes of a disease or a particular drug 

effectiveness. This is also stated in George Box’s manuscript with the following 

sentence: “we make tentative assumptions about the real world which we know are 

false but which we believe may be useful nonetheless”.  

Particularly, in biomedical research, scientific models try to simplify biological 

complexity to derive useful insights for the sake of human health. In general, the 

sources of such complexity are unknown, although some examples of them include 

intrinsic and environmental factors, or those related to biological hierarchy. For 

instance, the biological hierarchy is probably one of the most emphasized aspects 

when learning biology (4). From molecules to organisms, there is a wide range of levels 

with different structure, composition, morphology, and distribution. Thus, structural 

biology groups the entities in molecules, organoids, cells, tissues, organs, and 

organisms, each of them being a hierarchical level of complexity. This hierarchy is also 

observed at the central dogma of molecular biology. The deoxyribonucleic acid (DNA) 

is used as the template to create ribonucleic acid (RNA) molecules, which are 

translated into proteins that trigger functions such as signaling or metabolism. In 

essence, models may propagate better or worse through the hierarchical layers, and 

this is something that should not be forgotten (5).  

Another clear example of biological complexity can be found within the 

combination of intrinsic and extrinsic factors (6). The most compelling evidence is 

observed in genetics and development. Two cells, carrying the same genetic material, 
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can become cell types with completely different functions, such as a keratinocyte or a 

neuron, depending on a combination of extrinsic and intrinsic factors. Furthermore, the 

environment is perhaps one of the aspects that is controlled the most in biological 

models. In fact, many models are based on the concept of changing certain 

environmental conditions, leaving the others fixed, to see how a cell, tissue or organism 

reacts. Normally, such perturbations are modeled when analyzing the results with 

statistical approaches, as described by Ronald A. Fisher in 1935 (7). However, when 

such perturbations are not obvious and thus are not considered, models may provide 

misleading results. A clear example of this is the crosstalk that occurs between 

signaling pathways in cancer (8), where targeting an individual signaling circuit without 

considering the rest can be very limiting to a specific use-case.  

1.2. “Omics” technologies 

We use data for the induction of new models, and over the last 25 years, 

starting with the automation of DNA microarrays (9), the way data is obtained to study 

biological systems has progressively changed. Omics technologies have evolved from 

measuring a small set of molecules to being able to quantify comprehensively and 

simultaneously hundreds or thousands of molecules. In this sense, the term “omics” is 

assigned to a group of techniques that aim to study a sample’s molecular “-ome”, this 

being the totality of molecules of a specific type. The appearance of such approaches is 

closely related to the establishment of the term “systems biology”, which is now ~ 20 

years old (10). Thus, from a biochemical perspective, we can divide the main omics 

technologies into four groups (11,12): 

• Genomics, the most mature of the omics fields (12,13), delves into the composition 

and properties of the DNA molecules in a sample. Moreover, the study of DNA 

accessibility and modifications constitutes a strongly developed sub-field which is 

known as epigenomics (14). The output of genomics technologies takes the form of 

regions, which correspond to coordinates in an organism’s genetic code. 

• Transcriptomics study the transcriptome, which is constituted by the RNA 

molecules of a sample, including both coding and non-coding RNAs. The 

approaches employed within this group aim to measure RNA molecules 

qualitatively and quantitatively (15), and produce an output which is feature based, 

such as the expression of a given gene, or the presence of a particular micro-RNA 

(miRNA). 
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• Proteomics aim to deepen into the abundance, structure, modifications, and 

interactions of all the proteins in a sample. Much like transcriptomics, proteomics 

approaches produce an output which is feature based and which can have a 

qualitative or quantitative nature. In particular, since the appearance of approaches 

to measure protein post-translational modifications (PTMs) in a systematic and 

effective way (16), the field of proteomics has grown enormously to the point that it 

has been compared to genomics technologies, although its coverage still behind 

that provided by genomics and transcriptomics (17). 

• Metabolomics is the field that attempts to systematically characterize all 

metabolites in a sample. The metabolome is composed by multiple small molecule 

types, such as amino acids, lipids, or carbohydrates. Although traditionally 

employed for biomarker discovery, and given its proximity to the observable 

phenotype, metabolomics technologies are now considered a powerful tool to 

elucidate biological mechanisms (18). 

 In addition to those, there are other techniques that arise from granularity, like 

translatomics and epigenomics, from studying different organisms, like metagenomics, 

or from applying several omics to the same set of samples, also known as multi-omics. 

From a technical point of view, we can group the omics approaches in two broader 

sets: Techniques that use next generation sequencing (NGS), including genomics and 

transcriptomics, and techniques that employ mass spectrometry (MS), namely 

proteomics and metabolomics (19). Figure 1 provides an overview of the main omics 

technologies.  

 

Figure 1. Overview of the different omics approaches. The horizontal axis defines the proximity to the 
phenotype as defined in Hasin et al. 2017 (13). Boxes indicate the groups of omics approaches from a 
technical perspective, as defined in Tarazona et al. 2020 (19).  
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Although each omic technology has its own particularities, all of them generate 

data in a high-throughput manner. To get an idea of how much information can be 

obtained using these technologies, while recognizing that actual numbers may vary 

between assays, it is interesting to take a look to one of the most recent multi-omics 

studies of the Clinical Proteomic Tumor Analysis Consortium (CPTAC) (20). In this 

study, authors characterized 99 glioblastomas using genomics, transcriptomics, 

proteomics, and metabolomics. Table 1 depicts the number of features that were 

identified from each of the approaches and, as one can see, it can vary from hundreds 

to thousands of molecules. This dimension of data is something that can no longer be 

handled using visualization or interpretation techniques that are applied to a few dozen 

features. Consequently, in recent years, there has been an explosion of computational 

approaches to handle and analyze omics data. 

Omic Feature Identified features 

Genomics Somatic mutations 6625 

Genomics Somatic copy number variations 27217 

Transcriptomics Gene expression 45914 

Transcriptomics Circular RNA expression 3671 

Transcriptomics Mature miRNA expression 2883 

Proteomics Protein abundance 10998 

Proteomics Phosphosite abundance 70330 

Metabolomics Lipid abundance 582 

Metabolomics Metabolite abundance 134 

Table 1. Number of identified features per omic technique in the glioblastoma study. Data were extracted 
from the Table S2 of Wang et al. 2021 (20).  

1.3. Prior knowledge and databases 

Usage of prior knowledge is inherent to the scientific method. Thus, the first 

step when asking a new question is to perform extensive background research, 

recapitulating the most recent relevant knowledge in the so-called state-of-the-art. Most 

of this prior knowledge is stored in the form of unstructured text in scientific articles, 

which can be retrieved and explored through manual bibliographic review or, more 

systematically, with text mining approaches that allow natural language processing 

(21). In recent years, and in part due to the explosion in popularity and availability of 

omics data, manual retrieval of all knowledge is no longer feasible, as the number of 

questions that can be answered with such data grows together with its volume. 

Henceforth, structured biological databases are the perfect complement to a 
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bibliography, as they provide information in a way that is easily usable by computational 

models (22). 

Structured databases make information available in an organized manner, 

normally through tables or records, providing a quick and easy way of obtaining 

knowledge. It is important to realize that structured knowledge has been extensively 

used throughout history, and that a great example of this are non-digital encyclopedias 

or its digital counterpart, the Wikipedia. In molecular biology, some databases 

throughout history have revolutionized the way researchers store and use information 

(23). For example, the initial version of the Protein Data Bank was published in 1977, 

providing the first computer-based archival file for macromolecular structures, which 

was distributed in three different geographical locations: Brookhaven (United States), 

Tokyo (Japan), and Cambridge (Europe) (24). Some years later, in 1990, the 

appearance of new computational approaches, like the basic local alignment search 

tool (BLAST) transformed sequence databases into widely used resources (25). A good 

illustration of this was SWISS-PROT, published in 1997 (26), or the RefSeq database, 

released in 2000 (27). SWISS-PROT was later integrated into the UniProt archive, 

which provided a summary of the main characteristics of all known proteins for different 

organisms, and that was released in 2004 (28). Coupled to those, in the same period, 

other databases focused on the functional role of genes and proteins, and their 

interactions, were also published. Such databases contained the knowledge 

accumulated during decades of research and made it available in a simple and 

computer-friendly manner. For instance, the first version of the Kyoto Encyclopedia of 

Genes and Genomes (KEGG) was released in 1995, providing links between 

sequences and biological functions, and grouping biological entities like genes and 

proteins into molecular pathways (29). Later, in the year 2000, the Gene Ontology (GO) 

database was published, providing biologists an unified language for the functional 

annotation of genes (30). In the same year, the database of interacting proteins (DIP) 

was published, releasing a comprehensive and integrated tool for browsing information 

about protein interactions and networks in biological processes (31).  

Of these databases, some have matured, some have disappeared, and others 

have become meta-databases. The latter try to serve as the “Towers of Babel” for 

knowledge and provide different levels of information that aim to cover different aspects 

of biology. For example, the current version of KEGG is a multi-level database that 
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covers systems, genomic, chemical and health information, and that due to the recent 

global pandemic, has decided to make an effort to systematically define interactions 

between viruses and cellular organisms (32). Another good example of a meta-

database is ConsensusPathDB, which gathers information from 32 public resources to 

integrate interaction networks in Homo Sapiens including binary and complex protein-

protein, genetic, metabolic, signaling, and drug-target interactions, as well as 

biochemical pathways (33). A more recent example of this kind of databases is 

OmniPath, which contains information about Homo Sapiens transcriptional regulation, 

protein structure and mechanism, protein-protein interactions (PPI), tissue expression 

patterns, functional annotations and inter-cellular communication in a single and unified 

resource (34,35). Overall, there is a long list of databases that group and collect 

biological information and that are used daily in biomedical research. Table 2, adapted 

from Zou et al. 2015 (36), provides an overview of some of the databases employed for 

human research. 

Name URL Brief description 

1000 Genomes 
http://www.1000genome
s.org 

A deep catalog of human 
genetic variation 

ArrayExpress 
http://www.ebi.ac.uk/arr
ayexpress  

Database of functional 
genomics experiments 

COSMIC 
http://cancer.sanger.ac.
uk  

Catalog Of Somatic Mutations 
In Cancer 

dbSNP 
http://www.ncbi.nlm.nih.
gov/snp  

Database of single nucleotide 
polymorphisms 

DIP 
http://dip.doe-
mbi.ucla.edu  

Database of Interacting 
Proteins 

DisGeNET 
http://www.disgenet.org/
web/DisGeNET/v2.1  

Gene–disease associations 

EGA http://www.ebi.ac.uk/ega  

European Genome–phenome 
Archive 

Ensembl http://www.ensembl.org  Ensembl genome browser 

Expression Atlas http://www.ebi.ac.uk/gxa  

Differential and baseline 
expression 

GENCODE 
http://www.gencodegen
es.org  

Encyclopedia of genes and 
gene variants 

GeneCards 
http://www.genecards.or
g 

Integrated database of human 
genes 

GO http://geneontology.org  Gene ontology 

HGNC 
http://www.genenames.
org 

Database of human gene 
names 

HMDB http://www.hmdb.ca  Human Metabolome Database 

Human Protein 
Atlas 

http://www.proteinatlas.o
rg 

Tissue-based map of the 
human proteome 

http://www.1000genomes.org/
http://www.1000genomes.org/
http://www.ebi.ac.uk/arrayexpress
http://www.ebi.ac.uk/arrayexpress
http://cancer.sanger.ac.uk/
http://cancer.sanger.ac.uk/
http://www.ncbi.nlm.nih.gov/snp
http://www.ncbi.nlm.nih.gov/snp
http://dip.doe-mbi.ucla.edu/
http://dip.doe-mbi.ucla.edu/
http://www.disgenet.org/web/DisGeNET/v2.1
http://www.disgenet.org/web/DisGeNET/v2.1
http://www.ebi.ac.uk/ega
http://www.ensembl.org/
http://www.ebi.ac.uk/gxa
http://www.gencodegenes.org/
http://www.gencodegenes.org/
http://www.genecards.org/
http://www.genecards.org/
http://geneontology.org/
http://www.genenames.org/
http://www.genenames.org/
http://www.hmdb.ca/
http://www.proteinatlas.org/
http://www.proteinatlas.org/
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ICGC http://icgc.org  

International Cancer Genome 
Consortium 

JASPAR http://jaspar.genereg.net  

Transcription factor binding 
profile database 

KEGG 
http://www.genome.jp/ke
gg  

Kyoto Encyclopedia of Genes 
and Genomes 

KEGG PATHWAY 
http://www.genome.jp/ke
gg/pathway.html  

KEGG pathway maps 

MINT 
http://mint.bio.uniroma2.i
t/mint  

Molecular INTeraction 
Database 

NCBI GEO 
http://www.ncbi.nlm.nih.
gov/geo  

Gene Expression Omnibus 

NCBI RefSeq 
http://www.ncbi.nlm.nih.
gov/refseq  

NCBI Reference Sequence 
Database 

OMIM http://omim.org  

Online Mendelian Inheritance in 
Man 

PANTHER 
http://www.pantherdb.or
g 

Protein ANalysis THrough 
Evolutionary Relationships 

PDB http://www.rcsb.org/pdb  

Protein Data Bank for 3D 
structures of macromolecules 

Pfam http://pfam.xfam.org  

Database of conserved protein 
families and domains 

PID http://pid.nci.nih.gov  Pathway Interaction Database 

PIR 
http://pir.georgetown.ed
u 

Protein Information Resource 

PRIDE 
http://www.ebi.ac.uk/prid
e 

PRoteomics IDEntifications 

PubMed 
http://www.ncbi.nlm.nih.
gov/pubmed  

Database of biomedical 
literature from MEDLINE 

PubMed Central 
http://www.ncbi.nlm.nih.
gov/pmc  

Free full-text literature archive 

Reactome http://www.reactome.org  

Curated and peer-reviewed 
pathway database 

TargetScan 
http://www.targetscan.or
g 

Predicted miRNA targets in 
mammals 

TCGA 
http://cancergenome.nih
.gov  

The Cancer Genome Atlas 

UCSC Genome 
Browser 

http://genome.ucsc.edu  

UCSC Genome Browser 
database 

UniProt http://www.uniprot.org  Universal protein resource 

Table 2. List of databases for human research. Adapted from Zou et al. 2015 (36). 

1.4. Curated and non-curated information 

Given the dimension of biological databases, some of the records are 

redundant, inconsistent, incomplete, or outdated, an issue that can be addressed by 

manually reviewing the information, with the support of automatic tools (37,38). This 

http://icgc.org/
http://jaspar.genereg.net/
http://www.genome.jp/kegg
http://www.genome.jp/kegg
http://www.genome.jp/kegg/pathway.html
http://www.genome.jp/kegg/pathway.html
http://mint.bio.uniroma2.it/mint
http://mint.bio.uniroma2.it/mint
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/refseq
http://www.ncbi.nlm.nih.gov/refseq
http://omim.org/
http://www.pantherdb.org/
http://www.pantherdb.org/
http://www.rcsb.org/pdb
http://pfam.xfam.org/
http://pid.nci.nih.gov/
http://pir.georgetown.edu/
http://pir.georgetown.edu/
http://www.ebi.ac.uk/pride
http://www.ebi.ac.uk/pride
http://www.ncbi.nlm.nih.gov/pubmed
http://www.ncbi.nlm.nih.gov/pubmed
http://www.ncbi.nlm.nih.gov/pmc
http://www.ncbi.nlm.nih.gov/pmc
http://www.reactome.org/
http://www.targetscan.org/
http://www.targetscan.org/
http://cancergenome.nih.gov/
http://cancergenome.nih.gov/
http://genome.ucsc.edu/
http://www.uniprot.org/
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process is known as curation, and provides a quality leap in the delivered information, 

that represents an extraordinary volume of work (39). Some databases provide curated 

information, such as UniProt or Reactome (40), a resource for the visualization, 

interpretation and analysis of pathway knowledge. Such databases make a great effort 

to enroll domain experts to review and certify the information that they publish, even 

having public guidelines and tools for such curators. On the other hand, non-curated 

databases use data or computational approaches to build the served knowledge. 

Examples of those are NetworKIN (41), that uses annotated kinase-substrate motifs to 

find new interactions through a sequence similarity search, or the Human Protein Atlas 

(42), which is designed to serve the results of a group of assays to determine the 

abundance level of proteins in different tissues and subcellular compartments. 

Moreover, some databases such as GO or STRING (43), a PPI database, deliver a 

combination of curated and non-curated knowledge. 

Depending on the purpose of the research, scientists may prefer curated or 

non-curated knowledge. While curated databases provide a solid basis to build new 

hypotheses, non-curated information may be especially relevant to make new and 

ground-breaking discoveries. This happens because of the so-called popularity bias, in 

which researchers try to build knowledge on top of “safe” knowledge that is proven and 

accepted by the scientific community (44). However, this leads to an observational bias 

that occurs when people only search for something where it is easiest to look, which is 

also known as the streetlight effect (44,45). Indeed, some authors have argued that this 

gene annotation bias in databases is an obstacle for biomedical research, and that part 

of the unanswered questions would be addressed through data-driven approaches (46). 

Figure 2 exemplifies this by showing the top 10 most cited genes from the NCBI Entrez 

Gene2Pubmed database together with a random selection of genes with a single 

mention. Almost any biologist would recognize most of the genes at the top of the plot, 

in contrast to those at the bottom which are largely unfamiliar. Some recent 

methodologies, such as NicheNet, are starting to include gene popularity 

measurements within their models to avoid this phenomena (47). The combination of 

omics technologies and statistical learning seems to be a hopeful tool for entering this 

dark area of biological knowledge, as some authors have demonstrated at the 

phosphoproteomic level, a molecular layer that particularly suffers the consequences of 

this effect (48,49).  
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Figure 2. Example of popularity bias from NCBI Entrez Gene2Pubmed database. The upper facet shows the 
top 10 genes with the higher number of mentions in the database, while the panel at the bottom reflects a 
random selection of genes with a single mention. 

1.5. Functional analysis of omics data 

Omics technologies are an important breakthrough in our way of studying 

biology, given that they allow measuring from hundreds to thousands of molecules in a 

single assay. However, with this great increase in power comes the challenge of 

analysis and interpretation, where traditional approaches may no longer be appropriate. 

For this task, new methodologies are being rapidly developed, causing a drastic growth 

in the computational biology field in the last two decades, and the emergence of a 

whole new world of subfields within it. From the different subfields that encompass the 

analysis of omics data, the functional analysis is the step that translates the results from 

the molecular level into something interpretable, actionable, and linkable to a given 

phenotype. Although it does not always involve the use of molecular pathways, this 

subfield is also known as pathway analysis (50). 

Omics data got the ability to generate new knowledge on its own, through 

inductive unsupervised analyses like sample clustering (51) or correlation based 

network reconstruction (52). However, extractable information becomes much more 
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powerful when combined with external information, such as sample phenotype or 

feature functional classification (22). Moreover, this combination is essential to address 

one of the most important bottlenecks of omics data, namely interpretation. Pathway 

analysis transforms a large list of molecules into a reduced list of functional features 

that are easier for us to understand and associate with a given phenotype. Those 

functional units are sets of related molecular features that are linked to specific 

biological processes, such as inflammation or cell growth. As with the remaining 

processing steps for omics data, different statistical approaches are used for the 

functional analysis. Usually, two main inputs are employed; A list of molecular features 

of interest extracted from the omics data with or without an associated metric, and prior 

information that can be defined by knowledge, such as KEGG pathways and GO terms 

or by data driven approaches, such as the Molecular Signatures Database Hallmarks 

(MSigDb) (53). In addition, this second data source may also contain prior information 

about the interactions between the molecular features that can be considered in the 

analysis. Overall, we can classify the pathway analysis approaches into three terms: 

Over Representation Analysis (ORA), Functional Class Scoring (FCS) and Pathway 

Topology Approaches (PT) (50).  

To summarize, scientific models are built under certain assumptions in a 

constant iteration between theory and practice that constitute the advancement of 

learning. In biomedical research and computational biology, most assumptions are 

employed to simplify biological complexity, which is caused by factors like hierarchy, 

and intrinsic and environmental stimuli. Understanding them helps to point out the 

advantages and limitations of new models during their creation and development. To 

build such models, scientists use data, and the way data is obtained has changed with 

the advent of omics technologies. Those technologies are used to perform the 

systematic evaluation of the molecular state of a sample, allowing the generation, 

validation or rejection of hypotheses using large datasets. In addition, scientists 

consider the prior knowledge obtained by others to build new models. This prior 

knowledge can be retrieved from scientific literature or structured databases and is 

essential to guide data interpretation and new discoveries. However, extensive usage 

of prior knowledge may result in a dangerous feedback loop that creates a popularity 

bias towards events that are easier to observe. Finally, the combination of prior 

knowledge with omics data in functional analyses transform an initial list of molecules 
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into a reduced list of features that can be associated to a variety of biological 

processes, and that are easier to interpret than the original dataset. 

2. RNA-Seq: The cornerstone 

2.1. Why transcriptomics? 

From the different omics technologies, transcriptomics is unrivalled in terms of 

scientific impact in recent years. In the study from Perez-Riverol et. al 2019 (54), 

authors quantified the impact of each omic level in biomedical research creating custom 

variables from the number of available datasets, citations, and occurrences of 

reanalysis, among others. The impact of transcriptomic studies regarding citations and 

available datasets were impressive when compared to the next most impactful level, 

genomics. For instance, as of April 2019, transcriptomics accounted for a total of 

665,022 citations and 50,699 cited datasets against 8,152 and 3,389 citations and cited 

datasets respectively for the genomic level (54). As of March 2021, using data from the 

front page of OmicsDI (55), the number of available datasets is still dominated by 

transcriptomic technologies, as shown in Figure 3.  

 

Figure 3. Number of available datasets per omic. Data extracted from OmicsDI front page as of March 2021 
(https://www.omicsdi.org/). 

But why do transcriptomics studies have so much impact and popularity 

compared to other omics? Although the reasons behind this are not clear, some 

assumptions can be made based on the knowledge of its history and application. First, 

https://www.omicsdi.org/
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transcriptomics technologies have gone through two major technological breakthroughs 

in the last thirty years that have boosted its coverage, sensitivity, and specificity for 

measuring gene expression: Microarrays and NGS (15). Particularly, the application of 

the sequencing by synthesis (e.g., Illumina) to study the transcriptome, also known as 

Ribonucleic acid sequencing (RNA-Seq), emerged as one of the most powerful and 

impactful tools to study biological systems across different fields (56). Second, although 

those two technological revolutions also happened to genomics, transcriptomics is one 

step closer to the observable phenotype than genomics, as shown Figure 1. Thus, 

RNA-Seq can provide a closer look to the phenotype while also guaranteeing a high 

coverage and accuracy of the measured molecular level thanks to its underlying 

technology. Finally, the maturation of RNA-Seq in recent years has triggered the 

emergence of new sub-technologies that have allowed us to explore other aspects of 

RNA, like its structure, translation, or distribution at the single cell level (57). 

2.2. Analysis of RNA-Seq data 

Among the different RNA-Seq based approaches, bulk RNA short-read 

sequencing is the most extensively used methodology for gene expression profiling 

(58). With this technique, total RNA extracted from the samples of interest is processed 

to select target RNAs. To do so, the two most common enrichment methods are 

messenger RNA (mRNA) selection through polyadenylated tail capture and ribosomal 

RNA (rRNA) depletion. The enriched RNA sample is then fragmented, retro-transcribed 

and amplified to generate a complementary DNA (cDNA) library that is fed to the 

sequencer. Within this process, an important point to consider is whether the initial DNA 

strand direction information is kept or not, as this may impact the final gene expression 

quantification (59). The output of the sequencer consists of files that contain single-end 

or paired-end reads generated from the cDNA library. Such files contain, on average, 

between 10 and 100 million sequence reads with a length that varies from 25 to 125 

base pairs (bp) (58). In addition, such files are normally the starting point of a wide 

variety of bioinformatic workflows for the analysis of RNA-Seq data. 

The most common initial step is the quality control and trimming of the raw 

reads that can be performed with tools such as Trimmomatic (60) or fastp (61). The 

core of these workflows is usually composed of aligners that consider the spliced nature 

of RNA, such as TopHat2 (62), STAR (63), HISAT2 (64) or Rail-RNA (65), which map 

reads against a reference genome, or by pseudo-alignment tools as Salmon (66) or 
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kallisto (67), that directly obtain a quantification for the regions of interest, normally 

genes or exons, using probabilistic models. Additionally, there are pipelines which are 

intended to be run by the user in local computers or high-performance environments, 

such as QuickRNASeq (68), or interactively in cloud-based platforms, after uploading 

raw data to an external service, such as BioJupies (69) or RaNA-Seq (70). Typically, 

the culmination of the experiment involves differential expression analysis, carried out 

using different types of statistical models, with packages as edgeR (71), DESeq2 (72) 

or limma (73). The functional analysis of the processed data is then carried out with 

different implementations of ORA, FCS and PT methods, such as FatiGO (74), GSEA 

(75) or subSPIA (76). In addition, the functional analysis can happen before the 

statistical analysis, but after gene expression normalization, using single sample 

approaches as GSVA (77), or HiPathia (78). 

Despite the existence of different pipelines to perform the aforementioned 

tasks, most of them present two major drawbacks. First, the genomic information 

contained in the RNA-Seq reads usually remains unused. However, genomic variants, 

which may contain crucial information about the functionality and potential activity of the 

resulting proteins in the different processes where they participate, can be retrieved 

from such sequences. In this sense, it is well known that RNA-Seq has some limitations 

for DNA variant calling. There are two main points to consider: (i) lowly expressed 

genes include lower depth, so variant calling is harder in those regions and (ii) the 

detection of heterozygous variants can be limited due to allele-specific gene expression 

(79). Despite these limitations, it has been demonstrated that variants can be called 

even for low expressed genes in deeper RNA-Seq sequence samples. Moreover, some 

studies have shown that RNA-Seq variant calling is able to provide a good sensitivity of 

99.7%-99.8% in both heterozygous and homozygous variants whereas precision still 

reaches 97.6% in homozygous but 90% in heterozygous (80). The second major 

drawback is that conventional functional analysis strategies are mainly descriptive, and 

very limited in providing insights of the underlying molecular mechanisms that produce 

the observed phenotypic responses. Recently, a new generation of methods known as 

mechanistic pathway analyses, within the PT category, are outperforming traditional 

approaches in both biological explanatory power and interpretability (81). 

As can be seen, the analysis of RNA-Seq data usually starts from raw 

sequences and comprises different steps: Quality control, alignment, quantification, 
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normalization, statistical evaluation, and functional analysis. Current methods, however, 

present some limitations such as the omission of the genomic information of RNA-Seq 

data and the inability to use mechanistic functional analysis tools for the interpretation 

of results. 

3. Modeling cellular signaling 

3.1. The language of cells 

The cells that form up tissues can communicate with other cells and with 

themselves and to do so, they employ a language called cellular signaling. In this 

language, an initial mechanical or biochemical stimulus is processed by cells to trigger 

specific biological functions through the usage of existing cellular components or the 

synthesis of new ones. Depending on which cell produces and processes the stimulus, 

signaling can be classified as intracrine, autocrine, juxtracrine, paracrine and endocrine 

(82). From a theoretical perspective, cell signaling can be conceived as an opened 

electric circuit, where the initial stimuli generates a message that is transmitted through 

the circuit until it reaches its target and performs a given function (83). In addition, 

cellular signaling can be carried out by different types of molecules such as lipids, 

phospholipids, amino acids, monoamines, proteins, or glycoproteins. Among them, 

proteins, and their post-translational modifications (PTMs), are major players in 

signaling and in the majority of cases, they constitute the backbone of the messaging 

cascades that occur in response to stimuli (84). Particularly, phosphorylation and 

dephosphorylations, carried out by kinases and phosphatases respectively, play a 

crucial role in signaling (85). Thus, knowing which exact proteins or PTMs are 

responsible for the signaling that drives a particular biological process, allows for the 

conversion of a purely observational result to mechanistic insights, that in turn enable 

the modification of such process using the proper tools. Moreover, cellular signaling is a 

process that has been refined throughout our evolution and, when deregulated, can 

lead to pathological phenotypes such as hyperproliferation in cancer or defective 

communication in Alzheimer’s disease. 

 However, modeling the exact signaling cascades that are responsible for a 

particular process is not a straightforward task. As mentioned in the first section, there 

are different axes of complexity that prevent the creation of large-scale and accurate 

cellular signaling models, such as time and space (86). Nevertheless, the efforts of 
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thousands of scientists throughout history have shed light on how cell signaling circuits 

function, and on their main components. The most common models employed to try to 

understand signaling are networks. Networks have been used to represent not only the 

molecular players of signaling, but also their connection with other entities such as 

drugs, processes and diseases, through nodes and links (87,88). An example of this is 

found in Figure 4, which represents the mitogen-activated protein kinase (MAPK) 

cascade, one of the most pivotal processes in cell signaling (89). As with the rest of 

prior knowledge, the nodes and links that compose signaling networks are based upon 

information that has been refined over the years from experimental data. These nodes 

and links can be retrieved from generic databases such as KEGG, Reactome, 

WikiPathways (90) and SIGNOR (91), or from disease specific databases such as the 

Atlas of Cancer Signaling Network (ACSN) (92). 

 

Figure 4. MAPK cascade network. The figure is adapted from the WikiPathways MAPK cascade pathway 
(https://www.wikipathways.org/index.php/Pathway:WP422). 

3.2. Using omics data to infer cellular signaling 

Models of cellular signaling aim to obtain a mechanistic or causal view of how 

the molecules communicate or communicated (in the case of reverse engineering) to 
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orchestrate a given biological process (93). That is, which exact circuits, among all the 

possibilities, were responsible for the phenotype of interest. In this sense, omics data 

can provide a systematic evaluation of the biochemical molecules that compose the 

cellular signaling networks. Of course, such networks become more and more complex 

depending on the amount of information aiming to be captured, even with the proper 

data. In fact, models such as the MAPK cascades shown in Figure 4 are an over-

simplification that ignores events like feedback loops (94), protein complexes formation 

(95) and signaling pathways crosstalk (96). There are dedicated computational formats 

that aim to capture a higher complexity, such as the systems biology markup language 

(SBML) (61). Nonetheless, these simpler and intuitive models of cellular signaling have 

proven to be useful to derive mechanistic insights through different types of 

computational approaches, like logic modeling (97). In addition, approaches that use 

prior knowledge have shown overall better results for the inference of causal signaling 

networks than those that do not (68). Figure 5 shows a schematic representation on 

how the omics data can be combined with prior knowledge to investigate cellular 

signaling. In recent years, many methods have been developed for the mechanistic or 

causal analysis of cellular signaling circuits from omics data and prior knowledge. 

 

Figure 5. Schematic representation of the combination of omics data with prior knowledge to model cellular 
signaling. 

For example, in 2007, Gao et al. developed TAPPA, which was one of the first 

functional analysis approaches that used signaling network topology to assess altered 

pathways from transcriptomics data (98). In this method, gene expression is normalized 

and used to calculate a pathway connectivity index for each KEGG pathway by 

 rior  nowledge Omics data

Cellular  ignaling
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multiplying the normalized abundance of each gene pair at all the registered 

interactions in the pathway. Later, in 2009, Tarca et al. developed a method called 

SPIA (98). In this method, after assuming a steady state and performing the differential 

expression analysis, authors calculate two probabilities for each KEGG pathway, one 

based in an over-representation analysis of differentially expressed genes, and another 

based on the magnitude of change and connections of genes within the network. 

Finally, both P values are combined to rank signaling pathways by their probability of 

being altered.  

In 2013, Sebastian-León et al. published Pathiways, a framework for the 

analysis and visualization of altered signaling pathways, that employs a probabilistic 

model to calculate a steady state signal transmission status (also in KEGG pathways), 

intended to be used with transcriptomics data (99). Unlike SPIA, Pathiways do not use 

differential expression analysis results as input, but a normalized expression matrix. Its 

main assumption is that gene expression is directly correlated with its protein product 

and with its ability to transmit the signal through the network. In addition, in this method, 

authors address an important problem of signaling network modeling which is the multi-

protein nodes: “When nodes are composed by more than one protein, we distinguish 

two situations: alternative proteins or protein complexes. In the first case, the probability 

of having the node active is taken as the highest probability of any of the proteins in the 

node, given that they are supposed to be redundant. In the case of protein complex, all 

the proteins should be present to guarantee the integrity of the complex. Therefore, the 

probability of having the node active is conditioned to the lowest probability of all the 

proteins belonging to the complex”. In     ,  rämer et al. published the algorithms 

employed by the Ingenuity Pathway Analysis software to perform different types of 

causal analyses like “ pstream  egulator Analysis”, “ echanistic  etworks”, “Causal 

 etwork Analysis”, and “ ownstream  ffects Analysis” (100). The core of those 

depends on the results of the “ pstream  egulator Analysis”, which employs a master 

network extracted from the Ingenuity Knowledge Base to identify nodes responsible for 

the observed omic profile. However, because the algorithms and knowledge base were 

developed by a company, there is no open-source implementation that allows their use 

and application without payment. 

In 2015, Terfve et al. developed PHONEMES, a method to create large-scale 

models of signal propagation from phosphoproteomics at the phosphosite resolution 
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level (101). Starting from a large bipartite background network containing kinase to 

substrate interactions, and after discretizing the phosphoproteomics data using 

gaussian mixture models, PHONEMES propose a logic modeling optimization solution 

that retrieves the signaling network that better matches the data. In a similar way but 

using transcriptomics Koumakis et al. implemented in 2016 MinePath, a method to 

evaluate functional sub-pathways in prior knowledge networks delimited by the main 

KEGG signaling pathways (102). To do so, MinePath first binarizes the gene 

expression matrix using a supervised entropy-based global discretization approach, 

and then applies a logic formalism to identify functional sub-pathways for each sample. 

In a final step, the proportion of functional sub-pathways is compared between the 

samples of interest using the  isher’s exact test.  

Also, in 2016, the developers of Pathiways published HiPathia (78), a method 

for the mechanistic pathway analysis of transcriptomics data that improved Pathiways 

in two principal aspects. On the first hand, HiPathia decomposes KEGG signaling 

networks into sub-circuits from receptors (no input signal) to effectors (no output 

signal). In this sense, authors showed that increasing the granularity, from entire 

pathways to circuits, allows capturing more subtle signaling events that are strongly 

associated with cancer patients’ survival. On the other hand, HiPathia core is 

composed by a new iterative signal propagation engine, based on the Dijkstra 

algorithm, that allows modeling loops when calculating the signal propagation through 

sub-circuits: “ he advantage if using an iterative method is that the signal becomes 

steady even in cases of loops in the pathway topology, allowing a more precise 

estimation of circuit activities”.  ecently, in    9, a benchmark compared different 

mechanistic pathway activity analysis methods and showed that HiPathia performs 

better in terms of sensitivity and specificity than other similar tools (81). 

Bradley et al. published in 2017 the package CausalR, which follows the trend 

of the Ingenuity Pathway Analysis causal tools and PHONEMES (103), which involves 

starting from a big prior knowledge network (PKN) and finding a signaling sub-network 

coherent with omics data. To do so, authors propose to use a directed PKN of public 

domain, like SIGNOR (103), and discretize the omics input into three categories: Up-

regulated nodes, unchanged nodes, and down-regulated nodes. Then, CausalR 

performs an upstream regulator analysis and uses resulting nodes to reconstruct a 

network by connecting the master regulators with observed nodes using sequential 
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path-lengths. In 2019, Liu et al. developed CARNIVAL (104), a tool to transform 

expression footprints into causal signaling networks. The first step of this method 

consists of inferring transcription factor (TF) activities from gene expression data using 

an FCS approach with the DoRothEA knowledge base and the VIPER algorithm 

(105,106). Then, it estimates signaling pathway activities with PROGENy, a regression-

based model constructed through the integration of transcriptomics datasets with 

specific signaling perturbations (107). In a final step, it uses a large PKN based on 

OmniPath interactions and solves an optimization problem where the TFs are the 

effector nodes (those at the bottom of the signaling network) and the genes associated 

with each PROGENy pathway aid to guide the pathway reconstruction through their 

inclusion in the objective function. In addition, users can provide, or omit, perturbed 

genes in their experiments, running standard or inverse CARNIVAL, respectively. The 

optimization is solved efficiently thanks to the usage of an Integer Linear Programming 

(ILP) implementation, previously developed by Melas et al. in 2015 (108). The same 

ILP implementation was employed in two recent methods, the first being a new version 

of PHONEMES, PHONEMES-ILP (109), and the second being COSMOS, a tool for 

multi-omics data integration that connects signaling and metabolism employing 

transcriptomics, phosphoproteomics and metabolomics data (110). 

Also in 2019, Broaweys et al. published NicheNet, a method that combines 

prior knowledge with bulk or single-cell transcriptomics data to infer intercellular 

signaling (47). NicheNet makes extensive usage of prior knowledge to build a model of 

ligand-target regulatory potential, and then uses data to predict ligand activity from 

targets or targets activity from ligands. This approach also allows the user to trace back 

which signaling cascade was the responsible for a given ligand-target association. In 

addition, NicheNet applies a hub correction factor to address a point often overlooked in 

protein signaling networks, the fact that a small number of proteins holds the majority of 

connections (111). Table 3 summarizes the approaches that were discussed in this 

section. 

Method Year Reference 

TAPPA 2007 (112) 

SPIA 2009 (98) 

Pathiways 2013 (99) 

IPA Causal Tools 2014 (100) 

PHONEMES 2015 (101) 

MinePath 2016 (102) 
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HiPathia 2016 (78) 

CausalR 2017 (103) 

CARNIVAL 2019 (104) 

NicheNet 2019 (47) 

Table 3. Methods for signaling network inference from transcriptomics and proteomics data.  

In conclusion, cells employ a biochemical language to transmit information and 

to react to external and internal stimuli known as cellular signaling. It can be carried out 

by different types of molecules, but proteins and their PTMs have shown a central role 

within this messaging system. Although understanding cellular signaling is not easy 

because of its complexity, its modeling provides scientists a mechanistic insight into 

biology that allows them to understand and potentially intervene in pathogenic 

biological processes. Those models normally take the form of networks, where nodes 

and links can represent a wide variety of events and entities. Such networks, that can 

be obtained from prior knowledge databases, become especially useful in combination 

with omics data, which measures the status of the components of the network in a high-

throughput manner. Overall, the modeling of cellular signaling is a relatively young field, 

which benefits from employing prior knowledge in combination with the high-throughput 

capacity of omics techniques. Over the last 15 years, a great number of methods have 

been published, with each of them proposing a different combination of prior 

knowledge, omics data and modeling approach. 

4. Applications in biomedicine 

4.1. Omics technologies in biomedical research 

Biomedical research has greatly benefited from the emergence of omics 

approaches and their ability to study molecules from a systematic point of view (12). 

Since the appearance of NGS, different consortia have made a great effort to describe 

the human genome and its variability, like the 1000 genomes project (113) or the United 

Kingdom's 10K and 100K genomes project (114). In addition to those, other projects 

have sought to profile the basal molecular state of all the tissues that make up human 

bodies, such as the Human Protein Atlas (42) or GTEx (115,116). Furthermore, omics 

technologies have revolutionized the diagnosis, prevention, and treatment of patients 

through specific studies where such technologies have been the key for new 

discoveries. For instance, one of the first successful and well-known examples of this 

was the MammaPrint, a group of 70 genes whose expression, measured through 
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microarrays, was able to detect lymph node negative breast cancer patients with poor 

prognosis (117).  

Of course, the number of individual studies where omics technologies have 

been used to discover molecular biomarkers or potential targets for the treatment of 

human diseases is massive. However, what is clear is that there is a reduced group of 

more prevalent diseases that have received the highest attention and that 

consequently, account for the majority of omics data generated in the last decade. A 

clear example of that is cancer, a disease with high molecular heterogeneity and 

mortality. For example, almost the totality of datasets available in OmicsDI come from 

cancer (55). This is, in part, caused by big consortia like TCGA and CPTAC, where 

hundreds of samples are evaluated using multi-omics approaches. However, far from 

being redundant, each new dataset brings a new molecular perspective to the table that 

allows for new insights into this disease. A good example of this is the recent 

proteogenomic study of breast cancer from the CPTAC, where multi-omics data was 

used to derive a new intermediate subtype between tumors classified as luminal A or B 

using the PAM50 criteria (118). Likewise, the omics techniques have also shed light 

into the animal or cellular models of disease. Examples of this are the Cancer Cell Line 

Encyclopedia (CCLE) (119) or the Genomics of Drug Sensitivity in Cancer cell lines 

(GDSC) (120). Leaving cancer aside, other resources can also be found, like CADgene 

(121), a comprehensive database for coronary artery disease genes, or AlzBase (122), 

an Integrative  atabase for Gene  ysregulation in Alzheimer’s  isease. 

In addition to the new insights brought by each individual study, the omics era 

in biomedical research is also leading to a higher transparency and reproducibility 

(123). This happens thanks to repositories like GEO (124), ArrayExpress (125), or 

PRIDE (126), where authors can submit their data before publishing their results. Once 

published, other researchers can freely access the data and reanalyze it to test their 

hypotheses. Furthermore, this flow of data allows computational biologists to carry out 

meta-analyses, where data from different studies of the same disease are shared in a 

common space and analyzed to extract consistent insights across studies (127).  

4.2. Signaling and personalized medicine 

Modeling the cell communication system holds the promise of providing a 

mechanistic perspective of biological phenomena. When it comes to biomedical 
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research, this perspective can be an asset for understanding disease mechanisms on 

the first hand, and to derive specific treatments or predictions on the second. As an 

example, Fey et al. published in 2015 a study where authors characterized the 

networks that regulate cell stress signaling and use them to predict the survival in 

neuroblastoma patients (128). In another recent study by Eduati et al., authors 

employed logic modeling of signaling pathways to prioritize and predict patient-specific 

combination therapies in pancreatic cancer patients (129). Finally, Loucera et al. 

employed a combination of mechanistic models and machine learning to perform drug 

repurposing for the treatment of COVID-19 during the 2020 pandemic (130). All of 

these are successful examples of the application of cellular signaling models in 

biomedical research and personalized medicine. 

Any discussion over personalized medicine implies the usage of genomics 

(131). Undoubtedly, and partly caused by projects like 1000 Genomes or TCGA, 

genomics technologies have reached the clinical practice and there are hundreds of 

companies and facilities devoted to the sequencing of patient samples to assist in the 

choice of treatment. Some well-known examples of this are the EGFR/KRAS mutations 

in lung cancer (132) or BRCA1/2 status in breast tumors (133). Nonetheless, the 

majority of the information retrieved by genomics technologies remains unused, largely 

because only a small proportion of mutations have been associated with a phenotype in 

databases like ClinVar (134) or COSMIC (135). For this reason, algorithms like CADD 

(136) or SIFT (137) aim to infer the functional relevance of genomic information. In this 

context, the mechanistic models of signaling pathways can be a fundamental aid in the 

interpretation and discovery of relevant mutations. For instance, Peña et al. showed 

that a combination of GTEx basal expression data coupled with mechanistic signaling 

modeling can be used in the clinical interpretation of mutations in diseases like Fanconi 

anemia and diabetes (138). 

To summarize, biomedical research has undergone a revolution with the 

appearance of omics technologies, that have been employed in a countless number of 

studies to profile the molecular state of human samples and animal or cellular models 

of disease. Although the generation of data is biased towards certain diseases, like 

cancer, omics data in biomedical research are being widely used to gain new insights, 

not only by data publishers, but by the entire community, through data portals that 

increase the transparency and reproducibility of research. In addition, modeling cellular 
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signaling is a powerful tool for personalized medicine, and recent studies have shown 

how to use them directly in clinical setups for tasks like the interpretation of genomics 

variants or treatment choice. 
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Omics technologies have revolutionized biomedical research, providing the 

ability to systematically evaluate the status of the molecules in biological samples and 

thus generating a substantial amount of data during recent years. The analysis of such 

data is composed by several steps, and the use of prior knowledge in combination with 

functional analysis methods can help to reduce its dimensionality and to increase the 

interpretability of potential findings. Among the different omics technologies, 

transcriptomics has gained great popularity in recent years due to a unique combination 

of underlying technology and proximity to the phenotype. However, current approaches 

for the analysis of transcriptomics data present some limitations, like omitting the 

genomic information extractable from RNA-Seq data or using traditional approaches for 

its functional analysis. In this sense, recent functional analysis methods aim to unravel 

cell signaling mechanisms from omics profiles, providing researchers a mechanistic or 

causal insight into the processes that give rise to certain phenotypes. All this 

background led us to stablish the following objectives for this thesis: 

I. To create a new workflow for the analysis of RNA-Seq data with the ability of 

extracting the genomic information contained on it, and able to integrate it with 

the transcriptomic data using a mechanistic model of cellular signaling 

pathways. 

II. To apply, evaluate and compare different approaches to model cellular 

signaling circuits combining the information provided by transcriptomic, 

proteomic and phosphoproteomic data. 

III. To develop a toolkit to perform the analysis of omics data in biomedical 

research contexts, able to perform pre-processing steps, statistical modeling, 

and functional analysis of genomics, transcriptomics, proteomics and 

metabolomics data. 
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1. Cell culture and stimuli 

Primary dermic fibroblasts from 4 different donors were obtained from Tebu-Bio 

(Le-Perray-en-Yvelines) and pooled together in culture under two initial conditions: With 

or without stable isotope labeling by amino acids in cell culture (SILAC), referred from 

now on as “heavy” and “light” respectively. The heavy medium contained the C13 and 

N15 isotopes. All reagents were obtained from Thermo Fisher Scientific. Then, 

unlabeled fibroblasts were exposed to two different radiation stimuli using the X-ray 

irradiator 43855FC-P160 (Faxitron X-Ray LLC): 

1. An acute dose of radiation (1 pulse of 2 Gy following lysis after 30 minutes). 

2. An accumulative dose (4 pulses of 5 Gy, one each 12h, following lysis after 2h from 

the last dose).  

RNA and protein samples were extracted from lysed cells following standard 

protocols to obtain 3 samples per condition (Control, acute dose, and accumulative 

dose of radiation). For proteomic analyses, each light protein extract was pooled 

together with a heavy protein sample, making a total of 6 control samples and 3 case 

samples per condition.  

2. Genomics and transcriptomics 

2.1. Library preparation and sequencing 

Library preparation and sequencing of RNA samples was performed at the 

genomics unit of the Center for Genomic Regulation (CRG), Barcelona, Spain. Before 

library preparation, the integrity of RNA samples was checked using the Bioanalyzer 

system (Agilent). Two possible protocols were applied to prepare the cDNA library from 

total RNA samples. On the first hand, when using the mRNA selection protocol, the 

TruSeq Stranded mRNA Prep kit (Illumina) was employed. Briefly, this kit uses Oligo-dT 

beads to capture the poly-A tails of mRNA, and then fragments the captured RNA to 

synthetize a cDNA library in two steps, keeping the strand information through the 

replacement of Deoxythymidine triphosphate (dTTP) by Deoxyuridine Triphosphate 

(dUTP). On the other hand, when the total RNA protocol was applied, the TruSeq 

Stranded Total RNA Prep kit (Illumina) was used. This kit removes the ribosomal RNA 

using Ribo-Zero depletion, keeping the mRNA and the non-coding RNA in the sample, 

and then synthetizes the cDNA library with strand information as previously described 
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for the mRNA Prep kit. Next, cDNA libraries were sequenced using an Illumina HiSeq 

2500 and the High-Output v4 mode, generating between 20-60 million of single end 

reads with 50 base pairs (bp) per sample. 

2.2. Quality control 

The FASTQ format was employed to store the sequencing output, that will be 

referred to as “raw reads” from now on.  he “trimmed reads” term will be used to refer 

sequence files after removing adapters and low-quality reads. FastQC (v0.11.9) was 

employed to assess the quality of raw and trimmed reads. A Hypertext Markup 

Language (HTML) report was created for each sample recapitulating the following 

information: Number of sequences, sequences flagged as poor quality, sequence 

length, percentage of guanine and cytosine (GC), per base sequence quality, per tile 

sequence quality, per sequence quality scores, per base sequence content, per 

sequence GC content, per base “ ” content, sequence length distribution, sequence 

duplication levels, overrepresented sequences, and adapter content. Similarly, FastQ 

Screen (v0.13.0) was employed to check cross species contamination in raw reads by 

performing a multi-genome alignment (139). To do so, a subset of 100000 reads was 

generated from each FASTQ file and aligned against a set of reference genomes using 

Bowtie2 (v2.3.5.1) (140). Table 4 details the reference genome FASTA files that were 

employed to perform the quality control with FastQ Screen. 

Organism URL 

Homo 
Sapiens 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/405/GCF
_000001405.39_GRCh38.p13/GCF_000001405.39_GRCh38.p
13_genomic.fna.gz  

Mus 
Musculus 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF
_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p
6_genomic.fna.gz 

Escherichia 
Coli 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF
_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p
6_genomic.fna.gz 

Acholeplasma 
Laidlawii 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/018/785/GCF
_000018785.1_ASM1878v1/GCF_000018785.1_ASM1878v1_
genomic.fna.gz 

Mycoplasma 
Arginini 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/001/547/975/GCF
_001547975.1_ASM154797v1/GCF_001547975.1_ASM15479
7v1_genomic.fna.gz 

Mycoplasma 
Fermentans 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/186/005/GCF
_000186005.1_ASM18600v1/GCF_000186005.1_ASM18600v
1_genomic.fna.gz 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/405/GCF_000001405.39_GRCh38.p13/GCF_000001405.39_GRCh38.p13_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/405/GCF_000001405.39_GRCh38.p13/GCF_000001405.39_GRCh38.p13_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/405/GCF_000001405.39_GRCh38.p13/GCF_000001405.39_GRCh38.p13_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p6_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p6_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p6_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p6_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p6_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/001/635/GCF_000001635.26_GRCm38.p6/GCF_000001635.26_GRCm38.p6_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/018/785/GCF_000018785.1_ASM1878v1/GCF_000018785.1_ASM1878v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/018/785/GCF_000018785.1_ASM1878v1/GCF_000018785.1_ASM1878v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/018/785/GCF_000018785.1_ASM1878v1/GCF_000018785.1_ASM1878v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/001/547/975/GCF_001547975.1_ASM154797v1/GCF_001547975.1_ASM154797v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/001/547/975/GCF_001547975.1_ASM154797v1/GCF_001547975.1_ASM154797v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/001/547/975/GCF_001547975.1_ASM154797v1/GCF_001547975.1_ASM154797v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/186/005/GCF_000186005.1_ASM18600v1/GCF_000186005.1_ASM18600v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/186/005/GCF_000186005.1_ASM18600v1/GCF_000186005.1_ASM18600v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/186/005/GCF_000186005.1_ASM18600v1/GCF_000186005.1_ASM18600v1_genomic.fna.gz
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Mycoplasma 
Hominis 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/085/865/GCF
_000085865.1_ASM8586v1/GCF_000085865.1_ASM8586v1_
genomic.fna.gz 

Mycoplasma 
Hyorhinis 
 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/313/635/GCF
_000313635.1_ASM31363v1/GCF_000313635.1_ASM31363v
1_genomic.fna.gz 

Mycoplasma 
Orale 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/420/105/GCF
_000420105.1_ASM42010v1/GCF_000420105.1_ASM42010v
1_genomic.fna.gz 

Table 4. List of reference genomic FASTA files employed in the FastQ Screen analysis. 

2.3. Read filtering and trimming 

The trimming of raw reads was performed with Trimmomatic (v0.36) (60) or with 

fastp (v0.20.0) (61). When using Trimmomatic, the following parameters were 

employed to remove adapters and low-quality reads: A sliding window of 4 bp with a 

threshold of a minimum phred quality of 15, a leading and trailing window size of 3 and 

a minimum read length of 36 bps. For fastp, the following parameters were employed to 

perform the quality, length, and adapters filtering: A minimum phred quality of 15 to 

classify a base as qualified, a maximum proportion of unqualified bases of 40% per 

read, a minimum length of 15 bps per read, and the default strategy of searching for 

adapters on the first million reads on single end files and at overlapping pairs in paired 

end files. 

2.4. Alignment 

Two alternative aligners were used to perform the mapping of trimmed reads 

against reference genomes. The first option consisted on the usage of STAR v(2.7.0b) 

(63), a RNA-Seq aligner that uses sequential maximum mappable seed search in 

uncompressed suffix arrays followed by a seed clustering and stitching procedure. The 

second option employed to perform the alignment was HISAT2 (v2.1.0) (141), a novel 

graph-based alignment tool. HISAT2 implements a Hierarchical Graph FM index 

(HGFM) approach, in which the genome is computationally employed as a graph, 

where nucleotides are represented as consecutive nodes and single nucleotide 

polymorphisms (SNP) or insertions and deletions (indels) are represented as 

alternatives paths within the sequential graph. For both aligners, default parameters 

were used for the creation of the genome indexes and alignment. The human and 

mouse genomic FASTA files obtainable from ENSEMBL were used as reference. 

https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/085/865/GCF_000085865.1_ASM8586v1/GCF_000085865.1_ASM8586v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/085/865/GCF_000085865.1_ASM8586v1/GCF_000085865.1_ASM8586v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/085/865/GCF_000085865.1_ASM8586v1/GCF_000085865.1_ASM8586v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/313/635/GCF_000313635.1_ASM31363v1/GCF_000313635.1_ASM31363v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/313/635/GCF_000313635.1_ASM31363v1/GCF_000313635.1_ASM31363v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/313/635/GCF_000313635.1_ASM31363v1/GCF_000313635.1_ASM31363v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/420/105/GCF_000420105.1_ASM42010v1/GCF_000420105.1_ASM42010v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/420/105/GCF_000420105.1_ASM42010v1/GCF_000420105.1_ASM42010v1_genomic.fna.gz
https://ftp.ncbi.nlm.nih.gov/genomes/all/GCF/000/420/105/GCF_000420105.1_ASM42010v1/GCF_000420105.1_ASM42010v1_genomic.fna.gz


Material and methods 

 

54 

Particularly, the employed assemblies were GRCh38 for human and GRCm38 for 

Mouse, with unmasked repeating regions (*dna.primary_assembly.fa.gz). 

2.5. Variant calling and annotation 

The genomic information contained in aligned RNA-Seq reads was retrieved 

through variant calling using the Genome Analysis Toolkit (GATK) (v4.1.3.0) (142). 

Hence, a dedicated variant calling sub-workflow was designed following the GATK best 

practices for variant calling from RNA-Seq data. Like in variant calling from DNA 

sequencing, the first step in this sub-workflow consisted of marking duplicated reads, 

which helped to reduce the direct dependency of the depth by gene expression. 

Additionally, the pipeline also included other steps to deal with RNA-Seq peculiarities 

for variant calling, like reformatting reads to control the expansion produced by introns. 

Specifically, reads were split into separate reads when introns were identified inside, 

thus reducing artifacts in the downstream variant calling. Mapping qualities were also 

reassigned and adapted to match DNA conventions. Finally, in order to avoid variants 

called under low evidence, the sub-workflow included a step to filter by depth and only 

keep those variants found in at least a minimum number of reads. This parameter was 

set to 5, as recommended in the literature (79). The final output of this sub-workflow is 

a list of variants in the Variant Calling Format (VCF) for each analyzed sample. 

Then, called variants were annotated using the Variant Effect Predictor (VEP) 

(v99) (143), which transformed the uninformative original VCF into a rich annotated 

VCF containing genes and transcripts affected by each variant, location and 

consequence of the variants on protein sequence together with two different scores that 

summarized the predicted impact of variants in protein stability and functionality: 

PolyPhen2 (144) and SIFT (137).  

2.6. Gene expression quantification 

featureCounts (v1.6.4) (145) was employed to extract the number of reads 

aligned to each genomic region from STAR and HISAT2 alignments. featureCounts 

was run using default parameters, and thus multi-mapping and multi-overlapping reads 

were not considered during the quantification. The annotation files (GTF format) 

corresponding to each genome file employed in the alignment were used to delimit the 

regions of interest (genes). featureCounts output consists of a table with the number of 

reads per gene and sample, also known as counts per sample matrix, where genes 
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represent rows and samples represent columns. Alternatively to the alignment, trimmed 

reads were directly processed with Salmon (v0.13.0) (66), a tool for the quantification of 

gene expression that uses a quasi-mapping strategy, where reads are not directly 

mapped to a reference genome, but instead are quasi-mapped to the transcripts in a 

reference transcriptome, calculating the probability of each read to come from each 

potential transcript. To do so, the FASTA files corresponding to the cDNA of the 

previously mentioned genome assemblies were obtained from ENSEMBL and used as 

the reference for the Salmon pseudo-mapping approach. The count matrix was then 

generated from Salmon quantifications with the txImport (v1.10.0) R package. The 

“lengthScaledTPM” option was used to correct the estimated counts by both transcript 

length and library size. 

2.7. Normalization and differential expression analysis 

The normalization and differential expression analyses were performed using 

three alternatives protocols based on DESeq2 (v1.20.0) (72), edgeR (v3.28.0) (71), and 

limma (v3.46.0) (73) packages. Thus, when using the DESeq2 protocol, low expressed 

genes were filtered from the matrix by using a minimum cutoff of counts across all 

samples (by default 15). Then, the filtered count matrix was transformed into a 

DESeqDataSet object, including experimental groups in the model matrix. Additional 

variables to consider in the analyses (e.g., sample pairs in paired experimental designs) 

were also included in the design formula. Next, the standard DESeq2 protocol was 

applied, modeling the number of counts for each gene with a generalized linear model 

(GLM) that assumes a binomial negative distribution and estimating the log2 fold 

changes for each column on the model matrix. The Wald test was used to estimate the 

significance of the GLM coefficients. For downstream analyses and visualizations, the 

regularized logarithmic transformation of the count matrix was employed as normalized 

expression matrix. 

On the other hand, when using edgeR, low expressed genes were filtered using 

the “filter by expression” approach implemented in the package, which was described in 

Chen et al. 2016 (146). Roughly speaking, this strategy keeps genes that have at least 

a minimum number of reads in a worthwhile number of samples. More precisely, the 

filtering keeps genes that have a count-per-million (CPM) value above k in n samples, 

where k is determined by the min.counts argument (by default 10) combined with the 

sample library sizes and n is determined by the design matrix. Thus, before starting the 
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analysis, a design matrix was created for each analysis, reflecting the experimental 

groups to which each sample belongs and the additional co-variates to be modeled (as 

sample pairs in paired experimental designs). Then, normalization factors were 

calculated using the Trimmed Mean of M-values approach (TMM) (147), eliminating 

composition biases between libraries. The product of these factors and of the original 

library sizes defined the effective library size, which replaced the original library size in 

all downstream analyses. Next, read counts for each gene were modeled using a 

negative binomial distribution, where the dispersion parameter was moderated using an 

empirical Bayes approach. Finally, the significance of changes was assessed using a 

likelihood ratio test. The logarithmic (log2) transformation of the CPMs calculated after 

applying the TMM factors were used as normalized gene expression values. For limma, 

the “trend” approach was employed (148). Thus, the edgeR TMM normalized gene 

expression values were used to fit a linear model and then an empirical Bayes method 

was employed to squeeze the genewise-wise residual variances towards a global trend. 

P values calculated in all the methods were adjusted to control the false discovery rate 

(FDR) using the Benjamini and Hochberg approach (149). 

3. Proteomics 

3.1. SWATH label-free proteomics  

The SWATH label-free proteomics sample processing and MS data analyses 

were conducted at the proteomics unit of the Maimonides Biomedical Research 

Institute of Córdoba (IMIBIC), Córdoba, Spain. 

3.1.1. Sample preparation for LC-MS analysis 

Lysed cells were cleaned to remove contaminants by protein precipitation with 

TCA/acetone and solubilized in 50 μl of  . %  apiGest (Waters) in 50 mM ammonium 

bicarbonate. Total protein was quantified using Qubit Protein Assay Kit (Thermo Fisher 

Scientific) and 50 μg proteins from each sample were digested with trypsin. Briefly, 

protein samples were incubated with 5 mM DTT at 60 ºC for 30 min, and then with 10 

mM iodoacetamide at room temperature for 30 min in darkness. Sequencing Grade 

Modified Trypsin (Promega) was added (ratio 1:40 trypsin:protein) and samples were 

incubated at 37 °C for 2 h. Afterwards, trypsin was added again (ratio 1:40) and 

samples were incubated at 37 °C for 15 h. RapiGest was suppressed by precipitation 

with 0.5% TFA at 37 °C for 1 h and centrifugation. The final volume was adjusted with 
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milliQ water and ACN to a final concentration of 0.5 μg peptide/μ  ( . 5% AC  and 

0.2% TFA), and 1x of the iRT peptides (Biognosis AG) were spiked in each sample.  

3.1.2. Creation of the spectral library 

To build the spectral library, the peptide solutions were analyzed by a shotgun 

approach by nano LC-MS/MS. Samples were pooled and 1 μg was separated into a 

nano-LC system Ekspert nLC400 (Eksigent) using an Acclaim PepMap RSLC C18 

column (75 μm ×  5 cm,   μm,     Å) ( hermo  isher  cientific) at a flow rate of     

nl/min. Water and ACN, both containing 0.1% formic acid, were used as solvents A and 

B, respectively. The gradient run consisted of 5% to 35% B for 120 min. Peptides eluted 

were directly injected into a hybrid quadrupole-TOF mass spectrometer Triple TOF 

5600+ (Sciex) operated with a top 65 data dependent acquisition system (DDA) using 

positive ion mode. A NanoSpray III ESI source (Sciex) was used for the interface 

between nano-LC and MS, applying a 2600 V. The acquisition mode consisted of a 250 

ms survey MS scan from 350 to 1250 m/z, followed by an MS/MS scan from 230 to 

1500 m/z (60 ms acquisition time, 350 mDA mass tolerance, rolling collision energy) of 

the top 65 precursor ions from the survey scan. The fragmented precursors were then 

added to a dynamic exclusion list for 15 s, excluding any singly charged ions from the 

MS/ MS analysis. Peptide and protein identifications were performed using Protein Pilot 

software (v5.0) (Sciex) with a human UniProtKB concatenated target-reverse decoy 

database, specifying iodoacetamide as cysteine alkylation. The false discovery rate 

(FDR) was set to 0.01 for peptides and proteins. Then, MS/MS spectra of the identified 

peptides were used to generate the spectral library for SWATH peak extraction using 

the add-in for PeakView Software (v2.1) (Sciex) MS/MSALL with SWATH Acquisition 

MicroApp (v2.0) (Sciex). Peptides with a confidence score above 99% as reported from 

Protein Pilot databases search were included in this spectral library.  

3.1.3. SWATH analysis 

Relative protein quantification was performed using SWATH. Each sample (1 

μg) was analyzed using the  C-MS equipment and LC gradient described above for 

building the spectral library but using a SWATH-MS acquisition method. The method 

consisted of repeating a cycle, which carried out the acquisition of 34 TOF MS/MS 

scans of overlapping sequential precursor isolation windows (25 m/z isolation width, 1 

m/z overlap, high sensitivity mode) covering the 400 to 1250 m/z mass range, with a 
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previous MS scan for each cycle. The accumulation time was 50 ms for the MS scan 

(from 400 to 1250 m/z) and 100 ms for the product ion scan, thus making a 3.5 s total 

cycle time. The targeted data extraction of the SWATH runs was performed with 

PeakView using the MS/MSALL with SWATH Acquisition MicroApp and the spectral 

library created from the shotgun data. Up to ten peptides per protein and seven 

fragments per peptide were selected based on signal intensity; any shared and 

modified peptides were excluded from the extraction. The retention times from the 

peptides that were selected for each protein were realigned in each run according to 

iRT peptides (Biognosys AG) spiked in each sample and eluting along the whole-time 

axis; the extracted ion chromatograms were generated for each selected fragment ion 

using 15 min windows and 50 ppm widths. PeakView computed a score and an FDR for 

each assigned peptide using chromatographic and spectra components; only peptides 

with an FDR of < 1% were used for protein quantitation. The peak areas for peptides 

were obtained by summing the peak areas of the corresponding fragment ions; protein 

quantitation was calculated by summing the peak areas of the corresponding peptides. 

Finally, normalized SWATH protein abundances were obtained using MarkerView 

(v1.2.1) (Sciex). 

3.2. SWATH areas differential abundance analysis 

The differential analysis was carried out to compare the protein abundance 

between the different groups of samples in each study. The effect size of the protein 

abundance change was estimated using the log transformed mean ratio per 

comparison. The significance of the change was assessed by performing pair-wise 

group mean comparisons using a Welch  wo  ample’s  -test. Resulting P values were 

adjusted to control the false discovery rate (FDR) using the Benjamini and Hochberg 

approach. 

3.3. SILAC proteomics 

The SILAC proteomics sample processing and MS raw data analyses were 

carried out at the proteomics unit of the Center for Genomic Regulation (CRG), 

Barcelona, Spain. 

3.3.1. Protein sample preparation 
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Protein samples (700 µg) were dissolved in 6 M urea with mM ammonium 

bicarbonate, reduced with dithiothreitol (2100 nmol, 37 ºC, 60 min) and alkylated in the 

dark with iodoacetamide (4200 nmol, 25 ºC, 30 min). The resulting protein extract was 

first diluted to 2 M urea with 200 mM ammonium bicarbonate for digestion with 

endoproteinase LysC (1:100 w:w, 37 ºC, o/n, Wako, cat # 129-02541), and then diluted 

2-fold with 200 mM ammonium bicarbonate for trypsin digestion (1:100 w:w, 37 ºC, 8 h, 

Promega cat # V5113). After digestion, peptide mix was acidified with formic acid and 

desalted with a Hypersep C18 column (The Nest Group, Inc) prior to LC-MS/MS 

analysis. 90 µg of each sample was fractionated by strong cation exchange 

chromatography (3 M, cat # 66889-U), procedure adapted from Rappsilber et al. 2007 

(150). The peptides were eluted into six different concentration of Ammonium Acetate 

(40, 80, 120, 160, 200 and 500 mM). Each fraction was cleaned up with a MicroSpin 

C18 column (The Nest Group, Inc) prior to LC-MS/MS analysis. In addition, 455 µg of 

each sample was enriched in phosphopeptides with the High- elect™ TiO2 

Phosphopeptide Enrichment Kit (Thermo Scientific, cat # A32993).  

3.3.2. Chromatographic and mass spectrometric analysis 

Samples were analyzed using an LTQ-Orbitrap Fusion Lumos mass 

spectrometer (Thermo Fisher Scientific) coupled to an EASY-nLC 1000 (Thermo Fisher 

Scientific). Peptides were loaded directly onto the analytical column and were 

separated by reversed-phase chromatography using a 50-cm column with an inner 

diameter of  5 μm, packed with   μm C18 particles spectrometer (Thermo Scientific). 

Chromatographic gradients started at 95% buffer A and 5% buffer B with a flow rate of 

300 nl/min for 5 minutes and gradually increased to 25% buffer B and 78% A in 158 min 

and then to 40% buffer B and 65% A in 22 min. After each analysis, the column was 

washed for 10 min with 10% buffer A and 90% buffer B. Buffer A: 0.1% formic acid in 

water. Buffer B: 0.1% formic acid in acetonitrile. 

The mass spectrometer was operated in positive ionization mode with 

nanospray voltage set at 2.4 kV and source temperature at 275 °C. Ultramark 1621 was 

used for external calibration of the FT mass analyzer prior the analyses, and an internal 

calibration was performed using the background polysiloxane ion signal at m/z 445. The 

acquisition was performed in data-dependent acquisition (DDA) mode and full MS 

scans with 1 micro scans at resolution of 120,000 were used over a mass range of m/z 

350-1500 with detection in the Orbitrap mass analyzer. Auto gain control (AGC) was set 
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to 1E5 and charge state filtering disqualifying singly charged peptides was activated. In 

each cycle of data-dependent acquisition analysis, following each survey scan, the 

most intense ions above a threshold ion count of 10000 were selected for 

fragmentation. The number of selected precursor ions for fragmentation was 

determined by the “ op  peed” acquisition algorithm and a dynamic exclusion of 60 

seconds. Fragment ion spectra were produced via high-energy collision dissociation 

(HCD) at normalized collision energy of 28% and they were acquired in the ion trap 

mass analyzer. AGC was set to 1E4, and an isolation window of 1.6 m/z and a 

maximum injection time of 50 ms were used. All data were acquired with Xcalibur 

software (v3.0.63). 

Digested bovine serum albumin (New england biolabs cat # P8108S) was 

analyzed between each sample to avoid sample carryover and to assure stability of the 

instrument and QCloud was used to control instrument longitudinal performance during 

the project (151). 

3.3.3. MS data analysis 

Acquired spectra were analyzed using the MaxQuant (152) software suite 

(v1.6.0.16) and the Andromeda (153) search engine. The data were searched against a 

Swiss-Prot human database (as in April 2018, 20341 entries) plus a list of common 

contaminants and all the corresponding decoy entries. For peptide identification a 

precursor ion mass tolerance of 7 ppm was used for MS1 level, trypsin was chosen as 

enzyme, and up to three missed cleavages were allowed. The fragment ion mass 

tolerance was set to 0.5 Da for MS2 spectra. Arg10; Lys8 were used as a label, 

oxidation of methionine and N-terminal protein acetylation were used as variable 

modifications whereas carbamidomethylation on cysteines was set as a fixed 

modification. In phosphorylated samples phosphorylation (STY) also was used as 

variable modifications. False discovery rate (FDR) in peptide identification was set to a 

maximum of 5%. The output of the MS data analysis consisted of two matrixes of 

intensities, one for proteins and other for phosphosites, with light and heavy intensities 

corresponding to stimuli and control groups, respectively. 

3.4. SILAC data normalization and differential abundance analysis 

First, proteins and phosphosites with an intensity value of zero in more than 

35% of samples on all experimental groups were filtered. By doing so, proteins and 
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phosphosites quantified in at least one experimental condition were retained. Then, 

missing values (intensity values of zero) were imputed using the sample wise minimum, 

as recommended in the literature (154). The resulting intensity matrixes were 

normalized using the Variance Stabilization Normalization approach implemented in the 

vsn R package (v3.58.0) (155). This normalization method, originally designed for 

microarray data, has shown consistent results on proteomic data (156). Then, a third 

matrix was created by averaging the phosphosite abundances for each protein, 

generating the phosphoprotein abundance matrix. Next, the differential abundance 

analyses for proteins, phosphosites and phosphoproteins were carried out using the 

limma package (v3.46.0) (73). To perform such analysis, the design formula included 

both the experimental condition and sample pairs, those being the “light” and “heavy” 

SILAC samples that were pooled together. Resulting P values were adjusted to control 

the false discovery rate (FDR) using the Benjamini and Hochberg approach. 

4. Functional analysis and cellular signaling modeling 

4.1. Prior knowledge databases 

Several databases were employed to perform the functional analysis and 

modelling of cellular signaling circuits from omics data. The functional categories 

defined by the Gene Ontology annotations were used to perform ORA and FCS 

analyses and were obtained from the Bioconductor annotation packages (org.Hs.eg.db 

for human studies and org.Mm.eg.db for mouse studies) or from the Enrichr web 

service gene set collection (157). To assess the cancer cell line specificity in the 

SWATH proteomic study, a gene set collection containing highly expressed genes in 

each NCI-60 cancer cell line was retrieved from Enrichr. The MSigDb hallmarks were 

retrieved from the GSEA-MSigDb web site and used to perform FCS analyses (53). An 

updated version of the DoRothEA regulon collection was employed to perform the 

transcription factor (TF) activity analysis, employing interactions with a confidence level 

of A, B or C (105). A collection of kinase-substrate relationships was retrieved from the 

OmniPath web service, indicating which kinases or phosphatases were responsible for 

certain phosphorylation and dephosphorylation events, respectively (35). The list of 

proteins classified as cellular receptors was also retrieved from OmniPath. Signaling 

networks from the HiPathia R package (v2.6.0) were employed as Prior Knowledge 

Network (PKN) in the different approaches used to model cellular signaling circuits from 
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transcriptomic and proteomic data. Table 5 contains a list of the prior knowledge 

employed and its source URL. 

Data  Source URL 

Gene Ontology 
terms (human) 

https://bioconductor.org/packages/release/data/annotatio
n/html/org.Hs.eg.db.html 

Gene Ontology 
terms (mouse) 

https://bioconductor.org/packages/release/data/annotatio
n/html/org.Mm.eg.db.html 

Gene ontology 
terms and NCI-60 
gene sets 

https://maayanlab.cloud/Enrichr/ 

MSigDb Hallmarks http://www.gsea-msigdb.org/gsea/msigdb/collections.jsp 

DoRothEA TF 
regulons 

https://bioconductor.org/packages/release/data/experime
nt/html/dorothea.html 

Kinase substrate 
interactions and 
cellular receptors 

https://OmniPathdb.org/ 

Prior knowledge 
networks 

https://bioconductor.org/packages/release/bioc/html/HiPa
thia.html 

Table 5. Data employed and source URL for prior knowledge. 

 Particularly, we used a subset of the available networks in HiPathia to model 

signaling circuits from transcriptomic and proteomic data. Selected pathways are 

detailed in Table 6. 

Selected pathway ID 

MAPK signaling pathway hsa04010 

ErbB signaling pathway hsa04012 

Ras signaling pathway hsa04014 

Rap1 signaling pathway hsa04015 

Wnt signaling pathway hsa04310 

Notch signaling pathway hsa04330 

Hedgehog signaling pathway hsa04340 

TGF-beta signaling pathway hsa04350 

Hippo signaling pathway hsa04390 

VEGF signaling pathway hsa04370 

JAK-STAT signaling pathway hsa04630 

NF-kappa B signaling pathway hsa04064 

TNF signaling pathway hsa04668 

HIF-1 signaling pathway hsa04066 

FoxO signaling pathway hsa04068 

Phospholipase D signaling pathway hsa04072 

Sphingolipid signaling pathway hsa04071 

cAMP signaling pathway hsa04024 

cGMP-PKG signaling pathway hsa04022 

PI3K-Akt signaling pathway hsa04151 

AMPK signaling pathway hsa04152 

https://bioconductor.org/packages/release/data/annotation/html/org.Hs.eg.db.html
https://bioconductor.org/packages/release/data/annotation/html/org.Hs.eg.db.html
https://bioconductor.org/packages/release/data/annotation/html/org.Mm.eg.db.html
https://bioconductor.org/packages/release/data/annotation/html/org.Mm.eg.db.html
https://maayanlab.cloud/Enrichr/
http://www.gsea-msigdb.org/gsea/msigdb/collections.jsp
https://bioconductor.org/packages/release/data/experiment/html/dorothea.html
https://bioconductor.org/packages/release/data/experiment/html/dorothea.html
https://omnipathdb.org/
https://bioconductor.org/packages/release/bioc/html/hipathia.html
https://bioconductor.org/packages/release/bioc/html/hipathia.html
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mTOR signaling pathway hsa04150 

Calcium signaling pathway hsa04020 

Cell cycle hsa04110 

Apoptosis hsa04210 

Table 6. List of selected HiPathia pathways employed in the analysis and modelling of cellular signaling 
circuits. 

4.2. Over representation analysis 

ORA was applied in different studies, with the purpose of determining whether 

a functional category was over-represented in a group of selected features. Those 

feature groups (normally composed by genes or proteins) were selected using different 

criteria, like surpassing a statistical cut-off or overlapping other sets of features. For 

each analysis, a background feature list was prepared, normally composed by the 

whole proteome for a given organism or by the list of identified features in each assay. 

Next, a 2x2 contingency table was created for each functional category of interest, 

summarizing the number of features included or not in the functional category. An 

example of such contingency table is represented in Table 7. 

 Selected Not selected 

In gene set 10 1000 

Out of gene set 12 3000 

Table 7. Example of contingency table employed in the over representation analyses. 

The Fisher's exact test was then employed to test the independence of rows 

and columns in the contingency table with fixed marginals (158). The test was applied 

using the dedicated function in the stats R package or with the clusterProfiler R 

package (v3.18.1) (159). Resulting P values were adjusted to control the false 

discovery rate (FDR) using the Benjamini and Hochberg approach. 

4.3. Functional class scoring 

The FCS analyses were performed using several approaches. On the first 

hand, the fgseaSimple implementation of the fgsea R package (v1.16.0) was used to 

perform the preranked FCS analyses (160). Briefly, the input of this approach consisted 

of a list of features (e.g., genes or proteins) ordered by a metric of interest (e.g., effect 

size) and a list of functional categories (e.g., groups of functionally related genes and 

proteins). Next, an enrichment score was calculated for each functional category and its 

significance was assessed through a permutation scoring system. On the second hand, 
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the single-sample gene-set variation analysis (GSVA) method was employed, as 

implemented in the GSVA R package (v1.38.2) (77). GSVA takes as input a normalized 

expression/abundance matrix and the list of functional categories and returns a new 

matrix of functional features by calculating sample-wise enrichment scores. This 

approach was applied to the normalized transcriptomic and proteomic matrixes using 

the functional categories delimited by the signaling pathways detailed in Table 6. The 

resulting GSVA scores were then compared between the sample groups of interest 

using limma. Finally, the VIPER algorithm was used to estimate the TF and kinase 

activities from transcriptomic and phosphoproteomic data, respectively (106). Limma 

moderated T values from genes or phosphosites were employed together with the TF 

and kinase regulons as the input for the viper R package (v1.24.0). Resulting 

Normalized Enrichment Scores (NES) were used as the estimate of the TF/Kinase 

activities. Only kinases and transcription factors with at least 5 substrates in the dataset 

were considered in this analysis. 

4.4. Signal propagation algorithm 

The HiPathia R package was employed (v2.6.0) to estimate the activity of the 

cellular signaling circuits from transcriptomic and proteomic data. HiPathia implements 

a signal propagation algorithm that uses input matrix values as proxies of potential 

protein activation values. The inferred protein activity values are then transformed into 

node activity values using the information on node composition taken from KEGG, 

which is stored in the HiPathia metaginfo object. Briefly, HiPathia first step consists of 

re-scaling the gene expression matrix to the [0,1] interval. Then, it assigns missing 

genes a value equal to the median of all values in matrix. Next, the signal intensity 

across the different receptor (nodes without inputs) to effector (nodes without output) 

circuits of the pathways is performed by means of an iterative algorithm based on the 

Dijkstra algorithm (161). The signal value is propagated according to the following 

recursive rule: 

𝑆𝑛 = 𝑣𝑛 ∗ (1 − ∏(1 − 𝑆𝑎))

𝐴

∗  ∏(1 − 𝑆𝑖)

𝐼

 

Equation 1. Formula employed to perform the signal intensity propagation in HiPathia, where 𝑆𝑛 is the signal 
intensity for the current node 𝑛, 𝑣𝑛 is its normalized value, 𝐴 is the total number of activation signals 𝑆𝑎arriving 
to the current node from activation edges and 𝐼 is the total number of inhibitory signals 𝑆𝑖 arriving to the node 

from inhibition edges. 
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Each time the signal value across a node is updated in a recursion and the 

difference with the previous value is greater than a threshold of 0.000001, all the nodes 

to which an edge arrives from the current updated node are marked to be updated. This 

process is repeated up to 100 times. Finally, each circuit is assigned an activity value 

equal to the signal intensity received by the effector node. Due to the nature of the 

method, the length of each circuit may influence its signal rank, and so the resulting 

circuit activity values are normalized by dividing them from the result of running the 

method with an activity value of 0.5 on all nodes. Thus, using as input a gene 

expression (or protein abundance) matrix, HiPathia outputs a new matrix containing the 

predicted activity values for all the signaling circuits in the metaginfo object. As a post-

processing step, resulting circuits with a network diameter lower than 2 or circuits 

covered in less than 25% of nodes by at least one gene were filtered to avoid artifacts 

emerging from the original network decomposition. 

To compare the resulting circuit activity values, two different strategies were 

used. On the first hand, the resulting values were compared between the samples of 

interest using a Wilcoxon signed rank test. On the other, inferred signaling circuit 

activities were compared between the samples of interest using limma. Resulting P 

values were adjusted to control the false discovery rate (FDR) using the Benjamini and 

Hochberg approach. HiPathia network representations were enhanced using the node 

betweenness as calculated by the PageRank algorithm (162). 

4.5. Multi-omics mean rank 

To combine the results obtained from the transcriptomic, proteomic and 

phosphoproteomic data in the FCS and signal propagation approaches, the results of 

the differential analysis for each omic layer were ranked in decreasing order using as 

metric the limma moderated T values. Then, the ranks of each feature in the different 

omic layers were averaged to derive a unique score indicating the significance and 

direction of change across the omics levels. This score, derived from the position and 

not from the significance of the changes, is robust against the differences that arise 

from the technological background of the different omics approaches.  

4.6. Constraint-based signaling network reconstruction 

A two-step inference method was employed to reconstruct a signaling network 

integrating the transcriptomic and proteomic information with CARNIVAL. First, the 
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kinase and TF activities were estimated from transcriptomic and phosphoproteomic 

data, respectively, using the VIPER algorithm. Then, for each comparison, the multi-

omic information was divided in three layers, that tried to resemble the shape of cellular 

signaling circuits: First, the receptors layer, with protein abundance changes and kinase 

activity changes included in the OmniPath list of receptors; Second, the intermediate 

signaling nodes, with protein and kinases values not included in the OmniPath list of 

receptors; and third, the effectors layer, containing the TF activity changes. For those 

nodes included in proteomics and inferred kinases, only kinase activity was considered. 

The Figure 6 shows a schematic representation of the three layers here described. 

 

Figure 6. Schematic representation of the constraint-based approach to reconstruct signaling networks from 
transcriptomic, proteomic and phosphoproteomic data. 

 To perform the CARNIVAL analysis, all the nodes and interactions contained in 

the selected signaling pathways detailed in Table 6 were combined into a shared PKN. 

Nodes containing more than 1 gene (complexes and multi-gene nodes) were 

decomposed in their individual components, maintaining all the incoming and outgoing 

interactions. The constraint-based network reconstruction was then carried out using 

the CARNIVAL R package (v1.2.0) (104). CARNIVAL includes an Integer Lineal 

Programming (ILP) implementation that efficiently solves an optimization problem 

where the objective function tries to minimize the difference between measurements 

and model predictions while also considering the resulting network size (with 

parameters named alpha and beta weights, respectively). 

 The optimizations were run for each comparison of interest using the sign of the 

receptor values as inputObj, the intermediate signaling nodes values scaled to the [-1,1] 
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interval as weightObj and the TF activity values as measObj. The ILP problems were 

solved using the IBM CPLEX software (v12.10.0.0) obtained and used through an 

academic license. CARNIVAL network representations were enhanced using the node 

betweenness as calculated by the PageRank algorithm (162). 

5. Mechanistic Integrative Analysis of RNA-Seq data 

A novel bioinformatic workflow for the analysis of RNA-Seq data was developed 

and named: Mechanistic InteGrative ANalysis Of RNA-Seq (MIGNON).  

5.1. Workflow implementation 

The whole pipeline was developed using the Workflow Description Language 

(WDL) due to its flexibility, human readability, and easy deployment. WDL makes it 

straightforward to define complex analysis tasks, chain them together in workflows, and 

parallelize their execution. It contains three top-level components: Workflows, tasks, 

and calls. When a workflow is defined, it makes calls to a specific set of tasks. The 

tasks contain the commands to be executed together with the runtime environment to 

be used within each task. All the steps of the pipeline were wrapped into WDL tasks 

that were designed to be executed on independent docker containers. The tools 

employed to perform each of the steps that compose the pipeline were described in 

previous sections, so this section only details the assembly of the different components 

of the workflow. 

Starting from raw reads, MIGNON uses fastp to perform the quality trimming 

and filtering of reads. Then, FastQC is applied to create a quality report for each 

trimmed read file. After the quality control step, five execution modes can be selected, 

starting all of them from the trimmed reads. Each execution mode employs a different 

combination of “core” tools to perform the alignment or pseudo-alignment of pre-

processed reads, as explained in  IG O ’s documentation.  hese core tools are 

STAR, HISAT2, Salmon and featureCounts. The core tools employed by each 

execution mode and its capabilities are detailed in Table 8. 

When Salmon is employed to quantify gene expression, the txImport R 

package is used to create the count table from salmon intermediate files. The output of 

the quantification process, which is the counts per sample matrix, is then normalized 

using the edgeR TMM approach, creating the normalized gene expression matrix. All 
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execution modes where an alignment is performed create an intermediate BAM file that 

is used for the downstream variant calling, enabling the detection of SNPs and indels 

from aligned RNA-Seq reads. Due to the number of intermediate steps carried out 

during this process, it was encapsulated on an independent WDL sub-workflow run at 

the sample level. In this sub-workflow, GATK and VEP are used to call and annotate 

the genomic variants, respectively.  

Execution mode Alignment Quantification Allows variant calling 

"salmon-hisat2" HISAT2 Salmon Yes 

"salmon-star" STAR Salmon Yes 

"hisat2" HISAT2 featureCounts Yes 

"star" STAR featureCounts Yes 

"salmon" - Salmon No 

Table 8. MIGNON execution modes. 

The workflow can be executed in personal computers or in high-performance 

computing (HPC) environments, both locally or in cloud-based services with cromwell, 

a Java based software that control and interpret WDL, using a JSON file as input. To 

run MIGNON, three dependencies are required: Java (v1.8.0), cromwell, and an engine 

able to run the containerized software (such as Docker or Singularity). The list of 

docker containers employed by MIGNON can be found in Table 9. 

Software Version Docker container URL 

fastp v0.20.0 quay.io/biocontainers/fastp:0.20.0  

fastqc v0.11.5 biocontainers/fastqc:v0.11.5_cv4 

samtools v1.9 quay.io/biocontainers/samtools:1.9 

HISAT2 v2.1.0 quay.io/biocontainers/hisat2:2.1.0 

STAR v.2.7.2b quay.io/biocontainers/star:2.7.2b 

salmon v.0.13.0 quay.io/biocontainers/salmon:0.13.0 

GATK v4.1.3.0 broadinstitute/gatk:4.1.3.0 

picard v2.20.7 broadinstitute/picard:2.20.7 

VeP v99 ensemblorg/ensembl-vep:release_99.1 

txImport v1.10.0 quay.io/biocontainers/bioconductor-tximport:1.10.0 

edgeR v3.28.0 quay.io/biocontainers/bioconductor-edger:3.28.0 

HiPathia v2.2.0 quay.io/biocontainers/bioconductor-HiPathia:2.2.0 

Table 9. List of docker containers employed by MIGNON. 

5.2. Integrative mechanistic signaling pathway activity analysis 

The HiPathia signaling propagation model is employed to perform the functional 

analysis in MIGNON, either using transcriptomic data alone, or integrating it with the 

genomic data in the so called integrative mechanistic analysis. Since the model is 
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mechanistic, it allows to infer the effect of an intervention (e.g., a knock-out) on the 

resulting signaling (and functional) profile, a concept that can easily be assimilated to a 

loss of function (LoF). In practical terms, MIGNON considers that a gene harbors a LoF 

if it presents at least one genomic variant with a SIFT score < 0.05 and a PolyPhen 

score > 0.95 (default values). When this occurs, an in-silico knock-down is simulated by 

multiplying the scaled normalized expression values of affected gene-sample pairs by 

0.01 before applying HiPathia, like described in Peña et al. 2019 (138). Hence, resulting 

inferred signaling circuit activity values integrate both types of data (genomic and 

transcriptomic) into a unique functional quantitative value.  

5.3. MIGNON performance evaluation and proof-of-concept 

To assess MIGNON performance and resource consumption, the workflow was 

executed over 6 different human datasets, comprising a total of 42 samples. The test 

runs were performed in a HPC environment, using cromwell (v47) and singularity 

(v3.5). To test resource consumption in response to parallelization, 6 different CPU 

configurations were employed on tasks allowing multi-threading: 1, 2, 4, 8, 16 and 24 

threads. The memory and time consumed by each call was retrieved using the sacct 

command from the Slurm Workload Manager. Table 10 details the datasets employed 

to perform the performance analysis and their accession in the European Nucleotide 

Archive (ENA). 

Accession URL Library layout Samples 

PRJEB34009 
https://www.ebi.ac.uk/ena/

data/view/PRJEB34009 
Single end 6 

PRJEB18808 
https://www.ebi.ac.uk/ena/

data/view/PRJEB18808 
Single end 6 

PRJEB35799 
https://www.ebi.ac.uk/ena/

data/view/PRJEB35799 
Single end 6 

PRJEB27811 
https://www.ebi.ac.uk/ena/

data/view/PRJEB27811 
Paired end 9 

PRJEB22671 
https://www.ebi.ac.uk/ena/

data/view/PRJEB22671 
Paired end 9 

PRJEB30062 
https://www.ebi.ac.uk/ena/

data/view/PRJEB30062 
Paired end 6 

Table 10. List of datasets employed to perform the MIGNON performance evaluation. 

 To evaluate how the proposed strategy affects the predicted signaling circuit 

activities, two different runs of MIGNON were carried out over 462 unrelated human 

lymphoblastoid cell line samples from the 1000 genomes sample collection, 
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corresponding to the CEU, FIN, GBR, TSI and YRI populations (163). In the reference 

run, only transcriptomic information (raw) was used, while for the case run the 

integrative analysis strategy was applied. Raw RNA-Seq reads were retrieved from the 

ENA project with accession PRJEB3366. 

6. Data and code availability 

Raw mass spectrometry proteomic data employed at the prostate cancer study 

were deposited in the ProteomeXchange Consortium via the PRIDE partner repository 

with the dataset identifier PXD010993. Raw mass spectrometry data employed in the 

radiated fibroblast study have also been deposited in the PRIDE repository under the 

accession PXD025656. Raw RNA-Seq data for the systemic sclerosis study have been 

deposited in the Gene Expression Omnibus (GEO) under the accession GSE121659. 

RNA-Seq data on the radiated fibroblast study have been deposited in ArrayExpress 

and can be accessed using the following identifier E-MTAB-10456. 

The functions employed to perform the basic differential expression/abundance 

analysis of omics data, as well as the classic functional analysis approaches (ORA and 

FCS) were unified in an R package that can be obtained from the following repository: 

https://github.com/martingarridorc/biokit 

MIGNON WDL code together with a bash script ready to perform a dry run of 

the workflow can be accessed in the following repository: 

https://github.com/babelomics/MIGNON/ 

The following link leads to a detailed version of the MIGNON documentation, 

which includes examples, how to prepare the inputs and the format of the outputs: 

https://babelomics.github.io/MIGNON/ 

All the analyses carried out to model signaling circuits from transcriptomic and 

proteomic data were formatted as a workflowr webpage, that also includes a link to the 

source code, and which can be accessed in the following link: 

https://martingarridorc.github.io/skinxcare_workflow/ 

  

https://github.com/martingarridorc/biokit
https://github.com/babelomics/MIGNON/
https://babelomics.github.io/MIGNON/
https://martingarridorc.github.io/skinxcare_workflow/
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1. MIGNON 

At the beginning of this thesis work, we developed a basic workflow for the 

analysis of RNA-Seq data. First, because it was needed for the main dataset employed 

during the thesis, and second, because the analysis of this type of data was a 

bottleneck in projects carried out within both research groups. Hence, we reviewed and 

assembled a basic workflow containing the state-of-the-art tools for the analysis of 

RNA-Seq data, that included steps like alignment of reads, quantification, and 

differential expression analysis. However, during the review process, we noticed that 

most of the modern available workflows were not employing the genomic information 

extractable from RNA-Seq data, nor were using current approaches for the functional 

analysis of the transcriptomic information. Because of this, we developed a new method 

to carry out the Mechanistic InteGrative ANalysis Of RNA-Seq data, which we named 

MIGNON. 

1.1. A novel approach for the analysis of RNA-Seq data 

By doing so, we created the first publicly available workflow not only able to 

extract the genomic and transcriptomic information from RNA-Seq data, but also 

capable of integrating both levels within a mechanistic signaling framework. MIGNON 

covers the whole process from raw reads using state-of-the-art tools and produces two 

key matrixes, one containing the normalized gene expression, and other containing the 

gene/sample combinations that harbor loss of function (LoF) mutations. Then, MIGNON 

combines these two matrixes by using an in-silico knock-down approach, where the 

gene expression of gene/sample pairs affected by a LoF mutation is multiplied by a 

knock-down factor (0.01 by default). On a final step, MIGNON employs the HiPathia 

model to perform the mechanistic pathway analysis. The propagation algorithm 

implemented in HiPathia stops the signal propagation in perturbed nodes and thus 

summarizes both the genomic and transcriptomic information in a single and 

mechanistic output. This output, which consists of a signaling circuit activity matrix, can 

be further analyzed using comparative approaches or supervised and unsupervised 

classification methods. In addition, we implemented MIGNON using portable and 

modular design that emerged from the combined usage of the Workflow Description 

Language (WDL) and software containers. Figure 7 represents the chain of tasks and 

tools that we employed to build MIGNON. 
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Figure 7. Schematic representation of MIGNON. Each grey box represents a piece of containerized software. 
The figure depicts the analysis steps from raw reads to the two matrixes that are combined: the loss of 
function (LoF) variants matrix (left) and the normalized gene expression matrix (right). 

To evaluate how the proposed strategy affects the inferred signaling circuit 

activities, we carried out two different runs of MIGNON over 462 unrelated human 

lymphoblastoid cell line samples from the 1000 genomes sample collection, 

corresponding to the CEU, FIN, GBR, TSI and YRI populations. In the reference run, 

only transcriptomic information (raw) was used, while in the case run, the integrative 
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knock-down strategy was applied. Figure 8 A and B depicts how the knock-down due 

to LoF mutations interrupted the transduction of the signal in three circuit/sample pairs. 

Moreover, Figure 8 C shows that the overall predicted signaling circuit activities were 

significantly lower (paired Wilcoxon signed-rank test P value < 2.2x10-16) when the 

genomic information was integrated in the model. This example shows how the use of 

transcriptomic data alone produced an incomplete picture of the real signaling activity 

and proves the usefulness of the proposed multi-omic data integration. 

 

Figure 8. In-silico knock-downs effect on predicted signaling circuit activities. A) Network representation of 
three signaling circuits that contain genes with LoF variants for three subjects from the 1000 genomes cohort. 
Node color indicates whether a gene contained on in it has a LoF variant (black) or not (grey). Red and blue 
arrows indicate stimulations and inhibitions, respectively. B) Predicted signaling activity for the three 
circuit/sample pairs on the on the sub-figure A. Color represents signaling circuit activity with and without 
considering the genomic information (raw and knock-down, respectively). C) Box plots showing the whole 
predicted signaling circuit activities with and without the genomic information for the 1000 genomes cohort 
(paired Wilcoxon signed-rank test P value < 2.2x10-16). 
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1.2. Performance evaluation 

 ext, we decided to perform a small benchmark to measure  IG O ’s 

computational requirements in terms of memory and time. Thus, we applied it to 6 

different datasets, comprising a total of 42 samples, and using 6 different CPU 

configurations on tools that allowed multi-threading. This analysis revealed that the 

most limiting steps of the entire pipeline are the alignment steps (HISAT2 and STAR) 

and the MarkDuplicates and HaplotypeCaller steps of the GATK sub-workflow. Figure 

9 summarizes the time and memory consumption of the tools that allow multi-threading 

using 6 different CPU configurations. While HISAT2 is slower than STAR, the second 

one makes a more intensive usage of available memory. Therefore, we decided to keep 

both aligners in MIGNON since this tradeoff should be considered if planning to deploy 

the workflow in cloud-computing based environments or, contrarily, in limited memory 

computing environments.  

 

Figure 9. MIGNON performance analysis results for multi-thread tasks. A) Memory consumption by task. 
Each boxplot represents the maximum memory consumption in gigabytes (Y axis) for each CPU configuration 
(X axis) and task (facets). Dashed lines indicate the following memory limits: 4, 8, 16 and 32 gigabytes. B) 
Elapsed time by task. Each boxplot represents the elapsed time (Y axis) for each CPU configuration (X axis) 
and task (facets). Dashed lines indicate the following time points: 30, 60, 120 and 240 minutes.  

In addition, Figure 10 shows the time and memory consumption of the different 

steps that make up the variant calling sub-workflow. In this process, MarkDuplicates 
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displays the highest memory consumption and HaplotypeCaller shows the longest 

runtime. Overall, the different tasks carried out by the workflow show a maximum 

memory usage under 32 gigabytes, which makes the pipeline deployable under most 

computational environments.  

 

Figure 10. GATK sub-workflow performance analysis results. A) Memory consumption by task. Each boxplot 
represents the maximum memory consumption in gigabytes (Y axis) for each task (X axis). Dashed lines 
indicate the following memory limits: 4, 8, 16 and 32 gigabytes. B) Elapsed time by task. Each boxplot 
represents the elapsed time (Y axis) for each task (X axis). Dashed lines indicate the following time points: 
30, 60, 120 and 240 minutes.  

2. Functional modeling of cellular signaling circuits 

with transcriptomic and proteomic data 

The core of this thesis is focused on creating and evaluating computational 

approaches to perform the functional analysis of omics data, in order to extract 

actionable insights about cellular signaling processes. In MIGNON, we integrate the 

multi-omics data in the molecular space, mainly because of the binary nature of the 

genomic information (harboring or not a deleterious mutation). However, 

transcriptomics and proteomics offer a quantitative perspective of the main players in 

cellular signaling, which are proteins and their activity. Hence, as shown in the 

introduction, a wide variety of methods have been developed to model signaling circuits 

from transcriptomic, proteomic and phosphoproteomic data. Most of those try to infer 
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altered signaling circuits through the combination of omics data and prior knowledge. 

Moreover, some methods also provide frameworks flexible enough to integrate different 

omic layers during the analysis. Nonetheless, due to the recentness of this field within 

computational biology, there are no studies where the functional outputs from those 

levels are directly compared or integrated in any manner.  

For this reason, we adapted and applied three different methodologies to infer 

altered signaling circuits from transcriptomic, proteomic and phosphoproteomic data. 

We contrasted the functional outputs from the different omics layers and proposed new 

strategies to combine them. Out of the functional analysis step, we employed a fixed 

framework in terms of prior knowledge and statistical approaches, to make the solutions 

as comparable to each other as possible. The three selected methods aimed to 

represent three different manners of modeling altered signaling circuits from the 

combination of omics data and prior knowledge: 

• First, standing for more traditional approaches, we employed GSVA, a functional 

class scoring (FCS) approach that does not consider the signaling network 

topology, and that uses a Kolmogorov-Smirnov (KS) like random walk statistic to 

summarize the molecular data into pathway scores.  

• Second, representing signal propagation approaches, we selected HiPathia, a 

method that first digests signaling pathways into receptor-to-effector circuits and 

then maps molecular data to network nodes to calculate each circuit signaling 

activity. To do so, it employs a signal propagation algorithm able to deal with 

complexes and loops.  

• Finally, exemplifying approaches that first extract “master regulators” from omics 

data and then uses them to guide the reconstruction of altered signaling networks, 

we adapted CARNIVAL. First, we extracted transcription factor (TF) and kinase 

activities from transcriptomic and phosphoproteomic data, respectively. Then, we 

used altered regulators together with the proteomic data to reconstruct a coherent 

signaling network through an optimization step.  

2.1. The SkinXCare dataset 

To test the proposed approaches, we used the main dataset from the 

SkinXCare project. SkinXCare is a public-private initiative to develop an effective 

treatment for radiodermatitis, a side effect of radiotherapy mainly caused by the 
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response of the fibroblasts in the dermal layer of the skin. To study the underlying 

signaling mechanisms of this response, we generated a multi-omic dataset to depict the 

molecular reaction of human fibroblasts to X-rays. This dataset was composed by the 

transcriptomic, proteomic and phosphoproteomic profile of primary human fibroblasts 

exposed to two different doses of radiation: an acute radiation dose, and an 

accumulative radiation dose. Figure 11 shows a graphical abstract of the conditions, 

approaches, and next steps to take in the project. 

 

Figure 11. Graphical abstract of the initial biological material, omic data, computational methods, and next 
steps to take in the project. 

To evaluate the changes occurring at the transcriptomic level, we employed 

total RNA-Seq with ribosomal RNA depletion, generating between 20 and 30 million 

single-end reads of 50 bp for each sample. Then, raw RNA-Seq reads were processed 

with MIGNON using the “hisat ” mode, employing edge  to filter low expressed genes 

and to normalize the count matrix. For proteomics, we employed a SILAC labeling 

approach, culturing control samples with medium containing C13 and N15 isotopes 

(“heavy”). Before the mass spectrometry (MS) analysis, a portion of the fragmented 

protein extracts was enriched in phosphopeptides using Sequential Enrichment from 

Metal Oxide Affinity Chromatography (SMOAC) with TiO2. Next, both protein and 

phosphoprotein samples were analyzed through liquid chromatography coupled to MS 

(LC-MS/MS). Raw MS data were processed using the MaxQuant suite, and then we 

processed the intensity tables filtering non quantified features, imputing missing values, 
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and applying the VSN normalization method. The Figure 12 A shows the final number 

of genes, proteins, phosphosites and phosphoproteins that were quantified in this 

analysis. In addition, the Figure 12 B represents the overlap between genes, proteins, 

and phosphoproteins as a Venn diagram. To generate the phosphoprotein abundance 

matrix, we averaged the abundance of all quantified phosphosites for each protein. As 

expected, many more features were quantified in the transcriptomic analysis than in the 

proteomics analyses. 

 

Figure 12. SkinXCare dataset overview. A) Bar plot representing the number of quantified features per omic 
level. B) Venn diagram showing the overlap between quantified genes, proteins, and phosphoproteins. Color 
indicates the number of features in each intersection. T = Transcriptomics, P = Proteomics, PP = 
Phosphoproteins. 

2.2. Molecular moderated T values correlation  

Next, we performed the differential expression/abundance analysis to evaluate 

the changes at the gene/protein level in response to both doses of X-ray radiation. To 

do so, we employed linear models as implemented in the limma package. Figure 13 

represents the results of this analysis in the form of volcano plots for each molecular 

level and comparison. Notably, both the significance and magnitude of the changes 

observed at the transcriptomic level were higher than in other molecular levels. Overall, 

the proportion of differential features per molecular layer comprised between 5 and 

15% of all the quantified features. Then, to systematically investigate the 

interrelationship of the changes between the different molecular layers, we explored the 

moderated T value correlation among comparisons. By doing so, we summarized in a 

single metric (the  earson’s correlation coefficient) the agreement between the 

significance and direction of altered features in response to radiation. This analysis was 
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performed for the common space of 1348 features that overlapped between genes, 

proteins, and phosphoproteins.  

 

Figure 13. Volcano plots showing the differential expression/abundance analysis results at the gene/protein 
level. Points represent molecular features, and its color indicates whether a feature surpassed a cutoff of 
adjusted P value < 0.05 and log2 fold change higher or lower than 1 and -1 (as red and blue, respectively). 
Horizontal and vertical facets split the volcano plots by comparison and molecular level, respectively. The 
labels in the top of each facet indicate the number of features that surpassed (or not) the previously 
mentioned cutoff. 

 

Figure 14.  oderated   value correlation matrix.  eatmap color indicates the  earson’s correlation 
coefficient for each pair of T value vectors. The left side colors annotation shows the comparison and omic 
level that produced each T value vector. The top and left side dendrograms indicate the hierarchical 
clustering results, using the complete linkage method with the Euclidean distance as metric.  
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In addition, we evaluated the similarities between levels and comparisons 

through the hierarchical clustering of the resulting correlation matrix. Figure 14 shows 

the correlation matrix and clustering results in the form of a heatmap. Markedly, the T 

value correlations were dominated by assay rather than by radiation stimuli. The 

correlation coefficients between comparisons in the same omic levels ranged from 0.63 

to 0.82, indicating that most changes induced by the acute radiation stimuli were kept in 

the accumulative radiation stimuli. In terms of omic levels, we observed that proteomics 

and phosphoproteomics had a higher correlation between them with respect to 

transcriptomics, with correlation coefficients between 0.31 and 0.64. Moreover, the 

correlation coefficients for all the pairs involving the transcriptomic level and other omic 

levels ranged from -0.09 to 0.14. Finally, Figure 15 depicts the origin of the correlation 

matrix using a pairs plot, where the scatter plots, kernel density estimations and 

correlation coefficients can be traced back for each pair of T value vectors.  

 

Figure 15. Moderated T values pairs plot. In the lower left section, a scatter plot is shown for each pair of T 
value vectors, while the  earson’s correlation coefficient is shown in the upper right corner.  or correlation 
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coefficients, asterisks indicate the significance of the correlation: * (P < 0.05), ** (P < 0.01), and *** (P < 
0.001). The diagonal plots represent the kernel density estimation plots for each T value vector. 

In a nutshell, this first analysis allowed us to analyze the changes that occurred 

in the different molecular layers in response to radiation. Additionally, it also helped us 

to evaluate the basal agreement between such layers, exploring the correlation of the 

limma moderated T values in the space of common features. As expected, the 

transcriptomic layer quantified the highest number of features showed the most 

pronounced changes. On the other hand, the correlation analysis revealed that the 

interrelationship between T values was dominated by assay rather than by radiation 

stimuli, and that the overall correlation between omic layers is not very strong (with a 

maximum value of 0.34). 

2.3. Perturbed signaling pathways using FCS 

We employed different methods to infer altered signaling circuits from 

SkinXCare data, integrating the information from the different omics layers in a 

functional space. To do so, we employed the prior knowledge contained in a subset of 

available pathways in the HiPathia R package, originally derived from KEGG. This prior 

knowledge summarizes not only which genes/proteins belong to each pathway, but also 

the connections that occur between them in the form of nodes and links. Thus, in the 

first approach, we applied the GSVA algorithm in the normalized transcriptomic, 

proteomic, and phosphoproteomic matrixes. We ran GSVA using default parameters 

and a minimum gene set size threshold of 5 genes. By doing so, we transformed the 

original molecular space, which was different across omic levels, in a common feature 

space composed by the functional categories defined by the prior pathway collection.  

Then, we performed the downstream comparison of the resulting normalized 

enrichment scores (NES) between samples as previously done with the molecular 

measurements. Figure 16 depicts the results of the differential enrichment analysis as 

volcano plots. As it can be seen, the new feature space contained far fewer variables 

than the original one. In terms of significance of the changes, we observed the same 

pattern that occurred at the molecular level, with transcriptomics being the most altered 

omic layer. In addition, because 3 pathways were discarded using the set size 

threshold in the phosphoprotein layer, the final common pathway space was composed 

by 22 functional categories instead of 25. 
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Figure 16. Volcano plots showing the differential enrichment analysis results at the pathway level. Points 
represent pathways, and its color indicates whether a pathway surpassed a cutoff of adjusted P value < 0.05, 
with color reflecting the direction of change (as red and blue for up and down, respectively). Horizontal and 
vertical facets split the volcano plots by comparison and molecular level, respectively. The labels in the top of 
each facet indicate the number of features that surpassed (or not) the previously mentioned cutoff.  

 

Figure 17.  oderated   value correlation matrix in the G  A space.  eatmap color indicates the  earson’s 
correlation coefficient for each given pair of T value vectors. The left side colors annotation shows the 
comparison and omic level that produced each T value vector. The top and left side dendrograms indicate the 
hierarchical clustering results, using the complete linkage method with the Euclidean distance as metric. 
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We also explored the correlation between the moderated T values that 

emerged from this analysis to identify similarities and differences between molecular 

levels and comparisons. Figure 17 shows the resulting T value correlation matrix. 

Interestingly, with respect to the previous analysis, the phosphoproteomic level was 

divided according to the stimulus. This was mainly caused by the correlation coefficient 

between the phosphoprotein vectors, which decreased from 0.63 to 0.32. On the other 

hand, the similarity between the changes defined by the transcriptomic and proteomic 

vectors was conserved in this new functional space. Finally, the correlation coefficients 

between transcriptomics and proteomics levels were more pronounced in this analysis, 

widening the previous range of -0.09 to 0.15 to a new range of -0.19 to 0.35.  

 

Figure 18. GSVA mean rank multi-omic combination result. Left side plots represent the relative mean rank 
across the three molecular levels for the top 5 up and down regulated pathways. Right side plots represent 
the individual limma moderated T values on each molecular level as a heatmap (T = Transcriptomics, P = 
Proteomics, PP = Phosphoproteins). Subfigures A and B depicts the results for the acute radiation vs control 
comparison and subfigures C and D for the accumulative radiation vs control comparison. 

After that, we derived a single score to rank the most perturbed pathways 

according to the three molecular levels. To do so and being aware of the magnitude 

and significance differences between assays, we decided to employ a rank-based 

approach. Thus, we ranked the pathways on each molecular level by the limma 

moderated T value, placing the most up-regulated pathways at the top of the list and 

leaving the most down-regulated ones at the bottom. Finally, we used the mean rank 

across omic levels to sort the perturbed pathways. Figure 18 A and C panels show this 

score in a relative space for the two comparisons performed, showing the top 5 up and 
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down regulated features. In this relative space, a score of 0 means that a pathway is 

the most up-regulated feature of the list in all the omics levels, and a score of 1, the 

same but for down-regulations. Additionally, Figure 18 B and D depicts the origin of 

this score, representing the moderated limma T value on each individual level and 

comparison for each selected pathway.  

As it can be seen, the top up-regulated pathways in response to the acute and 

accumulative doses of radiation were the “ otch signaling pathway” and “    signaling 

pathway”, respectively. On the other hand, the “ ippo signaling pathway” was the top 

down-regulated feature in both comparisons, showing a consistent direction of change. 

Additionally, other pathways like “Apoptosis” or “ phingolipid signaling pathway” also 

appeared in this list for both stimuli, although the direction of change was not as 

consistent across omics as it was for previous pathways. Finally, the rest of pathways 

diverged between comparisons, indicating a stimulus-specific regulation of cellular 

signaling in the GSVA approach. 

2.4. Perturbed signaling circuits using signal propagation 

The second strategy that we employed to infer perturbed signaling circuits was 

based in the signal propagation algorithm implemented in HiPathia. On it, the nodes 

and links that form each signaling pathway are decomposed into receptor to effector 

circuits, and a propagation algorithm is employed to explore how an initial signal of 1 is 

propagated along the different nodes of the networks, using molecular measurements 

as proxies of the node signaling activities. Thus, we applied HiPathia over the 

normalized expression/abundance matrixes as previously done in the FCS approach, 

transforming the original molecular space into a new space of receptors-to-effector 

signaling circuits. As the pathways were composed by 1666 genes, missing genes were 

assigned a value equivalent to each matrix’s median value.  he proportion of estimated 

missing values was 0.01% for transcriptomics, 17.18% for proteomics and 46.95% for 

phosphoproteins. Additionally, circuits with a network diameter < 2 or with less than 

25% of nodes covered by at least one molecular feature assay were filtered to avoid 

artifacts emerging from the network decomposition process and uncovered circuits. 

This filtering resulted in 423 circuits in transcriptomics, 377 circuits in proteomics and 

159 circuits for phosphoproteomics. After that, we performed the differential analysis of 

the inferred circuit activity values as previously done for the molecular level and FCS 
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approach. Figure 19 depicts the results of the differential signaling activity analysis as 

volcano plots. 

 

Figure 19. Volcano plots showing the differential activity analysis results at the circuit level. Points represent 
circuits, and its color indicates whether a circuit surpassed a cutoff of adjusted P value < 0.05, with color 
reflecting the direction of change (as red and blue for up and down, respectively). Horizontal and vertical 
facets split the volcano plots by comparison and molecular level, respectively. The labels in the top of each 
facet indicate the number of features that surpassed (or not) the previously mentioned cutoff. 

 

Figure 20. Moderated T value correlation matrix in the HiPathia signaling circuits space. Heatmap cells color 
indicates the  earson’s correlation coefficient for each given pair of   value vectors.  he left side colors 
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annotation shows the comparison and omic level that produced each T value vector. The top and left side 
dendrograms indicate the hierarchical clustering results, using the complete linkage method with the 
Euclidean distance as metric. 

 Then, we evaluated the similarities between the changes across molecular 

levels by correlating the moderated T values. As it can be seen in Figure 20, the 

correlation coefficients that emerged from the differential activity analysis were again 

dominated by molecular assay rather than by comparison. In this sense, we found the 

strongest correlation coefficients between stimuli at the transcriptomic and 

phosphoproteomic levels (0.84 and 0.81, respectively), while this coefficient was lower 

for proteomic data (0.53). Next, we used the rank-based approach to aggregate the 

multi-omic results in a single score. Figure 21 A and C panels show the resulting score 

in the relative space for the two comparisons, showing the top 5 up and down regulated 

circuits, while B and D panels depicts the origin of this score, representing the 

moderated limma T value on each individual level and comparison per circuit. 

 

Figure 21. HiPathia mean rank multi-omic combination result. Left side plots represent the relative mean rank 
across the three molecular levels for the top 5 up and down regulated circuits. Right side plots represent the 
individual limma moderated T values on each molecular level as a heatmap (T = Transcriptomics, P = 
Proteomics, PP = Phosphoproteins). Subfigures A and B depicts the results for the acute radiation vs control 
comparison and subfigures C and D for the accumulative radiation vs control comparison. 

We found very different up-regulated circuits between stimuli, belonging the top 

altered circuits to the “A    signaling pathway”, “ I  -Akt signaling pathway”, “ as 

signaling pathway” and “ ippo signaling pathway” in the acute radiation dose 

comparison and to the “ ak-  A  signaling pathway”, “ I -  signaling pathway” and 

“Apoptosis” pathway in the accumulative radiation dose comparison. On the other hand, 
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we found a higher overlap between circuits in the top down-regulated circuits set, where 

circuits belonging to the “ A   signaling pathway”, “  G  signaling pathway” and 

“ as signaling pathways” were shared between stimuli. In addition, to have an overview 

of the top altered circuits, we explored the topology of the following circuits: “A    

signaling pathway:   A GC A**”, “ ak-  A  signaling pathway: C    A”, “Wnt 

signaling pathway: CA   A” and “ A   signaling pathway:  A    ”. A network 

representation of those circuits can be found in Figure 22, where nodes are labeled as 

in the original HiPathia networks, links represent stimulations and inhibitions, and node 

size indicates node betweenness calculated by the PageRank algorithm, which was 

employed to aid visual interpretation of resulting networks.  

 

Figure 22. Network representation of top altered HiPathia circuits. Edge color represents stimulations and 
inhibitions in red and blue, respectively. Node size indicates each node betweenness calculated by the 
PageRank algorithm. 

2.5. Upstream regulators analysis 

The last method that we used to infer perturbed signaling circuits in response to 

radiation was a constraint-based network reconstruction approach. To apply it, we first 

inferred the activity of upstream transcription factors (TF) and kinases from 

transcriptomic and phosphoproteomic data, respectively. To do so, we employed 

regulator-target interactions obtained from prior knowledge and the VIPER algorithm as 

implemented in the viper R package. The TF-target interactions were retrieved from the 
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DoRothEA collection, including interactions with a confidence level of A, B or C. The 

kinase-substrate interactions with phosphosite resolution were retrieved from the 

OmniPath database. Next, we employed the limma moderated T value vectors obtained 

at each comparison for transcriptomics and phosphosites data as the input of the 

VIPER algorithm.  

 

Figure 23. Upstream regulator analysis results volcano plots. The X axis represents the VIPER normalized 
enrichment score (NES) and the Y axis indicates the significance of the activity change for each regulator. 
Red and blue points indicate regulators that surpassed a cutoff of a NES higher or lower than 2 and -2, 
respectively. Horizontal and vertical facets split the volcano plots by comparison and regulator type, 
respectively. The labels in the top of each facet indicate the number of features that surpassed (or not) the 
previously mentioned cutoff. 

This resulted in the activity estimation for 271 TFs and 88 kinases for each 

radiation stimuli. Then, we assessed the significance of the resulting normalized 

enrichment scores (NES) calculated by VIPER using the null models included in the 

viper R package, which were created using a parametric approach equivalent to shuffle 

the input features. Figure 23 shows the results of this upstream regulator analysis in 

the form of volcano plots for TFs and kinases. Red and blue points indicate regulators 

that showed an absolute NES > 2. As it can be observed, the magnitude and 

significance of the inferred activity changes were higher for the TFs than for the 

kinases. In addition, we depicted the NES for the top altered regulators in both 
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comparisons, which are represented in Figure 24. As it can be seen, we found ATM 

and STAT2 as the top up-regulated kinase and TF in both radiation stimuli, 

respectively. On the other hand, we found CSNK2A2 as the top down-regulated kinase 

in both comparisons, while the down-regulated TFs varied between conditions. In this 

sense, while in the acute-control comparison we observed TFs like ZNF263, MYC or 

MNT, in the accumulative-control comparison we found TFs from the E2F family (E2F4, 

E2F1, E2F2). Finally, others up-regulated TFs were also shared between conditions, 

like RELA and NFKB1. The rest of regulators diverged between stimuli. 

 

Figure 24. Top altered regulators. The bar plot reflects the top 5 altered regulators, by NES, per regulator 
type, comparison, and direction of change. Subfigures A and C depicts the top altered TFs, while subfigures 
B and D show the kinases. 

2.6. Constraint-based network reconstruction 

Once we performed the upstream regulators analysis, we used the resulting 

inferred activity values (NES) coupled to the proteomic data to perform a constraint-

based signaling network reconstruction with CARNIVAL. Hence, we used an absolute 

NES cutoff of 2 to filter upstream regulators, and an adjusted P value of 0.05 to select 

proteins in the differential abundance analysis. Next, we divided those features in the 

three categories of CARNIVAL: 
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• Inputs: Formed by altered kinases and proteins that are cellular receptors. 

• Weights: Formed by the rest of kinases and proteins. 

• Measurements: Formed by altered TFs. 

 

Figure 25. Signaling network obtained using the constraints defined by the altered features in response to an 
acute dose of radiation. Node colors represent the average activity in the pool of 100 solutions, node shape 
represent its type and node size indicate the betweenness score obtained from the PageRank algorithm. 

Then, we ran CARNIVAL for each radiation stimuli using the CPLEX software to 

resolve the ILP formulation of the optimization problem, that seeks the most 

parsimonious solution with respect to the inputs within the PKN. For this analysis, the 

PKN was composed by all genes and connections that formed the HiPathia pathways 

object, except for the transcriptional regulation interactions that were considered in the 

TF activity analysis. We applied CARNIVAL with the following parameters: An alpha 

weight of 1, a beta weight of 0.2, an allowed number of solutions to be generated of 

10000, an allowed number of solutions to be kept in the final solution pool of 100, and a 
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time limit of 30 minutes. CPLEX solved the optimization problems with a gap value of 

0.08% for the acute-control problem and of 0.97% for the accumulative-control 

comparison. Figure 25 and Figure 26 show the obtained consensus signaling networks 

for features derived from the acute and accumulative radiation stimuli, respectively. 

 

Figure 26. Signaling network obtained using the constraints defined by the altered features in response to an 
accumulative dose of radiation. Node colors represent the average activity in the pool of 100 solutions, node 
shape represent its type and node size indicate the betweenness score obtained from the PageRank 
algorithm. 

2.7. Comparison of solutions 

In a final step, we performed a systematic comparison of the inferred signaling 

networks obtained from each method.  hus, and given the “ranked” nature of G  A 

and HiPathia combined scores, we used those scores to divide the obtained pathways 

or circuits in ten folds and extracted the HUGO symbols for genes/proteins included in 

each fold. For CARNIVAL networks, all nodes included in the final solutions were used. 
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Next, we computed an overlap coefficient between gene vectors for each pair of 

methods using the Jaccard index. This similarity coefficient has a value between 0 and 

1, receiving a value of zero if the compared sets have no elements in common, and a 

value of 1 if the compared sets contain exactly the same elements. Figure 27 represent 

the resulting Jaccard index (Y-axis) for genes included in the solutions on each step in 

the relative mean rank (X-axis).  

 

Figure 27. Stepwise comparison of resulting networks. Y-axis represent the Jaccard index between each pair 
of vectors containing the genes of altered signaling networks for each method comparison (vertical facets) 
and fold in the relative mean rank (X-axis). Horizontal facets divide the plot by radiation stimuli. Sections 
where up and down regulated features are most likely to be found are highlighted in red and blue, 
respectively. 

Overall, we found a greater similarity between GSVA and HiPathia with respect 

to the similarity of both methods with CARNIVAL. While the Jaccard index between 

GSVA and HiPathia reached a value of 0.5 for some sections, the maximum value for 

the GSVA-CARNIVAL and HiPathia-CARNIVAL comparisons was of 0.12. Markedly, for 

the GSVA-HiPathia comparison, the similarity between methods was higher in the 

region of down-regulated features than in the sections belonging to up-regulated 

features.  

3. A computational toolkit for biomedical research 

During this thesis work, we developed a computational toolkit to perform the 

statistical and functional analysis of omics data in different biomedical research 
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contexts. In addition, we automatized several tasks to retrieve data and prior knowledge 

from public databases, which helped to create, reinforce, or refute each project’s 

specific hypotheses. The basic capabilities of the toolkit, implemented as an R 

package, are depicted in Figure 28. This toolkit made significant contributions in a wide 

variety of research lines, and the following sections detail examples of its application 

and use. In all projects, the computational analysis was accompanied by an 

experimental validation of the most important insights retrieved by the toolkit, 

highlighting the potential of the combined computational and experimental approaches.  

 

Figure 28. Biokit package capabilities. Each box indicates the analyses that can be carried out with the biokit 
package within the following three categories: “ ata visualization”, “ tatistical analysis” and “ unctional 
analysis”. 

3.1. Pre-processing and analysis of transcriptomic data 

A very early version of MIGNON and of the toolkit were used to transform bulk 

RNA-Seq raw data into biological insights across different projects. In all of them, we 

performed the quantification of gene expression, normalization, statistical modeling, 

and functional analysis of transcriptomic data from cellular and animal models of human 

disease. As an example, we will show the results for one of those projects, focused on 

profiling the effect of two different treatments for scleroderma, an autoimmune 

pathology that affects skin through chronic inflammation and fibrosis. In this project, we 

employed a mouse model based in bleomycin (BLM) treatment, a drug that induces 

proinflammatory and fibrogenic cytokines in the skin, mimicking what occurs in human 

scleroderma patients. In combination with the bleomycin, we applied two different 

treatments based in two cannabinoids: Ajulemic Acid (AJA) and EHP-101 (EHP). Next, 

skin total RNA was isolated and processed using RNA-Seq in two rounds of 

 io it

  t   is  li  tion 

 ernel density estimations
 rincipal Component Analysis ( CA)

 ierarchical clustering

 i  e enti l e   ession  n l sis 

   est
 inear models (limma)

 egative binomial models (   eq , edge )

  nction l  n l sis 

Over representation analysis 
( isher s exact test)

 unctional class scoring (fgsea)



Results 

 

96 

sequencing. Thus, we obtained the transcriptomic profile for the skin of 12 mice under 4 

conditions: Untreated (control), BLM, BLM + AJA and BLM + EHP (N=3 per group).  

In the first step of the computational analysis, we processed the raw RNA-Seq 

data by performing the trimming and quality control of raw reads. Then, trimmed reads 

were aligned against the mouse reference genome and reads overlapping genomic 

features were quantified to obtain the count matrix. The resulting count matrix was 

filtered to remove genes without at least 15 counts across samples and normalized 

using DESeq2 regularized logarithmic transformation, regressing out the batch effect 

corresponding to the two different rounds of sequencing. Then, we applied three types 

of analysis to explore, compare and interpret the obtained transcriptomic profiles. First, 

we used a principal component analysis (PCA) to evaluate the distribution of samples in 

a reduced dimensional space accounting for most of the variability in the dataset. 

Figure 29 shows the results of this analysis, placing samples in a bidimensional space 

formed by the two first principal components, that explained  5.8% of the dataset’s 

variance. As it can be seen, samples clustered forming 4 groups, that corresponded to 

the experimental conditions under study. 

 

Figure 29. Principal Component Analysis (PCA) results. Each point represents a sample in the bidimensional 
space created by the two first principal components. Point color indicates the experimental group to which 
each sample belongs. The percentage showed in the X and Y axes indicate the proportion of the variance 
explained by each principal component. 
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 Next, we decided to evaluate the transcriptomic changes produced by each of 

the treatments in mice skin. Thus, we used DESeq2 negative binomial models to 

perform a differential expression analysis carrying out the following comparisons: BLM 

treated skin versus non-treated skin (control), BLM+AJA versus BLM, and BLM+EHP 

versus BLM. By doing so, we evaluated the changes induced by the treatment that 

creates the damage and the action of the treatments that try to reduce it. The results of 

this analysis are represented as volcano plots in the Figure 30. Markedly, the changes 

induced by the BLM treatment in non-treated skin were the more pronounced in terms 

of magnitude and significance. A total of 3155 (17.26%) genes surpassed the cutoff of 

adjusted P < 0.05 and absolute log2 fold change > 1. On the other hand, the changes 

induced by both cannabinoids in BLM treated skin were less pronounced. A total of 920 

(6.35%) and 564 (3.21%) genes surpassed the aforementioned cutoff for EHP and AJA 

treatments, respectively.  

 

Figure 30. Differential expression analysis results as volcano plots. The X axis indicate the magnitude of the 
gene expression change as the log2 fold change, while the Y axis represents the significance of the change 
as the -log10 transformed adjusted P value. Each point represents a gene, and its color indicates whether a 
gene surpassed or not a cutoff of adjusted P value < 0.05 and a log2 fold change lower or higher than 1 as 
blue (Down) or red (Up), respectively. The facets split the volcano plots by comparison and the labels at the 
top of each facet indicate the number of genes that surpassed the cutoffs. 

Finally, to evaluate the results in a functional context, and to guide their 

interpretation, we performed the functional analysis of the differential expression results 

using a functional class scoring (FCS) approach. Hence, for each comparison, we 

ranked the genes using the log2 fold change and performed a gene set enrichment 

analysis (GSEA) using MSigDb hallmarks as functional categories and the gene 

permutation approach implemented in the fgsea R package as algorithm. Figure 31 

shows the hallmarks that were enriched (adjusted P < 0.01) in the BLM versus Control 
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comparison and in at least one of the other two comparisons. This analysis revealed 

that 7 of the 10 hallmarks that were enriched in one direction in BLM challenged mice 

followed the opposite trend after treatment with either EHP or AJA. Among them, the 

inflammatory response and myogenesis hallmarks, related to the pathogenesis of the 

disease, showed a similar pattern for both treatments, something that was 

subsequently confirmed through histological studies. The three hallmarks that did not 

follow a common trend between treatments consisted of functional categories related to 

hypoxia, interferon alpha and interferon gamma response.  

 

Figure 31. Functional analysis results. For each comparison of interest (X axis), the enriched MSigDb 
hallmarks (Y axis, Adjusted P < 0.01) are represented as points with arrow shape. Points color represents the 
normalized enrichment score (NES) and its size indicates the significance of the enrichment as the -log10 
transformed adjusted P value.  

Overall, the analysis developed in this project is an example of how to apply 

basic data visualization and statistical modeling techniques to evaluate the similarities 

and differences between novel treatments for scleroderma, using a combination of 

animal models and RNA-Seq. This project was followed by further experimental 

validations and was used as the seed for the development of a new scleroderma 

treatment, based in the EHP formulation. This treatment is currently in the clinical trial 

phase and is showing promising results for the treatment of patients suffering from this 

disease. On the other hand, the exemplified strategy was applied to 4 different research 

lines during the thesis, that resulted in 5 co-authored publications. 
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3.2. Analysis of proteomic data 

 

Figure 32. NCI-60 over-representation analysis results. The bar plot shows the top 10 enriched NCI-60 cell 
lines in the Y axis, while the X axis indicates the significance of the enrichments as the -log10 transformed 
adjusted  isher’s exact test   value.  he dashed line.  ashed line indicates a cutoff of adjusted   =  . 5. 

In a very similar way to that described above for transcriptomic data, our toolkit 

was used for the analysis of proteomic data generated using the SWATH label-free 

method in two different research lines. We will exemplify the analyses carried out for 

those projects showing the results of one of them in which the computational analysis 

made a particularly significant contribution. In this project, the main objective was to 

identify the mechanism of action of a potential treatment for prostate cancer, a fungal 

metabolite called Galiellalactone (G ).  hus, to investigate the drug’s mechanism of 

action, we employed two different cell lines: LNCaP and DU145, representing androgen 

sensitive and insensitive prostate cancer cells, respectively. In the first experiment, we 

applied the GL treatment to both cell lines GL (10 µM) during 24h and profiled their 

proteome using the SWATH label-free method. In this analysis, we identified 2558 

proteins and quantified a total of 1863. As a quality control step, and to check the 

specificity of the proteomic data, we performed an over-representation analysis of all 

the quantified proteins against a gene set library containing highly expressed genes in 

the NCI-60 cancer cell line collection. As expected, we found DU145 and LNCaP at the 

top of the resulting list (Figure 32). 

Then, to explore the dataset variability in a reduced dimensional space as done 

before for transcriptomic data, we performed a principal component analysis (PCA). 
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Figure 33 shows the distribution of samples in a bidimensional space formed by the 

two first principal components, which explained the 54.28% of the variance in the 

dataset. Surprisingly, we found three groups of samples. On the one hand, the greatest 

difference between samples was marked by cell type (distance the PC1 axis), indicating 

that this is the most relevant factor in terms of variance. On the other hand, while we 

could observe two sample groups for DU145 cells, indicating whether cells were or not 

treated with GL (PC2 axis), this separation was not as clear for LNCaP samples. This 

led us to conclude that the data from DU145 cells seem to reflect the consequences of 

the perturbation caused by GL-based treatment better than LNCaP cells.  

 

Figure 33. Principal Component Analysis (PCA) results. Each point represents a sample in the bidimensional 
space created by the two first principal components. Point color indicates the experimental group to which 
each sample belongs. The percentage showed in the X and Y axes indicate the proportion of the variance 
explained by each principal component. 

Next, we evaluated the differences between the experimental conditions at the 

protein level by performing a differential abundance analysis. To do so, we employed a 

T-Test to compare the normalized SWATH area means between experimental groups. 

Figure 34 depicts the results of this analysis as volcano plots. As expected, we found 

the most prominent differences between the proteomic profiles of DU145 and LNCaP 

cells. In this comparison, we found a 49.95% of proteins with an adjusted P < 0.05. On 

the other hand, the changes in response to the treatment followed the trend previously 
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observed in the principal component analysis. While in DU145 cells, the GL treatment 

mobilized an 8.38% of proteins (P < 0.05), on LNCaP cells the treatment did not 

generate many changes (1.39% of proteins with P < 0.05).  

 

Figure 34. Differential abundance analysis results as volcano plots. The X axis indicate the magnitude of the 
protein abundance change as the log2 fold change, while the Y axis represents the significance of the change 
as the -log10 transformed adjusted P value. Each point represents a gene, and its color indicates whether a 
gene surpassed or not a cutoff of adjusted P value < 0.05 and a log2 fold change lower or higher than 0 as 
blue (Down) or red (Up), respectively. The facets split the volcano plots by comparison and the labels at the 
top of each facet indicate the number of proteins that surpassed the cutoffs. 

With these observations, we decided to validate this differential response 

between cell types using cell viability assays, which showed that DU145 cells undergo 

cell cycle arrest after treatment, but not LNCaP cells. In addition, the experimental 

assays demonstrated that DU145 cells became resistant to treatment when confluence 

was reached. Hence, we decided to investigate potential targets of GL by performing a 

second proteomic analysis where DU145 cells with and without confluence status were 

analyzed using the same SWATH proteomic approach. In this second analysis, we 

quantified 2011 proteins, and 990 (49.22%) showed an adjusted P value < 0.05 when 

we compared the SWATH areas between confluent and non-confluent cells. On a final 

analysis, we searched potential GL targets between the proteins that were significantly 

altered by the GL treatment in DU145 cells and that show significant changes in the cell 

line and confluence comparisons. This analysis revealed 40 shared proteins between 

the three comparisons, as represented in the Venn diagram shown at Figure 35 and in 

the heatmap presented in Figure 36. 



Results 

 

102 

 

Figure 35. Venn diagram showing the overlap between differentially altered proteins (T-Test adjusted P value 
< 0.05) in the three comparisons of interest. 

 

Figure 36. Heatmap depicting the differential abundance analysis results for the 40 proteins overlapping the 
three comparisons of interest (columns). Cell colors indicate the log2 transformed fold change, and cell labels 
the significance of the differential abundance analysis for each comparison (rows): * P < 0.05, ** P < 0.01, *** 
  <  .   . Column annotation indicates which proteins are included in the   ig b hallmark “G   
checkpoint”. 

As we had previous evidence that GL treatment could affect the transition from 

the G2 to M phases of the cell cycle, we decided to evaluate the proteins from the 

resulting list that were included within the   ig b “G   checkpoint” functional 

category. From the 40 proteins, 2 were part of this hallmark: NUSAP1 and KPNA2. A 

final experiment, where NUSAP1 was silenced, revealed that this protein could be 

responsible for the GL treatment responsiveness in DU145 cells, stablishing it as a 

potential drug target. 

3.3. Analysis of metabolomic data 

Although initially designed for transcriptomic and proteomic data, the toolkit that 

we developed contains generic-purpose tools that are applicable to other types of 
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omics data. As an example, here we show its application to a dataset that we 

generated to study the metabolomic properties of lung cancer. This dataset is, to our 

knowledge, the largest metabolomic dataset generated from solid tissues in lung 

cancer. It covered two different types of tumors: Adenocarcinomas and squamous cell 

carcinomas. For each tumor sample analyzed, we also obtained the metabolomic 

profile of paired normal adjacent tissue. The total dataset was composed by 136 lung 

tissue samples and a total of 851 metabolites were identified. After quality control, 439 

and 798 metabolites were quantified for adenocarcinoma and squamous cell carcinoma 

samples, respectively. In the first analysis, we visualized the entire dataset using two 

heatmaps, represented in Figure 37. The hierarchical clustering of the normalized 

metabolite abundance values revealed an almost perfect segregation of tumor and 

normal samples (except for 2 samples in adenocarcinoma and 1 sample in squamous 

cell carcinoma).  

 

Figure 37. Metabolomic dataset overview and hierarchical clustering results. For each cancer type (A, B), the 
whole dataset is represented as a heatmap. Cell colors represent the scaled normalized metabolite 
abundance. The column annotation indicates which samples were generated from tumoral tissue or normal 
adjacent tissue. The top dendrogram represents the results of the hierarchical clustering of samples, using 
the average-linkage method with  earson’s correlation as metric.  

Next, we performed a differential analysis using a paired T-Test to compare the 

metabolite abundance between tumor and normal samples. This analysis revealed that 

a great proportion of metabolites were altered between paired samples for both tumor 
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types, as shown in Figure 38. The resulting list of differential metabolites was then 

manually scrutinized grouping metabolites per metabolic pathway. 

 

Figure 38. Differential abundance analysis results as volcano plots. The X axis indicate the magnitude of the 
metabolite abundance change as the log2 fold change, while the Y axis represents the significance of the 
change as the -log10 transformed adjusted P value. Each point represents a gene, and its color indicates 
whether a gene surpassed or not a cutoff of adjusted P value < 0.05 and a log2 fold change lower or higher 
than 0 as blue (Down) or red (Up), respectively. The facets split the volcano plots by cancer type and the 
labels at the top of each facet indicate the number of metabolites that surpassed the cutoffs. 

3.4. Analysis of prior knowledge 

In addition to the toolkit previously described, that was mainly employed to 

analyze new omic datasets, we also automatized a series of tasks to retrieve prior 

knowledge from biological databases. These tools were used to support and 

complement experimental research lines and here we show an example of its use and 

application. We employed one of the tools in a research project focused on exploring 

the interaction between two proteins: DYRK2 and NOTCH1. The main hypothesis in 

this research line was that DYRK2 had the capacity of phosphorylating NOTCH1, 

inducing its degradation. Thus, to elucidate the possible cancer types where this post-

translational regulation could be taking place, we processed the data from the Human 

Protein Atlas (HPA) database. This database contains discrete measurements of the 

abundance of almost all proteins in different healthy and pathological tissues, based on 

immunohistochemical staining assays. Hence, by analyzing HPA data, we created a 

potential list of cancer types where this regulation may occur. We sorted the list by the 

abundance difference between the two proteins. To calculate this, every staining level 

was assigned to a number (Not detected: 1, Low: 2, Medium: 3 and High: 4) and 
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multiplied by the number of patients for each tissue and protein. Then, the absolute 

mean differences were calculated for every tumor tissue. Figure 39 shows the results 

we obtained after pre-processing and evaluating HPA data. Overall, we discovered that 

this type of regulation was more likely to occur in cervical cancer, colorectal cancer, or 

pancreatic cancer, and less likely in other cancer types like thyroid cancer, prostate 

cancer or head and neck cancer. 

 

Figure 39. DYRK2 and NOTCH1 protein abundance in tumor tissues obtained from HPA. Column and circle 
color show the antibody stain level observed in tumor tissues. The point size indicates the number of patients 
showing a particular expression level relative to the total number of patients. The tumor tissues were sorted 
based on the abundance score differences between proteins.  
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1. MIGNON 

One of the main products of this thesis work is MIGNON (Mechanistic 

InteGrative ANalysis Of RNA-Seq data), a versatile workflow to integrate RNA-seq 

genomic and transcriptomic data into mechanistic models of signaling pathways. The 

pipeline covers the whole analysis from RNA-Seq raw reads to an output that integrates 

both genomic and transcriptomic data, and which is easy to interpret and link to a given 

phenotype. To compare MIGNON against other similar tools, we firstly performed a 

comprehensive review of available workflows for RNA-Seq data processing. We only 

considered those published from 2015 onwards and able to use raw read files (*.fastq) 

as input data. Nine workflows fulfilled these criteria: QuickRNASeq (68), SEPIA (164), 

Recount2 (165), RNACocktail (166), ARCHS4 (167), GREIN (168), VaP (80), DEWE 

(169) and RaNA-Seq (70). Table 11 summarizes their number of citations extracted 

from Google Scholar (as of April 2020), year of publication and implementation type. In 

addition, Table 12 lists the outputs produced by each of them, hence comparing their 

functionalities. 

Workflow URL 
Google 
scholar 
citations 

Year Implementation 

QuickRNASeq 
https://sourceforge.net/
projects/quickrnaseq/  

26 2016 
Shell, Perl, and R 

scripts 

SePIA http://anduril.org/sepia  25 2016 Anduril workflow 

Recount2 
https://jhubiostatistics.
shinyapps.io/recount/  

154 2017 
Shiny app and R 

package 

RNACocktail 
https://bioinform.github

.io/rnacocktail/  

71 2017 Python scripts 

BioJupies 
(ARCHS4) 

https://amp.pharm.mss
m.edu/biojupies/  

143 2018 Web service 

GREIN 
https://shiny.ilincs.org/

grein  

9 2019 
Shiny app and R 

package 

VaP 
https://modupeore.gith

ub.io/VAP/  

1 2019 Perl scripts 

DEWE 
http://www.sing-
group.org/dewe/  

3 2019 Java app 

RaNa-Seq https://ranaseq.eu/  0 2019 Web service 

MIGNON 
https://github.com/bab

elomics/MIGNON  

- 2021 WDL workflow 

Table 11. Summary of available workflows for RNA-Seq data analysis. 

While a comparison at the level of computational resources does not make 

much sense, since it will depend on the tools that make up each pipeline, a comparison 

https://sourceforge.net/projects/quickrnaseq/
https://sourceforge.net/projects/quickrnaseq/
http://anduril.org/sepia
https://jhubiostatistics.shinyapps.io/recount/
https://jhubiostatistics.shinyapps.io/recount/
https://bioinform.github.io/rnacocktail/
https://bioinform.github.io/rnacocktail/
https://amp.pharm.mssm.edu/biojupies/
https://amp.pharm.mssm.edu/biojupies/
https://shiny.ilincs.org/grein
https://shiny.ilincs.org/grein
https://modupeore.github.io/VAP/
https://modupeore.github.io/VAP/
http://www.sing-group.org/dewe/
http://www.sing-group.org/dewe/
https://ranaseq.eu/
https://github.com/babelomics/MIGNON
https://github.com/babelomics/MIGNON
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of their outputs does. Henceforth, the first noticeable aspect is that there are three 

outputs that most workflows produce, which are the normalized gene expression 

values, the differential expression results and the transcriptomic-based functional 

analysis output. In addition, although some of them can carry out genomic variant 

calling (QuickRNASeq, SEPIA, RNACocktail and VaP), none of them provides a way to 

integrate the called variants with the gene expression data as MIGNON does. Among 

the workflows, only SEPIA provides an option for the functional analysis of both omic 

results, where transcriptomic and genomic data are treated independently. While the 

real usage level of these workflows is always difficult to estimate, Google Scholar 

citations can provide an approximate measurement of the relative impacts in terms of 

scientific document quotations. According to these observations, SEPIA displays a 

modest 6% of use among the available workflows. Conversely, Recount2 (36%), 

ARCHS4 (33%) and RNACocktail (16%) together account for 85% of the citations. 

Among these, only one (ARCHS4) provides functional analysis, by conventional ORA. 

Thus, a workflow capable of not only extracting transcriptomic and genomic information 

from RNA-seq reads, but also of integrating them in a mechanistic model of signaling 

pathways seems to be a good step forward. 

Workflow NGE DGE TFR GV AGV IGF 

QuickRNASeq Yes - - Yes - - 

SePIA Yes Yes Yes Yes Yes - 

Recount2 Yes - - - - - 

RNACocktail Yes Yes - Yes - - 

ARCHS4 Yes Yes Yes - - - 

GREIN Yes Yes - - - - 

VaP - - - Yes Yes - 

DEWE Yes Yes Yes - - - 

RaNa-Seq Yes Yes Yes - - - 

MIGNON Yes Yes Yes Yes Yes Yes 

Table 12. Comparison of workflow functionalities. Each column represents a different type of output that can 
be produced by each workflow. NGE = Normalized Gene Expression, DGE = Differential Gene Expression, 
TFR = Transcriptomic-based functional results, GV = Genomic Variants, AGV = Annotated Genomic Variants, 
IGF = Integrated Functional Results. 

Although it is true that MIGNON provides a novel way to analyze RNA-Seq 

data, it also makes some assumptions that need to be carefully drawn to highlight the 

limitations of the proposed methodology. First, MIGNON uses alignments to detect and 

retrieve genomic variants like Single Nucleotide Polymorphisms (SNP) and 

Insertions/Deletions (indels). Calling genomic variants from RNA-Seq data is not a new 

idea, since it appeared together with the first versions of the technique. For example, in 
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2008, Cloonan et al. described one of the first RNA-Seq protocols to profile stem cell 

transcriptomes where a dedicated SNP discovery pipeline was used to retrieve 

genomic information (170). More recent examples include the analysis of bovine 

pituitary gland (171), or pig hypothalamus and liver (172). Moreover, in 2020, Tang et 

al. used the genomic information extractable from single-cell RNA-Seq to confirm the 

mutations detected through single-cell DNA-Seq in skin melanocytes (173). The main 

biological assumption behind this is that the genomic variants detected in the RNA 

molecules sequences were generated from the original template DNA during the 

transcription process.  

There are 3 steps where this previous assumption may fail: (i) The RNA 

polymerase may error during the transcription process, inserting a variant at the 

transcriptomic level that does not occur at the genomic level, (ii) in RNA-Seq, additional 

errors can be introduced by the reverse transcriptase that is used to generate the initial 

set of cDNA molecules from RNA samples, or (iii), in the polymerase chain reaction 

(PCR) used during the amplification process. Hence, while it has been estimated that 

the RNA and DNA polymerases employed in (i) and (iii) produce one error for each 

300,000 bases synthetized (0.0000033%), the reverse transcriptase used in (ii) has 

been shown to be notoriously error-prone and expected to make one error every 10,000 

to 30,000 bases (0.0001% to 0.000033%) (174,175). It is important to consider this set 

of biological error rates when interpreting  IG O ’s results, which cannot be avoided 

through computational strategies. 

It is also worth highlighting the limitations of the computational side of variant 

calling which, unlike biological errors, we can control with software modifications. In this 

sense, the main challenges to overcome include handling splice junctions, variant 

detection in low-expressed regions, and managing of duplicated reads (176,177). 

Hence, different engines have been employed to perform the variant calling from 

aligned RNA-Seq reads. Most of these engines were originally developed for DNA-Seq, 

but have been adapted to the peculiarities of RNA-Seq. Sahraeian et al. 2017 

compared the accuracy of two packages to carry out variant calling from RNA-Seq data 

using the NIST high-confidence calls as gold standard (166,178). In this work, authors 

apply the GATK HaplotypeCaller and SAMtools mpileup softwares, in combination with 

different aligners, showing that GATK performs consistently in terms of precision and 

sensitivity. Particularly, authors showed that 93 to 97% of GATK true positive calls had 
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genotypes consistent with the NIST HC predictions. Moreover, in the VaP manuscript, 

authors show how the use of GATK can provide a good sensitivity of 99.7%-99.8% in 

both heterozygous and homozygous variants while precision reaches 97.6% and 90% 

in homozygous and heterozygous variants respectively (7). Consequently, we chose to 

use the GATK workflow adapted for RNA-Seq to perform the variant calling from 

aligned reads, which has demonstrated robustness in the few benchmark studies that 

have been conducted. 

We also make several assumptions in the functional analysis step proposed to 

integrate the genomic and transcriptomic data. First, we use VEP to annotate the called 

variants and assume that those overlapping gene regions and receiving a SIFT score < 

0.05 and a PolyPhen2 score > 0.95, trigger deleterious mutations in the corresponding 

gene products. Both SIFT and PolyPhen2 are algorithms designed to predict the impact 

of genetic variants over resulting proteins, which showed consistent performances if 

sufficiently strict cutoffs are used (137,144). Because the predictions are not 

experimentally validated, we considered alternative approaches to annotate variants 

during  IG O ’s development, like using the curated information from databases like 

ClinVar (134), or restricting the workflow to specific applications using disease specific 

information, like those retrieved by COSMIC (135). However, we decided to design 

MIGNON using these broad-spectrum tools, and to implement a modular design that 

allows one to adapt the workflow to the specific needs of each project. In addition, while 

it is true that we cannot experimentally validate all variants annotated by MIGNON, we 

believe that applying a combination of methodologies and a strict cutoff reduces the 

proportion of false positives. However, a large benchmark is needed to choose how to 

score the variants in the proposed approach. 

Following variant annotation and filtering, we employ the HiPathia algorithm to 

calculate signal propagation over cellular signaling circuits. The main assumptions 

made in this step are derived from the HiPathia model itself and from the proposed in-

silico knockdown approach. HiPathia implements an algorithm that employs normalized 

expression measurements as proxies for the resistance of the nodes to transmit the 

signal through the circuits. Therefore, highly expressed genes allow a higher signal 

transmission while the less expressed genes produce the opposite effect. Due to an 

obvious lack of a ground truth or gold standard in the functional analysis of omics data, 

we cannot determine whether the algorithm used is the most appropriate with respect to 
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a biological reality.  hus, we can only evaluate the methods from what we “expect” to 

obtain given a biological scenario and our prior knowledge. In this sense, a benchmark 

carried out in 2018 covering 9 mechanistic methods concluded that HiPathia has the 

higher specificity and sensitivity in the task of recovering cancer-specific altered 

signaling circuits (81).  

We make use of the mechanistic nature of the HiPathia method to perform an 

in-silico knockdown of genes that trigger loss-of-function mutations, with the aim of 

identifying why signal propagation is prevented by these events, as demonstrated in our 

analysis of the 1000 genomes RNA-Seq data. This approach was employed before in 

two studies: First, Peña et al. demonstrated in 2019 the usefulness of the HiPathia 

knockdown approach to interpret complex genetic variation using GTEx transcriptomic 

data in two case studies, one for Fanconi anemia and other for type 2 diabetes (138). 

Second, Falco et al. 2020 showed how the proposed strategy can be used to predict 

drug response in glioblastoma at the single cell resolution (179). Overall, although not 

perfect, we believe that the integrative phase of MIGNON is based upon methodology 

that is well supported by several studies, demonstrating its usefulness in different 

biological scenarios.  

Finally, from a computational perspective, and being aware that we had to 

create a pipeline easy to maintain and modify, we implemented MIGNON using a 

combination of a workflow language and containerized software. Thus, the modular 

design of the pipeline makes it easy to replace any tool for another one providing it 

matches the input/output schema used. Users can easily replace tools in the pipeline by 

making small changes to the MIGNON WDL code, as explained in the documentation. 

In conclusion, we believe that MIGNON is a tool that provides an 

unprecedented functionality for the analysis of RNA-Seq data: the integrated use of 

genomic and transcriptomic information within a framework based on mechanistic 

models of cellular signaling circuits. Although its applicability still depends on 

benchmarks that should be carried out, we believe that this tool can find its full potential 

in the field of personalized medicine. MIGNON raises the possibility of not only 

extracting genomic information from an RNA sample, but also of providing mechanistic 

insights that may translate to the clinic in the form of novel treatments and biomarkers. 

This tool is intended to widen the bottleneck that currently exists between the 

generation and analysis of RNA-Seq data in clinical setups, and thus, the next logical 
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step in this project is to perform a proof of concept applying MIGNON in conjunction 

with the usual clinical practice in a small cohort of patients. Given the heterogeneous 

nature of the disease, the field of oncology is postulated as a good niche to 

demonstrate the capabilities of MIGNON, due to its ability to interpret putative driver 

mutations along with gene expression in the context of signaling activity. 

2. Functional modeling of cellular signaling circuits 

with transcriptomic and proteomic data 

Another large block of this thesis work is composed by the results obtained 

from modeling altered cellular signaling circuits with transcriptomic, proteomic and 

phosphoproteomic data. To do so, we employed the SkinXCare dataset, a small-scale 

cellular model that aims to reflect the response of skin fibroblasts to X-ray radiation. 

Hence, before talking about the applied methodologies, it is important to be aware 

about the molecular regulation layers that this dataset attempts to capture. SkinXCare 

data tries to obtain a systematic view of fibroblast’s molecular response to two different 

radiation stimuli, using RNA-Seq for capturing transcriptome level alterations, and 

SILAC coupled to LC-MS/MS to capture changes that occur at the proteomic and 

phosphoproteomic levels. Because of the SILAC design of the proteomic experiment, 

the number of samples analyzed differed between the transcriptomic and the proteomic 

assays, although the analyzed experimental conditions remained the same (control, 

acute radiation, and accumulative radiation). Overall, the basal hypothesis in this 

project is that profiling those molecular levels with state-of-the-art techniques captures 

most of the cellular signaling events that occur in response to radiation. 

For this reason, we compared and integrated the outputs obtained from each 

molecular level in the different applied strategies. However, even by focusing on levels 

with a pivotal role in the central dogma of biology, we are still subject to a great 

complexity that was not directly addressed within our analysis. For instance, some 

examples of processes that affect cellular signaling and that we did not consider include 

RNA splicing, transport, modification and degradation, microRNA regulation, or protein 

folding, localization, ubiquitylation and degradation (180). In our models, we try to find 

an agreement between the molecular layers either directly or in a different feature 

space composed by inferred signaling features. In this sense, we are also prisoners of 

the differences between RNAs, proteins and phosphoproteins, which prevent a perfect 
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correlation between levels, and which is observable in the T value correlations found at 

the molecular layer. Such differences may appear depending on whether the studied 

conditions reflect a steady or transitional state, on the availability of ribosomes, or even 

if we look at different cellular compartments (180,181). This was exemplified in a recent 

proteomic study from the GTEx consortium, where 201 samples from 32 different tissue 

types were profiled using tandem mass tag (TMT) based proteomics, quantifying the 

relative protein levels of over 12,000 genes (182). In this study, the average RNA to 

protein abundance Spearman correlation was of 0.46, with an interquartile range of 

0.24–0.65. In another recent benchmark, performed within the framework of a DREAM 

challenge with CPTAC data, authors tried to predict protein and phosphoprotein 

abundances from a combination of DNA, RNA and protein measurements (183). In this 

study, best scoring teams obtained a  earson’s correlation coefficients of  .5  and  .5  

when predicting protein abundance, and of 0.42 and 0.33 when predicting 

phosphoprotein abundance (for Breast and Ovarian cancer, respectively). Both studies 

are clear examples that, even using leading edge technology, there is a set of latent 

factors that prevent a perfect agreement between gene expression, protein abundance, 

and the post-translational modifications that encompass cellular signaling. 

Being aware of those limitations, we tried to infer altered signaling circuits in 

response to radiation using different methods and the available omic profiles. These 

methods recapitulate the abundance of RNAs, proteins and phosphosites in a basal 

state (non-radiated fibroblasts) and in two perturbed states (radiated fibroblasts). 

Whether the perturbed conditions correspond to transitional or steady states, from a 

signaling perspective, is something that remains unknown. In addition, as done in 

several CPTAC studies (20,118,184), we also created a phosphoprotein matrix by 

averaging phosphosite data. Next, we chose three different methods to model altered 

signaling circuits which, in our view, were good representatives of the different types of 

approaches that exist for the functional analysis of signaling circuits from omic data and 

prior knowledge. We chose GSVA (77), HiPathia (78) and CARNIVAL (104) as 

representatives of FCS, signal propagation and network reconstruction approaches 

respectively. It is important to realize that, although some benchmarks exist (81,185), 

and each tool’s manuscript includes a comparison with similar methodologies, this work 

is, to our knowledge, the first attempt to compare functional approaches that differ 

substantially both in the way prior knowledge and omic data are used.  
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As explained in the introduction, the functional analysis of omic data can help to 

reduce its dimensionality and increase its biological interpretability. GSVA achieves 

both by using a per-sample FCS approach that employs a Kolmogorov-Smirnov (KS) 

like random walk statistic. Thus, the main benefit of employing GSVA, or in general, any 

FCS or ORA approach, is that the large original molecular space is transformed into a 

smaller space that is easier to interpret and associate to a given phenotype. While 

those traditional approaches can be very useful if the functional categories are adapted 

to each case of use, they present some weaknesses in the way they use the prior 

knowledge. Firstly, they treat all the molecular components of the functional categories 

in the same manner, or in other words, with the same weight. Consequently, molecular 

players with central or peripheric roles within the signaling networks contribute equally 

to the resulting score. Secondly, the redundancy between functional categories is not 

considered, thus benefiting molecules that appear repeatedly through signaling 

pathways. A study by Cantini et al. in 2018 showed how this functional redundancy can 

affect the informative value of gene sets within the context of cancer (186). Thirdly, 

granularity of signaling is not considered, and several studies have shown how, even in 

the same pathway, two different circuits can lead to opposite biological functions 

(76,78,102). In other words, the granularity at which the prior knowledge is employed is 

too shallow and can produce confounding results. Finally, with this being an important 

aspect of cellular signaling, connections between the molecular components of each 

signaling networks are not considered in the model. The other two approaches 

employed to infer signaling circuits consider those issues from different modeling 

perspectives that also provide a mechanistic framework to trace back the main 

components of the perturbed networks. 

HiPathia employs a network propagation-based methodology to model altered 

signaling circuits from molecular data and prior knowledge networks. First, the 

granularity of signaling is considered by decomposing the initial signaling networks into 

receptor-to-effector circuits. Those circuits aim to represent the way we understand 

signaling, where the initial reception of a stimulus by nodes on the top of the hierarchy, 

is propagated through the backbone of the networks to the final effectors, which trigger 

the biological functions. Then, HiPathia calculates an activity for each node of the 

network considering the molecular measurements of the features contained on them, 

summarizing complex nodes and multi-gene nodes in a single value. Finally, HiPathia 

applies a signal propagation algorithm to explore how an initial theoretical signal is 
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propagated through the circuits, and hence addressing one of the major points not 

considered by GSVA: the connection between the molecular components of each 

network. In addition, the signal propagation algorithm also deals with loops, resulting in 

a more realistic approach to model cellular signaling, where both positive and negative 

regulatory loops are common elements (94). However, HiPathia also make 

assumptions that may fail. By mapping the molecular measurements to nodes, HiPathia 

assumes that such values are good proxies of node signaling activities. However, 

contrary to previous studies, we found that this is better controlled in our setup through 

the inclusion of the proteomic and phosphoproteomic levels, which are closer to the 

final protein activities. Finally, HiPathia does not consider the redundancy between 

signaling circuits and hence, also suffers from the problem of the same signaling events 

being evaluated in multiple circuits. The main consequence of this is that HiPathia 

cannot make “causal” statements, but instead “mechanistic” ones, which allow for a 

“tracing back” mechanism that leads to the obtained result without declaring it as the 

sole factor responsible for the observed phenotype. 

 In the third approach, we adapted the current version of CARNIVAL, and its 

multi-omic version, called COSMOS (110), to our particular scenario. CARNIVAL uses 

an approach in which node activity is not taken from molecular measurements directly, 

but rather from the analysis of upstream regulators performed through FCS. Hence, we 

inferred TF activities from transcriptomic data, and kinase activities from 

phosphoproteomic data, using the latter in a different “resolution” than in G  A and 

HiPathia (phosphosites instead of phosphoproteins). We included the proteomic layer 

to complement the regulator activities, but only if no data was found for a particular 

receptor or intermediate signaling node. In a second step and using a simplified and 

non-redundant version of the PKN, CARNIVAL solves an optimization problem 

approached through integer linear programming (ILP) that uses node activities as 

constraints when reconstructing the network. This implementation, originally developed 

by Melas et al. in 2015 (108), includes specific parameters to control network size and 

mismatches between constraints and model predictions, considering the sign of 

interactions. The main benefit of this approach is that it creates a reduced signaling 

network that is coherent with the inferred regulatory layers and that, theoretically, is 

“causal” for the observed phenotype, given that connections are not considered in a 

redundant manner. However, like the other described methods, there are some 

problems that CARNIVAL fails to solve. Firstly, protein complexes are simplified into 
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their individual components before the analysis and thus, not included in the model in 

any manner. Secondly, the ILP algorithm used to solve the optimization problem makes 

it infeasible to consider feedback loops, failing to model this aspect of cellular signaling. 

Finally, the inclusion of the network size in the objective function results in networks 

sometimes too small and parsimonious for the number of signaling events that may, 

theoretically, occur in response to perturbation. All the discussed features for each 

method are summarized in Table 13. 

Feature GSVA HiPathia CARNIVAL 

Reduced dimensionality and 
increased interpretability 

Yes Yes Yes 

Topological information is 
considered 

- Yes Yes 

Receptor-to-effector circuits - Yes Yes 

Complexes are considered - Yes - 

Feedback loops are 
considered 

- Yes - 

Non-redundant evaluation of 
interactions 

- - Yes 

Upstream regulator analysis  - - Yes 

Table 13. Feature comparison for methods employed to model signaling circuits from omic data and prior 
knowledge. 

We used limma to compare the measurements between sample groups in the 

original molecular space and in the functional spaces derived from GSVA and HiPathia 

(73). We chose this for several reasons: firstly, the linear models implemented in limma 

offer great flexibility that allowed us to compare samples between different conditions 

considering the experimental design of each omic assay. Secondly, the empirical bayes 

approach used to estimate the variance considers not only the row-wise variation, but 

also global trends, resulting in increased effective degrees of freedom that are very 

convenient in small sample size scenarios, like the one in the SkinXCare dataset. 

Thirdly, while limma is the state-of-the-art for the analysis of transcriptomic and 

proteomic data, previous studies also employed it to assess the difference between the 

scores estimated by GSVA and HiPathia (77,179). Finally, the choice of a common 

statistical model allowed us to study how the resulting T value vectors correlate with 

each other, eliminating the possible variability that could arise from using dedicated 

statistical models for each assay. This was the same principle that guided us to employ 

a fixed prior knowledge background for the three methods. In this sense, we employed 

a reduced version of the HiPathia pathways, created from the nodes and interactions in 
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KEGG that in our view, reflects most of the canonical cellular signaling processes. This 

filtering allowed us to remove pathways like “ ancreatic cancer”, “Cocaine addiction” or 

“ opaminergic synapse”. It is true that by doing so, we fell into the trap of the 

“streetlight effect”, and that one of the aspects that remains to be explored is how the 

results would change as we include more and more information with less support in our 

case study (187).  

With this setup, we quantified the similarity of the molecular changes that 

occurred in response to radiation using the  earson’s correlation between moderated   

values. Our results indicated that the similarity of changes was dominated by omic level 

rather than by stimuli, finding a closer correlation between proteins and 

phosphoproteins and a lower correlation of the transcriptomic level with the other two. 

As mentioned above, we expected this difference between transcriptomic and 

proteomic changes, given the wide variety of factors that can explain it (181). While we 

observed a similar pattern at the HiPathia level, the GSVA scores showed an overall 

higher agreement between levels. Whether this is caused by the prior knowledge 

information added in the model, or by the fact that measurements are “averaged” by 

GSVA before the differential analysis, is something that remains unclear. In addition, 

another aspect that remains unexplored in our analysis is whether the pathway and 

circuit scores that we obtained were mainly driven by protein-protein interactions or by 

genetic regulatory events (188).  

We employed a consensus rank approach to integrate the multi-omic 

information obtained from GSVA and HiPathia because of the significance and 

magnitude differences that we found between the transcriptomic-based scores and 

those that were generated from proteomic data. A very similar approach was used by 

Väremo et al. in 2013 to aggregate the results from different enrichment methods into a 

single ranking score (189). In our study, the underlying assumption behind this 

consensus approach was that the molecular components of signaling pathways and 

circuits more affected by radiation would show pronounced changes at all the quantified 

levels. In a final step, we compared the solutions obtained from each method. In an 

ideal setup, we would have a ground truth to score each of the solutions. However, as 

mentioned in the introduction, a ground truth does not exist in cellular signaling at the 

moment (46,48,187). There are some phenomena that we may expect more than 

others, but without a guarantee that these encompass the entire response to radiation. 
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Thus, we decided to compare the obtained signaling networks instead of scoring them. 

As shown in the results of the comparison, the HiPathia and GSVA approaches showed 

an overall higher degree of similarity between them than with the solutions exerted by 

CARNIVAL. This can be explained by the fact that GSVA and HiPathia estimate 

perturbed signaling in a pre-delimited space, where the prior knowledge is divided by 

pathways or receptor-to-effector signaling circuits. In comparison, the CARNIVAL 

starting point consists of all the nodes and interactions contained in the prior 

knowledge. In addition, in CARNIVAL, two out of the three levels are not used through 

direct mapping to nodes, but instead are employed as surrogates of the activity of 

master regulators (TFs and kinases).  

On the biological side, we can review whether the most prominent altered 

circuits and nodes for each of the models are consistent with previous literature. In this 

sense, we expect to see signaling circuits mainly related to the DNA damage response 

caused by X-rays (190).  tarting with G  A results, we found the “ otch signaling 

pathway” as the top up-regulated pathway in response to the acute dose of radiation. 

Notch signaling is a process known to modulate the DNA damage response, competing 

with FOXO3a for ATM binding (191,192). Moreover, in a manuscript from 2019, authors 

showed that NOTCH signaling promotes the survival of irradiated basal airway stem 

cells in response to X-ray radiation (193). The most down-regulated GSVA feature in 

both stimuli was “ ippo signaling pathway”.  hosphorylation of YA  , one of the main 

players in this pathway, is considered a critical step in the activation of proapoptotic 

genes in response to DNA damage (194,195). Hence, its down-regulation may be an 

indicative of the fibroblasts’ resistance to trigger pro-apoptotic mechanisms.  

Within the HiPathia top altered circuits, we found a circuit of the “A    

signaling pathway” leading to the activation of   A GC A as the top up-regulated 

circuit in response to the acute dose of radiation. Several studies has demonstrated 

that this effector, which is a PPARG cofactor, is associated with protective role against 

DNA damage and telomere malfunction in different studies (196,197). In contrast, we 

found a sub-circuit of the “ A   signaling pathway” leading to the  A     kinase as 

the top down-regulated feature in the same stimulus. While we could not find a direct 

association of this effector with DNA damage response, we did find a study that 

described its ability to regulate the Hippo pathway, one of the results previously 

obtained in the GSVA approach (198). We also discovered different up-regulated 
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circuits in response to the accumulative radiation dose, which reflected a higher 

“stimulus-specificity” of the method in this direction of change. We found a circuit of the 

“ ak-  A  signaling pathway” leading to C    A as the top up-regulated feature. This 

effector, also known as p21, is a cell-cycle inhibitor and has been shown to regulate cell 

cycle, apoptosis and gene transcription in response to DNA damage (199). Thus, this 

up-regulation may be an indicator of cell cycle arrest that becomes more prominent in 

response to the accumulation of radiation doses.  

In the final approach, carried out with CARNIVAL, the TF analysis revealed a 

conserved signature of up-regulated TFs, with STAT2 being the top up-regulated 

feature in response to both doses of radiation. In a study from 2013, STAT2 was 

studied as one of the effectors of IFNβ mediated signaling to promote resistance to 

DNA damage, which could explain the obtained result (200). The down-regulated TFs 

in response to radiation varied between stimuli. While we could not find a clear 

connection between the studied phenotype and the top down-regulated TF in response 

to the acute radiation dose (ZNF263), we found a clear explanation for those that 

reduced their activity in response to the accumulative dose of radiation. In particular, 

the top down-regulated TFs were composed of E2F family members, which are known 

to control cell cycle progression to help DNA repair (201). This down-regulation could 

be an indicator of the mechanisms used by the fibroblasts to stop the cell-cycle in an 

attempt to repair the damage caused by radiation. Regarding kinase analysis, we found 

more consistent results between stimuli. Markedly, the top up-regulated kinase was 

ATM in both radiation doses, probably the best known player of the response to DNA 

damage (202). We found CSNK2A2 as the top down-regulated kinase in response to 

both stimuli. This kinase has been associated with a wide variety of biological 

processes, and its inhibition has been linked to reduced survival in cancer cells in 

response to DNA damage therapies (203). In the final step, we used the regulators’ 

activity changes coupled to the proteomic data to derive a single coherent signaling 

network solving an integer linear programming (ILP) optimization problem. This resulted 

in two networks, one per radiation stimuli, that contained not only the regulators here 

discussed, but also other proteins related with the results of the other two methods, like 

the YAP1 protein. 

In conclusion, while the FCS approaches are a popular choice to reduce omic 

data dimensionality and increase its interpretability, they lack a mechanistic component 
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to trace back and identify the most important molecular players in the altered pathways. 

In this sense, both HiPathia and CARNIVAL use the topological information of signaling 

networks to model altered circuits, thus considering the interactions between genes or 

proteins. The analysis of resulting networks with topological measurements, like the 

PageRank node betweenness score (162), provides a powerful framework to select 

molecular features that can drive the modeled signaling response. Hence, possible 

future directions for this work could include perturbing those “central” nodes of the 

cellular signaling that occur in response to radiation, to explore whether the different 

modeling strategies allow us to really modulate the response of fibroblasts to radiation.  

3. A computational toolkit for biomedical research 

In contrast to the strategies developed to model signaling circuits from multi-

omics data, the toolkit that we implemented and applied in different biomedical research 

contexts was not focused on creating new methods for the analysis of omics data. 

Instead, we summarized different mathematical and statistical approaches widely 

employed in the analysis of omics data, placing the focus on its application rather than 

on its methodological development. By doing so, we created a single unified toolkit 

intended to increase the reproducibility of omics data analysis, given the lack of 

consensus amongst scientist about which methods to apply (204). We discovered how 

even the simplest methods, from a mathematical perspective, are extremely powerful 

when applied in the appropriated contexts. An example of this is the over-

representation analysis that was used in the SWATH prostate cancer proteomic study 

as a quality control step. As explained previously, while it is true that proteomic 

technologies are currently developing by leaps and bounds, they are still behind 

genomic and transcriptomic technologies in terms of total proteome coverage. Thus, in 

the SWATH proteomic study, only 1863 proteins were quantified, comprising around a 

~10% of all the proteins annotated in Swiss-Prot (205). To certify that the quantified 

proteome was representative of the studied cell lines, we used an over-representation 

analysis against a background formed by the most expressed genes across the NCI-60 

cancer cell lines (206). The method used in the core of this approach, which is the 

 isher’s exact test, was published in the fifth version of “ tatistical  ethods for 

 esearch Workers” in  9  , and is a test for independence as opposed to association 

in 2x2 contingency tables (158). Although more complex approaches exist to perform 

such analyses, we believe that our method was the most appropriate in this context, 
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revealing that the two cell lines under study were the top enriched features in this 

analysis.  

The same principle applies to the visualization, clustering, differential analysis 

and overlap exploration methodologies that we used across the different biomedical 

research projects where omics data were analyzed. The methods included in the toolkit 

helped to address questions such as:  

• Which proteins are responsible for the effect of the drug? 

• Does the treatment produce a systematic reversal of the pathological phenotype in 

the target tissue? 

• Is our data grouped according to their source in an unsupervised manner? 

In addition to the omic data generated in each project and analyzed with our 

toolkit, we showed how the usage of prior knowledge stored in biological databases can 

be used to create, reinforce, or refute each project’s specific hypotheses. Overall, we 

believe that the software tool developed can address common tasks in the analysis of 

omics data within biomedical research contexts, and help to the unification of 

computational analyses in this field. 

4. Towards new data, tools, and insights 

In this thesis work, we summarized, developed, and applied computational 

approaches to perform the functional analysis and modeling of cellular signaling circuits 

from different types of omic data. While the biokit employed state of the art techniques 

to answer questions in different biomedical research contexts, MIGNON and the 

proposed strategies to model signaling from multi-omic data aimed to obtain a 

mechanistic perspective of the observed phenotypes. In this sense, as mentioned 

previously, the output of our methods could not be properly scored using a ground truth, 

a problem practically inherent to biology, where the latent space of unknown 

phenomena compromises all the extracted functional conclusions. 

However, new multi-omic technologies hold the promise of resolving the 

molecular state of samples with spatial and temporal resolution, and at the single-cell 

level (207,208). The biomedical scientific community is moving towards an exciting era, 

where for the first time we will be able to answer an almost infinite number of questions 

with the data generated by these new techniques. However, to be able to answer these 
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questions, we will need to adapt to a more high-throughput focused mindset, where 

computational approaches will be a cornerstone of research in almost any area of 

knowledge. The work of this thesis is our contribution to this new era, where the 

proposed methodologies are intended to open the door to new discoveries and help 

researchers to break down the cause or mechanism of pathological phenotypes 

through the use of bioinformatics. With these techniques, our intention is to extract 

more accurate insights from available data, with the final aim of improving patients’ lives 

through translational biomedical research. 
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1. MIGNON is the first available workflow able to extract and integrate the genomic and 

transcriptomic information from RNA-Seq data using a mechanistic model of signaling 

pathways. 

2. MIGNON makes use of state-of-the-art methods to perform the initial processing of 

raw reads and uses an in-silico knockdown strategy to stop the signal propagation in 

genes affected by loss-of-function mutations.  

3. Although further experimental validation of the proposed approach is needed, 

MIGNON has an enormous potential of application in personalized medicine, especially 

in the analysis of cancer transcriptomes, given its ability to interpret putative driver 

mutations along with gene expression in the context of signaling activity. 

5. In the framework of the SkinXCare dataset, there is a poor agreement between the 

changes occurring at transcriptomic, proteomic and phosphoproteomic level. In the 

molecular space, the across-level correlations are dominated by assay rather than by 

stimuli, and the correlations between proteomic levels are higher than with the 

transcriptomic changes. 

6. In the functional space provided by the GSVA analysis, the correlation between 

levels is still dominated by assay except for the phosphoproteomic level. On the other 

hand, for the HiPathia functional space, the same pattern observed at the molecular 

level is conserved.  

7. The lack of a ground truth in the field of functional analysis makes it impossible to 

score the inferred signaling networks. However, its comparison revealed a better 

agreement between GSVA and HiPathia than between CARNIVAL and the other two 

approaches. This can be caused by the fact that GSVA and HiPathia estimate 

perturbed signaling in a pre-delimited space. 

8. A toolkit for the basic computational analysis of omic data in biomedical research 

was developed and applied in different contexts, showing its potential to create, 

reinforce or refute each project’s specific hypotheses when combined with experimental 

validations. 
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