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Abstract

In this thesis, | study how biological prior knowledge and high throughput biological data can
be systematically integrated to yield mechanistic biological insights. | focused the scope of
my work mainly on signalling pathways and metabolism, especially how these two biological
functions interact and control each other. The overall goal of this work is to better
characterise the molecular driver of complex diseases and chronic health conditions such as
cancer, metabolic syndromes and fibrosis. Indeed, if we can better and more systematically
understand these conditions, we may be able to design better, more targeted treatments and
even prevent them more efficiently.

In the first chapter, | draw a state of the art of multi-omic data generation and how to analyze
them in mechanistic contexts. What we call omic data are datasets where the abundance of
hundred to thousand unique biological molecules are measured in parallel. Then, in the
second chapter, | present a collection of scientific studies where | could learn and apply the
principles detailed in the first chapter. In the third chapter, | present my attempt at developing
a way to systematically analyse and integrate multiple types of omic data together. The
resulting tool, named COSMOQOS, is presented in the context of a kidney cancer study using
multiple types of omic data generated from a cohort of patients. In the final chapter, | present
a tool called ocEANn, which aims at estimating metabolic enzyme activity changes from
metabolomic data.

Zusammenfassung

In dieser Arbeit untersuche ich, wie biologisches Wissen und Dbiologische
Hochdurchsatzdaten systematisch integriert werden kénnen, um mechanistische
Erkenntnisse zu gewinnen. In meiner Arbeit konzentrierte ich mich hauptsachlich auf
Signalwege und Stoffwechsel, insbesondere wie diese beiden Vorgange interagieren und
sich gegenseitig kontrollieren. Das Ubergeordnete Ziel dieser Arbeit ist es, den molekularen
Treiber komplexer Krankheiten und chronischer Gesundheitszustande wie Krebs,
metabolische Syndrome und Fibrose besser zu charakterisieren. Wenn wir diese
Erkrankungen besser und systematischer verstehen, konnen wir moglicherweise bessere
und gezieltere Behandlungen entwickeln und ihnen sogar effizienter vorbeugen.

Im ersten Kapitel beschreibe ich den Stand der Technik der Multi-Omic-Datengenerierung
und deren Analyse in mechanistischen Zusammenhangen. Was wir Omic-Daten nennen,
sind Datensatze, in denen die Haufigkeit von hunderten bis tausenden einzigartigen
biologischen Molekllen parallel gemessen wird. Im zweiten Kapitel prasentiere ich dann
eine Sammlung wissenschaftlicher Studien, in denen ich die Prinzipien des ersten Kapitels
angewandt habe. Im dritten Kapitel beschreibe ich meinen Versuch, einen Weg zur
systematischen Analyse und Integration mehrerer Arten von Omic-Daten zu entwickeln. Das
resultierende Tool mit dem Namen COSMOS wird im Kontext einer Nierenkrebs Studie
vorgestellt, bei der mehrere Arten von Omic-Daten verwendet werden, die von einer
Patientenkohorte generiert wurden. Im letzten Kapitel prasentiere ich ein Tool namens
ocEAnN, das darauf abzielt, Veranderungen der Enzymaktivitdt aus metabolischen Daten
abzuschéatzen.



10



Chapter 1 : From pathways to mechanistic
insights; state of the art of multi-omic data analysis
and integration

Chapter 1 is a preliminary version of a review that was published in Current opinion in
Systems Biology : Footprint-based functional analysis of multi-omic data (Dugourd &
Saez-Rodriguez, 2019a). It was written solely by A. Dugourd.

Abstract

Omic technologies allow us to generate extensive data, including transcriptomic, proteomic,
phosphoproteomic and metabolomic. These data can be used to study signal transduction,
gene regulation and metabolism. In this review, we summarize resources and methods to
analysis these types of data. We focus on methods developed to recover functional insights
using footprints. Footprints are signatures defined by the effect of molecules or processes of
interest. They integrate information from multiple measurements whose abundances are
under the influence of a common regulator. For example, transcripts controlled by a
transcription factor or peptides phosphorylated by a kinase. Footprints can also be
generalised across multiple types of omic data. Thus, we also present methods to integrate
multiple types of omic data and features (such as the ones derived from footprints) together.
We highlight some examples of studies that leverage such approaches to discover new

biological mechanisms.
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1. Introduction

In a cell, numerous molecules are constantly interacting and reacting to adapt to the
environment and preserve homeostasis. These molecules can be separated in distinct
classes, mostly DNA, RNA of various natures (messenger RNA, microRNA, etc,...), proteins
and metabolites. They can be subjected to various chemical modifications such as
methylation, phosphorylation, ubiquitinilation or glycosylation. Each of these modifications
can affect the physical properties of these molecules and, consequently, their functions. In
particular, modifications of proteins are often organised in cascades. These cascades are
interlinked, forming a complex network that controls most cellular functions. Over the past
decades, subparts of this network have been characterized and defined according to the
types of reactions and molecules interacting together, notably signaling pathways, regulatory
networks, and metabolic networks. Roughly, signaling and regulatory networks represent
subnetworks composed mainly of kinases, phosphatases and transcription factors (TFs)
connecting proteic sensors (such as membrane receptors) to gene expression. Kinases are
responsible for the phosphorylation of proteins while TFs, which are also interconnected,
regulate the abundance of RNA transcripts. Metabolic networks are mainly composed of
small molecules (metabolites) that are transformed into one another through reactions
catalyzed by metabolic enzymes (Eigure 1 A and B). Thus, changes in the abundance of
phosphorylated proteins, transcripts and metabolites hold information about the functional

states of signaling, regulatory and metabolic networks, respectively.

A)

Signalling
Footprint

N v DO0OV

Metabolism Expression
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Figure 1 - From pathway to footprint for functional analysis of omic data.

(A,B) Schematic representation of the interactions between signaling, gene regulation and
metabolism. The main type of omic data to study them are highlighted. (C) A certain pathway (green)
and the potential footprint of perturbing this pathway (blue). The question marks represent the

uncertainty of the functionality of interaction in the pathway in a specific context.

Today, it is possible to measure the abundance of thousands of RNA transcripts,
protein peptides (chemically modified or not) and metabolites. Such datasets, along with the
systematic characterization of other biomolecules (e.g. lipidomics, genomics), are referred to
as omic datasets. All these abundances can be considered as the molecular signature of a
biological sample in a specific condition, for example cells treated with an enzymatic
inhibitor. This concept can also be scaled down at the level of specific enzymes, such as
transcription factors or kinases: the abundances of the target transcripts of a transcription
factor (TF) can be viewed as the footprint of the TF activity. The same concept applies to the
target phospho-peptides of a kinase. A footprint can also be derived for a pathway or
process and inform us on their activity. In a classic ‘mapping’ strategy, the activity of a
pathway is inferred from measurements of its own components and the activity of enzymes
is estimated from measurements of their corresponding transcripts/proteins. In contrast,
footprints based strategies estimate activities from molecular readouts considered to be

downstream of the pathway/enzyme (Figure 1 C).

In this review, we will cover recent methods to analyze and extract relevant functional
and mechanistic information using molecular signatures applied to omic data. We will also
present strategies to integrate together multiple types of omic data. We will focus mainly on
molecular measurements directly related to signaling pathways and metabolic reaction
networks that can be obtained from transcriptomic, (phospho)proteomic and metabolomic
data. We leave out of the scope of the review other omic data, in particular (epi)genomic.
Accordingly, we will describe features derived from this data, in particular using footprints.
First, we present different types of online knowledge databases that can be used to extract
functional insights from omic datasets. Then we summarize mapping and footprint methods,
as well as network-based approaches. Finally, we will discuss how these methods can be

used to integrate together different types of omic datasets.
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2. Prior knowledge resources

2.1 Ontologies and protein-protein interaction databases

A powerful strategy for the analysis of any omic dataset is to integrate it with the current
knowledge of the underlying biology. This knowledge is available in multiple
resources(Miryala et al, 2018), see Table 1. For example, Gene Ontology(Ashburner et al,
2000) (GO) is arguably the most used resource for gene annotation. These annotations are
very useful to quickly get an overview of molecular functions, cellular compartments and
biological processes associated with specific genes. Many other type of annotations, such as
signaling pathways, cancer hallmarks, chemical and genetic perturbation signatures, are
available in databases such as MSigDB(Liberzon et al, 2011). Large resources for
protein-protein interactions (PPI) are also available (Miryala et al, 2018). For example,
STRINGdb(Szklarczyk et al, 2015) pulls together many different sources of PPI, from
experimentally validated interactions to automatic literature search, while Omnipath(Turei et

al, 2016) focuses on databases of curated interactions.

Table 1 : Selected Prior knowledge resources discussed in this review.

Database Content Link

Brenda Metabolic enzyme/substrate interactions, https://www.brenda-enzymes.or
reaction networks and enzyme structures. g/

CophosK Kinase/substrate interaction inference. http://compbio.case.edu/omics/
software/cophosk/
Gene Ontology Molecular functions, biological processes  http://geneontology.org/
and cellular components
KEA2 Kinase/substrate interactions from multiple http://www.m nlab.net/KEA
resources. 2/index.html
KEGG Metabolic enzyme/substrate interactions https://www.genome.jp/kega/

and reaction networks.

Kinomexplorer Kinase/substrate interaction inference. http://kinomexplorer.info/
MSigDB Gene sets of hallmarks, positions, http://software.broadinstitute.or
pathways and perturbation signatures, g/gsea/msigdb
motifs, gene ontology, oncogenic and
immunologic.
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Omnipath Protein-protein interactions pulled from http://omnipathdb.org/
various resources (Mainly curated).
Kinase/substrate interactions. Transcription
factor/target interactions (DoRothEA).

Pathway commons Signaling and metabolic pathways from http://www.pathw mmons.
various databases. ra/
PTMSigDB Post-translational modification signatures.  https://github.com/broadinstitut
e/ssGSEA2.0
Reactome Metabolic enzyme/substrate interactions https://reactome.org/
and reaction networks.
STITCHdb Chemical/proteins interactions. http://stitch.embl.de/
STRIBGdb Protein-protein interactions pulled from https://string-db.or

various resources (curated and inferred).

Transfac Transcription factor/target interactions. http://gene-regulation.com/pub/
(Commercial) databases.html|
TRRUST Transcription factor/target interactions. https://www.grnpedia.org/trrust/

2.2 Enzyme/substrate databases

Databases that capture relationships between enzymes and their substrates are useful to
extract relevant information about enzymes from transcriptomic and phosphoproteomic data.
These relationships are either predicted with computational methods or experimentally

validated.

Transcription factor (TF) targets are available in databases like TRANSFAC(Matys et al,
2006) or TRRUST(Han et al, 2018). TRRUST uses consensus sequence pattern search to
infer potential TF targets, and some of these interactions may be experimentally validated.
Hence, the level of confidence in a TF-target interaction can vary. DoRothEA(Garcia-Alonso
et al, 2018a), which is also embedded in Omnipath(Turei et al, 2016), integrates multiple
transcription factor target resources (including TRRUST). DoRothEA annotates TF-target
interactions with a confidence index based on the source of the interaction (pattern search,

experimental validation, etc...). Higher confidence interactions such as experimentally
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validated ones seems to yield better estimations of transcription factor activity
(Garcia-Alonso et al, 2018a).

Similar databases exist for kinases. PhosphositePlus(Hornbeck et al, 2012) contains curated
information about phosphosites such as their function and kinase/substrate interactions.
PTMSigDB(Krug et al, 2018), a database of post translational modification signatures
combines consensual perturbation footprint across thousands of phosphoproteomic
datasets, curated kinase targets and pathways. KinomeExplorer(Horn et al, 2014) infers
substrate of kinases with amino-acid pattern search and known PPls. CophosK(Ayati et al,
2018) complements experimentally validated databases with correlated phosphosite based
on phosphoproteomic data, thus creating context specific kinase/substrate networks.
KEA2(Lachmann & Ma’ayan, 2009) and Omnipath(Turei et al, 2016) combine together

multiple databases of kinase/substrate interactions.

Finally ,information on metabolic enzymes and their targeted metabolites exists in resources
such as KEGG(Kanehisa & Goto, 2000), Brenda(Jeske et al, 2019), Reactome(Fabregat et
al, 2018) and REcon3D(Brunk et al, 2018).

2.3 Multi-level interaction databases

Some multi-level interaction databases (spanning across multiple different biological
processes) already exist. STITCH(Szklarczyk et al, 2016), a complement of STRING,
combines interactions between chemicals and proteins with PPls. Omnipath combines
TF/targets, kinase/substrate, PPls and drugs. Pathway Commons combines signaling and
metabolic pathways from various databases(Cerami et al, 2011). In the future, it is likely that
more databases that combine together multiple types of molecular interactions will appear.
As more multi-omic datasets are generated, the importance of such combinations of

resources will increase.

3. Gene set and pathway enrichment analysis

Gene sets are groups of genes that share a common characteristic (for example, genes that
participate in the same biological process). These are available in annotation resources
described in 2. Prior knowledge resources. Gene sets can be analysed using multiple
methods that can be largely classified as either over-representation or enrichment analysis.

Over-representation analysis (ORA) usually tries to answer the following question: when
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comparing genes differentially expressed between two conditions, are there sets of genes
that contain significantly more differentially expressed genes than expected? Statistical
enrichment analysis (EA; often referred to as GSEA-like approaches), tries to answer a
slightly different question: when comparing genes differentially expressed between two
conditions, are there some sets in which the overall difference of expression is more extreme
than expected? EA approaches do so by summarising measurement-level statistics (e.g.
fold-changes, t-values, p-values) belonging to the same group/set into a single score and
estimate if this summarised score is significantly more extreme than expected (Figure 2 A,
see 4. Footprint analysis for a concrete example and (Ackermann & Strimmer, 2009)). While
they answer slightly different questions, EA has the advantage that it doesn’t require to
decide a-priori which genes are significantly changed or not. DAVID(Huang et al, 2008) is
widely used to run gene set analysis using ORA with GO. Gene Set Enrichment Analysis
(GSEA)(Subramanian et al, 2005) and Parametric Analysis of Gene Set Enrichment
(PAGE)(Kim & Volsky, 2005) are examples of statistical enrichment analysis tools.
EnrichR(Kuleshov et al, 2016) is a popular platform that provides an intuitive user interface
to perform gene set analysis with ORA or EA methods. These tools can also be used with
pathway ontologies such as the one present in MSigDB(Liberzon et al, 2011) in order to
perform pathway enrichment analysis (Figure 2 B). Recent developments in EA take
advantage of the underlying topology of pathway. This is done either in a data-driven manner
based on correlation between measurements of the same set (Alhamdoosh et al, 2017) or

using prior knowledge of interactions between members of a pathway (Amadoz et al, 2018).

A) Down-regulated Up-regulated
firesbetid DI |
(ordered)
Sets are sub-samples of the molecular features

Overall down Overall neutral Overall up (compared to all features)

Pathway set
0

o O _,_,

$‘ e Summarisation and
$ normalisation
‘ R ﬂ ‘ Kinase set (GSEA, PAGE, etc...)
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Figure 2 - Comparison between pathway and kinase enrichment analysis

(A) Simplified representation of the fundamental idea of statistical enrichment analysis. Pathways,
gene annotation and enzyme targets are sets of molecular features. The goal of an enrichment
analysis is to characterise the significance of an overall change of each set compared to the rest of all
measured molecular features in a specific condition. (B) In a classic pathway enrichment analysis, the
features used to compute the enrichment scores are the members of the pathway itself. In contrast, a
kinase enrichment analysis computes the enrichment score with targets of the kinase, but not the
kinase itself. The same principle applies for transcription factor and pathway footprint enrichment

analysis.

Originally, gene set/pathway enrichment analysis was mainly used to assess whether a
specific gene annotation is significantly enriched with extremely deregulated genes.
However, this method is very flexible and can be adapted for many different uses. For
example, associations between drugs and their expression signature (such as those found in
LINCS L1000(Subramanian et al, 2017) and DSigDB(Yoo et al, 2015)) can be used to

identify and repurpose drugs with transcriptome and/or proteomic data.

4. Footprint analysis

EA approaches can also be used for footprint analysis, such as transcription factor and
kinase enrichment analysis. Even though the algorithm is the same as for pathway
enrichment analysis, the prior knowledge sources are sets of enzyme-targets, fundamentally
changing the interpretation and usefulness of enrichment scores. This is possible because,
in the case of EA approaches, the enrichment score of a given set directly summarises the
changes of the members of the set. Thus, an enrichment score obtained from a set of
functional targets of an enzyme can be interpreted directly as a proxy of the activity of this
enzyme (Figure 2 B). An example of the procedure to estimate the activity of a kinase with

statistical enrichment is shown in Figure 3.
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Figure 3 - Example of kinase activity estimation with statistical enrichment analysis

Consider an experiment where the changes in phosphosite abundance were measured between two
specific conditions. Given a kinase K that can phosphorylate six phosphosites (a, b, c, d, e, f), one
could assume that the changes in abundance of the six phosphosites mirror changes in the activity of
kinase K. To estimate this change of activity, the statistics (t-values in this example) associated with
the change of abundance of the six targets of kinase K are summarised (using e.g. mean or variance).
This summary statistic is called the enrichment score. Then, we need to estimate whether this
enrichment score is significantly different from what would be expected from any given set of six
phosphosites. To this end, six phosphosites are sampled randomly n times from all the phosphosites
available in this study to generate a null distribution of enrichment scores. The enrichment score of
kinase K is then normalised with this distribution. Thus, the resulting normalised enrichment score
represents how extreme the change in the activity of kinase K is compared to possible kinases

randomly associated to phosphosites.

4.1 Transcription factor activity

VIPER is an enrichment analysis method building up on Parametric Analysis of Gene Set
Enrichment (PAGE). VIPER can estimate the activity of proteins, typically transcription
factors, using the abundance changes of their targets as a proxy of their activity(Alvarez et
al, 2016). Originally, VIPER uses data-driven inferred TF-targets interactions, but any type of
set collection can be used, and it has been applied to the DoRothEA TF-targets interactions

mentioned above(Garcia-Alonso et al, 2018b).
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Osmanbeyoglu et al.(Osmanbeyoglu et al, 2017) developed an approach based on bilinear
regression to estimate the activity of transcription factors with transcriptomic and
phosphoproteomic. This approach directly accounts for phosphorylation events measured

upstream of transcription factors when estimating their activity change.

4.2 Kinase activity

Analogously to TFs, the activity of kinases can be estimated from the abundance changes of
their substrates from phospho-proteomic data. As for TFs, different statistical models can be
used, for example KSEA (Wiredja et al, 2017; Casado et al, 2013) or KinasePA (Yang et al,
2016), an approach specifically tailored to handle datasets with more than two conditions. In
(Hernandez-Armenta et al, 2017), kinase activity change estimations obtained from various
statistical models were compared with kinases knock-out and ligand perturbation datasets. It
was shown in this context that simple statistics of the footprint can displayed slightly better
agreement with experimental data than more complex statistics such as GSEA or
multivariate linear regression models. Yet, the quality of the target set collection seemed to

be the main determinant of performance.

4.3 Pathway activity

Tools presented in 3. Gene set and pathway enrichment analysis can yield insight about the
activity of pathways using gene expression data (Lim et al, 2018). However, these
approaches remain limited by the fact that the expression of a gene only partially correlates
with the activity of the corresponding protein in a pathway (Krawczenko et al, 2017). This
limits the amount of information that can be retrieved about the functional state of a pathway
from expression measurements related to the members of the pathway itself. An alternative
approach is to estimate the activity of the pathway by looking at the genes that are known to
change when the pathway is activated or inhibited, akin the footprint methods for kinases
and TFs. PROGENy(Schubert et al, 2018) (an extension of SPEED(Parikh et al, 2010))
learns transcriptomic footprints of a specific pathway from multiple experiments where the
pathway is perturbed. Such footprints represent indirect targets downstream of the pathway .

They can then be used with the same algorithms presented in 4.1 Transcription factor

activity and 4.2 Kinase activity. These footprint genesets have been shown to be more
informative than the mapping/ontology genesets (Cantini et al, 2018)(Schubert et al, 2018).
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5. Multi-scale networks

5.1 Correlation-based methods for multi-omic integration

Joint analysis of omic datasets allow us to study the interactions between biological
processes. The arguably simplest and most intuitive approach is to use correlation-based
methods: correlation between different omic measurements across samples suggests that
the processes reflected in one omic regulate the processes reflected by the other, or that
there is co-regulation by a third (often unknown) process. This makes it possible to
reconstruct networks of interactions based on correlations between multiple measurements
and features. For example, correlations between metabolite and metabolic enzyme transcript
abundance was estimated in (Auslander et al, 2016). This enabled to find mMRNA predictors
of metabolic abundances. The predicted abundances of these metabolites were, in turn,
good predictors of cancer patient survival. A combination of Principal Component Analysis
and partial correlation was also used to systematically find pairs of metabolites that are
coregulated by either transcriptional or post-transcriptional mechanisms (Schwahn &
Nikoloski, 2018). MOFA is a method that generalises Principal Component Analysis to
handle multiple omic data(Argelaguet et al, 2018). The method was originally applied on a
dataset including somatic mutations, RNA expression and DNA methylation, but is in
principle applicable to other type of omic datasets such as proteomic, phosphoproteomic and
metabolomic and their corresponding footprints (e.g. kinase and transcription factor
activities).

Indeed, correlation based approaches can also be used downstream of footprint analysis to
connect activity scores with other measurements. For example, kinase activities estimated
from phosphoproteomics were correlated with metabolites to find kinases that regulate the
activity of metabolic enzymes through post translational modifications (Gongalves et al,
2017).

5.2 Network contextualisation

Most network resources (such as the ones presented in 2. Prior knowledge resources) are

generic. They recapitulate all known interactions between omic data in different organisms.
However, not all proteins are expressed in all types of cell. Different mutational backgrounds,
specially in cancer, can also alter the properties of proteins, such as enzymatic activity and

binding ability. Thus, various tools exist to contextualize networks according to specific
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conditions (Chen et al, 2014)(Tényi et al, 2016). These methods combine protein
interactions and omic datasets to find significantly deregulated subsets of a larger interaction
network. They usually rely on a static protein-protein interaction network and graph theory.
Alternative approaches find the most coherent subnetwork connecting perturbation targets
(i.e. known proteins that are altered in some way) with deregulated transcripts (Melas et al,
2015; Bradley & Barrett, 2017). To do so, protein networks are abstracted as causal models,
where nodes (proteins) and edges (interactions) can be active or not. Then, the signed
subnetworks that lead to the best fit between its output and experimental measurements are
identified. A similar approach was also used in the context of phosphoproteomic data to
reconstruct signaling pathways from a generic kinase/substrate network (Terfve et al, 2015;
Koksal et al, 2018). The pathways reconstructed in this way often share similarities with
canonical pathways. However, since they use generic prior knowledge networks, they can

include nodes that are usually absent from canonical pathways.

In the future, it is likely that such approaches will be generalised to directly integrate multiple
type of omic measurements at the same time, combining both measurements and/or output
of footprint analysis. In fact, there are already a few examples of recent methods to
contextualise networks with multiple type of omic data. The prize-collecting Steiner forest
algorithm has been used to find optimal subnetworks in a prior combination of PPl and
reaction network based on metabolic and protein abundance measurements (Pirhaji et al,
2016). The TieDIE (Drake et al, 2016) algorithm can contextualise signaling pathways with
specific types of cancer based on transcriptomic and phosphoproteomic data. A pipeline
developed by Huna et al. (Huan et al, 2018) first extracts relevant metabolic pathways based
on metabolomic data and then overlays proteomic and transcriptomic data on these
subnetworks. Finally, the HotNet (Reyna et al, 2018) algorithm generalises approaches
based on graph theory (Chen et al, 2014) to find altered subnetwork across multiple

biological scales and integrate different types of omic data together.

6. Multi-omic network to find potential actionable treatment
targets

To conclude, we believe that integrating multiple types of omic data together using biological
knowledge and appropriate computational models will allow us to better understand cellular
mechanisms in many contexts (Eigure 4). Novel types of regulatory mechanisms in E. coli
have been discovered by integrating genomic, transcriptomic, ribosomal profiling, proteomic

and metabolomic data (Ebrahim et al, 2016). Global network reprogramming events occuring
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in diabetes have been studied by simultaneously looking at transcriptomic, proteomic,
phosphoproteomic and metabolomic changes over a time course (Kawata et al, 2018).
Post-translation regulatory mechanisms in Fumarate hydratase deficient cancer cells were
decoded by integrating proteomic, phosphoproteomic and metabolomic data together
(Goncalves et al, 2018). These three studies illustrate how generating multiple parallel omic
datasets targeted toward signaling pathway and metabolism can yield very valuable insight
to understand the molecular features of diseases. In the future, it is very likely that more
multi-omic datasets will be generated to reconstruct a global regulatory picture of cellular
functions. The methods discussed in 4. Footprint analysis and 5. Footprint multi-omi

network can be useful for the analysis of such multi-omic datasets. They can generate
insights into cellular mechanisms spanning across signaling, regulatory and metabolic
networks. Indeed, these methods mainly rely on principles that are conserved across
signaling and metabolism, such as enzyme/substrate relationships, and are specifically

designed to provide functional insights.

Correlation/regression

Transcriptomic
(O
TF/target
Transcri ptomlc

Phosphoproteomic . TF/Kinase/ Phosphoproteomlc -
Om= Statistical Path: Context specific
° athway Proteomic t K
enrichment activity networ
enzyme/substrate Metabolomlc

Transcriptomic
Pathway footprint -
— . ILP/graph theory/mapping

Figure 4 - Summarised representation of the multi-omic analysis workflow

On the left, statistical enrichment analysis is used to estimate activity of kinases, transcription factors
and pathways. Then, multiple types of omic data can be connected together with these activities by
correlation/regression methods. They can also be combined with prior knowledge networks through
network contextualisation methods (optimisation, graph theory and mapping). Finally, the output of
network contextualisation and correlation-based methods can be used, independently or combined, to

generate multi-omic context specific networks.
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Chapter 2 : Omic data exploratory and functional

analysis in various contexts

During the course of my PhD, | developed omic data analysis skills (such as the ones
presented in Chapter 1) that allowed me to be involved in a variety of collaboration with
experimental laboratories that generated such datasets. While such collaborations were
subject to a severe attrition from initial data analysis to actual publication, a handful of
projects actually yielded significant publication. In this chapter, | present highlights from

these projects and give some details about my involvement and contribution to each of them.

1. Kinetic modelling of quantitative proteome data predicts

metabolic reprogramming of liver cancer(Berndt et al, 2020)

In this paper, | analysed a proteomic dataset generated from biopsies of liver tumor and
healthy liver tissues. | first applied a naive exploratory analysis on all samples to get a feel of
what the dataset looked like. This comprised hierarchical clustering of the proteomic
abundance profiles and also of their corresponding cross-correlation matrix, and principal
component analysis. Thus, | made sure that the proteomic dataset could clearly discriminate
between the healthy and tumor samples. Then | performed a differential analysis using
LIMMA(Ritchie et al, 2015), an R package that boosts the hypothesis testing statistical
power by leveraging information shared across all the tested features. Finally, | performed a
pathway enrichment analysis using the Piano R package. Piano estimates enrichment
scores by integrating the scores of multiple enrichment analysis algorithms together (such
as GSEA or PAGE). It also allows recovery of pathways that are significantly enriched with
subsets of genes that are regulated in opposing directions. This supported the hypothesis
that glycolysis was strongly deregulated in liver tumors. Overall, the proteomic data analysis
results were coherent with the hypothesis generated by the kinetic modelling of tumor

metabolism and helped to support the model’s hypotheses.
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2. NADH Shuttling Couples Cytosolic Reductive Carboxylation
of Glutamine with Glycolysis in Cells with Mitochondrial
Dysfunction(Gaude et al, 2018)

In this paper, we dissected the molecular consequences of mitochondrial dysfunction in
tumor cell lines. Thus, | analysed a proteomic dataset generated from a new cell line model
of mitochondrial dysfunctions. This cell line effectively allows the experimentalist to culture
them with controlled levels of mitochondrial dysfunction. | applied the same analysis pipeline

as the ones described in the previous part (Kinetic modelling...). This time, the analysis

notably highlighted that cells were displaying levels of cytoskeletal and cell mobility

deregulation that were proportional to the level of mitochondrial dysfunction.

3. Gli1+ Mesenchymal Stromal Cells Are a Key Driver of Bone
Marrow Fibrosis and an Important Cellular Therapeutic
Target(Schneider et al, 2017)

In this paper, we studied a subpopulation of stromal cells in bone marrow that is suspected
to play a critical role in bone marrow fibrosis progression (Gli1+ stromal cells, or fibrosis
driving stromal cells). | analysed a transcriptomic dataset generated from fibrosis driving
stromal cells. The stromal cells were extracted from inducible bone marrow fibrosis mouse
models, in healthy and bone marrow fibrosis conditions. | applied the same analysis pipeline

as in the first study (Kinetic modelling...). The pathway enrichment analysis was able to

highlight the strong deregulation of inflammation associated metabolic pathways such as
leukotriene and prostaglandin pathways. Interestingly, both pathways use the same
precursor, the arachidonic acid. This finding was particularly interesting as it was able to
connect metabolic deregulation with a tissue-level phenotype (inflammation). The pathway
enrichment analysis also allowed the analysis on the CXCL4 gene. This gene was
particularly deregulated in bone marrow fibrosis and seemed to be a major driver of the
inflammation and fibrosis progression. | also estimated the activity changes of pathways and
transcription factors in bone marrow fibrosis using Progeny and DOROTHEA. While the
pathway and TF activities were not directly reported in this paper, they helped shape up the

follow up analysis that | present later in more detail (Increased CXCL4 expression...).
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4. Increased CXCL4 expression in hematopoietic cells links
inflammation and progression of bone marrow fibrosis in

myeloproliferative neoplasms(Gleitz et al, 2020)

In this paper, we followed up on our previous work with fibrosis driving stromal cells (Gli1+

Mesenchymal Stromal Cells...) with a focus on the role of CXCL4. A cell co-culture model

was established with megakariocytes and stromal cells extracted from fibrotic bone marrow.
Transcriptomic datasets were generated from these cells at early and late time points of
fibrosis progression. | applied the same pipeline of differential analysis and pathway

enrichment analysis as presented previously (Kinetic modelling...). This showed that fibrosis

driving stromal cells displayed dramatically different pathway activity profiles in early and
late time points of fibrosis progression (Eigure 1). Furthermore, this highlighted the fact that
CXCL4 was actually over-expressed in megakariocytes but not in fibrosis driving stromal
cells at an early fibrosis progression time point. CXCL4 seemed to be over-expressed in
fibrosis driving stromal cells only at a late progression time point. This further supported the
hypothesis that CXCL4 was actually not initially produced in fibrosis driving stromal cells, but
rather they were aberrantly expressed in megakaryocytes at the start of the fibrotic
transformation. CXCL4 seems to serve as a mediator for megakaryocytes to recruit and

reprogram fibrosis driving stromal cells.
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Figure 1 - Significance of progeny pathway activity changes in early and late fibrotic stromal

cells and early fibrotic hematopoietic stem cells.

Then, a CXCL4 megakariocyte knockout experiment was designed to validate this
hypothesis. Knocking out CXCL4 in megakaryocytes indeed partially recovered the fibrotic
phenotype. | analysed a transcriptomic dataset generated from the co-culture CXCL4 KO
model to understand better the molecular role of CXCL4 in the fibrosis progression. |
compared the effect of fibrosis induction in megakaryocytes and fibrosis driving stromal cells
both in WT and KO conditions. | used progeny and DOROTHEA to characterise pathway
and TF activities in these different conditions. This highlighted that the JAK-STAT pathway
activity was strongly down-regulated in stromal cells when fibrosis was induced in the
CXCL4 knockout condition. This stands opposed to its up-regulation in stromal cells when
fibrosis is induced in the WT condition. Overall, the CXCL4 KO markedly reduced the activity
of pro-inflammatory pathways (Trail, NFKB and TNFalpha) in stromal cells when fibrosis was
induced. As a next step, we hope to use the co-culture model to study more deeply the cell

to cell communication by connecting TF and pathway deregulations across different cell

types (Eigure 2).
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Figure 2 - Schematic representation of the first steps to study cell/cell communications

between megakaryocytes and stromal cells.

We connect progeny and TF activity scores with simple linear regression. The linear models predict
TF activities from pathway activities in the context of intracellular connections. The model direction is
the opposite in the context of cell to cell communications, with pathway activities from one cell

population being predicted from TF activities from another cell population.

5. Proteomes in 3D: in situ protein structural states as a
readout for proteome functional alterations (Cappelletti et al,
2021)

In this paper, a new mass-spectrometry based method is presented. This method allows to
measure the abundance changes of specific conformations of proteins at a large scale,
allowing us to look at proteomic data from a completely new angle. A dataset of proteomic
conformation changes was generated from yeast submitted to osmotic stress. In parallel, the
experimentalist also generated a phosphoproteomic dataset from the same yeast culture. |

estimated kinase/phosphatase activity changes from the phosphoproteomic dataset and |
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systematically highlighted protein conformational changes that could be explained by
changes in the activity of upstream kinases and phosphatases. | notably highlighted how
SNF1, STE20, PBS2 and HOG1, canonical responder of osmotic stress, were displaying

cascading changes of protein conformation and kinase activities (Figure 3).
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Figure 3 - Network representation of kinase/phosphatase activity changes with their target
phosphorylation and conformational changes.

Square/diamond represent kinase/phosphatases. Small octogones represent phosphorylation sites.
Grey circles are proteins that display at least one peptide with significant conformational change.

Green/orange represent up/down regulation of kinase and phosphatase activities. Red/Blue represent
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up/down-regulation of phosphorylation site abundance.

6. SREBP1-induced fatty acid synthesis depletes macrophages
antioxidant defences to promote their alternative activation
(Bidault et al. 2021)

In this paper, molecular determinants of macrophage activation are studied. It especially
highlighted the link between metabolic reprogramming of fatty acid to support generation of
Radical Oxidative Species and subsequent activation of macrophages. | notably analysed
transcriptomic data from SCAP knockout macrophages exposed to IL4 (IL4 is a known
activator of macrophages). This notably showed that oxidative stress response pathways
were significantly down-regulated when SCAP was knocked out compared to wild-type
macrophages. Since SCAP is a notable activator of SREBP1, which supported the
hypothesis that SREBP1 was a critical intermediate of macrophage metabolic

reprogramming to support their IL4 dependent activation.

7. The Global Phosphorylation Landscape of SARS-CoV-2
Infection (Bouhaddou et al, 2020)

In this paper, a functional profile of Sars-Cov-2 infection is built from a large
phosphoproteomic dataset generated from airway derived cells infected by Sars-cov-2. This
analysis helped to understand the signaling pathway reprogramming following infection by
Sars-Cov-2 and to propose and validate in-vitro potential new therapeutic targets to block
virus proliferation. | set up the part of the analysis pipeline that served as a template to
analyse transcriptomic data generated from the same conditions. The analysis pipeline
covered differential analysis, TF and pathway activity estimation, and subsequent signaling
pathway contextualisation with CARNIVAL. The results of the TF enrichment analysis were
put in perspective of kinase activity estimations and showed that the downstream
transcription factors of the deregulated p38/MAPK pathway were coherently among the top

deregulated TFs in airway derived cell lines infected by Sars-Cov-2.
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Chapter 3 : Causal integration of multi-omics data
with prior knowledge to generate mechanistic

hypotheses

Chapter 3 is a preliminary version of a manuscript that was later published in bioRxiv and
Molecular Systems Biology : Causal integration of multi-omics data with prior knowledge to
generate mechanistic hypotheses (Dugourd et al, 2021). This work was also featured as the
cover of Molecular Systems Biology (Volume 17; Issue 1). The text and figures used in this
chapter were written solely by A. Dugourd.

Abstract

Multi-omics datasets can provide molecular insights beyond the sum of individual omics.
Diverse tools have been recently developed to integrate such datasets, but there are limited
strategies to systematically extract mechanistic hypotheses from them. Here, we present
COSMOS (Causal Oriented Search of Multi-Omics Space), a method that integrates
phosphoproteomics, transcriptomics, and metabolics datasets. COSMOS combines
extensive prior knowledge of signaling, metabolic, and gene regulatory networks with
computational methods to estimate activities of transcription factors and kinases as well as
network-level causal reasoning. COSMOS provides mechanistic hypotheses for
experimental observations across multi-omics datasets. We applied COSMOS to a dataset
comprising transcriptomics, phosphoproteomics, and metabolomics data from healthy and
cancerous tissue from nine renal cell carcinoma patients. We used COSMOS to generate
novel hypotheses such as the impact of Androgen Receptor on nucleoside metabolism and
the influence of the JAK-STAT pathway on propionyl coenzyme A production. We expect that
our freely available method will be broadly useful to extract mechanistic insights from

multi-omics studies.
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1. Introduction

“Omics” technologies measure at the same time thousands of biological molecules in
biological samples, from DNA, RNA and proteins to metabolites. Omics datasets are an
essential component of systems biology, and are made possible by the popularization of
analytical methods such as Next Generation Sequencing or Mass-Spectrometry. Omics data
have enabled the unbiased characterization of the molecular features of multiple human
diseases, particularly in cancer(lorio et al, 2016; Jelinek & Wu, 2012; Subramanian et al,
2017). It is becoming increasingly common to characterize multiple omics layers in parallel,
with so-called “trans-omics analysis”, to gain biological insights spanning multiple types of
cellular processes(Sciacovelli et al, 2016; Kawata et al, 2018; Vitrinel et al, 2019).
Consequently, many tools are developed to analyze such data(Argelaguet et al, 2018;
Sharifi-Noghabi et al, 2019; Tenenhaus et al, 2014; Singh et al, 2019; Liu et al, 2019b),
mainly by adapting and combining existing “single omics” methodologies to multiple parallel
datasets. These methods identify groups of measurements and derive integrated statistics to
describe them, effectively reducing the dimensionality of the datasets. These methods are
useful to provide a global view on the data, but additional processing is required to extract

mechanistic insights from them.

To extract mechanistic insights from datasets, some methods (such as pathway enrichment
analysis) use prior knowledge about the players of the process being investigated. For
instance, differential changes in the expression of the genes that constitute a pathway gene
expression are used to infer the activity of that pathway. Methods that a priori define groups
of measurements based on known regulated targets (that we call footprints(Dugourd &
Saez-Rodriguez, 2019b)) of transcription factors (TFs)(Alvarez et al, 2016; Garcia-Alonso et
al, 2019), kinases/phosphatases(Wiredja et al, 2017) and pathway perturbations(Schubert et
al, 2018), provide integrated statistics that can be interpreted as a proxy of the activity of a
molecule or process. These methods seem to estimate more accurately the status of
processes than classic pathway methods (Cantini et al, 2018; Dugourd & Saez-Rodriguez,
2019b; Schubert et al, 2018). Since each of these types of footprint methods work with a
certain type of omics data, finding links between them could help to interpret them
collectively in a mechanistic manner. For example, one can use a network diffusion
algorithm, such as TieDIE(Paull et al, 2013), to connect different omics footprints
together(Drake et al, 2016). This approach provides valuable insights, but diffusion (or

random walk) based algorithms do not typically take into account causal information (such
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as activation/inhibition) that is available and are important to extract mechanistic information.
TieDIE partially addressed this problem by focusing the diffusion process on causally

coherent subparts of a network of interest, but it is thus limited to local causality.

Recently, we proposed the CARNIVAL tool(Liu et al, 2019a) to systematically generate
mechanistic hypotheses connecting TFs through global causal reasoning supported by
Integer Linear Programming. CARNIVAL connects activity perturbed nodes such as drug
targets with deregulated TFs activities by contextualizing a signed and directed Prior
Knowledge Network (PKN). We had hypothesized how such a method could potentially be
used to actually connect footprint based activity estimates across multiple omics

layers(Dugourd & Saez-Rodriguez, 2019b).

In this study, we introduce COSMOS (Causal Oriented Search of Multi-Omics Space), an
approach that builds on CARNIVAL to connect TF and kinase/phosphatases activities as
well as metabolite abundances with a novel PKN spanning across multiple omics layers
(Figure 1). COSMOS uses CARNIVAL's Integer Linear Programming (ILP) optimization
strategy to find the smallest coherent subnetwork causally connecting as many deregulated
TFs, kinases/phosphatases and metabolites as possible. The subnetwork is extracted from a
novel integrated PKN spanning signaling, transcriptional regulation and metabolism of >
67000 edges. CARNIVAL's ILP formulation effectively allows to evaluate the entire network's
causal coherence given a set of known TF, kinases/phosphatases activities and metabolite
abundances. While we showcase this method using transcriptomics, phosphoproteomics
and metabolomics inputs, COSMOS can theoretically be used with any other additional
inputs, as long as they can be linked to functional insights (for example, a set of deleterious
mutations). As a case study, we generated transcriptomics, phosphoproteomics, and
metabolomics datasets from kidney tumor tissue and corresponding healthy kidney tissue
out of nine clear cell renal cell carcinoma (ccRCC) patients. We estimated changes of
activities of TFs and kinase/phosphatases as well as metabolite abundance differences
between tumor and healthy tissue. We integrated multiple curated resources of interactions
between proteins, transcripts and metabolites together to build a trans-omics PKN. Next, we
contextualized the trans-omics PKN to a specific experiment. To do so, we identified causal
pathways from our prior knowledge that connect the observed changes in activities of TFs,
kinases, phosphatases and metabolite abundances between tumor and healthy tissue.
These causal pathways can be used as hypothesis generation tools to better understand the

molecular phenotype of kidney cancer.
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Figure 1 - Overview of analysis pipeline

From left to right: We sampled and processed 11 patient tumors and healthy kidney tissues from the
same kidney through RNA sequencing and 9 of those same patients through mass-spectrometry to
characterise their transcriptomics, phospho-proteomics, and metabolomics profiles. We calculated
differential abundance for each detected gene, phospho-peptide and metabolite. We estimated kinase
and transcription factor activities using the differential analysis statistics and footprint-based methods.
We used the estimated activities alongside the differential metabolite abundances to contextualise (i.
e. extract the subnetwork that better explains the phenotype of interest) a generic trans-omics causal

network.

2. Results

2.1 Building the multi-omics dataset

To build a multi-omics dataset of renal cancer, we performed transcriptomics,
phosphoproteomics, and metabolomics analyses of renal nephrectomies and adjacent
normal tissues of renal cancer patients (for details on the patients see methods). First, we
processed the different omics datasets to prepare for the analysis. For the transcriptomics
dataset, 15919 transcripts with average counts > 50 were kept for subsequent analysis. In
the phosphoproteomics dataset, 14243 phosphosites detected in at least four samples were
kept. In the metabolomics dataset 107 metabolomics detected across 16 samples were kept.
Principal Component Analysis (PCA) of each omics dataset independently showed a clear

separation of healthy and tumor tissues on the first component (transcriptomics : 40% of
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explained variance (EV), phosphoproteomics : 26% of EV, metabolomics : 28% of EV,

Supplementary Figure 1), suggesting that tumor sample displayed molecular deregulations
spanning across signaling, transcription and metabolism. Each omics dataset was
independently submitted to differential (tumor vs healthy tissue) analysis using
LIMMA(Ritchie et al, 2015). We obtained 6699 transcript and 21 metabolites significantly
regulated with False Discovery Rate (FDR) < 0.05. While only 11 phosphosites were found
under 0.05 FDR, 447 phosphosites had an FDR < 0.2. This result confirmed that tumor
samples displayed molecular deregulations spanning across signaling, transcription, and
metabolism but that TF dysregulation is more pervasive. The differential statistics for all
transcripts, phospho-proteins and metabolites were then used for further downstream

analysis.

2.2 Footprint based transcription factor, kinase and phosphatase activity

estimation

We then performed computational footprint analysis to estimate the activity of proteins
responsible for changes observed in specific omics datasets. For transcriptomics and
phosphoproteomics  data, this analysis estimates transcription factor and
kinases/phosphatase activity, respectively. 32586 Transcription Factor (TF) to target
interactions (i. e. transcript under the direct regulation of a transcription factor) were obtained
from DOROTHEA(Garcia-Alonso et al, 2019), a meta-resource of TF-target interactions.
Those TF-target interactions span over 452 unique transcription factors. In parallel, 33616
interactions of kinase/phosphosphate and their phosphosite targets (i. e. phosphopeptides
directly (de)phosphorylated by specific kinases(phosphatases)) were obtained from
Omnipath(Turei et al, 2016) kinase substrate network, a meta resource focused on curated
information on signaling processes. Only TFs and kinases/phosphatases with at least 25 and
5 detected substrates, respectively, were included. This led to the activity estimation of 229
TFs and 174 kinases. In line with the results of the differential analysis, where fewer
phosphosites were deregulated than transcripts, TF activities displayed a stronger
deregulation than kinases. TF activity scores reached a maximum of eight standard
deviations (sd) for Transcription Factor AP-2 Gamma (TFAP2C) (compared to the null score
distribution) while kinase activity scores reached a maximum of 4.6 sd for Casein Kinase 2
Alpha 1 (CSNK2A1). In total, 102 TFs and kinases/phosphatase had an absolute score over
1.7 sd (p-val<0.05) and were considered significantly deregulated in kidney tumor samples.
The presence of several known signatures of ccRCC corroborated the validity of our

analysis. For instance, hypoxia (HIF1A, EPAS1), inflammation (STAT1/2) and oncogenic
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(MYC, Cyclin Dependent Kinase 2 and 7 (CDK2/7)) markers were up-regulated in tumors
compared to healthy tissues (Figure 2). Furthermore, among suppressed TFs we identified,

HNF4A has been previously associated with ccRCC(Lucas et al, 2005).
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Figure 2 TF, kinase and phosphatase activities that change the most between cancer and
healthy tissue

A) Bar plot displaying the Normalised Enrichment Score (NES, proxy of activity change) of the 30
most changing TF, kinase and phosphatases activities between kidney tumor and adjacent healthy
tissue. Blue/red color represent the sign of the activity change (negative/positive, respectively). B)
Right panel shows the 10 most changing RNA abundances of the STAT2 regulated transcripts. Left
panel shows the change of abundances of all STATZ2 regulated transcripts that were used to estimate
its activity change. X axis represents log fold change of regulated transcripts multiplied by the sign of
regulation (-1 for inhibition and 1 for activation of transcription). Y axis represents the significance of
the log fold change (-log10 of p-value). C) Right panel shows the 10 most changing phospho-peptide
abundances of the CDK7 regulated phospho-peptides. Left panel shows the change of abundances of

all CDK7 regulated phospho-peptides that were used to estimate its activity change.

2.3 Causal network analysis

We set out to find potential causal mechanistic pathways that could explain the changes we
observed in TF, kinases/phosphatase activities, and metabolic abundances. Thus, we
developed a systematic approach to search in public databases, via OmniPath, for plausible
causal links between significantly deregulated TFs, kinases/phosphatases and metabolites.

In brief, we investigated if changes in TF, kinase/phosphatase activities, and metabolite
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abundance can explain each other with the support of literature-curated molecular
interactions. An example of such a mechanism can be the activation of the transcription of
MYC gene by STAT1. Since both STAT1 and MYC display increased activities in tumors, and
there is evidence in the literature that STAT1 can regulate MYC transcription(Kharma et al,
2014; Ramana et al, 2000), it may indicate that this mechanism is responsible for this

observation.

First, we needed to map the deregulated TFs, kinases and metabolites on a causal prior
knowledge network spanning over signaling pathways, gene regulation, and metabolic
networks. Hence, we combined multiple sources of experimentally curated causal links
together to build a trans-omics causal prior knowledge network (trans-omics PKN). This
trans-omics PKN must include direct causal links between proteins (kinase to kinase, TF to
kinase, TF to metabolic enzymes, etc...), between proteins and metabolites (reactants to
metabolic enzymes and metabolic enzymes to products) and between metabolites and
proteins (allosteric regulations). High confidence (>= 900 combined score) allosteric
regulations of the STITCH database(Szklarczyk et al, 2016) were used as the source of
causal links between metabolites and enzymes (Eigure 3A). The directed signed interactions
of the Omnipath database were used as a source of causal links between proteins (Figure
3B). The human metabolic network Recon3D(Brunk et al, 2018) (without cofactors and
hyper-promiscuous metabolites, see methods) was converted to a causal network and used
as the source of causal links between metabolites and metabolic enzymes (Eigure 3C). The
resulting trans-omics PKN consists of 69517 interactions and contains causal paths linking
TF/kinase/phosphatase with metabolites and vice-versa in a machine readable format. This

network is available at hitp://metapkn.omnipathdb.org/.
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Figure 3 - Graphical explanation of trans-omics PKN sources

Schematic representation of the trans-omics generic network (trans-omics PKN) created combining
STITCHdb, Omnipath and Recon3D. A) STITCHdb provides information on inhibition/activation of
enzyme activities mediated by metabolites. B) Omnipath provides information inhibition/activation of
enzyme activities mediated by other enzymes based mainly on curated resources. C) Recon3D
provides information on reactants and products associated with metabolic enzymes. To make this
information compatible with the causal edges from Omnipath and STITCH, the interactions of
recon3D are converted so that reactants “activate” their metabolic enzymes, which themselves

“activate” their products.

We then used the trans-omics PKN to systematically search causal paths between the
deregulated TFs, kinases/phosphatases and metabolites. The CARNIVAL(Liu et al, 2019a)
tool uses Integer Linear Programming (ILP) to find causal paths between perturbations and
deregulated TFs using a PKN and infers the state of intermediate nodes when it is unknown.
Here we use CARNIVAL with our trans-omics PKN to find the smallest sign-coherent
subnetwork connecting as many deregulated TFs, kinases/phosphatases, and metabolites
as possible. CARNIVAL is first used to find causal paths going from
TFs/kinases/phosphatases to the metabolites (the ‘forward network’). Then, in order to
complete the loop, CARNIVAL is used to go from metabolites to TFs/Kinases/phosphatases

(‘backward network’).
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When applied to our kidney cancer data, the two resulting (forward and backward) networks

are then combined into a single network of 250 signed directed interactions (Supplementary
Figure 2). These interactions are directly interpretable as mechanistic hypotheses. We
present some of them using official symbol nomenclature for genes and metabolites. For
example, it appears that Androgen Receptor (AR) activity inhibition could be responsible for
the observed downregulation of uridine, adenine, and inosine metabolism by
down-regulating the expression of ACPP, DBI, and SMS metabolic enzymes (Eigure 4A). Of
note, AR expression has a protective role in ccRCC progression (Zhao et al, 2016; Zhu et
al, 2014). Interestingly, the COSMOS network shows adenine depletion could lead to
adenosine depletion (since adenosine can be produced from adenine). Adenosine is a
known activator of the C-X-C Motif Chemokine Receptor 4 (CXCR4) (Rolland-Turner et al,
2013; Richard et al, 2006), so its depletion could lead to the predicted down-regulation of
CXCR4 activity. The combined AR and CXCR4 down-regulation might indicate that these
tumors are not metastatic (Wang et al, 2017; Vanharanta et al, 2013; Rodrigues et al, 2018).
The COSMOS network also shows that CXCR4 regulates
Phosphatidylinositol-4,5-Bisphosphate 3-Kinase Catalytic Subunit Gamma (PIK3CG), which
itself regulates 3-Phosphoinositide Dependent Protein Kinase 1 (PDPK1). Thus, CXCR4
down-regulation could then explain PDPK1 activity down-regulation through the inhibition of
PIK3CG. COSMOS further proposes that the activation of JAK kinase would be a good
explanation for the apparent activation of STAT transcription factors in the tumor, leading to
activation of IRF1 and MYC (Eigure 4B). Interestingly, JAK2 was found to be amplified in
ccRCC (Network & The Cancer Genome Atlas Research Network, 2013). The STAT3
activation could explain the depletion of o-propanoylcarnitine due to the downregulation of
metabolic enzymes responsible for the transport of its precursor, Sterol Carrier Protein 2
(SCP2). CDK2 could itself explain the activity of ATM and TP53 through Forkhead Box M1
(FOXM1) and Aurora Kinase B (AURKB) signaling, leading to the activation of Dual
specificity tyrosine-phosphorylation-regulated kinase 2 (DYRK2), HIF1A and the
accumulation of L-Glutamine (Figure 4C). FOXM1 was recently highlighted as a particularly
important driver of metabolic changes in ccRCC(Pandey et al, 2020). Finally, the COSMOS
network shows that the down-regulation of PDPK1 appears as a good explanation for
L-Citrulline accumulation and ethanolamine depletion, by indirectly modulating the activity of
Nitric Oxide Synthase 1 (NOS1) and Phospholipase D1 (PLD1) metabolic enzymes (Figure
4D). Furthermore, PDPK1 directly controls the activity of the Protein Kinase C protein family
(PRKCA, PRKCD, PRKCE and PRKACA). These kinases are known to be involved in

metastasis progression (Brenner et al, 2003; Engers et al, 2000). Their down-regulation
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predicted by COSMOS further supports the idea that these tumors are not metastatic. These
results demonstrate how the pipeline can be used to extract relevant mechanistic

hypotheses explaining the enzymatic and metabolic deregulations at signaling and
transcriptional levels.
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Figure 4 - Systematically generated mechanistic hypotheses explaining changing TF, kinase,
phosphatase activities and metabolic abundances

COSMOS generates mechanistic hypotheses which are represented in the form of a context specific
causal network. This network links the significant changes in estimated enzyme activities and
metabolic abundance (192 nodes and 250 edges). Diamond shapes represent TFs , hexagon shape
represents kinases and phosphatases, octagon shape represents metabolic enzymes and ellipse

shape represents metabolites. Blue/red color represents inhibited/activated enzyme activities and
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depleted/accumulated metabolites. Edges with arrowheads represent activatory interactions and
T-shaped ones represent inhibitory interactions. A full-page version of this figure is available as
Supplementary Figure 2 A) ,B) ,C) and D) represent subnetworks extracted to zoom on specific
hypotheses. For example, B) represents how AR activity can lead to the inhibition of nucleotides and
isovaleryl carnitine synthesis observed in tumors compared to healthy tissues, in turn explaining the
inhibited activity of PDPK1.

2.4 Consistency analysis

Due to the combined effect of experimental noise and incompleteness of prior knowledge
(kinase/substrate interactions, TF/targets interactions and meta PKN), it is critical to assess
the performance of the pipeline presented above. We first looked if some of the generated
hypotheses (see 2.3) were supported by parts of the datasets that were not directly used by

CARNIVAL (Supplementary Figure 3). We couldn’t estimate the True Negative Rate of

CARNIVAL in this multi-omics context. Indeed, nodes that are not integrated in the final
subnetwork by CARNIVAL are simply not considered informative to explain the relationship
between the input protein activities and metabolites. Yet, that doesn’t inform us on their
actual functional state. Consequently, we focused on the True Positive Rate (TPR), for which
we had reasonable estimates. The TF activity displayed by CARNIVAL can come from two
distinct sources. The first source consists of the original footprint based activity estimation
(using DOROTHEA and transcript abundances of target genes). The second source consists
of actual CARNIVAL activity predictions based on molecular signal propagation through
activating/inhibiting links (not using transcript abundances) connecting TF, kinases and
phosphatases together. This is the case as some TFs can serve as intermediate links to
connect upstream perturbations with downstream nodes. Consequently, in the case of a TF,
CARNIVAL will implicitly model its action on the direct downstream targets. Thus, for every
TF/target regulation of the CARNIVAL network, we checked whether the change of
abundance of the target transcripts was actually coherent with the predicted activity of the
TF displayed by CARNIVAL. We tested this over a range of differential transcript abundance
t-value threshold between 0 and 2. Nine transcripts were regulated by TF whose activity
was predicted by CARNIVAL only (second source), that is, the transcripts were not used as
inputs to build the COSMOS model. Out of those nine transcripts, the TPR ranged between
0.62 and 0.15 depending on the t-value threshold (n = 13) (Supplementary Figure 4). It

performed better than a random baseline for considered t-value thresholds ranging from 0 to
1.7.
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Another way to estimate the performance is to check if the CARNIVAL mechanistic
hypotheses correspond to correlations observed in tumor tissues. Thus, on the one hand, a
topological driven coregulation network was generated from the CARNIVAL network. The
assumption behind this network is that direct downstream targets of the same enzymes
should be co-regulated. On the other hand, a data driven correlation network of TFs, kinases
and phosphatases was generated from tumor tissues alone. Assuming thresholds of
absolute values of correlation ranging between 0 and 1 to define true positive co-regulations,
the comparison between the topological driven coregulation network and the data driven
correlation network yielded a TPR of ranging between 0.6 and 0 (n = 157) for the carnival

predictions (Supplementary Figure 4). It performed consistently better than a random

baseline over the considered range of correlation coefficient thresholds. These results
indicate that while some of the causal links predicted by CARNIVAL are potentially valid,
some of them don’t find direct support in the data at hand. Thus, we sought to investigate if

some of the mechanistic hypotheses could be experimentally validated.

3. Discussion

In this paper, we present COSMOS, an analysis pipeline to systematically generate
mechanistic hypotheses by integrating multi-omics datasets with a broad range of curated
resources of interactions between protein, transcripts and metabolites. We have first shown
how TF, kinase and phosphatase activities could be coherently estimated from
transcriptomics and phosphoproteomics datasets using footprint based analysis. This is a
critical step before further mechanistic exploration. Indeed, transcript and phosphosite
usually offer limited functional insights by themselves as their relationship with
corresponding protein activity is usually not well characterised. Yet, they can provide
information on the activity of the upstream proteins regulating their abundances. Thus, the
functional state of kinases, phosphatases, and TFs is estimated from the observed
abundance change of their known targets, i. e. their molecular footprint. Thanks to this
approach, we could simultaneously characterise protein functional states in tumors at the
level of signaling pathway and transcriptional regulation. Key actors of hypoxia response,
inflammation pathway and oncogenic genes were found to have especially strong alteration
of their functional states, such as HIF1A, EPAS1, STAT1/2, MYC and CDK2. Loss of VHL is
a hallmark of ccRCC, and is directly linked to the stability of the HIF (HIF1A and EPAS1)
proteins found deregulated by our analysis(Maxwell et al, 1999; Ivan et al, 2001; Jaakkola et
al, 2001). Finding these established signatures of ccRCC to be deregulated in our analysis is

a confirmation of the validity of this approach.

43


https://paperpile.com/c/VpWBXd/Sp2fH+hADJV+YD255
https://paperpile.com/c/VpWBXd/Sp2fH+hADJV+YD255

We then used CARNIVAL with a novel trans-omics causal Prior Knowledge Network
spanning signaling, transcription and metabolism to systematically find potential
mechanisms linking deregulated protein activities and metabolite concentrations. To the best
of our knowledge, this is the first attempt to integrate these three omics layers together in a
systematic manner using causal reasoning. Previous methods studying signaling pathways
with multi-omics quantitative datasets (Drake et al, 2016) connected TFs with kinases and
they were limited by the preselected locally coherent subnetwork of the TieDIE algorithm.
Introducing global causality with CARNIVAL along with metabolomics data allows us to
obtain a direct mechanistic interpretation of links between proteins at different regulatory
levels and metabolites. The goal of our approach is to find a coherent set of such
mechanisms connecting as many of the observed deregulated protein activities and
metabolite concentrations as possible. Using CARNIVAL is particularly interesting as all the
proposed mechanisms between pairs of molecules (proteins and metabolites) have to be
plausible not only in the context of their own pairwise interaction but also with respect to all
other molecules that we wish to include in the model. For example, the proposed activation
of MYC by STAT1 is further supported by IRF1 activation, because STAT1 is also known to
activate IRF1. CARNIVAL allows us to scale this type of reasoning up to the entire PKN with

all significantly deregulated protein activities and metabolites.

With our dataset, the resulting network showed that AR inhibition, a known tumor suppressor
in kidney cancer (Uhlen et al, 2017), would be a good candidate to explain the inhibition of
nucleotide metabolism. It also predicted a depletion of adenine and consequently the
down-regulation of PDPK1 activity through CXCR4 (Figure 4A). Footprint analysis showed a
down-regulation of PDPK1 (that is, the abundance of phosphorylation on its direct target
phosphosites is decreasing) activity, which is surprising since its expression is usually
associated with slower proliferation of kidney tumor cells(Zhou et al, 2019; Emmanouilidi &
Falasca, 2017). Yet, the observed coordinated depletion of adenine, hypoxanthine and
inosine strongly support the estimated down-regulation of PDPK1 activity. A consequence of
PDPK1 activity down-regulation could also be the up-regulation of citrulline production by
NOS1 (Eigure 4C). COSMOS additionally predicted how JAK-STAT pathway activation could
lead to an inhibition of the production of propanoyl-carnitine (Figure 4B). Diminution of
carnitine and its derivative have been indeed previously observed in kidney cancer as a
consequence of cachexia(Sayed-Ahmed, 2010). Finally we could show the importance of

CDK2 as a master regulator of many kinases and transcription factors such as MYC,
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AURKB, E2F4 and consequently TP53 and ATM activities (Eigure 4D). In particular, AURKB,
which directly controls TP53 and ATM activities, appears to be a promising marker of kidney
cancer(Wan et al, 2019; Tang et al, 2017; Bertran-Alamillo et al, 2019).

Then we assessed the performances of the approach in two ways. First, we used some of
the data that was not directly used by CARNIVAL (i. e. genes that were not used for TF
activity estimation and correlation between TF/kinase/phosphatase activities) to check the
coherence of CARNIVAL predictions. Second, we used a tumor specific correlation network
of TF and kinase activities to compare it to the co-regulation predicted by CARNIVAL. This
yielded encouraging results, though imperfect, underscoring the fact that the mechanisms

proposed by COSMOS - like those by any similar tool - are hypotheses.

There are three main known limits to the predictions of COSMOS. First, the input data is
incomplete. Only a limited fraction of all potential phosphosites and metabolites are detected
by mass spectrometry. This means that we have no information on a significant part of the
PKN; part of the unmeasured network is kept in the analyses and the values are estimated
as intermediate ‘hidden values’. Second, not all regulatory events between TFs, kinase and
phosphatases and their targets are known, and activity estimation is based only on the
known regulatory relationships. Thus, many TFs, kinase and phosphatases are not included
because they have no curated regulatory interactions or no detected substrates in the data.
Third, and conversely, COSMOS will find putative explanations within the existing prior
knowledge that may not be the true mechanism, in particular if the latter is not captured in

our knowledge.

These problems mainly originate from the importance that is given to prior knowledge in this
method. Since prior knowledge is never perfect, the next steps of improvement could consist
in finding ways to extract more knowledge from the observed data to weight in the
contribution of prior knowledge. For instance, one could use the correlations between
transcripts, phosphosites and metabolites to quantify the interactions available in databases
such as Omnipath. Importantly, any other omics that relate to active molecules (such as
miRNAs or metabolic enzyme fluxes) or can be used to estimate protein activities through
footprint approaches (such as DNA accessibility or PTMs other than phosphorylation) can be
seamlessly integrated. Moreover, COSMOS was designed to work with bulk omics datasets,
and it will be very exciting to find ways of applying this approach to single cell datasets.

Encouragingly, the footprint methods that bring data into COSMOS seem fairly robust to the
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characteristics of single-cell RNA data such as dropouts(Holland et al, 2020). Finally, we
expect that in the future data generation technologies will increase coverage and our prior
knowledge will become more complete, reducing the mentioned limitations. In the meantime,
we believe that COSMOS is already a useful tool to extract causal mechanistic insights from

multi-omics studies.

4. Methods

4.1. Sample collection and processing

We included a total of 22 samples from 11 renal cancer patients (6 men, age 65.0+/-14.31, 5
women, age 65.2+/-9.257(mean+/-SD)) for transcriptomics and a subset of 18 samples from
9 of these patients (6 men, age 65+/-14.31; 3 women, age 63.33+/-11.06(mean+/-SD)) for
metabolomics and phosphoproteomics analysis. Patients underwent nephrectomy due to
renal cancer. We processed tissue from within the cancer and a distant unaffected area of

the same kidney.

For details about the sample processing to generate the omic data, see
https://www.biorxiv.org/content/10.1101/2020.04.23.057893v1

4.2 Data normalisation and differential analysis

In the phosphoproteomics dataset, 19285 unique phosphosites were detected across 18
samples. Visual inspection of the raw data PCA first 2 components indicated two major
batches of samples. Thus, each batch was first normalised using the VSN R
package(Valikangas et al, 2018; Huber et al, 2002). We removed p-sites that were detected
in less than 4 samples, leaving 14243 unique p-site to analyse. Visual inspection of the PCA
first two components of the normalised data revealed that the first batch of samples could
itself be separated in 3 batches (4 batches across all samples). Thus, we used the
removeBatchEffect function of LIMMA to remove the linear effect of the 4 batches.
Differential analysis was performed using the standard sequence of ImFit, contrasts.fit and
eBayes functions of LIMMA, with FDR correction.

For the transcriptomics data, counts were extracted from fast.q files using the RsubRead R
package and GRCh37 (hg19) reference genome. Technical replicates were averaged, and
genes with average counts under 50 across samples were excluded, leaving 15919 genes
measured across 22 samples. In order to allow for logarithmic transformation, 0 count values

were scaled up to 0.5 (similar to the voom function of LIMMA). Counts were then normalised
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using the VSN R package function and differential analysis was performed with LIMMA
package, in the same way as the phosphoproteomics data.

For the metabolomics data, 107 metabolites were detected in 16 samples. Intensities were
normalised using the VSN package. Differential analysis was done using limma in the same
manner as for phosphoproteomics and transcriptomics. All data is available at
https://qithub.com/saezlab/COSMOS.

4.3 Footprint based analysis
TF-target collection was obtained from DOROTHEA A,B and C interaction confidence levels
through the Omnipath webservice using the URL

“http://omnipathdb.org/interactions?datasets=tfrequlons&tfrequlons levels=A.B.C&genesym

bols=1&fields=sources.tfrequlons_level” (version of 2020 Feb 05). For the enrichment

analysis, the viper algorithm(Alvarez et al, 2016) was used with the limma moderated t-value
as gene level statistic(Zyla et al, 2017). The eset.filter parameter was set to FALSE. Only

TFs with at least 25 measured transcripts were included.

Kinase-substrate collection was obtained using the default resource collection of Omnipath,

with the URL “http://omnipathdb.org/ptms?fields=sources,references&genesymbols=1"

(version of 2020 Feb 05). For the enrichment analysis, the viper algorithm was used with the
limma limma moderated t-value as phosphosite level statistic. The eset. filter parameter was
set to FALSE. Only TFs with at least 5 measured transcripts were included. All data is
available at https://github.com/saezlab/COSMOS.

4.4 Meta PKN construction

In order to propose mechanistic hypotheses spanning through signaling, transcription and
metabolic reaction networks, multiple types of interactions have to be combined together in a
single network. Thus, we built a meta Prior Knowledge Network (PKN) from three online
resources, to incorporate three main types of interactions. The three types of interactions are
protein-protein interactions, metabolite-protein allosteric interactions and metabolite-protein
interactions in the context of a metabolic reaction network. Protein-protein interaction were

imported from omnipath with the URL http://omnipathdb.org/interactions?genesymbols=1

(version of 2019 Feb 05), and only signed directed interactions were included (is_stimulation
or is_inhibition columns equal to 1). Metabolic-protein allosteric interactions were imported
from the STITCH database (version of 2019 November 06), with combined confidence score

>= 900 after exclusion of interactions relying mainly on text mining.
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For metabolic-protein interactions in the context of metabolic reaction network, Recon3D

was downloaded from https://www.vmh.life/#downloadview (version of 2019 Feb 19). Then,

the gene rules (“AND” and “OR”) of the metabolic reaction network were used to associate
reactants and products with the corresponding enzymes of each reaction. When multiple
enzymes were associated with a reaction with an “AND” rule, they were combined together
as a single entity representing an enzymatic complexe. Then, reactants were connected to
corresponding enzymatic complexes or enzymes by writing them as rows of Simple
Interaction Format (SIF) table of the following form : reactant;1;enzyme. In a similar manner,
products were connected to corresponding enzymatic complexes or enzymes by writing
them as rows of a Simple Interaction Format (SIF) table of the following form

enzyme;1;product. Thus, each row of the SIF table represents either an activation of the
enzyme by the reactant (i.e. the necessity of the presence of the reactant for the enzyme to
catalyse it’'s reaction) or an activation of the product by an enzyme (e.i. the product presence
is dependent on the activity of its corresponding enzyme). Most metabolite-protein
interactions in metabolic reaction networks are not exclusive, thus measures have to be
taken in order to preserve the coherence of the reaction network when converted to the SIF
format. First, metabolites that are identified as “Coenzymes” in the Medical Subject Heading
Classification (as referenced in the Pubchem online database) were excluded. Then, we
looked at the number of connections of each metabolite and searched the minimum
interaction number threshold that would avoid excluding main central carbon metabolites.
Glutamic acid has 338 interactions in our Recon3D SIF network and is the most connected
central carbon metabolite, thus any metabolites that had more than 338 interactions was
excluded. An extensive list of Recon3D metabolites (pubchem CID) with their corresponding
number of connections is available in supplementary table 2. Metabolic enzymes catalyzing
multiple reactions were uniquely identified for each reaction to avoid cross-links between
reactants and products of different reactions. Finally, exchange reactions were further
uniquely identified according to the relevant exchanged metabolites, as to avoid confusion
between transformation of metabolites and simply exchanging them between compartments.
Finally, each network (protein-protein, allosteric metabolite-protein and reaction network
metabolite-protein) was combined into a single SIF table. This network is available at

http://metapkn.omnipathdb.org/.

4.5 Meta PKN contextualisation
Given a set of nodes with corresponding activities (-1, 0 or 1) and a causal PKN, CARNIVAL

finds the smallest coherent signed subnetworks connecting as many of the given nodes as
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possible. CARNIVAL needs a set of starting and end nodes to look for paths in between.
TFs, kinases and phosphatases absolute normalised enrichment scores greater than 1.7
standard deviation were considered deregulated. Coherently, metabolites with uncorrected
p-values smaller than 0.05 were considered deregulated. These values were chosen as they
allow to generate a set of input of comfortable size to run CARNIVAL. Then, we first set the
deregulated kinases, phosphatases and TFs as starting points and deregulated metabolites
as end points (forward run). This direction represents regulations first going through the
signaling and franscriptional part of the cellular network and stops at deregulated
metabolites in the metabolic reaction network. However, since metabolite concentration can
also influence the activity of kinases and TFs through allosteric regulations, we also ran
CARNIVAL by setting deregulated metabolites as starting points and deregulated TFs,
kinases and phosphatases as end points (backward run). For the forward run, after 7200
second of run time, CARNIVAL yielded a network of 76 edges, a feasible solution which
proved to be within the 11.24% gap from the optimal. For the backward run, CARNIVAL
found a solution within the 2.44% gap from the optimal after 7200 second of run time,

yielding a network of 177 edges.

Since there were no incoherences in the predicted activity signs between the common part
of the two resulting networks, they were simply merged together, resulting in a combined

network of 250 unique edges.

4.6 Coherence between CARNIVAL mechanistic hypotheses and omics
measurements

To assess the robustness of CARNIVAL predictions, we used two different methods. First,
the CARNIVAL network contains cases where a protein activity is modelled by CARNIVAL as
up- or down-regulated under the control of a TF. If such hypotheses are correct, then one
would expect to see the abundance of the corresponding transcript of the proteins to be
coherently up or down-regulated (since the control of the TF is carried through regulation of
transcript abundance) (Supplementary Figure 3). Thus, a True Positive (TP) is defined as a
carnival node that is directly downstream of a TF and has the same sign (-1 or 1) as a
significantly deregulated corresponding transcript. Transcripts with LIMMA moderated
absolute t-values ranging between 0 and 2 were considered as significantly deregulated.
Since CARNIVAL predictions are discrete (-1, 0, 1), we can’t make a classic receiving
operator curve. Furthermore, we are lacking knowledge of True Negative. Indeed, node

activities set to 0 by CARNIVAL cannot be interpreted because measurements and activities

49



inputs only cover a fraction of the PKN and consequently most of the PKN nodes will be set
to 0 by default. We showed that the TPR were relatively stable between 0 and 1.7, and more
volatile between 1.7 and 2, likely due to the number of significantly deregulated transcripts

considered becoming too small (see Supplementary Figure 4A). To estimate the baseline

TPR of a random algorithm, we consider the following question : If i take any transcript that
was measured and randomly assign it a value of 1 (or -1), what is the probability that the
transcript will indeed be significantly up-regulated (or down-regulated), for given a t-value
threshold. This probability can be simply estimated from the actual proportion of transcripts
that are significantly up-related. For absolute t-values ranging between 0 and 1.7 (number of
transcripts = 13), carnival TPR was consistently higher than the random baseline, but
performed equal or worse than random above 1.7, again likely due to the number of
significantly deregulated transcripts considered becoming too small.

Second, when multiple nodes are co-regulated by a common parent node in the CARNIVAL
network, we can assume that the activity of the co-regulated nodes should be correlated.
Thus, we create a correlation network with the TF and kinase/phosphatase activities
estimated at a single sample level. To estimate the single sample level activities, normalised
RNA counts and phosphosite intensities were scaled (minus mean over standard deviation)
across samples. Thus, the value of each gene and phosphosite is now a z-score relative to
an empirical distribution generated from the measurements across all samples. We used
these z-scores as input for the viper algorithm to estimate kinase/phosphatases and TF
activities at single sample level. Thus, the resulting activity scores in a sample are relative to
all the other samples. Then, a correlation network was built using only tumor samples. Thus,
the correlation calculated this way represents co-regulations that are supported by the
available data in tumor (number of coregulations = 157. We defined the ground truth for
co-regulations as over a range of absolute correlation coefficients between 0 and 1 with a
0.01 step. Thus, a True Positive here is a co-regulation predicted from the topology of the
carnival network that also has a corresponding absolute correlation coefficient in tumor
samples above the given threshold. Since defining a ground truth in such a manner can yield
many false positives (a correlation can often be spurious), the TPR of COSMOS was always

compared to a random baseline.

4.7 Code availability

All code used in this study is available at : https://github.com/saezlab/cosmos_prototype
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4.8 Data availability
Data used in this study is

https://github.com/saezlab/cosmos_ prototype/tree/main/data

available

at
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L

Supplementary Figure 2

Causal network summarising the mechanistic hypotheses systematically generated by
CARNIVAL. (see Eigure 4 for legend). The network comprises 250 edges. It represents the
propagation of signals connecting the deregulated kinases, phosphatases, TFs and

metabolites in kidney cancer.
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Coherence assessment between CARNIVAL hypotheses and underlying data. On the left,
the predicted activity TF targets of the COSMOS network are compared to the actual t-value
(tumor - healthy) of their corresponding transcript to determine true positive rate (TPR). On
the right, coregulations predicted by COSMOS are compared against a correlation network

of kinase/TF activities to determine TPR.
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Exploration of TPR stability in function of the chosen t-value/correlation threshold. A) For
TF/transcriptomics data coherence. True positive rates are estimated over a range of t-value

between 0 and 2 with 0.1 steps. B) For the correlation/topology coherence. True positive
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rates are estimated over a range of Pearson correlation between 0 and 1 with 0.01 steps. In
A) and B) COSMOS (CARNIVAL) performance is compared to a random baseline. COSMOS

consistently outperforms the random baseline.
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Chapter 4 : Metabolic enzyme footprint analysis

Abstract

The functional insights that metabolomic data sets contain currently lies under-exploited.
This is in part due to the complexity of metabolic reaction networks and the indirect
relationship between reaction fluxes and metabolite abundance. Yet, footprint-based
methods have been available for decades in the context of other omic data sets such as
transcriptomic and phosphoproteomic. Here, we present ocEAn, a method that defines
metabolic enzyme footprint from a curated reduced version of the recon2 reaction network
and use them to explore coordinated deregulations of metabolite abundances with respect to
their position relative to metabolic enzymes in the same manner as Kinase-substrate and
TF-targets Enrichment analysis. We show how ocEAN can consistently help identify
deregulated metabolic enzyme activities by comparing its output with proteomic data and a

chemical enzyme inhibition experiment.

1. Introduction

The signaling machinery of cells has evolved with the prime goal of allowing ancestral single
cell organisms to adapt their energy metabolism to shifting environmental conditions. This
effectively places the study of metabolism at the heart of understanding cell biology.
Ultimately, even an organism as complex as a human being can be conceptualised as a
population of cells differentiating and cooperating to secure an overall constant intake of
energetic substrates (I eat, therefore | am, therefore | eat, etc..). Coherently, many diseases
and chronic health conditions, such as cancer and kidney fibrosis, are associated with
striking cellular metabolic reprogramming ((Chen & Xiong, 2020; Cocetta et al, 2020;
Sulkowski et al, 2020)). A common way of studying cell metabolism is to measure the
abundance of dozens to hundreds of metabolites at the same time in a tissue/cell culture
using mass-spectrometry coupled with liquid chromatography (LC-MS) or gas
chromatography(GC-MS), generating what is referred to as “metabolomic” data sets. Despite
an ever growing body of available metabolomic datasets, extracting functional insights out of
those remains very challenging, likely due partially to the very complex and nonlinear nature

of their underlying metabolic reaction networks.
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In this context, we sought to translate the footprint based analysis we had worked
extensively on with transcriptomic and phosphoproteomic data(Garcia-Alonso et al, 2019;
Holland et al, 2020; Hernandez-Armenta et al, 2017; Terfve et al, 2015) to metabolomic data.
The goal of such an approach is to estimate the activity change of a metabolic enzyme by
integrating the metabolic abundances changes happening downstream and upstream of its
position in a complex metabolic reaction network. It is widely accepted that
blocking/increasing the activity of a specific metabolic enzyme results in
accumulation/depletion of its reactants and/or a symmetrical depletion/accumulation of its
products, respectively. This concept was the ground assumption of the reporter
reaction(Cakir et al, 2006). The reporter reaction method was trying to identify reactions that
were in the middle of coordinated (up/down) metabolic abundance deregulations. This
hypothesis was later further supported by additional experimental evidence(Ewald et al,
2013). These metabolic abundances changes are also expected to propagate to a certain
extent to other up and downstream metabolites. Thus, a more recent method called
metabolic network segmentation (MNS) aimed to exploit this assumption to find key
deregulated metabolic enzymes in the reaction network by integrating topological clusters of
coordinated metabolic abundance deregulations(Kuehne et al, 2017). It essentially used the
topology of the network reaction to define groups of metabolites based on their proximity in
the network and how well coordinated their abundance changes were. However, MNS only

highlights pivotal (right in between clusters of up and down-regulated metabolites) reactions.

In this study we present ocEAn (Metabolic enzyme Metabolite Set enrichment analysis), a
method based on footprint-based activity estimation such as TFEA and KSEA (see 4.

Footprint analysis) and exploiting the same metabolic assumption as the Reporter Reaction

and NMS methods. It has the advantage over NMS to report scores of activity for all
enzymes of a metabolic reaction network. It also relies on a curated human metabolic
network, which allows more accurate estimations. Finally, it also provides activity score
estimations that are coherent with the ones provided by other footprint-based methods. We
applied ocEAn on a metabolomics dataset generated from a kidney cancer cell line model
(786-0) and validated our findings using proteomic data, metabolic labelling experiments

and targeted inhibition of metabolic enzymes.
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2. Results and methods

2.1 Causal format of reduced recon2 human metabolic reaction model
The first thing we need to run ocEAn on any type of metabolomic data are the sets of
metabolites that are associated with each metabolic enzyme. This information can be
extracted from the metabolic reaction network, which informs us on which metabolite is
downstream or upstream of each metabolic reaction. Thus, we used a reduced manually
curated and thermodynamically proofed version of the Recon2 human metabolic reaction
network to generate the metabolite sets. The thermodynamic proofing was performed to
exclude reaction directions that were not thermodynamically feasible with the TFBA
algorithm (Kiparissides & Hatzimanikatis, 2017).

In order to get a relevant idea of the relative position of metabolites with respect to enzymes,
it is also important to filter out accessory elements of the reaction network such as cofactors
and over-promiscuous metabolites. Over-promiscuous metabolites are metabolites that are
used as reactants by a very large number of reactions. Thus, changes in over-promiscuous
metabolites abundances hold little discriminating power to estimate metabolic enzyme
activities. Furthermore, they are often not the main reactant of a reaction and will create
many irrelevant bridges between unrelated reactions in the network. For that, metabolites
classified as cofactors and nucleotides according to the KEGG BRITE classification were
removed, as well as CO2, ITP, IDP, NADH and all metabolites composed of less than 4
atoms. This procedure effectively filtered out 100 metabolites, bringing the number of
metabolites in the reaction network from 421 to 321. The network was then “causalised”

using the same procedure as described in 4.4 Meta PKN construction. The resulting causal

reaction network allows to easily follow paths connecting metabolic enzymes with distant
metabolites. The next step consist in associating each enzyme of the network and all
metabolites of the network with weights representing the minimum distance of metabolites
relative to enzymes and a sign representing whether a each metabolite is upstream (-1) or

downstream (1) of a given enzyme (See Figure 1).

In order to compute a weight, we used a function that progressively decreases a weight
value. The weight value starts at 1 for direct reactant and products of a given enzyme and
decrease in a stepwise manner (x;,; = X; * penalty, with X, = 1 and penalty ranging between 0
and 1), for each reaction step separating the given metabolite from a given enzyme. The

range is defined between 0 and 1 to yield a ‘contribution of metabolite statistic’ to the final
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score ranging between 0 to 100% of their respective abundance change. The penalty
(ranging between 1 and 0) will determine how fast a metabolite loses its influence on the
score of a given enzyme with increasing distance in the metabolic reaction network (Figure
2).A penalty set to 0 would mean that only direct reactants and products are taken into
account when estimating an enzyme activity score (which would correspond to the Reporter
Reaction method). A penalty of 1 would mean that all metabolites that are exclusively

upstream or downstream of an enzyme are taken into account equally.

Since a lot of cycles are present in the metabolic reaction network, metabolites are usually
both upstream and downstream of enzymes. To recover a weight that represents the actual
relative position of a metabolite with respect to a given enzyme, the upstream and

downstream weight of each metabolite-enzyme associations are averaged.
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Figure 1
Schematic of the procedure applied to convert a causal reaction network into sets of

metabolites.

The resulting metabolite sets are then ready to be used with enrichment algorithms such as

viper to estimate metabolic enzyme activities from metabolomic data sets, as is done with
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phosphoproteomic for kinase activities and transcriptomic for transcription factor activities (4.

Footprint analysis).
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Figure 2
Decrease of weight with increasing distance (reaction steps) between a metabolite and a

given enzyme for different penalty values.

2.2 Systematic metabolic enzyme activity estimation

In order to test the ocEAn method, we applied it on a metabolomic data set generated from
HK2 and 786-O cell lines. HK2 cells are immortalised kidney cells while 786-O are cells
derived from a kidney tumor. Thus, in order to study the potential metabolic reprogramming
occuring in kidney cancer, we performed a limma differential analysis of 76 cellular
metabolites detected across 17 biological replicates of HK2 and 17 biological replicates of
786-0. The t-values resulting from the limma differential analysis were used alongside the
metabolite sets generated above with the viper algorithm to estimate metabolic enzyme

activity changes in 786-O compared to HK2. The distance penalty of the metabolite set was
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set to 0.6, in order to give a moderate importance to metabolites situated far away from
enzymes. Indeed, it is hard to know which value for this parameter will really yield the best
results, and it is very likely context dependent (coverage of the metabolic reaction network,
which part of the metabolic reaction network is best covered, etc...). Thus, a cutoff of 0.6
seemed like a sensible intermediate value. This choice and the impact of the full range of
penalties between 0.1 and 1 in this specific analysis context are studied in the next section
(2.3).

This analysis yielded activity estimation for 726 unique enzyme and metabolic enzyme
complexes in 3580 unique reactions (each enzyme is associated with multiple different
reactions and directions). The results were further interpreted biologically and yielded
interesting insights such as a drainage of mitochondrial metabolites (through BCAT2,

Supplementary figure 1). It also hinted at a reprogramming of branching amino-acid

metabolism to provide Alpha-keto-glutarate (Akg) and aspartate to support the heavy
nucleotide synthesis activity of cancer cells through rewiring of branching amino-acid

metabolism (through BCAT1, GOT and MDH family enzymes, Supplementary figure 1).

These results are being further explored in the context of a manuscript currently in

preparation, dissecting the metabolic landscape of kidney tumor progression.

2.3 Comparison of metabolic enzyme activity with proteomic data and
validation

It is quite challenging to estimate the actual performance of a metabolic enzyme activity
estimation tool as the ground truth corresponding to its prediction is very hard to access. The
activity output of a metabolic enzyme is essentially how many reactants are converted in
products in a given interval. This is often referred to as a metabolic enzyme flux. The net flux
of a metabolic enzyme is the sum of it's fluxes in both directions and is what is usually
measured. Experimentally measured net fluxes at the scale of a few selected reactions is
already difficult to estimate, and currently impossible to obtain in a systematic manner. In
order to get a rough idea of the performances of ocEAn, we compared its result to enzyme
abundances changes obtained from proteomic data and to a chemical inhibition of the
BCAT1 metabolic enzyme data set. We chose BCAT1 because it was consistently predicted

to be up-regulated in 786-O compared to HK2 by ocEAn.
First, limma differential analysis was performed on a proteomic dataset generated from the

same cell lines as previously (786-O and HK2). Then a Receiving Operator Curve (ROC)

and Precision Recall Curve (PRC) analysis was performed to systematically compare the
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ocEANn output activity estimations with 1) the significant positive proteomic abundance
changes (t-value > 1.7) and 2) the significant negative proteomic abundance changes
(t-value < -1.7). For 1) positive changes, his showed that the best area under the ROC
(AUROC) was obtained when the penalty was set to 0.3 or 0.9, which corresponds to the
maximum weights given to far away metabolites out of all tested penalties. However, the
AUROC values were not very different from penalty 0.3 to 0.9 (0.58 to 0.59 in positive
changes, 0.58 to 0.61 for negative changes) (Figure 3, Figure 4). This also hinted that

ocEAN’s output seems slightly more consistent with negative abundance changes than
positive ones. The PRC analysis showed similar results, with 1) positive changes
comparison yielding best area under PRC (AUPRC) value for the penalty value 0.5, and 2)
negative changes comparison yielding best AUPRC values for penalties between 0.6 and
0.9. These AUROC are consistent with the expectation that only a minor part of the variance
of an enzyme activity is actually explained by its abundance. Indeed, we expect to see many
cases where a change of metabolic enzyme activity will be inconsistent with the direction of
its protein abundance change. Thus, an AUROC value of 1 is not the expected goal in this
analysis. Furthermore, this analysis was only performed in the context of one comparison
between two conditions. These results made it apparent that a clear answer to which is the
best penalty value may need further studies. Thus, a distance penalty of 0.6 for further
analysis seemed a reasonable choice at this point, as it falls between the best AUROC and
AUPRC values. The same analysis was performed using transcriptomic data instead of
proteomic. It showed that ocEAn outputs were much less consistent with transcriptomic
changes than with proteomic ones. Indeed, for both positive and negative abundance
changes, the AUROC values remained around 0.5 for all penalties, while the AUPRC values

were barely above the random baseline (Supplementary figure 2). All code to reproduce the

AUROC and AUPRC analysis can be found at: https://github.com/saezlab/ocean_thesis

Then, another metabolomic data set was generated from 786-O and HK2 cell lines were the
BCAT1 and 2 enzymes were chemically inhibited. This enzyme was chosen as it is a key
enzyme of branching amino acid metabolism, a pathway that is known to be severely
deregulated in kidney cancer. Furthermore, the BCAT2 isoforms of the enzymes was
predicted to be strongly up-regulated by ocEAn in 786-O compared to HK2. ocEAN predicted
consistently a downregulation of the activity of BCAT2 in the BCAT inhibited 786-O cells as
well as in HK2 but to a much milder degree. This is consistent with the expected result since
BCAT1 and 2 are thought to be much more active in the 786-O cell than in HK2.
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Figure 3
A) AUROC and B) AUPRC for the comparison between up-regulated protein abundances

with ocEAn metabolic enzyme activity estimations for a range of penalty values between 0.1

(p1) and 0.9 (p9).
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Figure 4

A) AUROC and B) AUPRC for the comparison between down-regulated protein abundances
with ocEAn metabolic enzyme activity estimations for a range of penalty values between 0.1
(p1) and 0.9 (p9).

3. Discussion

In this chapter, we showed how footprint based methods designed for transcriptomic and
phosphoproteomic can be translated to metabolomic data by adapting the specificities of
metabolic reaction networks to generate metabolic enzyme footprints. The metabolic
enzyme footprints were then used as metabolite sets to perform metabolic enzyme
enrichment analysis in a similar fashion as Kinase-substrate/TF enrichment analysis with a
method called ocEAn. ocEAn seems to be performing relatively well to estimate metabolic
enzyme activity when compared to proteomic data or chemical inhibition of specific
metabolic enzymes. It can be theoretically applied to any metabolomic dataset generated
from human cells. It is currently being developed further in the context of an analysis of the
metabolic landscape of kidney cancer. In the future, it will be interesting to see how much of
the quality of ocEAn estimates are dependent on the quality of the metabolic reaction
network used to generate the set of metabolite-enzyme distances. Indeed, | suspect that an
adequate prior-knowledge source is usually what impacts the quality of footprint-based
activity estimations the most, which will need to be further investigated. Finally, since ocEAnN
yields metabolic enzyme activities that are conceptually similar to TF and Kinase activities
estimated with TFEA and KSEA, a logic future step could consist in integrating the ocEAn
metabolic enzyme activities with TF and kinase activities across multiple omic layers. This
could be done for example by connecting metabolic enzyme, TF and kinase activities with
tools such as COSMOS.
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4. Supplementary figures
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Supplementary figure 1

Activity estimations for branching amino acid metabolism related metabolic enzymes. The

activity score is a normalised enrichment score estimated with a weighted mean normalised

through metabolite shuffling.
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A) AUROC and AUPRC for the comparison between up-regulated transcript abundances

with ocEAn metabolic enzyme activity estimations for a range of penalty values between 0.1
(p1) and 0.9 (p9). D) AUROC and AUPRC for the comparison between down-regulated

transcript abundances with ocEAn metabolic enzyme activity estimations for a range of

penalty values between 0.1 (p1) and 0.9 (p9).
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Final conclusion

Cancer and fibrosis can be referred to as systemic diseases, due to the broad range of
effects they can have on their host. With the ever increasing amount of prior-knowledge
generated by the scientific community and along with the sharpening of measurement tools
resolution, systematic analysis methods are a very powerful approach to extract relevant
information from omics data sets. Indeed, they help to find which are the relevant
mechanisms that govern the deep phenotypic reprogramming that can occur in the diseased
cells. In this thesis, | have presented how footprint-based analysis and prior knowledge
guided causal reasoning can be used to analyse large ‘omics’ biological data sets.
Footprint-based methods have proven particularly useful to extract functional insights from
measurements of abundances. | have especially shown that these functional insights were
crucial in order to be able to connect multiple omic layers together with causal networks.
Indeed, while different types of omics will focus on different types of molecules, such as
RNAs, proteins and metabolites, footprint-based enzyme activities allow to bring back this
data to more homogeneous features, e.g. transcription factors and kinases. With COSMOS,
| presented the first attempt to systematically connect such TF, kinases and metabolic
together with a global causal reasoning approach. This type of approach is helpful to
connect together cellular processes spanning across multiple compartments and functions.
For example, connecting signaling and metabolism together with such an approach can
prove particularly useful to understand deregulation happening in complex multifactorial

diseases such as cancer and fibrosis.

Parallel to this, metabolomic data still hold a great depth of under-exploited information. In
this context, | developed ocEAnN to systematically extract relevant functional information from
metabolomic datasets. A key aspect of ocEAn metabolic enzyme activity estimations is that
these functional outputs could then be connected to other omic layers, in the same way as it
was done with TFs and kinases. For this reason, | hope that in the future these metabolic

enzyme activities could be further integrated with tools like COSMOS.

Thus, COSMOS and ocEAn can help to pin-point relevant pathways and biological
molecules that can serve as disease markers or therapeutic targets. They may also serve as
a groundwork to provide functional insights from omic datasets that could then further be
used to connect processes across multiple cell types and tissues. With the help of pan-tissue

and pan-cell type prior knowledge networks, we can hold the hope of building descriptive
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disease models recapitulating their broad effect over an entire body. We will also increase
the resolution of our tools to a single cell resolution data set, in an effort to generate
mechanistic insights from the whole organism to single cell scales. While there is still a long
way before reaching this point, the direction technology is currently evolving makes this goal

appear as more and more realistic every day.

“Imaginary mountains build themselves from our efforts to climb them, and it's our repeated
attempt to reach the summit that turns those mountains into something real.”
Bennett Foddy
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